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Abstract

Abstract

Input-output table (IOT) and social accounting matrix (SAM) are two interconnected
but unique input-output systems in the area of economy. Constructing time-series input-
output tables (IOTs) and social accounting matrices (SAMs) fulfils two tipping points.
One is concerned with tracing the structural trajectories of economic systems from the
past to the future. The other is with regard to rendering economic systems analytical
dynamically and effectuating the explorations of various external variables from the
time dimension. Further, environmentally extending time-series IOTs and SAMs with
newly proposed techniques could be considered as meaningful feedbacks for the

development of time-series input-output systems.

Favourable endeavours have been devoted to constructing time-series IOTs and SAMs,
and, correspondingly, to exploring carbon development measures. However, increasing
attention could be drawn to the role of utilizing and exploiting the fundamental and
important features of input-output systems in achieving the aforementioned objectives.
This consideration promotes the methods improvements of the five chapters (Chapters

2 to 6) of this thesis.

(1)_Updating time-series input-output tables with economic structure concerns

and identifying CO:z_clusters changes. Time-series input-output tables (IOTs)

elaborate economic structures over time. In this study, we therefore utilize economic
structure concerns to update time-series IOTs. A new matrix calculation method is
proposed for tracking and establishing matrix-based links among intermediate input-
outputs, final demand and value added. The method is reinforced by reflecting price
fluctuations in 10Ts. This method is further extended by proposing a matrix-based
linking method to trace the structure changes of final demand and value added. The
validation analysis of time-series IOTs is conducted using Monte Carlo simulations in

the context of the matrix-based structures of IOTs. Based on the time-series IOTs, CO»
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clusters changes from production, consumption and income perspectives are identified,
deriving sector characteristics to reduce CO> emissions. This study is in the case of

China from 1997 to 2020.

(2)_A forward-backward realization of solutions to time-series social accounting

matrices construction, validation and applications. Social accounting matrix (SAM)

elucidates the economic transactions flowing forward and backward, thereby forming
a matrix-based structure. This feature is exploited, constituting a forward-backward
realization of solutions to time-series SAMs construction, validation and applications.
In this study, the matrix-induced structure features time-series SAMs construction,
during which K-nearest-neighbour algorithm and leave-one-out cross-validation are
joint to handle missing data. Also, a new matrix calculation method is proposed to
conduct time-series SAMs validation in terms of gauging the economy-wide effects of
each economic agent. Using time-series SAMs, both demand- and supply-driven CO»
emissions are analysed and compared by extending multiplier decomposition analysis

and structural path analysis. This study is in the case of China from 1997 to 2020.

(3)_Input-output forecasting and CO:_inventories construction using a new

subsystem decomposition analysis. Forecasting input-output tables and social

accounting matrices is an attempt to trace the trends inherent in the economic system,
and to render the economic system analytical when exploring the future of various
external variables. In this study, we therefore propose a procedure of input-output
forecasting. During this procedure, the input-output table series are forecasted by
proposing an element-based Fourier-Markov method, then structured through modified
matrix transformation technique and T-accounts concept, and last, validated by
combining matrix calculation methods with Monte Carlo simulations. On the basis of
the forecasted table series, we construct CO2 inventories by proposing a new integrated
method, that is, the combination of subsystem analysis with structural decomposition
analysis. With this method, CO; inventories quantify historical and future emission
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channels throughout the economic system from demand and supply sides, and then
account for the contributions of influencing factors behind temporal changes in

emission channels. This study is in the case of China from 1997 to 2025.

(4)_An__integrated scheme of input-output future scenarios construction

interconnecting production with consumption and sector-level CO2 emissions

synergistic alleviation. In response to the explorations of prospective trajectories,

input-output analysis (IOA) in a scenario context could encompass intra- and inter-
sector linkages in future scenarios, and also investigate the potential pathways of
external variables. When integrating IOA and scenario analysis, multi-criteria decision
making techniques have found to be feasible and useful. Against this backdrop, we
propose an integrated scheme of input-output future scenarios construction to help
alleviate CO, emissions in a holistic manner. That is, we set up three categories of input-
output future scenarios by interconnecting production with consumption. In detail, we
start input-output BAU scenario through a procedure of input-output forecasting. We
then construct input-output policy-related scenario by extending the multi-objective
optimization method with multiple policy-related parameters. We finally arrange input-
output problem-specific scenarios using multi-attribute decision making which
incorporates the generalized weighting method into the permutation and combination
method, and supports the construction of a multi-attribute importance method. Within
the three constructed categories of input-output future scenarios, sector-level CO>
emissions synergistic alleviation is analysed. This study is in the case of China from

2020 to 2030.

(5) Input-output future configuring system for low-carbon economy using a social

accounting matrix optimization design. To reflect and reconcile the future trends in

the context of low-carbon economy (LCE), this study proposes an input-output future
configuring system for LCE. This system is constructed by a social accounting matrix
optimization design, which is achieved within the computable general equilibrium
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(CGE)-based framework. During the system construction, optimum designs are
conducted for LCE performance and planning-based parameter setting. Then, a CGE
appraisal framework is integrated into optimization. Also, this system is validated
through Monte Carlo simulations. When applying this system to the LCE context, a
new method is proposed through combining the element-based Fourier-Markov method
with the simultaneous equations method, so as to analyze the impacts of future trends
on economy, energy and CO> emissions are analyzed and suggest countermeasures

correspondingly. This study is in the case of China from 2020 to 2030.
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Chapter 1

Chapter 1: Introduction

1.1. Research background

Input-output table (IOT) and social accounting matrix (SAM) are two interconnected
but unique input-output systems in the area of economy (Leontief, 1970, 1975; Gretton,
2013; Thorbecke, 2000; Barnard, 1969). An IOT is an activity-based input-output table
illustrating the flows of goods and services among different sectors (Leontief, 1974). In
an IOT, each row shows the allocation of a certain sector production to the intermediate
consumption of other sectors and to final demand and each column presents the value
structure of the output of a certain sector (Kecek et al., 2022). A SAM is a double
accounting economic matrix whereby each economic account is represented by a
column for expenditures and a row for incomes (Pal and Bandarlage, 2017), reconciling
all economic transactions between agents such as industrial activities, institutions, and
factors (Hartono and Resosudarmo, 2008), and forming a circle of income distribution
and spending (Campoy-Muioz et al., 2017). Further, because the production activities
of SAM are consistent with the structure of IOT, SAM classifies not only the entire
economic circulation but also the detailed structure of production activities by

incorporating IOT (Ge and Lei, 2013; Itoh, 2016).

Therefore, an 10T elaborates the economic structure by delineating intra- and inter-
sector linkages affected by final use and value added (Leontief, 1986; Miller and Blair,
2009). It is constructive in a broad manner in terms of reflecting how the economy
operates (Jensen et al., 1988) and reconciling the trade-offs related to the economy
(Oliveira et al., 2016). A SAM captures the entire circular flows of income with the
connections of economic activities among economic agents (Defourny and Thorbecke,
1984). It is extensively practical in gauging the impacts of demand and supply
(Fernandez-Macho et al., 2008) and in building up models for structural and policy

analyses (Blancas, 2000).
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Against this backdrop, constructing time-series input-output tables (IOTs) and social
accounting matrices (SAMs) from retrospect to prospect facilitates tracing the structural
trajectories of the economic system from the past to the future, which further renders
the economic systems analytical dynamically and effectuates the explorations of

various external variables such as CO; emissions from the time dimension.

1.1.1. Constructing time-series IOTs and SAMs from retrospect to prospect

From a retrospect perspective, constructing time-series IOTs and SAMs helps
comprehend economic systems over time. To illustrate, time-series IOTs elaborate the
structures of economy across time. In detail, they reflect the continuous sectoral
interconnections within an economy (Harry and Keiko, 2015), are used as the long-term
reference data for economy-related phenomena (Timmer et al., 2012), and provide data
supports for econometric modelling (Hiibler et al., 2022), social accounting matrix (Cho
and Diaz, 2019), computable general equilibrium model (Hiibler and Pothen, 2017),
integrated assessment model (Capellan-Pérez et al., 2020), and other models (Lombardi

etal., 2019).

Meaningful studies have been conducted using time-series SAMs. For example,
analyzing the socio-economic situation of an economy in a historical manner is carried
out (Bakker et al., 1994); unveiling the sectoral impacts directly and indirectly over
time is achieved (Akkemik, 2012); statistically estimating parameters that characterize
the people in artificial economy is conducted (Kehoe, 1996); supporting structural
change analysis and back-casting/calibration of computable general equilibrium models
is accessible (Seventer, 2015); and serving as grounded empirical evidence to contribute
to the development of (socio)economic theory is achievable (Santos, 2006), and
forecasting the long-run trends of the system structure is fulfilled (Hartono and

Resosudarmo, 2008).

From a prospect perspective, constructing time-series IOTs and SAMs helps explore

13
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the future development of economic systems. In detail, the input-output systems are
formulated to reflect the timeliness of input-output systems which has been emphasized
in terms of long time lag of the released table series (Dietzenbacher et al., 2013; Wang
et al., 2015b). For example, these table series are very often released every five or more
years (Dietzenbacher et al., 2013; Wang et al., 2017). Also, the input-output systems
contribute to manifesting the long-run trends of the economic system structure (Hartono
and Resosudarmo, 2008), which is particular the case when trends importantly
characterize the development of variables (Michieka et al., 2013; Wang et al., 2015a;
L.-Y. Zhang et al., 2019). Then, the input-output systems could be attainable and useful
in response to the investigations in terms of strategic planning and anticipation on future
development (Sharify and Batey, 2006; Faber et al., 2007; Mi et al., 2015). Besides, the
input-output systems could be configured and flexible in reflecting and reconciling the

future trends of economy, especially when interdisciplinary viewpoints are considered

in economic development (Mi et al., 2017¢; S.-W. Yu et al., 2018b; Y.-Q. Su et al., 2021).

1.1.2. Extending time-series IOTs and SAMs from retrospect to prospect

Time-series I0Ts and SAMs provide systematic viewpoints for their extensions to
various external variables. From a retrospect viewpoint, time-series I0Ts are of
importance in many contexts, such as exploring energy consumption (Meng et al.,
2020), investigating greenhouse gas emissions (Wiedmann et al., 2010), measuring
environmental sustainability performance (Acquaye et al., 2017), and assessing
sustainability impacts (Egilmez et al., 2020). Also, on the basis of time-series SAMs,
diverse studies could be conducted. To illustrate, the effects of exogenous changes in
injections and transfers on output growth and income distribution are captured (Cohen,
1989), the economic significance of tourism activity in the economy is estimated (West,
1993), the trade-offs between ecological and socio-economic systems are quantified (Y.
Wang et al., 2016), and the principal paths through which financial shocks are

transmitted are identified (Aray et al., 2017).
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From a prospective viewpoint, time-series IOTs and SAMs have provided analytical
frameworks for conducting forecasts and simulations, so as to investigate the future
development of external variables in various fields such as environment, energy,
demography, resources, and management. Specifically, the multi-step forecasting
procedure for carbon emissions embodied in bilateral trade is proposed on the basis of
cleaner production level and industrial structure (S. Wang et al., 2019). The model for
energy requirements and CO; emissions in the future is established based on the input-
output (I0) model (Fan et al., 2007). The urban land-use demand is forecasted using a
metropolitan 10 model (Jun, 2005). The 10 model for management control and
financial planning is feasible in the phase of simulation and planning (Marangoni and
Fezzi, 2002). The functioning of the economy under differentiated demographic
structures is investigated using the SAM framework (Cohen and Tuyl, 1991). The
integrated land-use and transport modelling framework using SAM is applicable in
situations where there is a need for consistent land-use and transport predications and
evaluations (Hunt and Simmonds, 1993). The SAM framework is useful for predicting
the impacts of an improvement in energy efficiency and a restriction on energy use

(Hartono and Resosudarmo, 2008).

1.1.3. Exploring carbon development measures from retrospect to prospect

As one of the extensions of time-series IOTs and SAMs, time-series CO; emissions
have been increasingly explored. Further research in this area should be encouraged
given more recent useful research on time-series CO2 emissions. From a retrospective
angle, the explorations of time-series CO2 emissions help (1) understand the trend of
CO; emissions (Lim et al., 2009; Zhang et al., 2009; Cai et al., 2020; Hou et al., 2020),
(2) analyse the influencing factors behind the related temporal changes of CO:
emissions (Zhang et al., 2009; Xu and Lin, 2016; Dong et al., 2020), (3) meet the
requirements of achieving the control of total CO; emissions and emissions intensity

(Yietal., 2016; Cai et al., 2020), (4) formulate CO> emissions reduction measures (J.-
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S. Li et al., 2016; Xu and Lin, 2016; Yi et al., 2016; Cai et al., 2020), and (5) provide

the historical data for future studies (Yi et al., 2016).

Then, from a prospective angle, the explorations of time-series CO2 emissions help (1)
understand the future situation of CO; emissions abatement (J.-B. Huang et al., 2019;
Lin and Wang, 2021), (2) analyse the potential for CO> emissions reduction (Wang et
al., 2007; Lin and Tan, 2017), (3) attain total CO> emissions and CO> emissions
intensity targets (Yi et al., 2016; D. Wang et al., 2019), (4) formulate the CO> emissions
reduction measures through identifying potential determinants in the future (Yi et al.,
2016; D. Wang et al., 2019; L.-Y. Zhang et al., 2019); (5) provide a complementary
comparison with retrospective results (J. Wang et al., 2019), and (6) extend the
methodological innovations into other fields, such as economy (Dong et al., 2018),

energy (Lin and Tan, 2017), and environment (Dong et al., 2015).

1.1.4. Constructing time-series input-output systems and exploring carbon

development measures in the case of China

In China, updating time-series input-output systems including I0Ts and SAMs is
necessary and meaningful, which concentrates on the merits of time-series systems
discussed in Sections 1.1.1 to 1.1.3. Official IOTs are with time intervals in China
(Wang et al., 2017): benchmark IOTs (i.e., IOTs based on survey method) depict
economy-wide sectoral linkages in the years whose last digits are 2 and 7, followed by
extended IOTs (i.e., IOTs based on non-survey methods) every two years. Then, there
are not available official SAMs published and the construction of time-series SAMs is

also needed (Wang and Li, 2008).

Meanwhile, applying time-series input-output systems to the field of CO, emissions is

closely connected with combating climate change in China. As a developing country

with greatest carbon emissions per annum, China has been actively participating in the

alleviation of the global greenhouse gas effect (Zheng et al., 2016; Yu et al., 2022). The
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Chinese government promised at the Copenhagen Climate conference in 2009 that by
2020, China’s carbon emission intensity would be reduced by 40-45% compared with
2005. In 2016, in the Paris Agreement, the Chinese government committed to reducing
carbon emissions intensity by 60-65% by 2030 compared with 2005. In 2020, the
Chinese government demonstrated the commitment at the UN General Assembly that
China will increase its national independent contribution, adopt more effective policies
and measures, and strive to peak CO> emissions by 2030 and achieve carbon neutrality
by 2060. Against this backdrop, the time-series input-output methods have been applied
to investigate the roles of sectoral linkages, acting paths and influencing factors in the
process of CO> emissions reduction (Chen and Zhang, 2010; Wang et al., 2013; Yang
et al., 2015a), to cast diverse insights into the significance of supply and demand sides
to CO2 emissions alleviation (Zhang, 2010; L.-C. Liu et al., 2016; Zhao et al., 2017), to
set up multiple scenarios for assessing and managing the decrements in CO; emissions
(Mi et al., 2017c; Fang et al., 2019; Y. Su et al., 2021), and thus to propose targeted and
operable suggestions for carbon abatement strategies (L. Li et al., 2016; Mi et al., 2018a;
X.-R. Lin et al., 2020). In these regards, investigating the carbon development measures

by means of input-output systems manifests the exploratory importance.

1.2. Related research

Related research is conducted to tackle problems in constructing time-series input-
output systems from retrospect to prospect, and correspondingly, exploring carbon
development measures. Previous researches include (1) constructing time-series I0Ts
from a retrospect perspective; (2) constructing time-series SAMs from a retrospect
perspective; (3) constructing time-series IOTs and SAMs from a prospect perspective;

and (4) exploring carbon development measures from retrospect to prospect.

1.2.1. Constructing time-series IOTs from a retrospect perspective

Many endeavours have been made to construct time-series IOTs. RAS (one bi-
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proportional matrix balancing technique) balances positive IOTs on the basis of sector-
level gross outputs, and intermediate input-outputs (Ahmad, 2002; Miller and Blair,
2009; Timmer et al., 2012; Harry and Keiko, 2015). RAS extensions tackle negative
IOTs and inconsistent constraints, such as GRAS (Tukker et al., 2013; Wood et al., 2014)
and KRAS (Lenzen et al., 2009). The Leontief dynamic 10 model improves static 10
models by exploring intertemporal and inter-sectoral relations between capital change
and technological levels (Leontief, 1986). For example, the Leontief 10 model is
extended by introducing new capital and labour matrices to explore impacts of
technological progress (1997-2100) (Pan, 2006), and by introducing human capital to
study dynamic relations between the education sector and other sectors (2000-2010)
(Zhang and Chen, 2008). The dynamic IO model is established to closely fit specific
questions, without enough focus on relaxing constraints from dynamic links between
capital and technology (Leontief, 1986). Matrix transformation technique (MTT) has
been applied recently (Wang et al., 2015a; Zheng et al., 2018). Through a matrix
calculation method, MTT tracks distributional impacts of sectoral value-added on
intermediate economic transactions and final demand, forming a matrix-based structure.
Also, MTT emphasizes economic structure changes over time, rather than the

assumption that technological coefficients are stable in the time dimension.

Yet, the process of constructing time-series [OTs still needs some economic structure
concerns. First, despite the novelty of MTT, the weaknesses of MTT arise when (1)
final demand signs are inconsistent between two [OTs to use, (2) nonlinear interpolation
is considered to reflect temporal changes, and (3) there is a need to depict the
propagation relationship between Ghosh model and the IOT-related models. To
reconcile this, a new matrix calculation method is needed. Second, as structural
transformation is measured at constant prices (Herrendorf et al., 2014), price
fluctuations in IOTs need to be reflected. Because the proposed new matrix calculation

method establishes the matrix-based links among intermediate input-outputs, final
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demand and value added, price indices are applied directly in the matrix-based links
when the matrix-based structure is preserved. Last, to trace the structure changes of
final demand and value added, the exact temporal impacts of each element of final
demand and value added need to be captured, and linked with intermediate input-
outputs. The existing methods for updating the categories of final demand and value
added are primarily for balancing the initial estimate at the aggregate level and do not
emphasize economic structure changes (Huang et al., 2008; Wang et al., 2015a). Hence,
a new matrix-based linking method is needed. The characteristics of this new method
include achieving automatic and straightforward adjustments when capturing and

linking structure changes, and reflecting linear and/or non-linear impacts over time.

The validation analysis of I0Ts is conducted from various angles. In detail, matrix
similarity indicators are applied to investigate the similarities among different versions
of IOTs (Steen-Olsen et al., 2016). Statistical indicators for error estimation are utilized
to understand the differences between estimated IOTs and referenced IOTs (Wang et al.,
2015a). The Sherman-Morrison-Woodbury formula is applied in the sensitivity analysis
by providing the impacts of each direct consumption coefficient (Wilting, 2012a). The
matrix perturbation analysis is modified to study how environmentally extended 10
model is sensitive to the changes of parameters (Mattila et al., 2013). Monte Carlo
simulations are applied to the Leontief model to explore uncertainties of [OTs (Wilting,
2012a), which provide more statistical information about the results. Correspondingly,
with the aim of depicting the direct and deterministic effects of variables to explore in
the IOT framework (Zheng et al., 2018), Monte Carlo simulations could be utilized in

the context of the matrix-based structures of IOTs.

1.2.2. Constructing time-series SAMs from a retrospect perspective

SAM could be constructed in a top-down or bottom-up manner. In the former, micro

SAM is detailed on the basis of macro SAM (Stuttard and Frogner, 2003), whilst in the
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latter, data reconciliation methods (e.g., naive method, RAS, and cross entropy) are
utilized (Robinson et al., 2001; J. Round, 2003; Temurshoev et al., 2013; Scandizzo and
Ferrarese, 2015). Despite the discrepancies between the two manners, there exists a
common and illuminating sense, that is, both the coherent relationship between 10T
and SAM as well as the potential contributions of T-accounts concept to SAM are of
significance during the construction (Pyatt, 1999; J. Round, 2003; J. I. Round, 2003;
Lemelin et al., 2013). Following this sense, more details are exploited. IOT is the
representation of the economic structure embedded in production activities. Based on
IOT, SAM develops into a general equilibrium data system linking economic activities
among economic agents (including endogenous and exogenous economic accounts).
These two concerns highlight the importance of considering that IOT is not only the
main and consistent component of SAM, but IOT itself also needs a detailed
construction reflecting its economic structure. Then, when considering the T-accounts,
they show the balance between demand and supply for each good or service over a
specific accounting period (Pyatt, 1999), and are used to achieve the fundamental
characteristic of a double entry accounting system (Ellerman, 1986). Meanwhile, SAM
is a double-entry bookkeeping table (Blancas, 2006) which describes an accounting
system unravelling the inter-sectoral connections in such a way that, for each account,
total income and total expenditure must be the same (Fernandez-Macho et al., 2008).
This similarity supports the determination of economic accounts included in SAM and

the balance of the whole SAM.

In these regards, to construct time-series SAMs, keeping the consistency between time-
series IOTs and time-series SAMs, and integrating T-accounts into time-series SAMs
are simultaneously important. Regarding time-series IOTs construction, the modified
MTT (MMTT) method is used. The features of the MMTT method include: (1) probing
into and then establishing a matrix-based economic structure (i.e., matrix-based links

among intermediate input-outputs, final demand and value-added); (2) emphasizing
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changes in economic structure over time; (3) adding up in the situation where the final
demand signs are inconsistent between the prior table and the target table; (4) making
sense regardless of whether the data assumptions are linear or nonlinear; (5) depicting
the propagation relationship between Ghosh model and the IOT-related models; and (6)
tracing structure changes of final demand and value added through the matrix-based
linking method. Then, with time-series IOTs, T-accounts concept is applied to establish
the accounts included in time-series SAMSs, and is also utilized to reconcile time-series

10Ts with the established accounts.

Meanwhile, it is also noted that missing data is a phenomenon occurring during time-
series SAM construction. Among the methods of handling missing data, K-nearest-
neighbour (KNN) algorithm is characterized by straightforward concept, convenient
implementation, no requirement for prior knowledge about data distribution, no
assumptions on data and missing data mechanisms, and efficient learning from small
samples (S.-Y. Liang et al., 2015; Idri et al., 2016; Wang and Wang, 2019; Liao et al.,
2020). These characteristics are well-suited to missing data estimation in the context of
time-series data. Regarding the influence of the parameter (i.e., the number of selected
neighbours) on the KNN algorithm performance, left-one-out cross-validation
(LOOCV) is applied to determine the number of neighbours chosen. The advantages of
LOOCV include that (1) it is a deterministic procedure (Kocaguneli et al., 2012); (2) it
can be sure that the optimum value derived from this method is the absolute optimum
value, rather than the local optimum values (Modaresi et al., 2018); and (3) it is an
effective validation method for KNN algorithm in the context of small samples

(Molinaro et al., 2005; Farahnakian et al., 2013).

There are two constructive ways for SAM validation. One method is useful in exploring
the impacts of the row totals and the column totals on a SAM structure (Robinson et al.,
2001). But the impacts of each element on one SAM are therefore unavailable during
this process. The other approach is supportive in introducing the stochastic changes of

21



Chapter 1

variables to the validation procedure. But the starting point is from the formalized
problem of constrained maximization within the context of generalized cross entropy
model (Scandizzo and Ferrarese, 2015; Wang et al., 2015a). Thus, how to reflect the
effects of each component on the matrix-based SAM structure could be a consideration
in need of attention. It could be noted that, in spite of the differences between IOT and
SAM, there also exist similarities between them (Bakker et al., 1994). In detail, the
essence of IOT is that industries are connected through the buying and selling of raw
materials and that the production structure is conditioned by linkages (Pyatt, 1999). By
the same taken, the essence of SAM is concerned with the matrix of transactions and
transfers between different institutions (Pyatt, 1999). In this respect, MTT is not
constrained to an avenue towards updating time-series IOTs (Wang et al., 2015a) since
MTT probes into the economic structure by tracing and establishing matrix-based links,
but is considered as a basis to validate SAMs by detecting the matrix-based links within

a square matrix.

1.2.3. Constructing time-series IOTs and SAMs from a prospect perspective
1.2.3.1. Input-output forecasting

Studies about input-output forecasting could be classified into two categories. One is
concerned with forecasting some external variables (or conducting simulations) by
using the benchmark input-output table series as model inputs (Marangoni and Fezzi,
2002; Jun, 2005; Fan et al., 2007; Yu et al., 2016b; S. Wang et al., 2019). The other is
about forecasting IOTs through econometric method (Zheng et al., 2017), or scenario-
based method (Beaufils and Wenz, 2022). During the procedure of input-output
forecasting, three aspects are of significance, including: (1) how to forecast the input-
output systems; (2) how to structure the forecasted trends of variables within the input-

output systems; and (3) how to validate the forecasted input-output systems.

To forecast the input-output systems, related studies use RAS method or autoregressive
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integrated moving average (ARIMA) method. The RAS method is used primarily for
balancing an initial estimate (Wang et al., 2015b), and further, when RAS is combined
with macroeconomic data assumptions, the results to obtain are affected by stochastic
uncertainties (Jiang et al., 2019a). The ARIMA model depends on a large amount of
data (Wang, 2013), and also requires the mean and variance of response series are

independent of time (Y.-W. Wang et al., 2018).

Besides the above-mentioned methods, there are many approaches to predicting
external variables (Li et al., 2007; Feng et al., 2012; Zeng et al., 2018), such as
regression analysis, time series analysis, grey model, and nonlinear intelligent models.
However, regression analysis is limited if there are insufficient data, or if the data are
sufficient but not follow certain distribution patterns (Ho, 2010; Belayneh and
Adamowski, 2012). Time series analysis requires a large amount of data for forecasting
and assumes a linear relationship between the dependent and independent variables
while the actual data often present nonlinear relationships (Zhang, 2003; Y.-W. Wang
et al., 2018). Grey model could not generate satisfactory predictions when data are
nonlinear and has worse curving fitting effects in case of random data (Hsu et al., 2009;
R. Wang et al., 2018; Y.-S. Wang et al., 2018). Nonlinear intelligent models depend on
a large amount of data; and also these methods need the representativeness of data sets

and model interpretability (Pao et al., 2012; J.-D. Wang et al., 2018; Zhao et al., 2022).

The Fourier-Markov model is a mathematical technique for predicting the future values
of a time series when the difference between the forecasts from basic models and initial
estimates is taken into consideration (Lin et al., 2001; Su et al., 2002). This method has
been conceived as a way of enhancing the accuracy of forecasting (Hsu et al., 2009).
However, the previous Fourier-Markov method cannot guarantee the accuracy of each
observation, cannot ensure the constant good performance when compared with its
original model that is based on, and will decrease the scope of application as its current
form is not specified in a broad manner. To address these weaknesses, we propose an
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element-based Fourier-Markov (EFM) method. Also, the EFM method could be applied
regardless of whether the amount of data is large or not, which retains the advantages

of the Fourier-Markov method (Lin et al., 2001; Su et al., 2002; Hsu et al., 2009).

Besides, the EFM method could be used in the context of short- and long-term
forecasting because the conversion matrix in the Markov process and the input
parameters of the basic module of Fourier-Markov method could be adjusted according
to the changes in future trends (Alfieri et al., 2015; Z. Zhang et al., 2021; Rahnama,
2021). Taking land use as an example, to analyse the future changes of wetlands under
the future scenario which is centred on economic construction, the conversion elasticity
coefficient of non-wetland increased, and the elasticity coefficients of other wetland
types remain unchanged. Correspondingly, the Markov transfer matrix is adjusted, the
conversion rate of each wetland type to non-wetland is set to increase by 50%, and the
mutual conversion rate of other wetland types is not changed (Z. Zhang et al., 2021).
For another example, the basic module of the Fourier-Markov method could proceed
with adaptive forecasting that suits the requirements of different planning and future
development strategies, which casts its capability of tracking both linear and nonlinear
changes in time series data, and its flexibility of directing the future trends when

temporal changes occur in practice by means of its model construct (Alfieri et al., 2015).

The ways of structuring the forecasts differ, depending on the type of the input-output
system. In detail, in the context of IOTs, some studies use RAS method to structure the
forecasts (Beaufils and Wenz, 2022), and other studies use MTT method to accomplish
the structuring (Zheng et al., 2017). The estimates on the basis of RAS method is the
outcome of input-output forecasts structuring, but, as mentioned before, RAS is used
primarily for balancing an initial estimate. The weaknesses of MTT arise when (1) final
demand signs are inconsistent between the prior table and the target table, (2) nonlinear
interpolations are considered to reflect temporal changes, and (3) there is a need for
depicting the propagation relationship between Ghosh model and the IOT-related
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models. Except for these concerns, the studies above do not consider the unfolding of
final demand and value-added to demonstrate the corresponding categories. In detail,
to trace the structure changes of final demand and value added, the exact temporal
impacts of each element of final demand and value added need to be captured, and
linked with intermediate input-outputs. The existing methods for updating the
categories of final demand and value added are primarily for balancing the initial
estimate at the aggregate level and do not emphasize economic structure changes
(Huang et al., 2008; Wang et al., 2015a). Hence, a new matrix-based linking method is
needed. The characteristics of this new method include achieving automatic and
straightforward adjustments when capturing and linking structure changes, and

reflecting linear and/or non-linear impacts over time.

In these regards, the MMTT method realizes the following contents, including (1)
probing into and then establishing a matrix-based economic structure (i.e., matrix-based
links among intermediate input-outputs, final demand and value-added); (2)
emphasizing economic structure changes over time; (3) adding up in the situation where
the final demand signs are inconsistent between the prior table and the target table; (4)
making sense regardless of whether the data assumptions are linear or nonlinear; (5)
depicting the propagation relationship between Ghosh model and the 1OT-related
models; and (6) tracing structure changes of final demand and value added through the

matrix-based linking method.

When turning to the context of SAMs, current studies do not concentrate on the
structuring of input-output forecasts. But the relationships among IOTs, SAMs and T-
accounts concept could be supportive in addressing the issue above. Based on IOT,
SAM develops into a general equilibrium data system linking economic activities
among economic agents (including endogenous and exogenous economic accounts).
Then, T-accounts show the balance between demand and supply for each good or
service over a specific accounting period (Pyatt, 1999), and are used to achieve the
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fundamental characteristic of a double entry account system (Ellerman, 1986). In the
meantime, SAM is a double-entry bookkeeping table (Blancas, 2006) where it describes
an accounting system unravelling the inter-sector connections in such a way that, for
each account, total income and total expenditure must be the same (Fernandez-Macho
et al., 2008). In these regards, MMTT in combination with T-accounts concept could be

utilized to complete the structuring of SAMs forecasts.

Although current studies do not take into consideration the validation of input-output
forecasts, the techniques for validating updated IOTs and SAMs have been proposed.
In the context of I0Ts, matrix similarity indicators are applied to investigate the
similarities among IOTs of different versions (Steen-Olsen et al., 2016). Statistical
indicators for error estimation are utilized to understand the differences between
estimated IOTs and referenced I0Ts (Wang et al., 2015b). The Sherman-Morrison-
Woodbury formula is applied for sensitivity analysis by studying the impacts of each
direct consumption coefficient (Wilting, 2012a). The matrix perturbation analysis is
modified to explore how environmentally extended input-output model is sensitive to
the changes of parameters (Mattila et al., 2013). Monte Carlo simulations are applied
to Leontief model to investigate uncertainties of IOTs (Wilting, 2012a), which provide

more statistical information in relation to the results.

Then, in the context of SAMs, one method explores the impacts of the row totals and
the column totals on a SAM structure (Robinson et al., 2001). But the impacts of each
element on one SAM are therefore unavailable during this process. The other approach
introduces the stochastic changes of variables to the validation procedure. But the
starting point is from the formalized problem of constrained maximization within the

context of generalized cross entropy model (Scandizzo and Ferrarese, 2015).

In these respects, how to reflect the effects of each element on the matrix-based 10T

(or SAM) structure could be a consideration in need of attention. The MMTT method,
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as mentioned before, probes into and then establishes the matrix-based 10T structure,
forming the matrix-based links among intermediate input-outputs, final demand and
value-added. Then, on the basis of the properties of a SAM and the characteristics of
the MMTT method, a matrix calculation method could be proposed to investigate and
then establish the matrix-based SAM structure. Further, with Monte Carlo simulations,
these established matrix-based structures could be used to validate the forecasts of the

input-output systems.

1.2.3.2. Input-output future scenarios construction

During the procedure of integrating input-output analysis (IOA) and scenario analysis,
multi-criteria decision making (MCDM) has been found to be feasible and useful. This
is because not only does MCDM suit the real world problems involving multiple,
conflicting and incommensurable objectives (Oliveira and Antunes, 2004; San
Cristobal, 2012; Oliveira et al., 2016), but this technique also provides an approach
towards the trade-offs among multiple attributes and multiple objectives (Weng et al.,
2010; De Carvalho et al., 2016; Abdullah et al., 2021). For example, multi-attribute
decision making methods (i.e., the first category of MCDM) are used to allocate CO-
emissions among sectors by considering the impacts of various attributes in terms of
capacity, responsibility, and potential (Zhao et al., 2017). For another example, multi-
objective optimization methods (i.e., the second category of MCDM) are used to
investigate whether energy savings goal is achieved when the decision-making process
is confronted with multiple objectives in terms of economy, energy and environment

(S.-W. Yu et al., 2018b).

Within the input-output future scenarios, ‘business-as-usual’ (BAU) scenario is set as a
reference to explore the impacts of influencing factors on external variables (Faber et
al., 2007; X. Zhang et al., 2017; Ma et al., 2020), and thus subsequent scenario settings

are formulated by incorporating specific elements (e.g., multiple objectives, multiple
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criteria) into the reference scenario (Chen et al., 2014; Oliveira et al., 2016; Ma et al.,
2020). However, during the construction of input-output future scenarios, the
interconnections between production and consumption have not been emphasized,
despite that these interconnections fundamentally characterize the IOA scheme and
related extensions to environment (Oliveira and Antunes, 2004; Weng et al., 2010;

Carvalho et al., 2015; Oliveira et al., 2016; Rojas Sanchez et al., 2019).

To construct input-output future scenarios through the interconnections between
production and consumption, some concerns need to be coped with, which include (1)
how to start BAU scenario by considering the temporal changes of economic system
depicted by input-output tables; (2) how to construct policy-related scenario by
extending the multi-objective optimization method with multiple policy-related
parameters for the trade-offs among multiple objectives; and (3) how to arrange
problem-specific scenarios when traversing all the potential decision preferences
among multiple attributes, and constructing a multi-attribute importance method to

allocate importance among sectors are needed and feasible.

Regarding the construction of BAU scenario, RAS method is used to reflect the
temporal changes of economic system depicted by input-output tables (Yu et al., 2016b;
S.-W. Yu et al., 2018b). Despite the usefulness and efficiency, RAS method is mainly
used for balancing the initial table (Wang et al., 2015a). Then, matrix transformation
technique (MTT) is a method emphasizing economic structure changes over time by
investigating a matrix-based economic structure (i.e., matrix-based links among
intermediate input-outputs, final demand and value added) (Wang et al., 2015a).
However, the weaknesses of MTT arise when (1) final demand signs are inconsistent
between the prior table and the target table, (2) nonlinear interpolations are considered
to reflect temporal changes, and (3) there is a need for depicting the propagation
relationship between Ghosh model and the IOT-related models. In these regards, the
modified MTT (MMTT) method realizes the following contents, including (1) probing
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into and then establishing a matrix-based economic structure (i.e., matrix-based links
among intermediate input-outputs, final demand and value-added); (2) emphasizing
economic structure changes over time; (3) adding up in the situation where the final
demand signs are inconsistent between the prior table and the target table; (4) making
sense regardless of whether the data assumptions are linear or nonlinear; (5) depicting
the propagation relationship between Ghosh model and the [OT-related models; and (6)
tracing structure changes of final demand and value added through the matrix-based
linking method. Besides, the Fourier-Markov model is a mathematical technique for
predicting the future values of a time series when the difference between the forecasts
from basic models and initial estimates is taken into consideration (Lin et al., 2001; Su
et al., 2002). This method has been conceived as a way of enhancing the accuracy of
forecasting (Hsu et al., 2009). Thus, Fourier-Markov model could be combined with
MMTT to construct the BAU scenario. But at the same time, the previous Fourier-
Markov method cannot guarantee the accuracy of each observation, cannot ensure the
constant good performance when compared with its original model that is based on,
and will decrease the scope of application as its current form is not specified in a broad
manner. Therefore, to address these weaknesses, we propose an element-based Fourier-
Markov (EFM) method. Also, the EFM method could be applied regardless of whether
the amount of data is large or not, which retains the advantages of the Fourier-Markov
method (Lin et al., 2001; Su et al., 2002; Hsu et al., 2009). Besides, the EFM method
could be used in the context of short- and long-term forecasting because the conversion
matrix in the Markov process and the input parameters of the basic module of the
Fourier-Markov method could be adjusted according to the changes in future trends
(Alfieri et al., 2015; Z. Zhang et al., 2021; Rahnama, 2021). Then, BAU scenario could
be validated by combining MMTT with Monte Carlo simulations (Wilting, 2012b),

which provide more statistical information about the results.

The policy-related scenario could be constructed integrating IOA with the multi-
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objective optimization method. In the context of environment, CO> emissions
alleviation is closely related to the trade-offs of economy-energy-environment (3E)
system (S.-F. Zhang et al., 2019; Ye et al., 2019; Ning et al., 2020), which has been
explored in the multi-objective optimization context (Mi et al., 2015; S.-W. Yu et al.,
2018b). At the same time, research on factors affecting CO> emissions has found that
more policy-related parameters could be comprehended from the 3E nexus (Mao et al.,
2014, 2021). These policy-related parameters include CO> emission intensity targets,
energy intensity targets, energy consumption cap targets, and the share of non-fossil
fuel in primary energy consumption (Zhou et al., 2012; Mi et al., 2017c; Qi et al., 2020;
Liu et al., 2022). Here, the multi-objective optimization method could be modified by
including all of these parameters, so as to reflect the impacts of these parameters on
CO; emissions reduction (Z.-Y. Li et al., 2021), and the trade-offs among 3E system
(Mao et al., 2014). Also, this modification is supportive in the construction of input-
output policy-related scenario through interconnecting production with consumption

(Mao et al., 2014, 2021).

The problem-specific scenarios in terms of CO2 emissions alleviation could be diverse,
depending on how to reflect different decision preferences among multiple attributes
when CO; emissions are allocated to sectors (Zhao et al., 2017). In this sense, the
problem-specific scenarios could be arranged using the integration of IOA and multi-
attribute decision making (MADM) methods (Yu et al., 2016b; S.-W. Yu et al., 2018b).
In detail, to achieve the aggregate CO; emissions intensity target, some methods are
proposed to transform this target into regional (Yi et al., 2011; Zhang et al., 2014) or
sectoral endeavours (Zhao et al., 2017). This research emphasises the importance of
allocating CO> emissions from the perspective of production-based CO; emissions
accounting. Although many studies support the necessity of analysing sector-level
impacts on CO; emissions reduction (Zhao et al., 2017; Song et al., 2018; Chen et al.,

2020; W.-H. Xu et al., 2021; Fang et al., 2022), current input-output future scenarios
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have not considered the role of sector-level CO; emissions intensities in CO2 emissions
alleviation. That is, the sector-level CO; emissions intensities are forecasted, rather than
considered as the additional directions towards CO; emissions alleviation (Ouyang and
Lin, 2015; Zhao et al., 2017; Chen et al., 2020). For example, the energy intensity
targets have been proposed for energy-intensive sectors for energy conservation and
CO» emissions reduction in China (Ouyang and Lin, 2015; Chen et al., 2020). In these
regards, the problem-specific scenarios could be arranged as the third category of input-
output future scenarios by integrating IOA with MADM. This integrating method could
be achieved by proposing a multi-attribute importance method (Yi et al., 2011; Zhao et
al., 2017). This is also an aspect of interconnecting production with consumption
(Oliveira et al., 2016; Rojas Sanchez et al., 2019). Besides, to arrange problem-specific
scenarios, different decision preferences need to be specified among multiple criteria
(Zhao et al., 2017). During this process, although traversing all the potential decision
preferences is needed and feasible, current studies have not included the whole set of
decision preferences. As such, when specifying all the potential decision preferences,
the generalized weighting method (Zhang et al., 2004) in relation to permutation and

combination is proposed (Yi et al., 2011; Yu et al., 2016b).

1.2.3.3. Input-output future configuring system construction for low-carbon

economy

A configuration represents a number of specific and separate attributes which are
meaningful collectively rather than individually (Rosenberg, 1968; Miller and Friesen,
1978), which contains relationships among elements or items representing multiple
domains (Dess et al., 1993). Elements or items from a configurational perspective are
conceived as constellations of inter-connected internal and external structures, and a
configurational perspective has a predictive importance (Miller, 1990; Delery and Doty,
1996). In this sense, a configurational perspective could be developed towards tracking

the development of organizations when the organizations are affected by the internal
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and external changes over time (C. Zhang et al., 2017). Not only is a configuration
perspective popular in organizational theory and strategy research (Fiss, 2007), but it is
also used in other fields, such as the economy (F.-F. Jiang et al., 2021), energy

(Kimmich and Tomas, 2019), and environment (J.-F. Wu et al., 2021).

From a configurational perspective, the input-output future configuring system within
a SAM scheme develops towards a system of multidimensionality; meanwhile the role
of economic activity-level interdependencies adds up in this system. Besides, the input-
output system is expected to respond to the temporal changes internally and externally
to reflect the system-level evolution. But at the same time, a configurational perspective
per se does not emphasize the optimization of a system, so there is a need for optimizing
this input-output system to develop the configurational perspective (Hristu-Varsakelis
et al., 2012). In this regard, the detailed, holistic, integrated image of this system is
yielded (Bensaou and Venkatraman, 1995; F.-F. Jiang et al., 2021), promoting the

effectiveness of this system.

Based on the previous studies, for the construction of input-output future configuring
system, a configurational perspective is exploited and integrated into input-output
system; meanwhile the characteristics of input-output system are retained. Also, the
prospective feature of this system could be reflected and utilized for impact analysis
and planning. Then, the influencing variables to consider could be processed following
the formed input-output configuring procedure, so as to meet the specified adjustments
(Xiao et al., 2017; Lin and Jia, 2018, 2020). Besides, during the construction of input-
output future configuring system, the optimization feature of this system is achieved
(Wang et al., 2010; H.-S. Lin et al., 2020), further developing the configurational

perspective.

Optimization models have been incorporated into input-output systems, which allows

for the optimal performance of economic activities when making choices as to
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constraints (Ochitwa, 1984; Nguyen et al., 2018). The related studies could be classified
into two categories: one is for what if scenarios and the other is for what best scenarios
(Pulido-Velazquez et al., 2008). Models for the former category are better suitable to
reproduce the modus operandi of the system under the current institutional settings
(Nguyen et al., 2018; Kang et al., 2020). By contrast, models for the latter category are
useful to systematically search for the promising planning and management solutions
(San Cristobal, 2010; Yu et al., 2016b). The integration of mathematical programming
with input-output system has been gradually extended to analyse the sector-level
impacts of countermeasures (San Cristobal, 2012), provide the applicability as a
management avenue (Singh and Panda, 1989), and improve the efficiency of decision
making (Hristu-Varsakelis et al., 2012). Compared to social accounting matrices, input-
output tables are more widely used in this integration, although the former delineate

both product and income values for an economy system comprehension (Sharify, 2021).

Computable general equilibrium (CGE) model is a useful tool for studying economic
activity-level interdependence and general equilibrium repercussions in depth
(Cardenete et al., 2017). The product and income flows between economic activities
are of necessity for the CGE model, delineating the mutual influence and
interdependence among various economic activities (Liang et al., 2022). Within a CGE
appraisal, the economy consists of supply and demand is equalized across
interconnected markets in the economy, and the abstract general equilibrium structure
1s combined with realistic economic data to solve numerically for the levels of supply,
demand and price that support equilibrium across a specified set of markets (Cheng et
al., 2015). CGE model has been widely used in diverse fields such as economy (L.-G.

Zhang et al., 2018), energy (Lin and Jia, 2020), and environment (Xiao et al., 2017).

CGE model is built on the basis of SAM. Within a SAM scheme, the economic

transactions are captured and the SAM optimization method is conducted for economic

planning (Sharify, 2021). SAM optimization approach combines SAM with
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mathematical programming to attain the optimum level when considering goals and
constraints, which improves CGE model encompassing the general equilibrium of
economic activities. Also, because SAM reflects both product as well as income flows,
the SAM optimization method has the capability of responding to these reflections for

the purpose of planning.

However, there are two points which previous studies have not attached enough
attention on. First, previous studies are less prone to study the importance of the
predictability of the SAM optimization method (Ochitwa, 1984). Second, previous
studies have not emphasized more on integrating CGE with SAM optimization,
although this integration is capable of encompassing the advantages of both models
(Sharify and Batey, 2006). So, in this study, we construct the input-output future
configuring system, which is achieved by integrating CGE with SAM optimization. In
this regard, this input-output future configuring system could utilize the merits of SAM,

mathematical programming and CGE for impact analysis and management.

Low-carbon economy (LCE) is to achieve more economic outcomes, higher living
quality, less depletion of natural resources, and less environmental contamination (UK
Department Trade, 2003; Peng and Deng, 2021). Quantifying the LCE performance is
of significance as this quantification could not only help comprehend the development
of LCE, but also help the management for LCE. In detail, the LCE system has been
constructed considering economy, society, energy and environment subsystems, so as
to provide a systematic framework for CO; reduction and low-carbon transition (Shi et
al., 2022). Also, the composite index for LCE has been perceived as useful for

evaluating low-carbon development (Tan et al., 2017).

However, current quantifying LCE performance has not concentrated more on the
optimization of LCE performance, which decreases the applicability of these useful

methods to improve LCE performance. When it comes to how to achieve the
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optimization of LCE performance, not only does this corresponding method highlight
the role of economy, society, energy, and environment (Tan et al., 2017; Shi et al., 2022),
but it also encompasses the optimization of the composite index to establish. The latter,
in particular, has been achieved in the field of energy (Wang et al., 2010; H.-S. Lin et
al., 2020). Then, regarding the composite index to establish for LCE performance,
previous studies have pointed out the usefulness of the indicators such as economic
value per unit of CO> emissions (Heil and Wodon, 1997), energy consumption per unit
of CO; emissions (Feng et al., 2015), and disposable income (for social welfare) per
unit of CO, emissions (Urge-Vorsatz et al., 2016; Zhou et al., 2017). The indicators
depict the relationships with regard to the role of economy, energy and society in CO>

emissions. The higher value of these indicators show the better performance of LCE.

Also, it is noted that there is a need for quantifying role of planning-based parameters
in improving LCE performance. In the context of LCE in China, the planning-based
parameters include the planning in terms of economy, energy, and CO; emissions.
Because there are relations among economy, energy and CO; emissions, the optimum
situation delineating the synergic effects of these contributing factors could be gained

for better LCE performance.

1.2.4. Exploring carbon development measures from retrospect to prospect
1.2.4.1. Identifying COz2 clusters changes

Using IOTs to identify key sectors and paths has attracted increasing attention in
reducing CO; emissions (Kagawa et al., 2015; J.-S. Li et al., 2018; Liu et al., 2020).
Identifying changes in COx> clusters could also be useful in CO2 emissions reduction,
which is achieved by cluster analysis. Cluster analysis is used as an approach to
efficiently allocating the attention of reducing emissions by clusters (Shao et al., 2014;
Kagawa et al., 2015). Cluster analysis provides insights to understand the role of

economic structure in emissions reduction, as this method unravels the detailed
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composition of CO; clusters and reflects the underlying structure in CO2 emissions
(Fernau and Samson, 1990; Shao et al., 2014). Over time, there may exist sector
heterogeneity in emissions (e.g., lock-in, catch-up and unlocking effects) (Chen et al.,
2011; Z. Liu et al., 2015; H. Wang et al., 2020). Cluster analysis conducted at several
years could reveal the possible lock-in, catch-up and unlocking effects in emissions,
which supports the necessity of reducing CO> emissions through sectoral structure
adjustments (Chang and Li, 2017) and sector-level upgrading (Liu and Wang, 2017).
Lastly, when cluster analysis is performed from production, consumption and income
perspectives, it helps understand and utilize the single, dual or multiple characteristics
of sectors in CO; emissions reduction (J.-S. Li et al., 2018). These identified sectoral

features contribute to improving the efficiency and effectiveness of emissions reduction.

Besides the carbon implications directly based on CO»> clusters changes, there is a need
to construct a link between the cluster-based carbon abatement and inter-sector linkage-
based CO; emissions alleviation. Previous studies have emphasized the importance of
transmission sectors along the supply chain rather than the exclusive concentration on
the connection between the beginning and end of the supply chain (S. Liang et al., 2016),
and have supported inter-sectoral linkages could be considered when deploying sector-
specific CO; emission reduction efforts (S. Liang et al., 2015). In this way, the
consideration about the role of each sector participating in a IOT-based framework is
included. Despite that, previous studies could not allow for the exact impacts of
transmission sectors and inter-sector linkages being integrated into the framework of
IOT (S. Liang et al., 2015, 2016). Thus, the targeted and operable countermeasures
could not be directly attained. So to enhance the efficacy of CO2 emissions reduction,
the integrated impacts of each sector could be figured out through incorporating the role

of transmission sectors and the inter-sectoral linkages into CO> clusters.

When it comes to identifying CO> clusters changes, both methods and perspectives are
worth attention. In the aspect of methods, statistical clustering methods (Shao et al.,
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2014; Kagawa et al., 2015) is a helpful consideration, and another one is by using sector
characteristics (e.g., the classification of sectors into heavy, light, construction and
service industries) (S.-J. Wang et al., 2019). Subsequently, the temporal changes in CO-
clusters could be explored (Liang et al., 2013) by identifying the importance of possible
lock-in, catch-up and unlocking effects, so as to support the necessity of reducing CO>
emissions through sectoral structure adjustments (Chang and Li, 2017) and sector-level
upgrading (Liu and Wang, 2017). In the aspect of perspectives, the production
perspective is insightful (Shao et al.,, 2014; Kagawa et al., 2015), but the joint
perspective in regard to production, consumption and income is also a potential effort
in reducing CO; emissions given that each single perspective has its own merits, foci
and practical scopes for CO2 emissions reduction (J.-S. Li et al., 2018). This is because
the Leontief model is demand-driven while the Ghosh model is supply-driven, and the
two models unravel the economic system together (Miller and Blair, 2009). Hence, this
joint perspectives helps understand and utilize the single, dual or multiple
characteristics of sectors in CO; emissions reduction (J.-S. Li et al., 2018). Besides,
urban household consumption has played an increasingly important role in CO>
emissions in China (X.-Y. Liu et al., 2019). In this sense, identifying CO; clusters driven

by urban household consumption is also vital.

Based on the identification of CO: clusters changes, utilizing the inter-sector linkage-
based carbon abatement measures could enhance the efficacy of CO2 emissions
reduction. Sectoral CO; emissions accounting has been conducted from production-,
consumption-, income-, and transmission-based perspectives (S. Liang et al., 2016;
Shan et al., 2018; J.-S. Li et al., 2018). But at the same time, the connection between
CO; clusters and sectoral CO; emissions has not been constructed from the perspective
of the sector-level integrated impacts originating from the inter-sector CO2 emissions
flows. So the corresponding effective way of reducing CO> emissions could not be

informed. Regarding the construction of this connection, previous studies have focused
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on the role of transmission sector in CO> emissions reduction thorough introducing the
notion of betweenness which refers to as the importance of sectors in an economy as
transmission centres (S. Liang et al., 2016). But previous studies could not allow for
the exact impacts of transmission sectors being integrated into the framework of 10T,
which could not form the direct connections with where to put efforts in alleviating CO»
emissions within the IOT-based framework (S. Liang et al., 2016). This makes it
difficult to attain the countermeasures in a straightforward manner which is better at
managing the participation of each sector (Kecek et al., 2022). Despite that, it is feasible
to construct the connection by incorporating the concept of betweenness and inter-
sector linkages into CO; clusters. In detail, this study could traverse the impacts of each
sector and then conduct the inter-sector comparisons by way of dynamic programming,

so as to enhance the efficacy of CO; emissions reduction.

1.2.4.2. Extending multiplier decomposition analysis and structural path analysis

In common with the construction and validation procedures of time-series SAMs, the
related applications procedure could take into consideration a forward-backward
perspective. One direct manifestation is that the extensions of multiplier decomposition
analysis (MDA) and structural path analysis (SPA) to the supply-driven case could
supplement the applications of MDA and SPA to the demand-driven case. The demand-
driven model is used to evaluate the changes in the distribution of production, income
and employment because of various measures undertaken affecting the exogenous
income levels (Roland-Holst and Sancho, 1995; Fernandez-Macho et al., 2008), while
the supply-driven model is used to detect the effects on downstream sectors due to an
estimated change in the exogenous costs (Roland-Holst and Sancho, 1995; Acquaye et
al., 2017). MDA and SPA, the two widely used methods in the context of SAMs, have
been extended from the demand-driven to supply-driven case (Defourny and Thorbecke,
1984; Roland-Holst and Sancho, 1995). MDA is used to capture the effects among and

between economic activities within a structure, given an initial injection from
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exogenous variables (Blancas, 2006). MDA decomposes the total multipliers into four
parts including the initial injection effect, the transfer multiplier effect, the open-loop
multiplier effect and the closed-loop multiplier effect. SPA is used to explore the effects
of paths on the economic system. Different perspectives are applied to study SPA. One
viewpoint focuses on the partition of influences between two nodes within an economy
into direct, total and global influences, and the other concentrates on tracking the paths
through multiple tiers (Defourny and Thorbecke, 1984; Roland-Holst and Sancho,
1995). The latter emphasizes the identification and specification of key paths (Roland-

Holst and Sancho, 1995).

When broadening the applications of MDA and SPA, there are some concerns. First,
studies tend to compare MDA with SPA to investigate the economy (Defourny and
Thorbecke, 1984), because more attention is concentrated to the superiority of one
method over the other. However, MDA and SPA could help provide diverse channels
for understanding how the economy operates, and, in the field of CO2 emissions, how
to orient the direction of emissions reduction. Second, it is found that the matrix-based
arrangements when extending MDA and SPA to the supply-driven case do not give
priorities to the convenience of results interpretation (Roland-Holst and Sancho, 1995;
Miller and Blair, 2009), because the interpretation of results is inconsistent with the
calculation of MDA and SPA in the supply-driven case. Last, in the field of CO>
emissions, MDA and SPA were usually utilized from the demand-driven perspective,
rather than the supply-driven perspective (Lenzen, 2003; Y.-Z. Li et al., 2018). Thus,

insights from the latter perspective are not formed (Zhen and Li, 2021).

1.2.43. CO: inventories construction using a new subsystem decomposition

analysis

COz inventories are constructed from the production-based perspective, which facilitate

the measures to mitigate CO> emissions (Shan et al., 2016; Y. Li et al., 2017; Shan et
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al., 2018). These series of CO> inventories, for example, have detailed energy- and
process-related emissions (Shan et al., 2018). Further, the production-based CO>
inventories contributes to developing the baseline, projecting CO» emissions, assessing
the policy options, and establishing feasible mitigation targets (Y. Li et al., 2017; Chen
et al., 2017). Despite the efficacy, production-based CO, inventories does not exhibit
the full picture of emissions (B. Zhang et al., 2018). As a supplementary,
environmentally-extended input-output models helps investigate the sector-level CO:
emissions from consumption- and income-based perspectives, identifying main targets
of CO; emissions mitigation measures (Chen et al., 2019). Taken together, there is a
need to translate consumption- and income-based emissions at the sector level into the
corresponding sector-level CO» inventories from past to future, in order to complement
production-based CO> inventories in decision-making (Y. Li et al., 2017; B. Zhang et

al., 2018).

Considering the characteristics and functions of production-based CO: inventories,
consumption- or income-based CO inventories could be formed as a detailed
decomposition of total emissions. In this sense, subsystem analysis, initially proposed
in (Sraffa, 1960), is with respect to the study of a sector or a group of sectors considered
as a subsystem interacting with the rest of the sectors (Butnar and Llop, 2011), which
helps comprehend the importance of a particular unit to the whole economic system
(Alcantara and Padilla, 2009). There are three categories of methods for subsystem
analysis. The first approach is utilized to quantify the relations between a specific
subsystem and the rest of the whole system, which does not highlight the
interconnections induced by each sector (Butnar and Llop, 2011). Although the rest
approaches investigate the role of each sector in the whole economic system, they differ
in exploring the contributions of the internal and feedback components to the total
influences of a specific sector (Sanchez-Choliz, 2003; Alcantara et al., 2017). The idea

behind the approach in (Sanchez-Choliz, 2003) is consistent with that from (Alcantara
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and Padilla, 2009), and also it finds supports in the area of structural path analysis
(Lenzen, 2007). But in the meantime, the approach in (Sanchez-Choliz, 2003) has not
been applied in the context of the supply-driven model (i.e., Ghosh model). In this
regard, the economic system is only explored by demand-driven model (i.e., Leontief
model), in which the economy-wide effects arising from final demand, rather than

primary inputs, are investigated (Andrés et al., 2021).

Despite the effectiveness of the subsystem analysis in decomposing variables, this
analytical method does not evaluate the contributions of influencing factors behind
temporal changes in the variables to decompose. To achieve the decomposition of
changes, subsystem analysis could be further combined with structural decomposition
analysis (SDA). SDA is a decomposition technique related to quantifying both direct
and indirect effects of factors on the temporal changes in variables (Zhang, 2010;
Cansino et al., 2016). In the field of CO, emissions, some studies have extended
subsystem analysis by way of SDA, but their studies consider the performance of a
group of sectors, rather than sector-specific performance (Butnar and Llop, 2011). In
this sense, it is unclear how sector-level CO, emissions transmit throughout the
economic system. Also, this integrated model is proposed in the demand-driven case,
without emphasizing the implications from the supply-driven model. Thus, the
decomposition of emissions changes induced by sector-level primary inputs is not

informed, thereby decreasing the scope of use in decision-making (Zhang, 2010).

1.2.4.4. Carbon management under multi-criteria decision making

During the procedure of integrating IOA and scenario analysis, multi-criteria decision
making (MCDM) has been found to be feasible and useful. This is because not only
does MCDM suit the real world problems involving multiple, conflicting and
incommensurable objectives (Oliveira and Antunes, 2004; San Cristobal, 2012;

Oliveira et al., 2016), but this technique also provides an approach towards the trade-
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offs among multiple attributes and multiple objectives (Weng et al., 2010; De Carvalho
et al., 2016; Abdullah et al., 2021). For example, multi-attribute decision making
methods (i.e., the first category of MCDM) are used to allocate CO> emissions among
sectors by considering the impacts of various attributes in terms of capacity,
responsibility, and potential (Zhao et al., 2017). For another example, multi-objective
optimization methods (i.e., the second category of MCDM) are used to investigate
whether energy savings goal is achieved when the decision-making process is
confronted with multiple objectives in terms of economy, energy and environment (S.-

W. Yu et al., 2018Db).

However, it is also noted that the interconnections between production and consumption
have not been emphasized during the process where IOA is integrated with scenario
analysis by means of MCDM, despite these interconnections fundamentally
characterizing the IOA scheme and related extensions to environment (Oliveira and
Antunes, 2004; Weng et al., 2010; Carvalho et al., 2015; Oliveira et al., 2016;
Rojas Sanchez et al., 2019). Further, corresponding to the interconnections between
production and consumption within input-output future scenarios, some concerns need
to be dealt with. First, for the ‘business-as-usual’ (BAU) scenario, temporal changes of
economic system depicted by input-output tables could be considered (Zhao et al., 2017;
Song et al., 2018; C. Li et al., 2021). Second, in the policy-related scenario, the
reflection of multiple policy-related parameters in the multi-objective optimization
models could be further explored. For example, carbon emissions have been found to
be impacted by policy-related parameters, such as CO; emissions intensity target (Mi
et al., 2017c), energy intensity target (Liu et al., 2022), energy consumption cap targets
(Qi et al., 2020), and the share of non-fossil fuels in the total energy consumption (Zhou
et al., 2012). But the impacts of these multiple policy-related parameters on CO;
emissions have not been investigated. Finally, as for the problem-specific scenarios by

multi-attribute decision making, although decision preferences are considered in form
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of the specification of weights under proper transformation functions (Parreiras and
Vasconcelos, 2009; Yu et al., 2016b), the role of permutation and combination in
specifying the potential scenarios could be emphasized (Yi et al., 2011). In this way, all
the potential contexts are included since the number of external variables is not
relatively large. Meanwhile, to fulfil the problem-specific objective, a multi-attribute
importance method could be constructed. With this model, not only could the
importance of each specified scenario be quantified, but the importance could also be

allocated among sectors (Yi et al., 2011; Zhao et al., 2017).

As one application of input-output future scenarios, CO> emissions synergistic
alleviation could be explored during the integration of IOA and scenarios analysis by
way of MCDM, when considering the economy-energy-environment (3E) nexus (Dong
et al.,, 2014; Carvalho et al., 2015; Rojas Sanchez et al., 2019; X. Li et al., 2021).
Meanwhile, within the established 3E nexus framework, allocating CO> emissions
reduction targets to each sector is an important way to complete carbon emissions
reduction task (Zhao et al., 2017). During this allocation process, CO> emissions
alleviation requires the synergies among sectors (Ning et al., 2019; Dong et al., 2023).
The industrial synergistic development is characterised the interaction, independence
and mutual support between sectors (Lin and Teng, 2023), which could be reflected by
applying IOA and related input-output future scenarios (Yin et al., 2022). It is because
IOA in the scenario context could manifest the flows of goods and services among
sectors and demonstrate the sectoral interdependence within the economic structure
(Jensen et al., 1988). However, despite that the importance of exploring the path of
synergistic carbon emissions reduction of multiple sectors to improve carbon emission
reduction efficiency has been recognized (Dong et al., 2023), previous studies have not
conducted the exploration of sector-level CO> emissions synergistic alleviation. Also,
the dynamics featuring the synergy of reducing CO> emissions among sectors has not

been emphasized although the dynamical effects are supposed to be captured to
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facilitate CO, emissions abatement (M.-H. Jiang et al., 2021).

To address these weaknesses, the overview of changes in CO; emissions is provided,
and the direction and channels identifications are attained by means of the shift-share
analysis (SSA). SSA is a technique that focuses on partitioning the growth in an
economic variable in a particular area into various components when considering the
changes in the variable as a dynamic progress (Creamer, 1943; Yavas et al., 1992; Lin
et al., 2019). This growth is decomposed into national growth, industrial mix, and
competitive position effects. Thus, with the SSA method, the determinants of growth
and decline could be figured out. Also, this method enables to identify the key sectors
which contribute to the changes in variables and to grasp both the direction about how

the future develops as well as the principle of adjusting industrial structure.

However, due to the existence of interwoven effect in industrial mix and competitive
position effects, the Esteban-Marquillas version of SSA is proposed by introducing
homothetic variables to deal with component independence (Esteban-Marquillas, 1972;
Sheng et al., 2021). Also, when SSA is used as a comparative static approach, which
considers conditions only at the beginning and end years of the time period, the SSA
method influences the allocation of changes in variables among the three shift-share
effects (Barff and Iii, 1988). Thus, the dynamics is introduced to the Esteban-Marquillas
shift-share extension. But at the same time, when it comes to the application of this
dynamic Esteban-Marquillas method to evaluating changes in CO2 emissions, previous
studies have not taken this aspect into consideration although the SSA method has been
used in diverse fields, including economy, energy and environment (Li and Huang,

2010; H. Li et al., 2017; Lin et al., 2019).

1.2.4.5. CO: emissions reduction from the perspective of low-carbon economy

Input-output optimization for forecasting has attracted increasing interest in low-carbon
economy (LCE) study (Y.-Q. Su et al., 2021). To illustrate, the low-carbon scenarios
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are developed to define and establish the feasible countermeasures (Nguyen et al.,
2018). The low-carbon measures under multiple constraints are evaluated for
determining the optimum situations (Kang et al., 2020). The socio-economic impacts
for CO> emissions peak are assessed for investigating the pathways in which CO;
emissions peak could be achieved (Mi et al., 2017¢; S.-W. Yu et al., 2018a). The effects
of CO; emissions on resources are optimized for addressing the changes from climate
change (Aviso et al., 2018). The influences of CO» abatement measures are gauged

through achieving general equilibrium (Dong et al., 2017).

However, there are still some attempts to make for input-output forecasting studies in
the context of LCE. First, despite the significance of composite indicators has been
recognized (Wang et al., 2010; H.-S. Lin et al., 2020), the optimization of composite
indicators has not been undertaken in input-output forecasting studies. Second,
although the role of energy intensity and CO; intensity in CO> emission reduction has
drawn the attention (Xiao et al., 2017; Li et al., 2019), the relation among energy
intensity, COz intensity, total energy consumption, and the growth rate of GDP has not
been investigated for the optimum situations. Third, because computable general
equilibrium (CGE) model focuses on general equilibrium, rather than a pursuit of
optimization (Sharify and Batey, 2006), the SAM optimization model could improve

this point by integrating CGE with optimization.

These aforementioned attempts constitute the key features of a new input-output
forecasting method, which is what we have termed input-output future configuring
system in this study, corresponding to the connotation of configuration in the
organizational theory (Rosenberg, 1968; Miller and Friesen, 1978). This system could
fulfil the following aspects. First, the effects in terms of volume and structure could be
reflected to help with the countermeasures design (Li et al., 2019; Y.-Q. Su et al., 2021).
Second, the future trends at sector level in the context of LCE could be delineated to
facilitate the preparation for future changes (San Cristobal, 2010; Igos et al., 2015).
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Third, this system could attain adjustments and achieve flexibilities when the

influencing variables are changed (Singh and Panda, 1989).

1.3. Research objectives and thesis structure

The objectives of this thesis are to construct time-series IOTs and SAMs from the
viewpoints of retrospect and prospect, and correspondingly, to explore carbon
development measures by extending time-series I0Ts and SAMs. Because differing
focusses exist between IOT and SAM, the aforementioned objectives need to be
specialized, so as to provide specific solutions to time-series input-output systems
construction, validation and applications. But at the same time, there are
interconnections between IOT and SAM. This consideration not only emphasizes the
harmonization of differing input-output systems, but also potentially expands the
practical scopes. For example, the techniques for exploring carbon development
measures from retrospect to prospect are effective for both input-output systems.
Therefore, the objectives are specialized and categorized, which are explained by thesis
structure and highlights. Correspondingly, each chapter (Chapters 2 to 6) takes the form
of five sections, which includes introduction, literature review, method and data, results

and discussion, and conclusions.

(1) Chapter 2 updates time-series input-output tables with economic structure concerns

and identifies changes in CO: clusters. The methods improvements are as follows:

e Matrix transpose is for modifying matrix transformation technique (MTT)

e The modified MTT (MMTT) method is reinforced by reflecting price
fluctuations

e Matrix-based linking method updates final demand and value added categories

e Monte Carlo simulations with matrix calculation methods are for the validation
process

e (COg; clusters changes are identified from production, consumption and income

perspectives
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(2) Chapter 3 attains a forward-backward realization of solutions to time-series social
accounting matrices construction, validation and applications. The methods

improvements are as follows:

e Matrix-induced structure is proposed to construct time-series SAMs

e K-nearest-neighbour algorithm and cross validation are joint to impute time-

series SAMs

e A new matrix calculation method is proposed to conduct time-series SAMs
validation

e Demand- and supply-driven CO> emissions are analysed using multipliers, tiers

and paths

(3) Chapter 4 focuses on input-output forecasting and CO» inventories construction

using a new subsystem decomposition method, which includes:

e An element-based Fourier-Markov method is for IOTs and SAMs forecasts
e The modified MTT (MMTT) method with T-accounts concept is proposed for
trends structuring

e Matrix calculation methods with Monte Carlo simulations validate input-output

forecasts
e A subsystem analysis with structural decomposition analysis is proposed for

CO; inventories

(4) Chapter 5 presents an integrated scheme of input-output future scenarios
construction interconnecting production with consumption and analyses sector-
level CO> emissions synergistic alleviation. The detailed techniques are proposed

as follows:

e An integrated scheme is for constructing input-output future scenarios
e A procedure of input-output forecasting is applied to BAU scenario
e Extended multi-objective optimization is used for policy-related scenario

e A multi-attribute importance method is proposed for problem-specific scenarios
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e (CO; emissions reduction at the sector level is analysed in constructed scenarios

(5) Chapter 6 covers an input-output future configuring system for low-carbon
economy using a social accounting matrix optimization design. The methodological

improvements are proposed as follows:

e Input-output future configuring system is constructed to reflect and reconcile
future trends

e A social accounting matrix optimization design is proposed for the system
construction

e Monte Carlo simulation is conducted to validate input-output future configuring
system

¢ Element-based Fourier-Markov method links simultaneous equations method to
forecast

e Input-output future configuring system is applied to the low-carbon economy

context
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Chapter 2: Updating time-series input-output tables with
economic structure concerns and identifying CO:z clusters

changes

2.1. Introduction

An input-output table (IOT) elaborates economic structure by depicting sectoral
linkages affected by final use and value added (Leontief, 1986; Miller and Blair, 2009).
Time-series IOTs help comprehend economic structures over time. In detail, they reflect
the continuous sectoral interconnections within an economy (Harry and Keiko, 2015),
are used as the long-term reference data for economy-related phenomena (Timmer et
al., 2012), and provide data supports for econometric modelling (Hiibler et al., 2022),
social accounting matrix (Cho and Diaz, 2019), computable general equilibrium model
(Hiibler and Pothen, 2017), integrated assessment model (Capellan-Pérez et al., 2020),
and other models (Lombardi et al., 2019). Meanwhile, time-series IOTs are of
importance in diverse contexts, such as exploring energy consumption (Meng et al.,
2020), investigating greenhouse gas emissions (Wiedmann et al., 2010), measuring
environmental sustainability performance (Acquaye et al., 2017), and assessing

sustainability impacts (Egilmez et al., 2020).

However, 1OTs are always data with time intervals (Lenzen et al., 2012). To achieve the
significance of time-series I0Ts, construction and validation approaches are proposed
(Ahmad, 2002; Harry and Keiko, 2015; Lenzen et al., 2009; Timmer et al., 2012; Tukker
et al., 2013; Wood et al., 2014). But the concerns related to economic structure are still
needed. Economic structure is defined as the composition and patterns of various
components of the economy such as: production, consumption, investment, trade and
gross domestic product (Su, 1970; Thakur, 2008; Thakur and Alvayay, 2012). Specially,
IOT has been conceived as a detailed empirical representation of economic structure by
presenting economic dependence such as inter-sector flows and matrix-based links
among intermediate input-outputs, final demand and value added (Jensen et al., 1988;
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Kim and Kim, 2015; Wang et al., 2015a). In this sense, the concerns related to economic
structure tend to be the necessary consideration when conducting input-output analysis,

and exploring the fundamental and crucial connections with building time-series IOTs.

Against this backdrop above, the economic structure concerns during updating IOTs
are explained as follows. First, MTT (matrix transformation technique) simultaneously
probes into a matrix-based economic structure (i.e., matrix-based links among
intermediate input-outputs, final demand and value added) and emphasizes economic
structure changes over time to construct time-series IOTs (Wang et al., 2015a). But the
weaknesses of MTT arise when (1) final demand signs are inconsistent between the
prior table and the target table, (2) nonlinear interpolations are considered to reflect
temporal changes, and (3) there is a need for depicting the propagation relationship
between Ghosh model and the IOT-related models. Hence, a new matrix calculation
method is needed. Second, because structural transformation is measured at constant
prices (Herrendorf et al., 2014), price fluctuations in IOTs need to be reflected. Third,
to trace the structure changes of final demand and value added, the exact temporal
impact of each element of final demand and value added needs to be captured and then
linked with intermediate input-outputs. Thus, a matrix-based linking method is needed.
Lastly, the validation analysis of time-series IOTs needs to be conducted in the context
of the matrix-based structures of IOTs, so as to depict the direct and deterministic

effects of variables in IOTs (Zheng et al., 2018).

Using 10Ts to identify key sectors and paths has attracted increasing attention in
reducing CO; emissions (Kagawa et al., 2015; J.-S. Li et al., 2018; Liu et al., 2020).
Identifying changes in COx> clusters could also be useful in CO2 emissions reduction,
which is achieved by cluster analysis. In detail, for a certain year, cluster analysis is
used as an approach to efficiently allocating the attention of reducing emissions by
clusters (Shao et al., 2014; Kagawa et al., 2015). Meanwhile, cluster analysis provides
a direction towards understanding the role of economic structure in emissions reduction,
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as this method unravels the detailed composition of CO> clusters and reflects the
underlying structure in CO> emissions (Fernau and Samson, 1990; Shao et al., 2014).
Then, over time, there may exist sector heterogeneity in emissions (e.g., lock-in, catch-
up and unlocking effects) (Chen et al., 2011; Z. Liu et al., 2015; H. Wang et al., 2020).
At this time, cluster analysis conducted at several years could reveal the possible lock-
in, catch-up and unlocking effects in emissions, which supports the necessity of
reducing CO> emissions through sectoral structure adjustments (Chang and Li, 2017)
and sector-level upgrading (Liu and Wang, 2017). Lastly, when cluster analysis is
performed from production, consumption and income perspectives, it helps understand
and utilize the single, dual or multiple characteristics of sectors in CO; emissions
reduction (J.-S. Li et al., 2018). In these regards, these identified sectoral features

contribute to improving the efficiency and effectiveness of emissions reduction.

Besides the carbon implications directly based on CO»> clusters changes, there is a need
to construct a link between the cluster-based carbon abatement and inter-sector linkage-
based CO> emissions alleviation. Previous studies have emphasized the importance of
transmission sectors along the supply chain rather than the exclusive concentration on
the connection between the beginning and end of the supply chain (S. Liang et al., 2016),
and have supported inter-sectoral linkages could be considered when deploying sector-
specific CO; emission reduction efforts (S. Liang et al., 2015). In this way, the
consideration about the role of each sector participating in a IOT-based framework is
included. Despite that, previous studies could not allow for the exact impacts of
transmission sectors and inter-sector linkages being integrated into the framework of
IOT (S. Liang et al., 2015, 2016). Thus, the targeted and operable countermeasures
could not be directly attained. So to enhance the efficacy of CO2 emissions reduction,
the integrated impacts of each sector could be figured out through incorporating the role

of transmission sectors and the inter-sectoral linkages into CO; clusters.

When it comes to China, updating time-series IOTs is necessary and meaningful, and
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so is identifying CO> clusters changes. First, official IOTs are with time intervals in
China: benchmark IOTs (i.e., IOTs based on survey method) depict economy-wide
sectoral linkages in the years whose last digits are 2 and 7, followed by extended IOTs
(i.e., IOTs based on non-survey methods) every two years. Second, China has been
experiencing structural transformation, and exerting increasingly pronounced impacts
on economic development and environmental protection (Li and Lin, 2017; Zheng et
al., 2009). Correspondingly, in sector-level CO; emissions reduction, identifying CO-
clusters changes from the production perspective was insightful in curbing emissions
(Shao et al., 2014; S.-J. Wang et al., 2019); there is still a need for exploring the use of
time-series IOTs in terms of identifying CO> clusters changes from consumption- and
income-based perspectives. Also, within the identified CO> clusters, the link between
the cluster-based carbon abatement and inter-sector linkage-based CO: emissions

alleviation could be constructed to promote CO; emissions reduction.

In this study, we utilize some economic structure concerns to update time-series I0Ts.
Specifically, a new matrix calculation method is proposed for tracking and establishing
matrix-based links among intermediate input-outputs, final demand and value added.
The method is reinforced by reflecting price fluctuations in IOTs. This method is further
extended by proposing a matrix-based linking method to trace the structure changes of
final demand and value added. The validation analysis of time-series IOTs is conducted
in the context of the matrix-based structures of IOTs. Based on the time-series 10Ts,
CO> clusters changes from production, consumption and income perspectives are
identified, deriving sector characteristics to reduce CO; emissions. This study is in the
case of China from 1997 to 2020. The remainder of paper is organized as follows:
Section 2.2 reviews the literature, Section 2.3 explains the methods and data, Section

2.4 1s about results and discussion, and Section 2.5 provides conclusions.

2.2. Literature review
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Many endeavours have been made to construct time-series I0Ts. RAS (one bi-
proportional matrix balancing technique) balances positive IOTs on the basis of sector-
level gross outputs, and intermediate input-outputs (Ahmad, 2002; Miller and Blair,
2009; Timmer et al., 2012; Harry and Keiko, 2015). RAS extensions tackle negative
IOTs and inconsistent constraints, such as GRAS (Tukker et al., 2013; Wood et al., 2014)
and KRAS (Lenzen et al., 2009). The Leontief dynamic 10 model improves static 1O
models by exploring intertemporal and inter-sectoral relations between capital change
and technological levels (Leontief, 1986). For example, the Leontief 10 model is
extended by introducing new capital and labour matrices to explore impacts of
technological progress (1997-2100) (Pan, 2006), and by introducing human capital to
study dynamic relations between the education sector and other sectors (2000-2010)
(Zhang and Chen, 2008). The dynamic IO model is established to closely fit specific
questions, without enough focuses on releasing constraints from dynamic links between
capital and technology (Leontief, 1986). MTT has been applied recently (Wang et al.,
2015a; Zheng et al., 2018). Through a matrix calculation method, MTT tracks
distributional impacts of sectoral value-added on intermediate economic transactions
and final demand, forming a matrix-based structure. Also, MTT emphasizes economic
structure changes over time, rather than the assumption that technological coefficients

are stable in the time dimension.

Yet, the process of constructing time-series IOTs still needs some economic structure
concerns. First, despite the novelty of MTT, the weaknesses of MTT arise when (1)
final demand signs are inconsistent between two IOTs to use, (2) nonlinear interpolation
is considered to reflect temporal changes, and (3) there is a need to depict the
propagation relationship between Ghosh model and the IOT-related models. To
reconcile this, a new matrix calculation method is needed. Second, as structural
transformation is measured at constant prices (Herrendorf et al., 2014), price

fluctuations in IOTs need to be reflected. Because the proposed new matrix calculation
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method establishes the matrix-based links among intermediate input-outputs, final
demand and value added, price indices are applied directly in the matrix-based links
when the matrix-based structure is preserved. Last, to trace the structure changes of
final demand and value added, the exact temporal impacts of each element of final
demand and value added need to be captured, and linked with intermediate input-
outputs. The existing methods for updating the categories of final demand and value
added are primarily for balancing the initial estimate at the aggregate level and do not
emphasize economic structure changes (Huang et al., 2008; Wang et al., 2015a). Hence,
a new matrix-based linking method is needed. The characteristics of this new method
include achieving automatic and straightforward adjustments when capturing and

linking structure changes, and reflecting linear and/or non-linear impacts over time.

The validation analysis of I0Ts is conducted from various angles. In detail, matrix
similarity indicators are applied to investigate the similarities among different versions
of IOTs (Steen-Olsen et al., 2016). Statistical indicators for error estimation are utilized
to understand the differences between estimated IOTs and referenced I0Ts (Wang et al.,
2015a). The Sherman-Morrison-Woodbury formula is applied in the sensitivity analysis
by providing the impacts of each direct consumption coefficient (Wilting, 2012a). The
matrix perturbation analysis is modified to study how environmentally extended 10
model is sensitive to the changes of parameters (Mattila et al., 2013). Monte Carlo
simulations are applied to the Leontief model to explore uncertainties of [OTs (Wilting,
2012a), which provide more statistical information about the results. Correspondingly,
with the aim of depicting the direct and deterministic effects of variables to explore in
the IOT framework (Zheng et al., 2018), Monte Carlo simulations could be utilized in

the context of the matrix-based structures of IOTs.

For the application of time-series IOTs to identifying CO, clusters changes, both
methods and perspectives are worth attention. In the aspect of methods, statistical
clustering methods (Shao et al., 2014; Kagawa et al., 2015) is a helpful consideration,
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and another one is by using sector characteristics (e.g., the classification of sectors into
heavy, light, construction and service industries) (S.-J. Wang et al., 2019). Subsequently,
the temporal changes in CO: clusters could be explored (Liang et al., 2013) by
identifying the importance of possible lock-in, catch-up and unlocking effects, so as to
support the necessity of reducing CO» emissions through sectoral structure adjustments
(Chang and Li, 2017) and sector-level upgrading (Liu and Wang, 2017). In the aspect
of perspectives, the production perspective is insightful (Shao et al., 2014; Kagawa et
al., 2015), but the joint perspective in regard to production, consumption and income is
also a potential effort in reducing CO> emissions given that each single perspective has
its own merits, foci and practical scopes for CO> emissions reduction (J.-S. Li et al.,
2018). This is because the Leontief model is demand-driven while the Ghosh model is
supply-driven, and the two models unravel the economic system together (Miller and
Blair, 2009). Hence, this joint perspectives helps understand and utilize the single, dual
or multiple characteristics of sectors in CO; emissions reduction (J.-S. Li et al., 2018).
Besides, urban household consumption has played an increasingly important role in
CO; emissions in China (X.-Y. Liu et al., 2019). In this sense, identifying CO; clusters

driven by urban household consumption is also vital.

Based on the identification of CO: clusters changes, utilizing the inter-sector linkage-
based carbon abatement measures could enhance the efficacy of CO2 emissions
reduction. Sectoral CO; emissions accounting has been conducted from production-,
consumption-, income-, and transmission-based perspectives (S. Liang et al., 2016;
Shan et al., 2018; J.-S. Li et al., 2018). But at the same time, the connection between
CO; clusters and sectoral CO; emissions has not been constructed from the perspective
of the sector-level integrated impacts originating from the inter-sector CO2 emissions
flows. So the corresponding effective way of reducing CO> emissions could not be
informed. Regarding the construction of this connection, previous studies have focused

on the role of transmission sector in CO2 emissions reduction thorough introducing the
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notion of betweenness which refers to as the importance of sectors in an economy as
transmission centres (S. Liang et al., 2016). But previous studies could not allow for
the exact impacts of transmission sectors being integrated into the framework of 10T,
which could not form the direct connections with where to put efforts in alleviating CO»
emissions within the IOT-based framework (S. Liang et al., 2016). This makes it
difficult to attain the countermeasures in a straightforward manner which is better at
managing the participation of each sector (Kecek et al., 2022). So it is necessary to
construct the connection by incorporating the concept of betweenness and inter-sector
linkages into CO; clusters. In detail, this study could traverse the impacts of each sector
and then conduct the inter-sector comparisons by way of dynamic programming, so as

to enhance the efficacy of CO2 emissions reduction.

Based on the previous studies, to update time-series I0Ts, this study proposes a new
matrix calculation method on the basis of MTT and matrix transpose, tracking and
establishing matrix-based links among intermediate input-outputs, final demand and
value added. This modified MTT (MMTT) method is reinforced by reflecting price
fluctuations in IOTs. Also, this method is further extended by proposing a matrix-based
linking method to trace the structure changes of final demand and value added. In these
regards, the MMTT method realizes the following contents, including (1) probing into
and then establishing a matrix-based economic structure (i.e., matrix-based links among
intermediate input-outputs, final demand and value-added); (2) emphasizing economic
structure changes over time; (3) adding up in the situation where the final demand signs
are inconsistent between the prior table and the target table; (4) making sense regardless
of whether the data assumptions are linear or nonlinear; (5) depicting the propagation
relationship between Ghosh model and the IOT-related models; and (6) tracing structure
changes of final demand and value added through the matrix-based linking method.
Then, the validation analysis of time-series IOTs is conducted using Monte Carlo

simulations in the context of matrix-based structures of I[OTs. Using the updated time-
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series IOTs, this study identifies CO: clusters changes from production, consumption
and income perspectives and derives sector characteristics for CO2 emissions reduction,

which is achieved by cluster analysis and dynamic programming.

2.3. Method and data

2.3.1. Constructing time-series IOTs with MMTT
2.3.1.1. Modify MTT with matrix transpose and constant prices

Matrix transpose is used to modify MTT, which ensures that the modified MTT (MMTT)
is still a matrix calculation method emphasizing structural changes and overcomes the
three possible weaknesses of MTT (as introduced in Sections 2.1 and 2.2). Through the
MMTT method, new matrix-based links among intermediate input-outputs, final
demand and value added are tracked and established. Then, price indices are applied
directly in the new matrix-based links because MMTT is a matrix calculation method.
In this way, official IOTs (including benchmark and extended IOTs) at constant prices
are achieved. Based on the IOTs constructed at constant prices, MMTT, in combination
with linear interpolation method, is further applied to construct the IOTs at constant

prices in unreported years. Related equations are as follows.

The initial matrix input, X, is an (n + 1) X (n + 1) matrix with elements at current
prices:

X():

D, FO] 2-1)

Vo G

where D is an n X n matrix depicting intermediate input-outputs among n sectors,
Fy represents an n X 1 matrix denoting final demand, Vy is a 1 Xn matrix

representing sector-level value added, and G is the total final demand.

We convert Xy into ¥ and then transpose Y as follows.
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Y‘[f g 2-2)

— -1 ) . . .
where d = (VO) Dy, v is an n X 1 matrix with each element being one, f =

—~—1 . . .
(Go) Fy, g equals one and " represents diagonalization of the vector.

n n n
N=diag(1—z dli,l—z dzl-,---,l—z dm-)+dT 2-3)
i i i
F1=NV1 (2—4)

D1 = Vld (2 - 5)

GI=ZF1 (2-6)

where D4, F{, V1 and G, are the intermediate input-outputs at constant prices, final
demand at constant prices, value added at constant prices, and total final demand at
constant prices respectively, and d! means the transpose of the matrix d .
Correspondingly, X represents X, at constant prices.

X1:

Dy Fl] 2-7)

Vi Gy

2.3.1.2. Extend the modified MTT with a matrix-based linking method

The MMTT method is further extended to capture the structure changes of final demand
and value added by proposing a matrix-based linking method. First, the matrix-based
linking method starts from the final demand and value added derived from the results
of the MMTT method. Since this linking method is matrix-based, the links between the
categories of final demand (or value added) and intermediate input-outputs are

established in a direct and deterministic manner. Then, this matrix-based linking
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method investigates and then establishes the matrix-based structures of final demand
(or value added), allowing positive and negative categories of final demand (or value
added). Subsequently, the exact temporal impacts of each element of final demand and
value added are calculated; meanwhile, the matrix-based structures are consistent with
the results from the MMTT method. The characteristics of this matrix-based linking
method include achieving automatic and straightforward adjustments when capturing
and linking structure changes, and reflecting linear and/or non-linear impacts over time.

Related equations are as follows.

w.Uu,(i,)™ ! if u,#0
U — { cYcUn\Un n 28
category il\cwmwn if un — 0 ( )
U, = U7, UZ] 2-9)
d
u
u, = 5] (2 -10)
un
u
w, = [u’: (2 —11)

where Ucgregory denote the categories of final demand (or value added) on the basis
of the MMTT method and the matrix-based linking method, u;, is the vector for the
sum of positive and negative values of final demand (or value added) updated by the
MMTT method, u,, is the vector for the sum of positive and negative values of final
demand (or value added) to update, u,, is the vector for the difference of positive and
negative values of final demand (or value added) to update, U? is the vector for the

sum of positive values of final demand (or value added) to update, Uy is the vector for
the sum of negative values of final demand (or value added) to update, ug is the vector

for the updated share of each positive final demand (or value added) category in total

positive final demand (or value added), ug is the vector for the updated share of each
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negative final demand (or value added) category in total final demand (or value added),

d

and the new elements added at the end of ug (ud) are zeros to form the complete u,

(uf) when the dimensions of ug and u? are different.

Then, w,, is calculated as follows.
w,w, =w lw, (2-12)

where w is the matrix [1 _11]

2.3.1.3. Modify constructed IOTs with technology sources

The constructed IOTs need to be converted to noncompetitive [OTs* by quantifying the
impacts of imports on IOTs. Following the study (Su and Ang, 2013), the impacts of
imports are distributed proportionally to the intermediate input-outputs and final

demand categories, which is based on the import ratios as follows.
, -1\ =
M = diag (D1 + Feategory + IM — EX)" ) IM (2-13)

where M is an n X n matrix denoting the import ratios, Fegregory are final demand

categories, IM are imports, and EX are exports.

2.3.2. Validating the constructed time-series IOTs

Monte Carlo simulations have been applied to Leontief model to analyse uncertainties
(Wilting, 2012a). Following this study, the uncertainties in the context of the matrix-

based structures of IOTs are analysed through Monte Carlo simulations. The matrix-

! Noncompetitive IOTs refer to the IOTs based on noncompetitive imports assumptions, i.e. treating the imported
products as different from the domestic ones (Su and Ang, 2013).
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base structures of IOTs are unfolded at sector level in terms of total output, total
intermediate output, total intermediate input, final demand and value added.
Additionally, the uncertainty analysis is conducted based on the following statistical
measures. The uncertainty is measured using the 2.5th and 97.5th percentiles of the data
(Luetal.,2011; Pinder et al., 2012; Lauerwald et al., 2015; Su et al., 2015; Ayarzagiiena
et al., 2020). Also, the 2.5th and 97.5th percentiles of the data represent the lower and
upper bounds, respectively. Then, to compare the variations in the uncertainty over time,
a Z-score measurement (i.e., a value minus the population mean, divided by the
population standard deviation) is also needed. This measurement describes a value’s
relation to the mean of the data (i.e., a group of values) and is used to compare different

datasets.

2.3.3. Calculating CO2 emissions from multiple perspectives

Direct CO» emissions consist of energy- and process-related emissions, which are based

on the following equation (Shan et al., 2018).

Conergy = zrzp C,p = ZTZPADrp x NCV,. X EF, X Oy, (2 —14)

where Cepergy are energy-related emissions, (., are emissions from sector p
consuming fossil fuel r, AD,, means the consumption of fossil fuel r by sector p,
NCV; is net caloric value, EF,. are emission factors, O, is oxygenation efficiency,
r € [1,17] includes 17 fossil fuel sources, and p € [1,47] consists of 47 sectors used
in the energy statistical system and consistent with those in China’s national economic

accounting.

Then, process-based emissions are emissions from chemical and physical reactions
during the production process. This study only considers cement production, the major

contributor to process-based emissions in China (Shan et al., 2019).
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Ccement = ADcement X EFcement (2 - 15)

where Coomene are emissions from cement production, AD emen: Means the total

production of cement, and EF_.pen: 1S the related emission factor.

Production-, consumption- and income-based emissions are calculated based on 10Ts

(Meng et al., 2020):

P,=E(I-A)"'F (2-16)
C;=E(I-A)'F (2-17)
I, =VII-H)'E (2 -18)

where P;, C; and I; are production-, consumption- and income-based emissions of
sector i respectively, E represents carbon emissions intensities of sectors, (I — A)~1
is the Leontief inverse matrix, (I — H)™! is the Ghosh inverse matrix, F represents
the final demand of sectors, and VI represents the primary inputs (including value

added and imports) of sectors.

2.3.4. Identifying CO: clusters changes via hierarchical clustering analysis and

dynamic programming

Hierarchical clustering is an exploratory tool to identify homogeneous aggregates
inside a heterogeneous group (S.-B. Wang et al., 2020), which consists of agglomerative
and divisive clustering methods. The former is characterized by a bottom-up fashion by
merging the nearest clusters while the latter is about a top-down fashion by splitting
large clusters into smaller ones (X. Wang et al., 2016). Here, the agglomerative
hierarchical clustering based on the Ward linkage method is applied. Overall, it is to

construct a tree where each step in the process is illustrated by a joint of the tree (Liu et
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al., 2013). The process is explained as follows (Liang et al., 2013): first, each object is
separated into a cluster by itself; second, the rule by which objects are separated is relax
to link the two most similar clusters; and then, the second step will repeat until all
objects are joined in a complete classification tree. In more detail, the initial cluster
distances in the Ward’s method are defined as the squared Euclidean distance between

two clusters (Y.-F. Zhang et al., 2020; Nakhal A et al., 2021):

d(a,b) = /Z(ai — by)? (2-19)

Then, the Ward’s method is implemented recursively using the Lance-Williams
algorithm to update the cluster distances at each step (Dahal et al., 2014; Y.-F. Zhang et
al., 2020; Nakhal A et al., 2021). Specifically, the dissimilarity between the union of

two clusters C; U C; and another cluster Cy is calculated as follows:

d(C; U €, Cy) = a;d(C;, Ci) + a;d(C;, C) + Bd(Ci, ) (2 —20)
0 = ICi| + G| - 21)
1Ci| + |G| + 1G]
Cl+Ic
a; = 6] + 1l (2 —22)
ICil + |G| + 1Ckl
|Ci|
= - (2 —23)
P e g+ 16

where d(-) represents the distance between two clusters and || is the size of each

cluster.
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The data used are sector-level CO> emissions from production, consumption and
income perspectives, respectively. The research intervals consist of the last year of
every Five-Year Plan (FYP) because the FYP in China has significant impacts on the
macro-economy, energy and environment (Lin and Ouyang, 2014; Hu, 2016). CO;
clusters are clarified into four categories, including low-CO; emissions group (cluster
1), medium-low-CO; emissions group (cluster 2), medium-high-CO> emissions group
(cluster 3), high-CO, emissions group (cluster 4), so as to reflect the underlying
structure present in CO; emissions (Fernau and Samson, 1990). Based on CO; clusters
changes over time, the lock-in, catch-up and unlocking effects of CO; clusters could be
revealed. Specifically, in this study, the lock-in effect indicates the sector accounting
for most CO; emissions remains the same over time; the catch-up effect describes the
sector changes its position towards higher-CO2 emissions cluster; and the unlocking

effect demonstrates the sector alters its position towards lower-CO emissions cluster.

Subsequently, on the basis of CO> clusters changes, a path is referred to as a chain that
starts from sector i to ends at sector j through a sequence of other sectors (S. Liang et
al., 2015). The strongest path is defined as a particular path that causes the largest CO-
emissions and possesses the most potentials of CO; emissions reduction (Wood, 2009).
Then, the strongest path could be figured out by using the idea derived from dynamic
programming (DP). DP is a multi-stage decision process based on Bellman’s principle
which decomposes a control problem to a series of sub-problems (Cai et al., 2009). DP
could be flexible in tracking a wide range of systems to be controlled and effective in
providing the global optimality while satisfying the system constraints (Li et al., 2012).
In doing this, the DP proceeds according to the following steps (Yu et al., 2016a): first,
each stage (k) of the control problem is determined as this problem consists of a series
of sub-problems; second, the state variables (Sj) are set to describe the state of the
system at each stage; third, the decision variables (Z}) are clarified to represent the

decision-making, the contribution function (Dy (Sk, Zi)) is used for providing the value
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at stage k given the decision variable Z; from the set Z, and the state transfer
equation (f;(Sk, Zy)) is quantized to depict how the system moves from one state to
another; and last, the recursive equation when formulating the optimal value objective

function (Y, (S)) is set up as follows.

Y () = max(Dy (S, Zy) + Y1 (Sk—1)
{k k ZkEZ( Kk Ok Lk k—1 kl),k=1,2,---,T (2 - 24)

Y5(So) =0

When referring to the idea from DP, this method is applied to all the pairs of vertices
representing sectors to incorporate the role of transmission sectors and conduct the
inter-sector comparisons for CO; emissions from demand and supply sides, with the
integrated impacts of sectoral linkages on CO: clusters being revealed. Therefore, the
strongest paths across time are attained to provide the channels with most potentials of

enhancing the efficacy of CO2 emissions alleviation.

2.3.5. Data

Three main datasets are used in this study: official IOTs, national accounts and CO»-
related data. Official IOTs are in 1997, 2000, 2002, 2005, 2007, 2010, 2012, 2015, 2017,
2018, and 2020, which are from China’s National Bureau of Statistics (NBS). National
accounts for 1997-2020 are from China’s NBS, which include price indices and Gross
Domestic Product. CO> emissions from 1997 to 2020 are calculated based on energy
consumption, cement production and emission factor data. Energy consumption and
cement production data are from China’s NBS, and emissions factor data are according

to (Shan et al., 2018).

2.4. Results and discussion

2.4.1. Time-series IOTs from 1997 to 2020 in China

The time-series IOTs illustrate the economic structure of China from 1997 to 2020.
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These series of IOTs were constructed in a uniform format: in the row direction, each
IOT consists of an intermediate input-output matrix (42*42), a final demand matrix
(42*7), and a total output vector (42*1); in the column direction, besides the same
intermediate input-output matrix (42*42), other matrices compose each 10T, including
an import matrix (1*49), a value added matrix (4*42), and a total input matrix (1*42).
For each IOT, the intermediate input-output matrix represents the intermediate input-
outputs among 42 sectors; the final demand matrix is composed of rural household
consumption, urban household consumption, government consumption, capital
formation, changes in inventories, exports and others; and the value added matrix
contains compensation of employees, net taxes on production, depreciation of fixed
capital, and operating surplus. Besides, the time-series IOTs are represented at 1997

constant prices and at current prices, respectively.

2.4.2. The validation analyses of time-series IOTs

The uncertainties of time-series IOTs remained low and stable from 1997 to 2020,
which is based on the analyses in the context of the matrix-based structures. Overall,
the interquartile ranges of Z-scores of sectors became concentrated around zero when
the Z-scores of sectors causing the larger uncertainty decreased (Figure 2-1).
Meanwhile, the Z-scores of the ranges between upper bounds and lower bounds
exhibited positively skewed distributions as the Z-scores of median values were
negative (i.e., the median values were less than the mean values) (Figure 2-1). Then,
the uncertainties of time-series IOTs are analysed from five aspects, including total
output (Figure 2-1a), total intermediate output (Figure 2-1b), total intermediate input
(Figure 2-1c), final demand (Figure 2-1d), and value added (Figure 2-1e). At the
aggregate level, the uncertainties of time-series IOTs were in the range of [-0.5%, 0.5%]
for total output, in the range of [-0.5%, 0.5%] for total intermediate output, in the range
of [-0.5%, 0.5%] for total intermediate input, in the range of [-1.1%, 1.2%] for final

demand, and in the range of [-1.1%, 1.2%] for value added.
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Figure 2-1 Z-scores of the ranges between sectoral upper bounds and sectoral lower

bounds of time-series IOTs of China

At the disaggregate level, as far as total output is considered, the sector with the largest
uncertainty is changed from Agriculture to Manufacture of Chemicals and Chemical
products to Construction which has the Z-scores in the range of [-2.0, 2.1]. As for total
intermediate output, the sector accounting for the largest uncertainty is Manufacture of
Chemicals and Chemical Products that has the Z-scores in the range of [-2.1, 2.1]. In
terms of total intermediate input, the sector causing the largest uncertainty is changed
from Manufacture of Chemicals and Chemical Products to Construction with the Z-
scores in the range of [-2.0, 2.1]. In light of final demand, the sector occupying the
position of the largest uncertainty is changed from Agriculture to Wholesale and Retail
Trade with the Z-scores in the range of [-2.0, 2.0]. With respect to value added, the
sector possessing the largest uncertainty is changed from Agriculture to Wholesale and
Retail Trade with the Z-scores in the range of [-2.0, 2.1]. For each element of the
intermediate input-outputs, the linkage from Manufacture of Chemicals and Chemical
products to Manufacture of Chemicals and Chemical products has caused the largest
uncertainty for most years, with the Z-scores in the range of [-2.1, 2.1]. For each
element of final demand, the linkage from Manufacture of Chemicals and Chemical

products to Manufacture of Textiles has accounted for the largest uncertainty for most
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years, with the Z-scores in the range of [-2.2, 1.9]. For each element of value added, the
linkage from Agriculture to Agriculture has possessed the largest uncertainty, with the

Z-scores in the range of [-2.1, 2.1].

2.4.3. CO:z clusters changes from 1997 to 2020 in China
2.4.3.1. CO: emissions from production, consumption and income perspectives

Production-, consumption- and income-based CO; emissions provide different thinking
in regard to CO; emissions reduction in China. In production-based CO2 emissions
(1997-2020), coal use, followed by oil and gas uses, continued generating most
emissions (e.g., 76% in 2020) and especially has increased emissions again since 2017
(Figure 2-2a). In consumption-based CO; emissions (1997-2020), the composition of
emissions was different and changed more obviously: capital formation has kept
contributing most to CO> emissions (e.g., 49% in 2020); urban household consumption,
surpassing exports, became the second largest emitter in 2018 and has continued
increasing CO: emissions since then (e.g., 20% in 2020) (Figure 2-2b). In the income-
based CO; emissions from 1997 to 2020, the distribution of emissions was more even:
compensation of employees has remained the largest CO emitter (e.g., 33% in 2020);
Figure 2-2c shows that depreciation of fixed capital and operating surplus were equally
important in generating CO> emissions (e.g., 21% and 21% in 2020 respectively).
Therefore, the results imply different emissions abatement strategies from the
perspectives of production, consumption and income: from the production perspective,
reducing the quantity and increase of coal-related emissions is more imperative (Jia and
Lin, 2021); from the consumption viewpoint, not only could capital formation be the
focus of CO2 emissions reduction (Gao et al., 2020), but urban household consumption
could also be of significance to alleviating CO2 emissions because of its rapid growth
(X.-Y. Liu et al., 2019); and from the income side, simultaneous emissions reduction in
compensation of employees, depreciation of fixed capital and operating surplus could

be important (Jawad Sajid et al., 2021).
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Figure 2-2 CO; emissions from production, consumption and income perspectives in

China

2.4.3.2. COz clusters from the production, consumption and income perspectives

From the production perspective, sector 23 (Production and Supply of Electricity and
Steam), sector 12 (Manufacture of Chemicals and Chemical Products) and sector 14
(Manufacture and Processing of Metals) have composed the two clusters with the
higher level of CO; emissions since the last year of the 10th FYP (Figure 2-3a).
Regarding CO; emissions reduction for these sectors, previous studies have explored
these sectors’ common drivers such as increasing or saturated demand, technological
upgrade, industrial structure optimization, energy rebound effects, and difficulties
occurred in the non-fossil energy development (Feng et al., 2018; Jiang et al., 2019b,
2020; X. Zhang et al., 2020; Yu et al., 2023). In the meantime, Figure 2-3a shows that
these sectors exhibit heterogeneity in energy-related emissions over time. Sector 23
(Production and Supply of Electricity and Steam) remained in cluster 4 during the
research intervals; sector 12 (Manufacture of Chemicals and Chemical Products) and
sector 14 (Manufacture and Processing of Metals) remained in cluster 3 during the same
period; but at the end of the 13th FYP, sector 11 (Manufacture of Refined Petroleum,
Coke Products, Processing of Nuclear Fuel) has turned out to be one of the members

of cluster 2, rather than cluster 1. Correspondingly, there may exist lock-in and catch-
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up effects in CO2 emissions (Chen et al., 2011; Z. Liu et al., 2015; H. Wang et al., 2020).
Based on these possible effects plus the consideration about the rebound trend of CO>
emissions in recent years and related key drivers (Y.-X. Zhang et al., 2020), sector-level
plans and roadmaps about reducing CO> emissions could be characterized by being
prominent, targeted and timely (Gielen and Changhong, 2001; X.-Y. Wu et al., 2021),
in order to achieve an enhanced balance among the above-mentioned drivers (Chen et
al., 2020; Jiang et al., 2019b; X. Zhang et al., 2020). Also, reducing CO> emissions
could not only focus on upgrades in emitters activities but could also emphasize other
economic structure optimization measures, such as developing tertiary industry (C.-S.

Zhou et al., 2018) and fostering industries that consume less energy (X.-Q. Zheng et al.,
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Figure 2-3 Production-, consumption- and income-based CO; clusters in China

The general view of CO> emissions from consumption perspective shows that the
secondary industry still occupied the largest proportion of CO2 emissions and sector 29
(Other Services) also generated large emissions, supporting that economic structural
optimization could still be emphasized in mitigating CO2 emissions from consumption
perspective (R.-Z. Wang et al., 2020; Y.-Q. Su et al., 2021). Meanwhile, it is noted that

the sectors having generated large consumption-based emissions in the early stage
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remain the same during the research intervals. Besides, CO> clusters have become more
concentrated at the end of 11th FYP because the amount of sectors in cluster 2 has
experienced the decline when the sectors in clusters 3 and 4 have remain unchanged.
These results indicate that there may exist lock-in and unlocking effects in
consumption-based CO; emissions, which needs special attention during the economic
structure optimization (Quadrelli and Peterson, 2007; O’ Mahony et al., 2013; Mattauch
et al., 2015). Then, similarities and differences in sector-level CO» reduction measures
from consumption perspective coexist. The consumption viewpoint offers that sector
26 (Construction) and sector 29 (Other Services) have composed the two clusters with
the higher level of CO; emissions at the end of 11th FYP (Figure 2-3b). Sector 26
(Construction) remained the largest emitter during the research intervals (Figure 2-3b).
Promoting low-carbon intermediate inputs, improving the utilization efficiency of
intermediate inputs and guiding towards low-carbon final demands could be effective
solutions to emissions reduction, which could also be regarded as a general way for
emissions reduction from the consumption perspective (Wu et al., 2020). Sector 29
(Other Services) remained the second largest emitter during the study period (Figure 2-
3b). Financial support and guidelines for technical innovation are advocated, so as to

reduce the consumption of electricity, heat and raw materials and to improve energy

efficiency (Ge and Lei, 2014).

Based on the results from production and consumption perspectives, the income
perspective supports that in CO> emissions reduction, the efforts in structure
optimization are different but necessary. It is found that some sectors had multiple
responsibilities in CO2 emissions reduction, which indicates that CO, emissions
reduction could be more effective and efficient when measures proposed from different
perspectives for these sectors are considered together. First, the clusters with the higher
level of income-based CO> emissions have included sector 23 (Production and Supply

of Electricity and Steam), sector 14 (Manufacture and Processing of Metals) and sector

71



Chapter 2

29 (Other Services) at the end of 13th FYP (Figure 2-3¢). From income perspective, the
optimization of economic structure needs complementary measures to reduce CO>
emissions (Liang et al., 2017; J.-S. Li et al., 2018; H.-R. Zhang et al., 2018; Y.-J. Li et
al., 2021). For example, for these identified sectors, suggested measures include
controlling land and loan supply, decreasing or cancelling subsidies, increasing revenue
taxes, decreasing the depreciation rates of capital used, choosing their downstream
users according to income-based CO> emissions, and compiling the reports for CO>
emissions caused by their production and upstream inputs. Also, the utilization of
primary resources could be extended in terms of the efficient use of capital (machinery,
land and building, etc.), the reallocation of capital and labour resources from high to
low carbon-intensive industries, innovation and training (Jawad Sajid et al., 2021; Y.-J.
Li et al., 2021). Also, sectors with large income-based CO> emissions have been those
that have continued generating large income-based CO> emissions at the end of 9th FYP
when some sectors have changed into the members of cluster 2 (or cluster 3) rather than
cluster 1. This indicates that from the income perspective, there may exist lock-in and
catch-up effects in CO; emissions, which needs special attention during the
optimization of economic structure (Quadrelli and Peterson, 2007; O’ Mahony et al.,
2013; Mattauch et al., 2015). In addition, the identified sectors (including sectors 23
and 14) were also the clusters with the larger amount of CO> emissions from the
production perspective. Accordingly, CO> emissions reduction could be more effective
and efficient when measures under different perspectives are considered side by side

for these sectors (Tukker et al., 2020; Y.-J. Li et al., 2021).

2.4.3.3. COz clusters from urban household consumption

Indirect CO; emissions from urban households (i.e., consumption-based CO> emissions
driven by urban household consumption, urban HCEs) have been important in total CO-
emissions. Meanwhile, related CO> clusters results support that maintaining and

proactively promoting sustainable consumption could be effective to reduce urban
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HCEs (Schroeder and Anantharaman, 2017; Shao, 2019). This is particularly crucial
because of accelerated urbanisation and the associated socioeconomic changes (e.g.,
the lifestyle changes) (Y.-M. Li et al., 2015; Apergis and Li, 2016; X.-Y. Liu et al.,

2019).
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Figure 2-4 Urban HCEs clusters and urban HCEs of specific sectors in China

At the aggregate level, urban households generated the third largest direct CO:
emissions (e.g., 279.12Mt in 2020), after the secondary industry and sector 27
(Transport, storage and post), and have induced the second largest indirect CO>
emissions since 2018 (e.g., 1814.28Mt in 2020), after capital formation. Moreover,
urban households kept generating larger indirect CO2 emissions than direct CO>
emissions (e.g., indirect CO, emissions were 4 and 6 times more than direct CO:

emissions in 1997 and 2020 respectively).

At the sector level, fewer sectors in the secondary industry have had the most shares of
urban HCEs and these sectors have kept generating large urban HCEs from the early
stage. This result indicates that there may exist lock-in effect in urban HCEs. For

example, sector 23 (Production and Supply of Electricity and Steam), sector 29 (Other
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Services) and sector 6 (Manufacture of Food and Tobacco) composed the two clusters
with the higher level of CO, emissions at the end of 13th FYP (Figure 2-4a). More
especially, sector 23 (Production and Supply of Electricity and Steam) and sector 29
(Other Services) have remained in cluster 4 for most cases at the research intervals. At
the same time, the lock-in effect would be reinforced. It is not only because the amount
of CO, emissions from the two sectors has remained the largest recently despite the
impacts from COVID-19 pandemic (e.g., Figures 2-4b and 2-4c), but also because
income growth and urbanization accelerates could bring out the growth in residential
electricity consumption (Mi et al., 2020; F. Xu et al., 2021), residential heat demand
(Xiong et al., 2015), and high-energy consumption goods and services (Yuan et al.,
2015). In these regards, sustainable consumption, simultaneously concentrating on the
energy-efficiency of products and the lifestyle and consumer behaviour (W.-L. Liu et
al., 2016; Schroeder and Anantharaman, 2017), is advocated to reduce urban HCEs. For
example, according to the connotation of sustainable consumption, sector
decarbonization needs to be incorporated with rational energy consumption in
electricity and heat use. Similarly, in service sectors, the pursuit of lifestyle changes
needs to cooperate with the rational conservation of resources and the production and

consumption of less energy-intensive goods and services.

2.4.3.4. The strongest paths derived from COz2 clusters

The strongest paths across time are derived when incorporating the role of transmission
sectors and inter-sectoral linkages into CO: clusters from demand and supply sides.
These paths depict the integrated impacts of sectoral linkages, and provide the channels
with most potentials of enhancing the efficacy of CO: emissions reduction when
applying the general ways which have been explored in Sections 2.4.3.1 to 2.4.3.3 with
an aim of reducing CO; emissions from production-, consumption- and income-based

perspectives (Bai et al., 2018; Jia et al., 2019; Jawad Sajid et al., 2021).
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Figure 2-5 shows the strongest paths derived from CO> clusters from demand side and
related temporal changes. It is noted that sector 23 (Production and Supply of Electricity
and Steam) remained the starting point of the strongest paths for most of years. This
result supports the results of production-based CO: clusters, rather than those of
consumption-based CO> clusters. That means to reduce CO; emissions from
production- and consumption-based perspectives, it is vital to follow the chains starting
from sector 23 (Production and Supply of Electricity and Steam), rather than sector 26
(Construction). But at the same time, the ending point and the intermediate points of
these strongest paths have experienced bigger changes in the research period, during
which the inter-sector connections have formulated the different structures of the
strongest paths. For example, the strongest path started from the ‘S23 — $26° linkage
and was completed at the ‘S5 — $4° linkage in 1997. But in 2020, the strongest path

began at the ‘S23 — S26’ linkage and was finished at the ‘S3 — S4° linkage.
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Figure 2-5 The strongest paths derived from COxz clusters from demand side

These results indicate that sector 23 (Production and Supply of Electricity and Steam)
is where to deploy CO: emissions reduction efforts first among the inter-sector CO2
emissions flows regardless of whether the perspective is production- or consumption-

75



Chapter 2

based, and it is of necessity to track the strongest paths dynamically due to the temporal
changes in the integrated impacts of sector to CO; clusters from demand side (Hou et
al., 2020; M.-H. Jiang et al., 2021). The former identification also manifests the
necessity of constructing a link between the cluster-based carbon abatement and inter-
sector linkage-based CO, emissions alleviation. These findings could be regarded as

the complements to the existing studies (S. Liang et al., 2016; M.-H. Jiang et al., 2021).

Figure 2-6 shows that the strongest paths derived from CO; clusters from supply side
showed regular patterns over time. In detail, the starting point changed from sector 2
(Mining and Washing of Coal) to sector 29 (Other Services) at the end of 12th FYP, and
the ending point was the same and has remained sector 25 (Production and Distribution
of Water) since 1997. Regarding more about the inter-sector connections along the
strongest paths, the intermediate points showed the temporal changes in the research
period. For example, the strongest path started from the ‘S2 — $23’ linkage and was
completed at the ‘S8 — S§25’ linkage in 1997. But in 2020, the strongest path began at
the ‘S29 — §23’ linkage and was finished at the ‘S21 — S25’ linkage.

(a) 1997 (b) 2000 (c) 2005
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Figure 2-6 The strongest paths derived from COx: clusters from supply side
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These results indicate the necessity of capturing the strongest paths over time in CO2
emissions reduction, which is consistent with the findings from demand side. But at the
same time, compared with the strongest paths of CO» clusters from demand side, the
strongest paths from supply side showed the differences in terms of starting point,
intermediate points and ending point. This comparison supports tackling CO; emissions
from supply side needs the specific pathway different from that from demand side, and
could also support the applications of supply-side models to CO> emissions reduction
from the perspective of the strongest paths to extend the existing studies (Zhang, 2010;

Liang et al., 2017).

Also, it is noted that in comparison with CO; clusters from income perspective, the
related strongest paths did not point out the importance of sector 23 (Production and
Supply of Electricity and Steam) in reducing CO> emissions. Instead, the integrated
impacts of sector 2 (Mining and Washing of Coal) were emphasized until the end of
11th FYP (Figures 2-6a to 2-6d) and then sector 29 (Other Services) was regarded as
important till the end of 13th FYP (Figures 2-6e to 2-6f). This comparison supports the
necessity of constructing a connection between the cluster-based carbon abatement and

the inter-sector linkage-based CO2 emissions alleviation.

Figure 2-7 shows the strongest paths derived from urban HCEs clusters: the starting
points of the identified strongest paths remained unchanged at the research intervals,
but the ending points and intermediate points of the strongest paths experienced larger
changes. For example, sector 23 (Production and Supply of Electricity and Steam) kept
being the starting points of all the identified strongest paths (Figures 2-7a to 2-7f),
which supports the findings of urban HCEs clusters. But in the meantime, the ending
points and intermediate points changed with the strongest paths identified (Figures 2-
7a to 2-7f), which formulates different structures of the strongest paths. For example,
the strongest path started from the ‘S23 — S6° linkage and was completed at the
‘§21 — §3’ linkage in 1997. But in 2020, the strongest path began at the ‘S23 — 5§29’
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linkage and was finished at the ‘S16 — S2’ linkage.

(a) 1997 (b) 2000 (c) 2005
920 21 22 23\242

920 21 22 23 24 920 21-22 23A2425

(f) 2020
21.22,
19/20/ 2324 2

Starting point @ Intermediate point Ending point

Figure 2-7 The strongest paths derived from urban HCEs clusters

These results provide the channels with most potentials of reducing urban HCEs, which
could be conceived as complementary to the studies about HCEs (Fan et al., 2012; Lin
et al., 2013; Miao, 2017). Besides, these findings indicate the significance of grasping
the strongest paths across time, which supports the necessity of constructing the link
between the cluster-based carbon abatement and inter-sector linkage-based CO>
emissions alleviation, and could find the consistency with the results of the strongest

paths derived from CO: clusters from demand and supply sides.

2.5. Conclusion

Time-series IOTs elaborate economic structures over time. In this study, we therefore
utilize economic structure concerns to updated time-series IOTs. A new matrix
calculation method is proposed for tracking and establishing matrix-based links among
intermediate input-outputs, final demand and value added. The method is then
strengthened by reflecting price fluctuations in IOTs. This method is further extended
to capture the structure changes of final demand and value added by proposing a matrix-
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based linking method. The validation analysis of time-series IOTs is conducted using
Monte Carlo simulations in the context of the matrix-based structures of I0Ts. This
study is in the case of China from 1997 to 2020. Then, the time-series 1OTs are
constructed in a uniform format, illustrating the economic structures in China from
1997 to 2020. Besides, the time-series IOTs are represented at 1997 constant prices and
at current prices, respectively. The uncertainties of time-series IOTs remained low and

stable, and the impacts of sectors and linkages on the uncertainties are identified.

Based on the time-series I0Ts, changes in CO2 clusters from production, consumption
and income perspectives are identified, deriving and utilizing sector characteristics to
reduce CO» emissions. First, the role of economic structure optimization is emphasized
in CO2 emissions reduction from production, consumption and income perspectives;
meanwhile, during the economic structure optimization, the possible lock-in, catch-up
and unlocking effects need attention. Second, to reduce CO; emissions, sector-level
plans and roadmaps are highlighted from production perspective, sector-level CO>
emissions reduction measures attaching importance to final demand affecting CO-
emissions could be feasible from consumption perspective, and the income perspective
supports that the measures proposed from multiple perspectives could be considered
together for identified sectors besides providing perspective-specific measures. Third,
preserving and proactively promoting sustainable consumption is necessary for
reducing CO; emissions driven by urban household consumption. Last, tracking the
strongest paths derived from CO; clusters from demand and supply sides could provide

the channels with most potentials of enhancing the efficacy of CO2 emissions reduction.
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Chapter 3: A forward-backward realization of solutions to
time-series social accounting matrices construction,

validation and applications

3.1. Introduction

Social accounting matrix (SAM) is a data accounting system connecting economic
activities among economic agents (Defourny and Thorbecke, 1984). It is extensively
practical in gauging the impacts of demand and supply (Fernandez-Macho et al., 2008)
and in building up models for structural and policy analyses (Blancas, 2006). With time-
series SAMs, meaningful studies have been conducted. To illustrate, analysing the
socio-economic situation of an economy in a historical manner is carried out (Bakker
et al., 1994); unveiling the sectoral impacts directly and indirectly over time is achieved
(Akkemik, 2012); statistically estimating parameters that characterize the people in
artificial economy is fulfilled (Kehoe, 1996); supporting structural change analysis and
back-casting/calibration of computable general equilibrium models is accessible
(Seventer, 2015); and serving as grounded empirical evidence to contribute to the

development of (socio)economic theory is achievable (Santos, 2006).

However, updating time-series SAMs has not been prevalent. Also, when it comes to
the solutions to time-series SAMs construction, validation and applications, a forward-
backward perspective still deserves attention. The main reason is in relation to an
overriding feature of SAM. SAM illustrates a complete flow of economic transactions,
that is, from production to factors (including labour and capital) to institutions and then
back to production (Bhatt and Munjal, 2013). Within the interlinkages among economic
agents, one sector could be the buyer impacting its upstream sectors and it yet could be
the supplier influencing its downstream sectors (Lenzen et al., 2019; Zhen and Li, 2021),
thereby forming a matrix-based economic structure. In this way, sectoral dependence
impacts the entire economy and each sector exerts a two-way impact on other sectors
within the context of inter-linkages originating from the strength of demand and supply
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(Seung, 2014a; Pedauga et al., 2022; Kebede and Heshmati, 2023): an economic
transaction flows forward by sectoral following the distribution chain of outputs to end
users while it flows backward through sectoral demanding the inputs from producing
sectors (Philippidis et al., 2014). This is what we have termed a forward-backward
viewpoint. Against this backdrop, corresponding details are further exploited in the
context of time-series SAMs: (1) in the construction procedure, tracking the matrix-
based economic structure and harmonizing different accounting systems could be
simultaneously important; (2) in the validation procedure, reflecting the economy-wide
impact of each element within the matrix-based structure could be a potential attempt;
and (3) in the applications procedure, the extensions of multiplier decomposition
analysis (MDA) and structural path analysis (SPA) to the supply-driven case could map

more in terms of reflecting realities.

Therefore, this study makes efforts to construct, validate and apply time-series SAMs
through exploiting the forward-backward features of SAM. In detail, to construct time-
series SAMs, a matrix-induced structure is established by modifying matrix
transformation technique (MTT) and integrating T-accounts concept. During this
construction, K-nearest-neighbour (KNN) algorithm and left-one-out cross-validation
(LOOCV) method are combined to handle missing data. To validate time-series SAMs,
a new matrix calculation method is proposed to detect the effects of each element on
the whole economy. To apply time-series SAMs to CO; emissions, demand- and supply-
driven cases are analysed and compared by extending MDA and SPA. This study is in
the case of China from 1997 to 2020. The remainder of this paper is organized as
follows. Section 3.2 provides the literature review. Section 3.3 introduces the
methodology and data. Section 3.4 is about results and discussion. Section 3.5

concludes this paper.

3.2. Literature review
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3.2.1. SAM construction

SAM could be constructed in a top-down or bottom-up manner. In the former, micro
SAM is detailed on the basis of macro SAM (Stuttard and Frogner, 2003), whilst in the
latter, data reconciliation methods (e.g., naive method, RAS which is one bi-
proportional matrix balancing technique, and cross entropy) are utilized (Robinson et
al., 2001; J. Round, 2003; Temurshoev et al., 2013; Scandizzo and Ferrarese, 2015).
Despite the discrepancies between the two manners, there exists a common and
illuminating sense, that is, both the coherent relationship between IOT and SAM as well
as the potential contributions of T-accounts concept to SAM are of significance during
the construction (Pyatt, 1999; J. Round, 2003; J. I. Round, 2003; Lemelin et al., 2013).
Following this sense, more details are exploited. IOT is the representation of the
economic structure embedded in production activities. Based on 10T, SAM develops
into a general equilibrium data system linking economic activities among economic
agents (including endogenous and exogenous economic accounts). These two concerns
highlight the importance of considering that IOT is not only the main and consistent
component of SAM, but 10T itself also needs a detailed construction reflecting its
economic structure. Then, when considering the T-accounts, they show the balance
between demand and supply for each good or service over a specific accounting period
(Pyatt, 1999), and are used to achieve the fundamental characteristic of a double entry
accounting system (Ellerman, 1986). Meanwhile, SAM is a double-entry bookkeeping
table (Blancas, 2006) which describes an accounting system unravelling the inter-
sectoral connections in such a way that, for each account, total income and total
expenditure must be the same (Ferndndez-Macho et al., 2008). This similarity supports
the determination of economic accounts included in SAM and the balance of the whole

SAM.

In these regards, to construct time-series SAMs, keeping the consistency between time-

series IOTs and time-series SAMs, and integrating T-accounts into time-series SAMs
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are simultaneously important. Regarding time-series IOTs construction, the modified
MTT (MMTT) method is used. The features of the MMTT method include: (1) probing
into and then establishing a matrix-based economic structure (i.e., matrix-based links
among intermediate input-outputs, final demand and value-added); (2) emphasizing
economic structure changes over time; (3) adding up in the situation where the final
demand signs are inconsistent between the prior table and the target table; (4) making
sense regardless of whether the data assumptions are linear or nonlinear; (5) depicting
the propagation relationship between Ghosh model and the IOT-related models; and (6)
tracing structure changes of final demand and value added through the matrix-based
linking method. Then, with time-series IOTs, T-accounts concept is applied to establish
the accounts included in time-series SAMs and is also utilized to reconcile time-series

10Ts with the established accounts.

Meanwhile, it is also noted that missing data is a phenomenon occurring during time-
series SAM construction. Among the methods of handling missing data, KNN
algorithm is characterized by straightforward concept, convenient implementation, no
requirement for prior knowledge about data distribution, no assumptions on data and
missing data mechanisms, and efficient learning from small samples (S.-Y. Liang et al.,
2015; Idri et al., 2016; Wang and Wang, 2019; Liao et al., 2020). These characteristics
are well-suited to missing data estimation in the context of time-series data. Regarding
the influence of the parameter (i.e., the number of selected neighbours) on the KNN
algorithm performance, LOOCYV is applied to determine the number of neighbours
chosen. The advantages of LOOCV include that (1) it is a deterministic procedure
(Kocaguneli et al., 2012); (2) it can be sure that the optimum value derived from this
method is the absolute optimum value, rather than the local optimum values (Modaresi
et al., 2018); and (3) it is an effective validation method for KNN algorithm in the

context of small samples (Molinaro et al., 2005; Farahnakian et al., 2013).

3.2.2. SAM validation
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There are two constructive ways for SAM validation. One method is useful in exploring
the impacts of the row totals and the column totals on a SAM structure (Robinson et al.,
2001). But the impact of each element on one SAM is therefore unavailable during this
process. The other approach is supportive in introducing the stochastic changes of
variables to the validation procedure. But the starting point is from the formalized
problem of constrained maximization within the context of generalized cross entropy
model (Scandizzo and Ferrarese, 2015; Wang et al., 2015a). Thus, how to reflect the
effect of each component on the matrix-based SAM structure could be a consideration
in need of attention. It could be noted that, in spite of the differences between IOT and
SAM, there also exist similarities between them (Bakker et al., 1994). In detail, the
essence of IOT is that industries are connected through the buying and selling of raw
materials and that the production structure is conditioned by linkages (Pyatt, 1999). By
the same taken, the essence of SAM is concerned with the matrix of transactions and
transfers between different institutions (Pyatt, 1999). In this respect, MTT is not
constrained to an avenue towards updating time-series IOTs (Wang et al., 2015a) since
MTT probes into the economic structure by tracing and establishing matrix-based links,
but is considered as a basis to validate SAMs by detecting the matrix-based links within

a square matrix.

3.2.3. SAM applications

In the applications of SAMs, it is of necessity to comprehensively understand the
impacts from the actual drivers of the economic system. The demand-driven model is
used to evaluate the influences originating from final demand because of various
measures undertaken affecting the exogenous income levels (Roland-Holst and Sancho,
1995; Acquaye et al., 2017), while the supply-driven model is used to detect the effects
starting out from production due to an estimated change in the exogenous costs
(Roland-Holst and Sancho, 1995; Fernandez-Macho et al., 2008). MDA and SPA, the

two widely used methods in the context of SAMs, have been extended from the
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demand-driven to supply-driven case (Defourny and Thorbecke, 1984; Roland-Holst
and Sancho, 1995). MDA is used to capture the effects among and between economic
activities within a structure, given an initial injection from exogenous variables
(Blancas, 2006). MDA decomposes the total multipliers into four parts including the
initial injection effect, the transfer multiplier effect, the open-loop multiplier effect and
the closed-loop multiplier effect. SPA is used to explore the effects of paths on the
economic system. Different perspectives are applied to study SPA. One viewpoint
focuses on the partition of influences between two nodes within an economy into direct,
total and global influences, and the other concentrates on tracking the paths through
multiple tiers (Defourny and Thorbecke, 1984; Roland-Holst and Sancho, 1995). The
latter emphasizes the identification and specification of key paths (Roland-Holst and

Sancho, 1995).

When broadening the applications of MDA and SPA, there are some concerns. First,
studies tend to compare MDA with SPA to investigate the economy (Defourny and
Thorbecke, 1984), because more attention is concentrated on the superiority of one
method over the other. However, MDA and SPA could help provide diverse channels
for understanding how the economy operates, and, in the field of CO2 emissions, how
to orient the direction of emissions reduction. Second, it is found that the matrix-based
arrangements when extending MDA and SPA to the supply-driven case do not give
priorities to the convenience of results interpretation (Roland-Holst and Sancho, 1995;
Miller and Blair, 2009), because the interpretation of results is inconsistent with the
calculation of MDA and SPA in the supply-driven case. Last, in the field of CO:
emissions, MDA and SPA were usually utilized from the demand-driven perspective,
rather than the supply-driven perspective (Lenzen, 2003; Y.-Z. Li et al., 2018). Thus,

insights from the latter perspective are not formed (Zhen and Li, 2021).

Based on the previous studies, to construct time-series SAMs, this study uses the
MMTT method to track and establish the matrix-based economic structures during IOT
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construction, and then integrates T-accounts concept to determine accounts and to
balance the whole SAM. During this process, KNN algorithm and LOOCV method are
combined to tackle missing data. Also, this study renews the mechanism of MTT to
carry out SAM validation, with the aim of revealing the impacts of each element within
the SAM structure. Subsequently, when extending MDA and SPA to the supply-driven
case, the relation of the arrangement already proposed to the one proposed in this study
is mathematically detailed. Using the time-series SAMs, this study investigates diverse
channels in alleviating demand-driven and supply-driven CO; emissions, through
extending MDA and SPA. These channels are analysed and compared from the

perspectives of multiplier effects, tiers and paths.

3.3. Method and data

3.3.1. Time-series SAMs construction: Integrating MMTT and T-accounts

concept

The construction of time-series SAMs goes through two phases. First, time-series IOTs
are constructed on the basis of the MMTT method. The procedure of the MMTT method
includes: (1) modifying MTT (Wang et al., 2015a) through matrix transposition and
applying price indices to construct time-series IOTs at constant prices; (2) combing a
matrix-based linking method to update the categories of final demand and value added
in I0Ts; and (3) constructing the noncompetitive IOTs by introducing technology

sources (Su and Ang, 2013).

Matrix transpose is used to modify MTT, which ensures that the modified MTT (MMTT)
is still a matrix calculation method emphasizing structural changes and overcomes the
three possible weaknesses of MTT (as introduced in Sections 2.1 and 2.2). Through the
MMTT method, new matrix-based links among intermediate input-outputs, final
demand and value added are tracked and established. Then, price indices are applied

directly in the new matrix-based links because MMTT is a matrix calculation method.
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In this way, official IOTs (including benchmark and extended IOTs) at constant prices
are achieved. Based on the IOTs constructed at constant prices, MMTT, in combination
with linear interpolation method, is further applied to construct the IOTs at constant

prices in unreported years. Related equations are as follows.

The initial matrix input, Xy, is an (n + 1) X (n + 1) matrix with elements at current

prices:

X0=

D, Fo] 5-1)

Vo Gy

where D, is an n X n matrix depicting intermediate input-outputs among n sectors,
Fy represents an n X 1 matrix denoting final demand, V, is a 1 Xn matrix

representing sector-level value added, and G is the total final demand.

We convert X, into ¥ and then transpose Y as follows.
d v
Y = [ 3-2
f g (3-2)

— -1 , o :
where d = (VO) Dy, v is an n X 1 matrix with each element being one, f =

—~—-1 . . .
(GO) Fy, g equals one and " represents diagonalization of the vector.

n n n
N=diag<1—z dli,l—z dzi,---,l—z dm-)+dT 3-3)
i i i
F1=NV1 (3_4‘)

(;1=ZF1 (3-6)
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where D4, F{, V1 and G are the intermediate input-outputs at constant prices, final
demand at constant prices, value added at constant prices, and total final demand at
constant prices respectively, and d! means the transpose of the matrix d .

Correspondingly, X, represents X, at constant prices.

X, = D4 F1]

v, G B3-=7)

The MMTT method is further extended to capture the structure changes of final demand
and value added by proposing a matrix-based linking method. First, the matrix-based
linking method starts from the final demand and value added derived from the results
of the MMTT method. Since this linking method is matrix-based, the links between the
categories of final demand (or value added) and intermediate input-outputs are
established in a direct and deterministic manner. Then, this matrix-based linking
method investigates and then establishes the matrix-based structures of final demand
(or value added), allowing positive and negative categories of final demand (or value
added). Subsequently, the exact temporal impacts of each element of final demand and
value added are calculated; meanwhile, the matrix-based structures are consistent with
the results from the MMTT method. The characteristics of this matrix-based linking
method include achieving automatic and straightforward adjustments when capturing
and linking structure changes and reflecting linear and/or non-linear impacts over time.

Related equations are as follows.

w.Uu, (i)™t if u,#0
U — cYcUn\Un n 3-8
category { fl\chWn if u, = ( )
U, =[U?,un 3-9)
ud
u, = Zl (3-10)
un
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u
w, = [u': (3—11)

where Ucgregory denote the categories of final demand (or value added) on the basis
of the MMTT method and the matrix-based linking method, u;, is the vector for the
sum of positive and negative values of final demand (or value added) updated by the
MMTT method, u, is the vector for the sum of positive and negative values of final
demand (or value added) to update, u,, is the vector for the difference of positive and
negative values of final demand (or value added) to update, U? is the vector for the

sum of positive values of final demand (or value added) to update, U% is the vector for
the sum of negative values of final demand (or value added) to update, ug is the vector

for the updated share of each positive final demand (or value added) category in total
positive final demand (or value added), ug is the vector for the updated share of each
negative final demand (or value added) category in total final demand (or value added),

d

and the new elements added at the end of ug (ud) are zeros to form the complete up

(u%) when the dimensions of ug and ug are different.

Then, w,, is calculated as follows.
Waw, =w lw, (3-12)

. 1 -1
where w is the matrix [ 1 1 ]
The constructed IOTs need to be converted to noncompetitive IOTs by quantifying the
impacts of imports on IOTs. Following the study (Su and Ang, 2013), the impacts of
imports are distributed proportionally to the intermediate input-outputs and final

demand categories, which is based on the import ratios as follows.
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M = diag (D1 + Feategory + IM — Ex)'l) m (3 -13)

where M is an n X n matrix denoting the import ratios, Fegregory are final demand

categories, IM are imports, and EX are exports.

Second, on the basis of time-series IOTs, not only is the T-accounts concept applied to
establish accounts included in SAMs, but it is also utilized to arrange 10Ts and
established accounts. In this step, missing data are estimated, which will be described
in Section 3.3.2. Consequently, each SAM contains eight blocks including production,
factors, institutions, government, the rest of world, investment, inventory, and others.
Among these blocks, the production block includes 42 industrial sectors, the factor
block includes labour and capital factor accounts, and the institution block includes

rural household, urban household and enterprise accounts.

3.3.2. Missing data estimation: Combining KNN with LOOCV

Besides the time-series IOTs, other categories of time-series data are needed to
construct time-series SAMs. When using these sorts of data, missing data is an issue to
tackle. In this paper, the combination of KNN algorithm with LOOCV is purported.
KNN is an instance-based learning algorithm on the basis of the principle that instances
in a dataset will generally exist in proximity to other instances having similar properties
(Aha et al., 1991; Choudhury and Kosorok, 2020). When extended to the missing data
imputation procedure, the KNN algorithm fills in the missing values of an instance
based on given k instances close to the one of interest (Jiang and Yang, 2015). LOOCV
is a cross-validation method where a single observation is selected from the original
sample and used as the validation data while the other observations are used as the
training data (Stamoulias and Manolakos, 2013). This procedure is repeated until each
observation in the sample is used once as the test data (Chuang et al., 2011). In more

detail, the KNN algorithm combined with LOOCV goes through the following phases:
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(1) calculating the closeness or similarity between target instance and each instance in
the dataset by using Euclidean distance; (2) sorting the calculated closeness or
similarities; (3) repeating the procedure of finding the best values of k neighbors
according to LOOCYV; and (4) calculating the estimation of the target instance based on

the determined k instances.

3.3.3. Time-series SAMs validation: Proposing a new matrix calculation method

A new matrix calculation method is proposed to carry out time-series SAMs validation.
That is, the mechanism of MTT (Wang et al., 2015a) is renewed when considering the
features of the SAM structure. The renewed MTT is further combined with Monte Carlo
simulations to conduct uncertainty analysis. As such, four steps are included in this

procedure.

First, according to the SAM structure, E, an m X m matrix, consists of the economic
transactions (i.e., the expenditure and receipt accounts of m economic actors) within a

SAM and is thus expressed as follows.

€11 " €1m
E=]|: - : (3-14)
em1 " Cmm
Second, a matrix for the renewed MTT is constructed as follows.
[ C Ep,
D= [ Bt (3 - 15)

where D isan (m + 1) X (m + 1) matrix, C is an m X m matrix with each element
calculated through dividing the first (m — 1)th elements of each row in E by the
mth element of that row in E, E, is the mth column vector of E, E,;; is the mth

row vector of E, and U equals to zero.

91



Chapter 3

Third, based on the constructed matrix, the matrix-based structure is formed and then

applied to Monte Carlo simulations, which is expressed as follows.

V = diag(€MSd) + diag(I) — (€M) diag(d) (3-16)
ENCS = vENICS (3-17)
EYCS = diag(Efe ) CHes (3-18)
gMes) el o elig
EMCS = [ ;csl = (3-19)
Eni eMes ... gMCs
where €M is € in Monte Carlo simulations, I is the identity vector, d is the

MCS

identity vector with its mth element equalling to zero, E;,;

is Ep,y in Monte Carlo

MCS

simulations, E}¢S is E,,, in Monte Carlo simulations, E}5S

tmn 18 the matrix derived

from the matrix of E %Incs by including the first (m — 1) rows and columns, C¥¢5 is
the matrix derived from the matrix of CM%S by including the first (m — 1) elements,
EMS is E in Monte Carlo simulations respectively, and diag represents the

diagonalization of a vector.

Last, the uncertainty is measured using the 2.5th and 97.5th percentiles of the data (Lu
etal., 2011; Pinder et al., 2012; Lauerwald et al., 2015; Su et al., 2015; Ayarzagiiena et
al., 2020). Also, the 2.5th and 97.5th percentiles of the data represent the upper and
lower bounds, respectively. To compare the variations in the uncertainty over time, a Z-
score measurement (i.e., a value minus the population mean, divided by the population
standard deviation) is also needed. It is because this measurement describes a value’s
relation to the mean of the data (i.e., a group of values) and is used to compare different

datasets.

3.3.4. Time-series SAM applications: Applied to demand- and supply-driven
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cases
3.3.4.1. Accounting multiplier matrices

The accounting multipliers represent the quantitative expressions of the extent where
some initial exogenous changes generate effects through the interdependencies
associated with endogenous linkage system (Hartono and Resosudarmo, 2008). The
accounting multiplier matrix takes a form of a standard inversion of the (I — A) matrix
in the demand-driven case (Defourny and Thorbecke, 1984; Hartono and Resosudarmo,
2008), written as L = (I — A)~1 where A refers to the direct input multiplier matrix.
In contrast, in the supply-driven case, by extending the Ghosh input-output model
(Miller and Blair, 2009), the accounting multiplier matrix is derived from the SAM
framework and is thus expressed as G = (I — H)~! where H refers to the direct

output multiplier matrix (Roland-Holst and Sancho, 1995).

3.3.4.2. Multiplier decomposition analysis (MDA)

To illustrate MDA in the demand-driven and supply-driven cases, the two types of
accounting multiplier matrices, which are mentioned in section 3.4.1, could be
integrated into a following unified form according to (Pyatt and Round, 2006; Miller

and Blair, 2009).

Mpp O Mp] [Mpp O O 0 0 My
M=[MFP 0 0]:[0 0 0 |+|Mgp O O]=Q+R(3—20)
0 My M, 0 0 My, 0 My O

where M denotes the matrix of the transaction multipliers among production activities,
factors, and institutions (M refers to the direct input multipliers in the demand-driven
case while it represents the direct output multipliers in the supply-driven case); Q

captures the transfer elements of M; R represents the generation of circular flows;

Mkikj is the element of M mapping the flow from one economic activity (i.e., k;) to

the other economic activity (i.e., k;); subscript P, the representation of productive
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sectors; subscript I, the representation of factors; and subscript F, the representation

of institutions.

Then, in the demand-driven case, the accounting multipliers are decomposed in the

multiplicative and additive manners, respectively (Pyatt and Round, 1979).

L=LsL,L, 3-21)

L=1+(Li—D+ Ly — DL+ (L3 — DLyLy (3-22)
E; E; E3 Eq

Li=U-7! (3-23)

L, =(1+C+(?) (3—124)

Ly=(1-C3)" (3 - 25)

C=I-Q) 'R (3 —26)

where L denotes the matrix of accounting multipliers, L, represents the transfer
multiplier, L, represents the open-loop or cross multiplier effect, L3 represents the
closed-up multiplier effect, E4 is the initial injection effect, E, is the net contribution
of the transfer multiplier effect, E3 is the net contribution of the open-loop or cross

multiplier effect, and E, is the net contribution of the closed-loop multiplier effect.

In supply-driven case, the accounting multipliers are decomposed in the multiplicative
and additive manners respectively, based on (Pyatt and Round, 2006; Miller and Blair,

2009).

G = GleGg (3 - 27)
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G=1+(G1—D+6:1(G—D+6162(G3 -1 (3-28)
N1 N, N3 Ny

Gi=U-Q! (3-29)

G, = (I+D + D?) (3-130)

Gy=(1-D3)" (3 - 31)

D=R(I-Q)! (3-132)

where G denotes the matrix of accounting multipliers, G represents the transfer
multiplier, G, represents the open-loop or cross multiplier effect, G3 represents the
closed-up multiplier effect, N4 is the initial injection effect, N, is the net contribution
of the transfer multiplier effect, N3 is the net contribution of the open-loop or cross

multiplier effect, and N, is the net contribution of the closed-loop multiplier effect.

Besides, the arrangement proposed in (Roland-Holst and Sancho, 1995) is consistent
with the form in demand-driven case. When it comes to its relation to the arrangement
used in this study, we explain the relation in terms of the four above-mentioned
multiplier effects (Miller and Blair, 2009). First, for the initial injection effect N4, the

relation between N, and Eq is as follows.

N, =E, (3 —34)

where I is the identity matrix, and the superscript T means the transposition of a

matrix.
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Second, for the net contribution of the transfer multiplier effect N,, the relation

between N, and E, is as follows.
Ny =G -D"=U-Q*'-D"=U-Q"N ' -I=E, (3 -35)
Then, following the second step, the relation between N3 and E3 is as follows.
(616)" = G3G] (3 -36)
Ni = (616G, — Gy)" = E; (3-37)
Last, following the third step, the relation between N, and E,4 is as follows.
N% = (616265 — G1G,)" = E, (3-138)

3.3.4.3. Structural path analysis (SPA)

In the demand-driven case, SPA is evaluated on the basis of the Leontief inverse matrix,
L= (I—-A)"1. The Leontief inverse matrix is thus expanded by the Taylor series
approximation. In this sense, SPA applied to the field of CO> emissions is expressed as

follows.

ED = uLF = u(I — A)"YF = uIF + pAF + pA?F + --- + uA"F (3-139)

where ED denote demand-driven CO; emissions, g denote CO, emissions intensities
of economic activities, F denote the exogenous income levels of economic activities,
and wA™F denote the contribution of CO2 emissions from nth tier. Then, assuming i,
j, and k are the economic activities at tier 0, tier 1 and tier 3 respectively, the CO>

emissions of sector i from itself at the zeroth tier is ED? = p;F;. The CO, emissions

of the path from sector j at the first tier to sector i is EDjli_’O = pjAjiF;. The CO;
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emissions of the path from sector k at the second tier to sector i is EDf;;' % =

Uk AkjAjiF.

In supply-driven case, SPA is evaluated on the basis of the accounting multiplier matrix,

G = (I — H)™1. Then, SPA applied to the field of CO2 emissions is expressed as follows.
ES=VGu=V(I-H)'u=VIp+VHu+VH*u+--+VH"u (3 —40)

where ES denote supply-driven COz emissions, V denote the exogenous costs of
economic activities, and VG™u denote the contribution of CO2 emissions from nth
tier. Then, assuming i, j, and k are the economic activities at tier 0, tier 1 and tier 3

respectively, the CO, emissions of sector i from itself at the zeroth tier is ES? = V;p;.
The CO> emissions of the path from sector j at the first tier to sector i is ES]-ll-_’0 =
ViHj;u;. The CO; emissions of the paths from sector k at the second tier to sector i is
ES,EJ-_{HO = Vi HyjHjju;. In addition, this interpretation of the influence of one path

orients from the expansion of the Taylor series approximation, generating a

convenience for the translation of results.

Besides, the number of paths increases exponentially with each tier (Lenzen, 2007;
Meng et al., 2015): there are n paths in each tier where t is the order of tier and n is
the number of economic activities. In practice, a pruning method is usually applied
(Lenzen, 2007; Meng et al., 2015; Zhen and Li, 2021): a dynamic tree data structure is
constructed by pruning the branches of the tree when the value of input paths is lower

than the pruning threshold.

3.3.5. Data

There are five categories of data used for this study. The first category of data for

production accounts, factor payments and final demand are from IOTs in 1997, 2000,
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2002, 2005, 2007, 2010, 2012, 2015, 2017, 2018 and 2020. These IOTs are available
from China’s National Bureau of Statistics (NBS). The second category of data for price
indices and Gross Domestic Product from 1997 to 2020 are from China’s NBS. The
third category of data for Balance of Payment Presentation from 1997 to 2020 are from
State Administration of Foreign Exchange of China. The four category of data for CO»-
related data including energy consumption and cement production data from China’s
NBS and emissions factor data according to (Shan et al., 2018). The five category of

data for debt revenue and interest payment are from China’s NBS.

3.4. Results and Discussion

3.4.1. Time-series SAMs from 1997 to 2020 in China

The time-series SAMs illustrate the economic transactions and transfers among
economic agents from 1997 to 2020 in China. These series of SAMs are constructed in
a uniform format. Each SAM is a 52*52 square matrix: the 52 economic agents in the
row direction are consistent with those in the column direction; meanwhile, the
distributive and redistributive processes of transactions flows among these 52 agents
are documented. Additionally, the 52 economic agents are categorized into the
following blocks: (1) the production block (including 42 industrial sectors); (2) the
factor block (including labour factor and capital factor accounts); (3) the institution
block (including rural household, urban household and enterprise accounts); (4) the
government block; (5) the rest of world block; (6) the investment block; (7) the
inventory block; and (8) the others block. Besides, the time-series SAMs are

represented at 1997 constant prices and at current prices, respectively.

3.4.2. Time-series SAMs validation results

The uncertainty level of time-series SAMs remained steady and level from 1997 to
2020, during which the uncertainties of time-series SAMs were in the range of [-0.7%,

0.7%] during 1997-2020. Also, at the aggregate level, Z-score is to measure the stability
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of time-series SAMs. Figure 3-1a shows that the upper bounds of the uncertainty
maintained the Z-scores at around 1.963 and the lower bounds maintained the Z-scores
at around -1.958 from 1997 to 2020. At the economic activity level, Z-score is to
measure the importance of each economic activity to uncertainties and then to compare
the measured importance among economic activities in time series. Figure 3-1b shows
that the Z-scores of economic activities have formed a more fixed pattern since 2002.
Especially, most of the economic activities maintained the Z-scores in the range of [-
1.074, 2.000]. Activities 27 (Construction), 47 (Enterprise account) and 50 (Investment
account) have been the group having larger Z-scores in the range of [2.000, 3.700].
Activity 27 has kept the tendency since 1997, activity 47 has maintained the trend since
1998, and activity 50 has sustained the impact since 1999. Activity 46 (Urban
household account) was the largest contributors to uncertainties with its Z-scores in the
range of [3.700, 4.481], and has sustained the most important position since 2017.
Additionally, the link between economic activities contributing most to uncertainties
changed from the activity 52 (Others)—activity 47 (Enterprise account) link to the
activity 52 (Others)—activity 50 (Investment account) link in 2008 and the activity 52
(Others) — activity 46 (Urban household account) link in 2019, with the upper bounds
of its uncertainty having had the Z-scores of around 1.967 and the lower bounds having

had the Z-scores at around -1.978.
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(a) At the aggregate level (b) At the economic activity level
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Figure 3-1 Z-scores at the aggregate and economic activity levels

3.4.3. Demand- and supply-driven CO2 emissions: From multipliers effects

In the demand-driven case, when temporal changes occurred in the exogenous income
levels, most impacts on CO; emissions tended to be generated through the transfer and
closed-loop multiplier effects (Figure 3-2a). In detail, the transfer and closed-loop
multiplier effects kept contributing most to emissions (e.g., 68% and 24% respectively
in 2020), followed by the open-loop multiplier and initial injection effects (e.g., 4% and
4% respectively in 2020). Moreover, the transfer multiplier effect has decreased its
effects on CO2 emissions from 2015 onwards and its contribution to emissions
maintained at about 68%. In contrast, the closed-loop multiplier effect has kept its
impacts on CO> emissions stable since 2007 and its contributions to emissions reached
about 23%, which also indicates there existed potential lock-in effects in the ratio of
CO; emissions from the closed-loop multiplier effect to total CO2 emissions. In sum,
the results indicate that most of CO; emissions continued being generated due to the
direct transfers within endogenous accounts, and the completed circular flow of income

among endogenous accounts (Defourny and Thorbecke, 1984).
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(a) Demand-driven CO, from multiplier effects (b) Supply-driven CO, from multiplier effects
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Figure 3-2 Demand- and supply-driven CO; emissions from multipliers effects

However, in the supply-driven case, when temporal changes happened to the exogenous
costs, most impacts on CO; emissions tended to form through the open-loop and closed-
loop multiplier effects (Figure 3-2b). Especially, the open-loop and closed-loop
multiplier effects contributed most to emissions (e.g., 50% and 25% respectively in
2020), followed by the transfer multiplier and initial injection effects (e.g., 15% and 10%
respectively in 2020). Further, the open-loop multiplier effect gradually increased its
effects on emissions and its contribution to CO2 emissions has reached around 47%
since 2018. In contrast, the contributions of the closed-loop multiplier effect have
fluctuated around 26% since 2005, with potential lock-in effects being noted during this
process. These results indicate that most of CO> emissions were still from the
interactions among and between endogenous accounts, and the impacts exerted on
endogenous accounts because of the completed tour through all the endogenous

accounts (Roland-Holst and Sancho, 1995).

This comparison emphasizes that, to reduce CO> emissions efficiently and effectively,
measures could be targeted at different channels (i.e., different types of multipliers

effects) (Alcantara et al., 2017) and could be concentrated on tackling the potential
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lock-in and increasing effects of the targeted channels as well. To illustrate, in the
demand-driven case, more attention could be put on reducing the net effects within each
endogenous account only (Mondlane et al., 2019), and the within-block net effects
arising from the shock after passing from a block, going through net effects from
linkages between blocks, coming back to the block (Adelman and Robinson, 1986). On
the contrary, in the supply-driven case, increasing attention could be attached to
reducing the net effects of linkages between blocks, and the within-block net effects

mentioned above (Adelman and Robinson, 1986).

When it comes to the demand-driven multipliers effects at sector level, the structure of
each multiplier effect was different from each other during 1997-2020 and the related
development modes also differed among multipliers effects (Figure 3-3). In detail, the
initial injection effect gradually changed to consist mainly of the shares of sector 27
(Transportation, Storage and Post), sector 14 (Manufacture and Processing of Metals)
and sector 13 (Manufacture of Nonmetallic Mineral Products) in CO2 emissions (Figure
3-3a). The transfer multiplier effect has expanded the impacts from sector 26
(Construction), sector 29 (Other Services) and sector 16 (Manufacture of General-
Purpose Machinery) (Figure 3-3b). The open-loop multiplier effect changed the even
structure of emissions and were mainly composed of the contributions from sector 33
(Urban household account), sector 26 (Construction), and sector 29 (Other Services)
(Figure 3-3c). The closed-loop multiplier effect had experienced the fluctuations before
forming a mode where most influences were from sector 26 (Construction), sector 29
(Other Services) and sector 20 (Manufacture of Communication Equipment, Computer
and Other Electronic Equipment) (Figure 3-3d). These results indicate that the
efficiency and effectiveness of carbon abatement could be further enhanced with the
role of specific sectors being dynamically identified in the structure of multipliers
effects (Yang et al., 2020), which is a complementary to previous studies when

considering the multiplier effect of each sector on CO2 emissions (J. Liu et al., 2019).
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Figure 3-3 Demand-driven multipliers effects at sector level

Regarding the supply-driven multipliers effects at sector level, except the closed-loop
effect, other multipliers effects exhibited the stable structures of CO; emissions from
1997 to 2020 (Figure 3-4). At the same time, sectoral supply-oriented multipliers effects
were different from sectoral demand-oriented multipliers effects during this research
period (Figure 3-4). To illustrate, the initial injection effect has continued emphasizing
the importance of sector 14 (Manufacture and Processing of Metals), sector 23
(Production and Supply of Electricity and Steam) and sector 33 (Urban Household
Account) to CO> emissions reduction (Figure 3-4a). The transfer multiplier effect has
maintained the level of CO> emissions mostly from sector 11 (Manufacture of Refined
Petroleum, Coke Products, Processing of Nuclear Fuel), sector 14 (Manufacture and
Processing of Metals), and sector 23 (Production and Supply of Electricity and Steam)
(Figure 3-4b). The open-loop multiplier effect has consisted mainly of the contributions
of sector 34 (Enterprise Account), sector 33 (Urban Household Account), and sector 32
(Rural Household Account) (Figure 3-4c). The closed-loop multiplier effect has been
primarily composed of the impacts from sector 34 (Enterprise Account), sector 33

(Urban Household Account), and sector 29 (Other Services) has increased their impacts
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(Figure 3-4d). The implications of these results, similar to the results from demand side,
could be conceived as the complementary points to previous studies when pointing out
the role of typical sectors in reducing CO; emissions from supply side (Gallardo and
Mardones, 2013). In addition, the specified sectors from supply side provide different
hot-spots for CO> emissions reduction when compared with those from demand side,

which could propel emissions alleviation efforts (Andrés et al., 2021).
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Figure 3-4 Supply-driven multipliers effects at sector level

3.4.4. Demand- and supply-driven CO: emissions: From tiers

According to Figure 3-5, the contributions of the first 3 tiers to CO; emissions in
demand-driven case were different from those in supply-driven case, while it is noted
that the first 10 tiers were the main emitters of CO; emissions regardless of which case
is studied. Moreover, during the period of 1997-2020, the impacts from these tiers were
characterized by the potential lock-in and increasing effects (Figure 3-5), which is in
common with the impacts from multipliers effects. To illustrate, in the demand-driven
case, tiers 1 and 2 exerted the largest effects on CO2 emissions, accounting for 25% and

19% in 2020 respectively (Figure 3-5a). Besides, regarding the total contributions of
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the first 10 tiers to CO2 emissions, after experiencing the fluctuations, the levels since
2015 have shown an overall increasing trend and the level in 2018 reached the peak
during 1997-2020 (Figure 3-5a). Conversely, in the supply-driven case, tiers 2 and 3
had the most influences on CO; emissions, accounting for 22% and 16% in 2020
respectively (Figure 3-5b). Then, as for the total contributions of the first 10 tiers to
CO» emissions, after going through the fluctuations, the levels since 2015 have shown
an overall increasing trend, and the level in 2018 reached the peak from 1997 to 2020

(Figure 3-5b).
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Figure 3-5 Demand- and supply-driven CO2 emissions from tiers

These results indicate that in the demand- and supply-driven cases, different tiers are
expected to be crucial for CO2 emissions reduction. But in the meantime, the potential
lock-in and increasing effects in the contributions of the main tiers to CO2 emissions
are considered as a common issue when reducing CO> emissions. In addition,
alleviating CO; emissions at tier level could be achieved through reducing CO>
emissions of typical sectors and paths first and then expanding the learned experience

to help with tier-level CO, emissions alleviation.

105



Chapter 3

As for the tier-level CO; emissions across sectors, Figure 3-6 shows the typical tier
which is the primary focus of CO; emissions reduction for each sector, and its learned
experience of carbon abatement could be further extended to other tiers. In detail, for
the demand-driven case, tiers 0, 1, 2, 3 and 9 were highlighted across sectors (Figure 3-
6a). This result demonstrates that there was the sector heterogeneity in the tier-related
results. That is, the aggregate tier-related results discussed before show that tiers 1 and
2 were important to CO> emissions reduction while the disaggregate tier-related results
indicate that other tiers such as tiers 0 and 9 were also significant for CO> emissions
reduction. Generally, the most focused tiers are tiers 0, 1 and 2, and from this viewpoint,
curbing CO; emissions could not be complicated (Wieland and Giljum, 2016; Z. Wang
et al.,, 2018). Additionally, some sectors, such as sectors 13 (Manufacture of
Nonmetallic Mineral Products), have grasped the stable development mode about CO»
emissions (Figure 3-6a). On the contrary, other sectors, such as sector 2 (Mining and
Washing of Coal), have experienced fluctuations (Figure 3-6a). These results indicate
there may exist potential lock-in effects in tier-related CO> emissions at sector level for
some sectors (e.g., sector 13 (Manufacture of Nonmetallic Mineral Products)) but
tracking the dynamics of tier-related CO> emissions is especially important for some
sectors (e.g., sector 2 (Mining and Washing of Coal)). These findings could not only
supplement the aggregate tier-related results, but also complement the previous studies
about the disaggregate tier-level results from a temporal perspective (Egilmez et al.,
2017) and the expansion of learned experience from the specific tier to other tiers

(Wieland and Giljum, 2016).
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Figure 3-6 Demand- and supply-driven sectoral CO; emissions at tier level

Then, for the supply-driven case, compared with the demand-driven case, tier-related
CO; emissions at sector level show more stable development modes and focus on tiers
0, 1, 2, 3 and 4 (Figure 3-6b). The stable development modes in a general manner
indicate that there may exist potential lock-in effects for most of sectors. But at the
same time, some sectors, such as sector 7 (Manufacture of Textiles), turned out to be
the activities where changes in tier-related CO2 emissions have occurred recently.
Besides, the main focuses on specific tiers supplement the aggregate tier-related results
discussed before. That is, most of the aggregate tier-related CO» emissions were located
in tiers 2 and 3 but the tier-related results at sector level suggest tiers 0, 1 and 4 should
be considered as crucial for CO; emissions alleviation as well. In summary, the results
from supply side imply where to curb the tier-level CO; emissions from the perspective
of sectors, which is a complement for previous studies from demand side (Wieland and
Giljum, 2016; Egilmez et al., 2017). Also, the comparison between demand- and
supply-driven cases not only provides the common rationale for coping with CO:
emissions, but it also figures out the specified and different sectors where carbon

abatement efforts are supposed to be put into.
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3.4.5. Demand- and supply-driven CO2 emissions: From paths

At the path level, compared with the stable situation in the demand-driven case, the
shrinking scope and the increasing influences of CO> emissions in the supply-driven
case indicate that managing the critical paths in this case could be another way to reduce
CO» emissions effectively and efficiently (Andrés et al., 2021). In detail, the amount of
demand-driven CO» emissions paths had experienced fluctuations between 4 and 8
before it has remained level at around 7 since 2012 (Figure 3-7a). In the meantime, the
amount of supply-driven CO; emissions paths fluctuated between 6 and 9 during 1997-
2015 and has decreased from 10 to 8 from 2016 onwards (Figure 3-7b). In addition, the
amount in demand-driven case has been mainly smaller than that in supply-driven case
since 2003 (Figures 3-7a and 3-7b). Then, the ratio of demand-driven CO> emissions
from paths increased slowly but that of supply-driven CO; emissions from paths

showed an increasing trend with fluctuations (Figures 3-7c¢ and 3-7d).

Also, it is noted that the crucial paths and related temporal changes in the demand- and
supply-driven cases were different. For instance, the key path in the former case
remained activity 13 (Manufacture of Nonmetallic Mineral Products) — activity 26
(Construction) during the period of 1997-2020, accounting for 7% of total CO;
emissions. This result reflects that driven by final demand increments, the growth of
activity 13 investment led to the increase of investment in activity 26 (Gallardo and
Mardones, 2013; J. Liu et al., 2019). This indicates that measures for activity 13, such
as improving energy efficiency through high-tech, seeking clean energy alternatives or
adjusting industrial structure, could be advocated; meanwhile, measures for activity 26,
such as controlling demand and reducing building inventory, could be taken into
consideration (Wen and Zhang, 2020). In contrast, the key path in the latter case
remained activity 34 (Enterprise account) — activity 31 (Capital factor account) —
activity 23 (Production and Supply of Electricity and Steam), the share of its impacts

having increased from 6% in 1997 to 7% in 2020. This result means that originated
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from value added increments, the growth of activity 34 input promoted the increase of
activity 31 input, which in turn exerted impacts on the growth of activity 23 (Gallardo
and Mardones, 2013; J. Liu et al.,, 2019). This suggests that measures include
controlling supply, decreasing subsidies, increasing revenue taxes, decreasing the
depreciation rates of capital used, choosing their downstream users according to
income-based CO» emissions, and compiling the reports for CO> emissions caused by
their production and upstream inputs, along with promoting the efficient use of capital
(machinery, land and building, etc.), the reallocation of capital and labour resources
from high to low carbon-intensive industries, innovation and training (Jawad Sajid et

al.,2021;Y.-J. Li et al., 2021).
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Figure 3-7 Demand- and supply-driven CO; emissions in SPA

Besides, even though the tier dimension could help summarize the results of SPA in a
general manner and then understand the significance of supply-driven perspective, as
shown above, there exist inconsistences between results at tier level (i.e., Section 3.4.4)
and those at path level (i.e., this section). For example, tier-level results show that tiers
2 and 3 were important for supply-driven CO; emissions reduction while path-level

results show that it is tiers 2 and 0 that were significant. This is in common with the
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demand-driven case. For another example, when CO> emissions from higher tiers (e.g.,
tier 5 and higher tiers) are added up, the necessity of reducing the CO> emissions from
these tiers increase correspondingly. But this above-mentioned insight is not gained
from the results of SPA. However, SPA could serve as a beneficial tool in selecting the
typical paths as pilot paths to facilitate CO> emissions reduction in diverse aspects such
as reducing intermediate purchases or utilizing cleaner alternatives (Shi et al., 2019),

further helping with CO, emissions reduction at tier level.

3.5. Conclusion

SAM illustrates the economic transactions flowing forward and backward, thereby
forming a matrix-based structure. This forward-backward feature of SAM is exploited
to help construct, validate and apply time-series SAMs in this study. In detail, to
construct time-series SAMs, a matrix-induced structure is established by modifying
MTT and integrating T-accounts concept. During this construction, KNN algorithm and
LOOCY method are combined to handle missing data in time series. Then, to validate
time-series SAMs, a new matrix calculation method is proposed in terms of gauging
the economy-wide effect of each element within a matrix-based structure. Also,
demand- and supply-driven CO, emissions are analysed and compared by extending

MDA and SPA. This study is in the case of China from 1997 to 2020.

In this study, time-series SAMs from 1997 to 2020 in China were constructed, each
SAM illustrating the economic transactions and transfers among 52 economic agents.
Then, through the validation analyses, the uncertainty level of time-series SAMs
remained low and level, and the main contributors to uncertainties were identified.
Based on time-series SAMs, demand- and supply-driven CO; emissions provided
different insights at multiplier effect, tier and path levels for CO2 emissions reduction.
In the demand-driven case, more attention could be put on reducing the transfer and

closed-loop multiplier effects at the aggregate and sector levels, decreasing the impacts

110



Chapter 3

from tiers 1 and 2 with the consideration of sector heterogeneity, and tackling the
potential lock-in effects of the crucial paths. On the contrary, in the supply-driven case,
more attention could be attached to reducing the closed-loop and open-loop multiplier
effects from both the aggregate and sector viewpoints, decreasing the impacts from tiers
2 and 3 with the concern of sector heterogeneity, and tackling the increasing influences
of the crucial paths. But there are also common implications derived from these two
cases: CO; emissions reduction measures could consider the need for coping with the
potential lock-in and increasing effects of CO2 emissions, and selecting the crucial paths
as pilot paths to alleviate the CO> emissions attributed to different tiers could be a way

to reduce CO; emissions effectively and efficiently.
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Chapter 4: Input-output forecasting and COQO: inventories

construction using a new subsystem decomposition method

4.1, Introduction

Increasing attention could be drawn to forecasting input-output tables and social
accounting matrices (hereafter input-output systems in this study). This is because the
timeliness of input-output systems has been emphasized in terms of the long time lag
of the released table series (Dietzenbacher et al., 2013; Wang et al., 2015b). For example,
these table series are very often released every five or more years (Dietzenbacher et al.,
2013; Wang et al., 2017). Also, when it comes to exploring the future development of
external variables in many fields such as environment (S. Wang et al., 2019), energy
(Fan et al., 2007), demography (Cohen and Tuyl, 1991), resources (Jun, 2005), and
management (Marangoni and Fezzi, 2002), the input-output systems have provided the

analytical frameworks to conduct forecasts and simulations.

However, there are not enough studies to forecast the input-output systems. At the same
time, some concerns need to be dealt with during the procedure of input-output
forecasting. In detail, some studies relate the RAS method with the combination of
macroeconomic data assumptions to the prediction of input-output systems. RAS
method is used primarily for balancing an initial estimate (Wang et al., 2015b);
meanwhile, macroeconomic data assumptions are affected by stochastic uncertainties
(Jiang et al., 2019a). Other studies use the matrix transportation technique (MTT) to
probe into and then establish the matrix-based economic structure, in order to predict
input-output tables (IOTs) by way of autoregressive integrated moving average
(ARIMA) (Zheng et al., 2017). The weaknesses of MTT arise when (1) final demand
signs are inconsistent between the prior table and the target table, (2) nonlinear
interpolations are considered to reflect temporal changes, and (3) there is a need for
depicting the propagation relationship between Ghosh model and the IOT-related

models. In the meantime, ARIMA depends on a large amount of data, rather than small
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samples, so as to complete the predictions of variables (Wang, 2013). ARIMA also
requires the mean and variance of response series are independent of time (Y.-W. Wang
et al., 2018). Besides, the above-mentioned procedures of input-output forecasting
could be extended further in unfolding the forecasts of final demand and value-added
and validating the forecasts of input-output systems. In detail, to trace the structure
changes of final demand and value added, the exact temporal impacts of each element
of final demand and value added needs to be captured and then linked with intermediate
input-outputs. Thus, a matrix-based linking method is needed. Also, the validation
analysis of time-series input-output systems needs to be conducted in the context of the
matrix-based structures of input-output systems, so as to depict the direct and

deterministic effects of variables in input-output systems (Zheng et al., 2018).

Regarding one of the applications of the input-output systems forecasts, CO-
accounting has been conducted to promote carbon abatement (Fan et al., 2007; Zheng
etal., 2017). These results facilitate the understanding of the sector-level CO2 emissions
from the consumption-based perspective. But at the same time, it is noted that (1) the
sector-level CO; emissions are quantified at the aggregate level, without unravelling
emissions channels arising from the interdependence among sectors; (2) the sector-level
CO» accounting completes the static analyses, without considering temporal changes in
emissions channels; (3) the sector-level CO2 emissions could be understood from both
consumption- and income-based perspectives within the input-output systems (Zhang,
2010; Cardenete et al., 2012); and (4) the sector-level CO> emissions could translate
into CO; inventories from past to future in order to complement production-based CO»

inventories in decision-making (Y. Li et al., 2017; B. Zhang et al., 2018).

Therefore, in this study, we propose a procedure of input-output forecasting. During
this procedure, the input-output table series are forecasted by means of an element-
based Fourier-Markov (EFM) model, then structured through modified matrix
transformation technique (MMTT) and T-accounts concept, and last, validated by
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combining matrix calculation methods with Monte Carlo simulations. On the basis of
the forecasted table series, we construct CO: inventories by proposing a new integrated
method, that is, the combination of subsystem analysis with structural decomposition
analysis. With this method, CO» inventories quantify historical and future emission
channels throughout the economic system from demand and supply sides, and then
account for the contributions of influencing factors behind temporal changes in
emission channels. This study is in the case of China from 1997 to 2025. The remainder
of this study is organized as follows. Section 4.2 reviews the methods for input-output
forecasting and CO; inventories construction. Section 4.3 introduces methods and data.

Section 4.4 is about results and discussion. Section 4.5 concludes this study.

4.2, Literature review

4.2.1. Input-output forecasting

Studies about input-output forecasting could be clarified into two categories. One is
concerned with forecasting some external variables (or conducting simulations) by
using the benchmark input-output table series as model inputs (Marangoni and Fezzi,
2002; Jun, 2005; Fan et al., 2007; Yu et al., 2016b; S. Wang et al., 2019). The other is
about forecasting input-output tables (IOTs) through econometrics method (Zheng et
al., 2017), or scenario-based method (Beaufils and Wenz, 2022). During the procedure
of input-output forecasting, three aspects are of significance, including: (1) how to
forecast the input-output systems; (2) how to structure the forecasted trends of variables
within the input-output systems; and (3) how to validate the forecasted input-output

systems.

4.2.1.1. Methods of forecasting the input-output systems

To forecast the input-output systems, related studies use RAS method or ARIMA
method. The RAS method is used primarily for balancing an initial estimate (Wang et

al., 2015b), and further, when RAS is combined with macroeconomic data assumptions,
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the results to obtain are affected by stochastic uncertainties (Jiang et al., 2019a). The
ARIMA model depends on a large amount of data (Wang, 2013), and also requires the

mean and variance of response series are independent of time (Y.-W. Wang et al., 2018).

Besides the above-mentioned methods, there are many approaches to predicting
external variables (Li et al., 2007; Feng et al., 2012; Zeng et al., 2018), such as
regression analysis, time series analysis, grey model, and nonlinear intelligent models.
However, regression analysis is limited if there are insufficient data, or if the data are
sufficient but not follow certain distribution patterns (Ho, 2010; Belayneh and
Adamowski, 2012). Time series analysis requires a large amount of data for forecasting
and assumes a linear relationship between the dependent and independent variables
while the actual data often present nonlinear relationships (Zhang, 2003; Y.-W. Wang
et al., 2018). Grey model could not generate satisfactory predictions when data are
nonlinear and has worse curving fitting effects in case of random data (Hsu et al., 2009;
R. Wang et al., 2018; Y.-S. Wang et al., 2018). Nonlinear intelligent models depend on
a large amount of data; and also these methods need the representativeness of data sets

and model interpretability (Pao et al., 2012; J.-D. Wang et al., 2018; Zhao et al., 2022).

The Fourier-Markov model is a mathematical technique for predicting the future values
of a time series when the difference between the forecasts from basic models and initial
estimates is taken into consideration (Lin et al., 2001; Su et al., 2002). This method has
been conceived as a way of enhancing the accuracy of forecasting (Hsu et al., 2009).
However, the previous Fourier-Markov method cannot guarantee the accuracy of each
observation, cannot ensure the constant good performance when compared with its
original model that is based on, and will decrease the scope of application as its current
form is not specified in a broad manner. To address these weaknesses, we propose an
element-based Fourier-Markov (EFM) method. Also, the EFM method could be applied
regardless of whether the amount of data is large or not, which retains the advantages
of the Fourier-Markov method (Lin et al., 2001; Su et al., 2002; Hsu et al., 2009).
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Besides, the EFM method could be used in the context of short- and long-term
forecasting because the conversion matrix in the Markov process and the input
parameters of the basic module of Fourier-Markov method could be adjusted according
to the changes in future trends (Alfieri et al., 2015; Z. Zhang et al., 2021; Rahnama,
2021). Taking land use as an example, to analyse the future changes of wetlands under
the future scenario which is centred on economic construction, the conversion elasticity
coefficient of non-wetland increased, and the elasticity coefficients of other wetland
types remain unchanged. Correspondingly, the Markov transfer matrix is adjusted, the
conversion rate of each wetland type to non-wetland is set to increase by 50%, and the
mutual conversion rate of other wetland types is not changed (Z. Zhang et al., 2021).
For another example, the basic module of the Fourier-Markov method could proceed
with adaptive forecasting that suits the requirements of different planning and future
development strategies, which casts its capability of tracking both linear and nonlinear
changes in time series data, and its flexibility of directing the future trends when

temporal changes occur in practice by means of its model construct (Alfieri et al., 2015).

4.2.1.2. Methods of structuring the forecasts within the input-output systems

The ways of structuring the forecasts differ, depending on the type of the input-output
system. In detail, in the context of input-output tables (I0Ts), some studies use RAS
method to structure the forecasts (Beaufils and Wenz, 2022), and other studies use MTT
method to accomplish the structuring (Zheng et al., 2017). The estimates on the basis
of RAS method is the outcome of input-output forecasts structuring, but, as mentioned
before, RAS is used primarily for balancing an initial estimate. The weaknesses of MTT
arise when (1) final demand signs are inconsistent between the prior table and the target
table, (2) nonlinear interpolations are considered to reflect temporal changes, and (3)
there is a need for depicting the propagation relationship between Ghosh model and the
[O0T-related models. Except for these concerns, the studies above do not consider the

unfolding of final demand and value-added to demonstrate the corresponding categories.
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In detail, to trace the structure changes of final demand and value added, the exact
temporal impacts of each element of final demand and value added need to be captured,
and linked with intermediate input-outputs. The existing methods for updating the
categories of final demand and value added are primarily for balancing the initial
estimate at the aggregate level and do not emphasize economic structure changes
(Huang et al., 2008; Wang et al., 2015a). Hence, a new matrix-based linking method is
needed. The characteristics of this new method include achieving automatic and
straightforward adjustments when capturing and linking structure changes, and

reflecting linear and/or non-linear impacts over time.

In these regards, the MMTT method realizes the following contents, including (1)
probing into and then establishing a matrix-based economic structure (i.e., matrix-based
links among intermediate input-outputs, final demand and value-added); (2)
emphasizing economic structure changes over time; (3) adding up in the situation where
the final demand signs are inconsistent between the prior table and the target table; (4)
making sense regardless of whether the data assumptions are linear or nonlinear; (5)
depicting the propagation relationship between Ghosh model and the IOT-related
models; and (6) tracing structure changes of final demand and value added through the

matrix-based linking method.

When turning to the context of social accounting matrices (SAMs), current studies do
not concentrate on the structuring of input-output forecasts. But the relationships among
I0Ts, SAMs and T-accounts concept could be supportive in addressing the issue above.
Based on IOT, SAM develops into a general equilibrium data system linking economic
activities among economic agents (including endogenous and exogenous economic
accounts). Then, T-accounts show the balance between demand and supply for each
good or service over a specific accounting period (Pyatt, 1999), and are used to achieve
the fundamental characteristic of a double entry account system (Ellerman, 1986). In
the meantime, SAM is a double-entry bookkeeping table (Blancas, 2006) where it
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describes an accounting system unravelling the inter-sector connections in such a way
that, for each account, total income and total expenditure must be the same (Fernandez-
Macho et al., 2008). In these regards, MMTT in combination with T-accounts concept

could be utilized to complete the structuring of SAMs forecasts.

4.2.1.3. Methods of validating the forecasted input-output systems

Although current studies do not take into consideration the validation of input-output
forecasts, the techniques for validating updated IOTs and SAMs have been proposed.
In the context of I0Ts, matrix similarity indicators are applied to investigate the
similarities among IOTs of different versions (Steen-Olsen et al., 2016). Statistical
indicators for error estimation are utilized to understand the differences between
estimated IOTs and referenced I0Ts (Wang et al., 2015b). The Sherman-Morrison-
Woodbury formula is applied to the sensitivity analysis by studying the impacts of each
direct consumption coefficient (Wilting, 2012a). The matrix perturbation analysis is
modified to explore how environmentally extended input-output model is sensitive to
the changes of parameters (Mattila et al., 2013). Monte Carlo simulations are applied
to Leontief model to investigate uncertainties of IOTs (Wilting, 2012a), which provide

more statistical information in relation to the results.

Then, in the context of SAMs, one method explores the impacts of the row totals and
the column totals on a SAM structure (Robinson et al., 2001). But the impacts of each
element on one SAM are therefore unavailable during this process. The other approach
introduces the stochastic changes of variables to the validation procedure. But the
starting point is from the formalized problem of constrained maximization within the

context of generalized cross entropy model (Scandizzo and Ferrarese, 2015).

In these respects, how to reflect the effects of each element on the matrix-based 10T
(or SAM) structure could be a consideration in need of attention. The MMTT method,

as mentioned before, probes into and then establishes the matrix-based 10T structure,
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forming the matrix-based links among intermediate input-outputs, final demand and
value-added. Then, on the basis of the properties of a SAM and the characteristics of
the MMTT method, a matrix calculation method could be proposed to investigate and
then establish the matrix-based SAM structure. Further, with Monte Carlo simulations,
these established matrix-based structures could be used to validate the forecasts of the

input-output systems.

4.2.2. COzinventories construction

CO; inventories are constructed from the production-based perspective, which facilitate
the measures of mitigating CO; emissions (Shan et al., 2016; Y. Li et al., 2017; Shan et
al., 2018). These series of CO» inventories, for example, have detailed energy- and
process-related emissions (Shan et al., 2018). Further, the production-based CO>
inventories contributes to developing the baseline, projecting CO> emissions, assessing
the policy options, and establishing feasible mitigation targets (Y. Li et al., 2017; Chen
et al., 2017). Despite the efficacy, the production-based CO; inventories do not exhibit
the full picture of emissions (B. Zhang et al., 2018). As a supplementary,
environmentally-extended input-output models helps investigate the sector-level CO-
emissions from the consumption- and income-based perspectives, identifying the main
targets of CO> emissions mitigation measures (Chen et al., 2019). Taken together, there
is a need for translating the consumption- and income-based CO; emissions at the sector
level into the corresponding sector-level CO, inventories from past to future, in order
to complement the production-based CO; inventories in decision-making (Y. Li et al.,

2017; B. Zhang et al., 2018).

Considering the characteristics and functions of production-based CO: inventories,
consumption- or income-based CO> inventories could be formed as a detailed
decomposition of total emissions. In this sense, subsystem analysis, initially proposed

by (Sraffa, 1960), is with respect to the study of a sector or a group of sectors considered
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as a subsystem interacting with the rest of the sectors (Butnar and Llop, 2011), which
helps comprehend the importance of a particular unit to the whole economic system
(Alcantara and Padilla, 2009). There are three categories of methods for subsystem
analysis. The first approach is utilized to quantify the relations between a specific
subsystem and the rest of the whole system, which does not highlight the
interconnections induced by each sector (Butnar and Llop, 2011). Although the rest
approaches investigate the role of each sector in the whole economic system, they differ
in exploring the contributions of the internal and feedback components to the total
influences of a specific sector (Sanchez-Choliz, 2003; Alcantara et al., 2017). The idea
behind the approach in (Sanchez-Choliz, 2003) is consistent with that from (Alcantara
and Padilla, 2009), and also it finds supports in the area of structural path analysis
(Lenzen, 2007). But in the meantime, the approach in (Sanchez-Choliz, 2003) has not
been applied in the context of the supply-driven model (i.e., Ghosh model). In this
regard, the economic system is only explored by demand-driven model (i.e., Leontief
model), in which the economy-wide effects arising from final demand, rather than

primary inputs, are investigated (Andrés et al., 2021).

Despite the effectiveness of the subsystem analysis in decomposing variables, this
analytical method does not evaluate the contributions of influencing factors behind
temporal changes in the variables to decompose. To achieve the decomposition of
changes, subsystem analysis could be further combined with structural decomposition
analysis (SDA). SDA is a decomposition technique related to quantifying both direct
and indirect effects of factors on the temporal changes in variables (Zhang, 2010;
Cansino et al., 2016). In the field of CO, emissions, some studies have extended
subsystem analysis by way of SDA, but their studies consider the performance of a
group of sectors, rather than sector-specific performance (Butnar and Llop, 2011). In
this sense, it is unclear how sector-level CO2 emissions transmit throughout the

economic system. Also, this integrated model is proposed in the demand-driven case,
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without emphasizing the implications from the supply-driven model. Thus, the
decomposition of emissions changes induced by sector-level primary inputs is not

informed, thereby decreasing the scope of use in decision-making (Zhang, 2010).

In light of previous studies, we propose a procedure of input-output forecasting. During
this procedure, the input-output table series are forecasted by proposing an element-
based Fourier-Markov method, then structured through the MMTT method and T-
accounts concept, and last, validated by combining matrix calculation methods with
Monte Carlo simulations. On the basis of the forecasted table series, we construct CO>
inventories by proposing a new integrated method, that is, the combination of
subsystem analysis with SDA. With this method, CO; inventories quantify historical
and future emission channels throughout the economic system from both demand and
supply sides, and then account for the contributions of influencing factors behind

temporal changes in CO2 emission channels.

4.3. Method and data

4.3.1. Input-output forecasts

To trace the trends inherent in the economic system, the element-based Fourier-Markov
(EFM) method is proposed. To explain the EFM method, we start with the modified
Fourier correction (MFC) method with basic module. Then, we introduce the Markov
process to the MFC method. After that, we evaluate the fitness of EFM method with

typical sequences and criteria for the performance evaluation.

4.3.1.1. The MFC method with basic module

The moving average (MA) method is used as the basic module for EFM method
because MA method could track both linear and nonlinear changes in time series data

(Xiong et al., 2011). The MA method is explained as follows (Hansun, 2013).
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My =My + Ve — Ye-n) /1 4-1)

where M, is the prediction at time t, M;_ is the predicted values at time t — 1, y, is
the data point value at time t, y,_, is the data point value at time t — n, and n is the

number of data points used in the calculation.

Then, the MFC approach is to increase prediction capacity from the considered input
data sets. Compared with the previous use of Fourier series, this study proposes four
improvements: the first one is using the quotient form of residual series to maintain the
consistency between initial estimates and predictions, the second is extending the
application of Fourier series to both odd and even cases (Smith, 1999; Selesnick and
Schuller, 2000), the third is using the singular value decomposition (SVD) to attain the
coefficients of Fourier series, and the fourth is integrating the mechanism where each
element gets considered into the Fourier correction. Thus, the MFC method is explained

as follows.

E, ={E,(D),E-(2), E- (@} (4-2)

where E, is the quotient form of the residuals series, and

Er(k)zyk/yk'k=1'2""'q (4_3)

Then, the Fourier series can approximate the quotient form of residual series as follows.

ka

1 -2 -2

E, (k) =50 +Z[aicos(l Tnk) +bisin(¥k)],k =12,,9 (“-4)
i=1

where T = q, and
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%+1,if q is even
ke=v@q-v (4-5)
> +1,if q is odd

The coefficients derived from the Fourier correction approach (i.e., Q =

[ag, aq, by, Az, by, -+, g, PralT), are calculated as follows.

Q = P'E, (4—6)

where PT is the Moore-Penrose pseudo-inverse of P as follows.

1 cos (27‘[-2) sin (27:-2) cos (27:-2-2) sin (211-2-2) e cos (ka-ZTI:-Z) sin (ka-ZTt-Z) T
2 T T T T T T
1 (27t-3) (211'-3) (21‘[-2-3) . (21‘[-2-3) (ka-ZTE-B) . (ka-2n-3)
_l= cos|\— sin|—— cos sin se+ COS sin
P=|2 T T T T T T 4-7)
271'-q) . (Zn-q) (Zn-z-q) . (Zn-z-q) (ka-Zn-q) , (ka-Zn-q)
cos( T sin T cos T sin T cos T sin T |

The original prediction series can be corrected as follows.

My, = My X E.(k),k =1,2,,q (4 —8)

4.3.1.2. The establishment of EFM method

The MFC method could be adjusted when there are occurred events in future (Lin et al.,
2001; Hsu et al., 2009). To achieve this, the Markov process is introduced on the basis
of the MFC approach. With this improvement, the new mechanism where the impact of
each element on the prediction is integrated into the Fourier-Markov method, the
constant good performance when compared with its original model based on is ensured,
and the scope of application is complete when its current form is specified in a broad
manner. This is what we have termed an element-based Fourier-Markov (EFM) method.

The following is the process about how the EFM method operates.

123



Chapter 4

Similar to the MFC method in Section 4.3.1.1, the EFM method uses the quotient form
of residual series to maintain the consistency between initial estimates and predictions.
The residual errors are portioned into r equal portions called states. Each state is an
interval whose width is equal to a fixed portion of the range between the maximum and

the minimum of the whole residual error (Li et al., 2007). Let S; be the jth state.
S; €[SL;,SU)j=1,2,--,7 (4-9)

where SL; and SU; are the lower and upper boundary of the jth state, and r is the

integer portion of In(n)/In 2.
o j—1 | .
SLj = min e(t) + — (mgzx e(t) — min e(t)) (4 -10)

SU;j = mtin e(t) +£(mt61x e(t) — mtin e(t)) (4-11)

where e(t) is the quotient form of the residual error of the MFC method, t =

1,2,-,q,and j = 1,2, -, 7.

Let Pl.S.m) be the transition probability from the ith state to the jth state by m steps.

m) _ U _ -
Pl] - Ri :] - 1! 2! T (4 12)
where ng;n) is the transition times that occurred from state i to j by m steps, and R;

is the number of data belonging to the ith state.

Let Q™ = (Pt(lm), pim. ..., }}(rm)) be the row vector of transition probabilities of ith

state at m time steps. The center vector of each state is denoted by v =
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(v(D),v(2),+,v(r)), with v(j) = o x SL; + (1 — 0) x SU;.
The adjusted prediction, Mt(a), in the EFM method is given by

M = M, x Q™ v(j) (4 -13)

4.3.1.3. The performance evaluation of EFM method

To demonstrate that the EFM method has the advantages of guaranteeing the accuracy
of each observation, ensuring the constant good performance when compared with its
original model based on, and enlarging the scope of applications, five typical
subsequences and the criteria of evaluating the fitness of MA, MFC and the EFM
methods are introduced (Zeng and Li, 2016; Sun et al., 2016). During this process, 10
out of 15 samples are considered as In-Sample for building the architecture of EFM
method, and the remaining five samples of each series are considered as Out-of-Sample
for evaluating the performance of the forecaster (Zeng and Li, 2016; Saxena, 2021).

Then, the five subsequences are explained as follows.
(i). Homogenous exponential sequence
Yl:y =0.8x1.5%q=12--15
(ii). Non-homogenous exponential sequence
Y2:y=13x1.87+35¢g=12-15
(iii). Approximate non-homogenous exponential sequence

Y3:y=13x149+1.6,9q=12,--,15
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(iv). Random number sequence including fifteen data points between 40 and 80

66.4530,77.8831, 68.2308,73.0020, 79.3541,

78.3571,35.0894, 40.8045,48.9120, 58.0352,
Y4:y = ( )
69.4681,77.5767,68.9821,56.9072,79.7841

(v). Linear function sequence
Y5:y=24q+3549=12,--,15

Three criteria are used for evaluating the fitness of MA, MFC and EFM methods: the
mean square error (MSE), the absolute mean error (AME), and the mean absolute

percentage error (MAPE), which are defined as follows.

q
1
MSE == (i = 9 (4-14)
q &
i=1
1 q
AME == |y = 5 (4~ 15)
q &
i=1
1< 5
MAPEz—Z Yi yl| (4 —16)
g1 i

where y; and ¥, are the initial and predicted value of each data point, respectively.

4.3.2. Input-output forecasts structuring

To complete the structuring of input-output forecasts, the process goes through three
steps. The first is concerned with proposing MMTT to structure IOTs forecasts. The
second is about extending MMTT by a matrix-based linking method to structure the
final demand and value-added categories. Last, based on the first two steps, T-accounts

concept is applied to structure SAMs forecasts.

126



Chapter 4

Matrix transpose is used to modify MTT, which ensures that the modified MTT (MMTT)
is still a matrix calculation method emphasizing structural changes and overcomes the
three possible weaknesses of MTT (as introduced in Sections 2.1 and 2.2). Through the
MMTT method, new matrix-based links among intermediate input-outputs, final
demand and value added are tracked and established. Then, price indices are applied
directly in the new matrix-based links because MMTT is a matrix calculation method.
In this way, official IOTs (including benchmark and extended IOTs) at constant prices
are achieved. Based on the IOTs constructed at constant prices, MMTT, in combination
with linear interpolation method, is further applied to construct the IOTs at constant

prices in unreported years. Related equations are as follows.

The initial matrix input, Xy, is an (n + 1) X (n + 1) matrix with elements at current

prices:

Dy F"] (4—17)

Xo = [Vo Gy

where Dy is an n X n matrix depicting intermediate input-outputs among n sectors,
Fo represents an n X 1 matrix denoting final demand, Vy is a 1 Xn matrix

representing sector-level value added, and G is the total final demand.

We convert X, into ¥ and then transpose Y as follows.

d v
Y:[f g (#-18)

— -1 , o :
where d = (VO) Dy, v is an n X 1 matrix with each element being one, f =

-1 . o
(Go) Fy, g equals one and " represents diagonalization of the vector.

n n n
N:diag(l—z dli,l—z dZi,-.-,1—Z dm->+dT 4 -19)
i i i
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F{ =NV, (4-20)
D,=V,d (4 —21)

where D¢, Fq, V1 and G, are the intermediate input-outputs at constant prices, final
demand at constant prices, value added at constant prices, and total final demand at
constant prices respectively, and dT means the transpose of the matrix d .
Correspondingly, X, represents X, at constant prices.

X1:

Dy Fl] (4 —23)

Vi Gy

The MMTT method is further extended to capture the structure changes of final demand
and value added by proposing a matrix-based linking method. First, the matrix-based
linking method starts from the final demand and value added derived from the results
of the MMTT method. Since this linking method is matrix-based, the links between the
categories of final demand (or value added) and intermediate input-outputs are
established in a direct and deterministic manner. Then, this matrix-based linking
method investigates and then establishes the matrix-based structures of final demand
(or value added), allowing positive and negative categories of final demand (or value
added). Subsequently, the exact temporal impacts of each element of final demand and
value added are calculated; meanwhile, the matrix-based structures are consistent with
the results from the MMTT method. The characteristics of this matrix-based linking
method include achieving automatic and straightforward adjustments when capturing
and linking structure changes, and reflecting linear and/or non-linear impacts over time.

Related equations are as follows.
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wUup, (@)™ if u, #0
uw,w, if u, =0

Ucategory - { (4 - 24)

U= [Ug, g (4 - 25)

(4 - 26)

Wi = [ (4 —27)

where Ucqeegory denote the categories of final demand (or value added) on the basis
of the MMTT method and the matrix-based linking method, uy, is the vector for the
sum of positive and negative values of final demand (or value added) updated by the
MMTT method, u, is the vector for the sum of positive and negative values of final
demand (or value added) to update, u,, is the vector for the difference of positive and
negative values of final demand (or value added) to update, U? is the vector for the

sum of positive values of final demand (or value added) to update, Uy is the vector for
the sum of negative values of final demand (or value added) to update, ug is the vector

for the updated share of each positive final demand (or value added) category in total
positive final demand (or value added), ug is the vector for the updated share of each
negative final demand (or value added) category in total final demand (or value added),

d

and the new elements added at the end of ug (u?) are zeros to form the complete u,

(uf) when the dimensions of ug and u? are different.

Then, w,, is calculated as follows.

w,w, =w lw, (4 —28)
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. 1 -1
where w is the matrix [ 1 1 ]
The constructed IOTs need to be converted to noncompetitive IOTs by quantifying the
impacts of imports on IOTs. Following the study (Su and Ang, 2013), the impacts of
imports are distributed proportionally to the intermediate input-outputs and final

demand categories, which is based on the import ratios as follows.
. -1\
M = diag (D1 + Feategory + IM — EX)" ) IM (4 — 29)

where M is an n X n matrix denoting the import ratios, Fcgsegory are final demand

categories, IM are imports, and EX are exports.

Except for the forecasted IOTs, the economic accounts included in the SAM framework
are forecasted based on the element-based Fourier-Markov (EFM) method, and then

using T-accounts concept is to arrange IOTs and forecasted accounts.

4.3.3. Input-output forecasts validation

To validate one forecasted IOT, the process is achieved by the combination of MMTT,
which i1s introduced in section 4.3.2, with Monte Carlo simulations. To validate one
forecasted SAM, the process concerning the new matrix calculation method include
three steps. First, according to SAM structure, X, an m X m matrix, is composed of
the economic transactions (i.e., the expenditure and receipt accounts of m economic

agents) within a SAM and is thus expressed as follows.

(4 — 30)

X11 xlm]

Xm1 " Xmm

Second, a matrix for the renewed MTT is constructed as follows.
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Y X ,
Z= [ r 4-31
X, ( )
where Z isan (m+ 1) X (m + 1) matrix, Y is an m X m matrix with each element
calculated through dividing the first (m — 1)th elements of each row of X by the
mth element of that row of X, X;,,, is the mth column vector of X, X,,,; is the mth

row vector of X, and U equals to zero.

Third, based on the constructed matrix Z, the matrix-based structure is formed and

combined with Monte Carlo simulations, which is expressed as follows.

V =diag(Y"®*d) + diag(I) — (YM)Tdiag(d) (4 —32)
XMES — yxMCs (4 —33)
XMCS = diag(XMCS)ymes (4— 34)
xMcs xlfs x’l"nfs
XM = [XMCSI (4 —35)
where YMCS is Y in Monte Carlo simulations, I is the identity vector, d is the

identity vector with its mth element equalling to zero, Xs €S is X,y in Monte Carlo

simulations, X/t is X;,, in Monte Carlo simulations, X153 is the matrix derived

y111VICS :

from the matrix of XM by including the first (m — 1) rows and columns, is

the matrix derived from the matrix of Y¢S by including the first (m — 1) elements,
XMCS is X in Monte Carlo simulations, and diag represents the diagonalization of a

vector.

Then, the uncertainty is measured by using the 2.5th and 97.5th percentiles of the data

(Luetal.,2011; Pinder et al., 2012; Lauerwald et al., 2015; Su et al., 2015; Ayarzagiiena
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et al., 2020), which represent the upper and lower bounds, respectively. To compare the
variations in the uncertainty over time, a Z-score measurement (i.e., a value minus the
population mean, divided by the population standard deviation) is needed. This
measurement describes a value’s relation to the mean of the data (i.e., a group of values)

and is used to compare different datasets.

4.3.4. A subsystem analysis in demand- and supply-driven contexts

The CO; inventories are constructed on the basis of historical and forecasted input-
output systems (Cardenete et al., 2012), each system being applied in the contexts of
demand-driven and supply-driven models (Zhang, 2010). The demand-driven model
records how the production activity pull itself and other sectors to generate emissions,
while the supply-driven model shows how the production activity push itself and other
sectors to emit emissions (Andrés et al., 2021). In the context of the demand-driven
model, to calculate CO; emissions, the solution of this input-output system is extended

environmentally.

e=c(I-A)Y =cLY (4 — 36)

where e is a n X 1 vector of total CO; emissions, ¢ is a 1 X n vector of carbon
emission coefficients, (I —A)~! (i.e., L) is the Leontief inverse matrix, and ¥ is the

diagonalization of final demand vector.

The new subsystem analysis of the environmentally-extended model is explained as

follows:

e; = ¢;y; + ¢;(AuLi)y; + ¢;(AyLji)y: + ¢;Lyy; (4—137)
—— —_—
DIR; INT; FEB; SPI;

where DIR; (i.e., the direct component) is the direct CO> emissions induced by the

final demand of sector i, INT; (i.e., the internal component) is the CO2 emissions
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generated in sector I to produce the inputs which are used by itself to obtain its final
demand, FEB; (i.e., the feedback component) is the CO> emissions generated in sector
i to obtain the inputs which it sells to other sectors and which these sectors require to
obtain the inputs that sector i purchases from them in order to produce its final demand,
and SPI; (i.e., the spillover component) is the CO> emissions generated in other

sectors to produce the inputs that are used by sector i.

In the context of the supply-driven model, the solution of this environmentally-

extended input-output system is as follows.

k=V(I-H)'c =VGc (4 —38)

where k isa n X 1 vector of total CO;, emissions, V is the diagonalization of primary
inputs, (I — H)™! (i.e., G) is the Ghosh inverse matrix, and ¢’ is a n X 1 vector of

carbon emission coefficients.

Then, the corresponding new subsystem analysis model is explained as follows:

ki = 'lﬁf} + vi(HiiGii)ci + ViHijGjiCi + v,-Gijc]- (4 — 39)
DIR; INT; FEB; SPI;

where DIR; (i.e., the direct component) is the direct CO> emissions induced by the
primary inputs of sector i, INT; (i.e., the internal component) is the CO> emissions
generated when allocating the primary inputs of sector i to its own production, FEB;
(i.e., the feedback component) is the CO> emissions generated in sector i during the
procedure of distributing the inputs used for subsequent returns from other sectors, and
SPI; (i.e., the spillover component) is the CO> emissions generated in other sectors to

obtain the inputs when sector i initiated its productive activity.

4.3.5. Structural decomposition analysis extending the subsystem analysis
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On the basis of the decomposition results derived from the subsystem analysis, SDA
further explores the influencing factors behind the temporal changes in the components
(including direct, internal, feedback and spillover components), which is expressed as

follows.

Ae;(Ak;) = ADIR; + AINT; + AFEB; + ASPI, (4 — 40)

where Ae;(Ak;) are changes in sector-level CO; emissions based on the demand-
driven model (or the supply-driven model), each of the four terms (including ADIR;,
AINT;, AFEB; and ASPI;) represents the changes in a specific component of the CO>

emissions for sector i.

Subsequently, the aforementioned equations are further decomposed as follows,

according to the calculation of the new subsystem models proposed in Section 4.3.4.

ADIR; = AE; + AY;(AV)) (4 —41)
AINT; = AE; + Al + AY(AV)) (4 —42)
AFEB; = AE; + AF; + AY;(AV;) (4 —43)
ASPI; = AE; + AS; + AY(AV)) (4 — 44)

where AE; is the contributions of carbon emission intensity (i.e., emissions per unit of
output) to each of all components with the exception of the spillover component, AE;
is the contributions of carbon emissions intensities of all sectors except sector i to the
spillover component, AY;(AV;) is the contributions of final demand (or value-added)
to each of all the components, Al; is the contributions of the technological level of
sector i to the internal component, AF; is the contributions of sector-level

technological levels to the feedback component, and AS; is the contributions of the
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inter-sector technological levels (or the inter-sector allocation relations) of all sectors
except sector i to the spillover component in demand-driven (or supply-driven) model.
To achieve this decomposition, the average of two polar decompositions is utilized in

the study (Dietzenbacher and Los, 1998).

In view of the logic of the decomposition procedure, a CO> inventory could be
constructed by quantifying the importance of carbon emissions intensity, technological
levels and final demand (or value-added) to each component of total CO> emissions,
which is detailed in Table 1. According to Table 1, there are 11 items to capture the
influencing factors behind the temporal changes in CO; emissions for each sector.
Besides, the CO; inventories are clarified into four categories according to the type of
the input-output system (i.e., [OT or SAM) and the type of applied model (i.e., demand-
driven model or supply-driven model). Further, to conduct the sector-level analysis of
CO; inventories, the perspectives are from the maximum and minimum contributions
of factors to CO2 emissions changes, which demonstrate the lower and upper bounds
of the sectoral impacts for each influencing factor. Thus, the sector-level analysis is
conducted by comparing both the inter-sector and cross-sector results. In this way, the
sector-specific experience in relation to CO2 emission mitigation could facilitate the
emissions reduction of the input-output system across all sectors (Chang, 2015; Wei et

al., 2017).

Table 4-1 A CO» inventory framework within input-output systems

Direct component Initial component Feedback component Spillover component

AE;  AY(AV)  AE Al AY(AV)  AE AF  AY(AV)  AE; AS  AY(AV)

Sector 1

Sector 2

Sector n
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4.3.6. Data

Three datasets are used in this study: time-series IOTs from 1997 to 2020, time-series
SAMs from 1997 to 2020, and CO;-related data. CO2 emissions from 1997 to 2020 are
calculated based on energy consumption, cement production and emission factor data.
Energy consumption and cement production data are from China’s National Bureau of
Statistics, and emissions factor data are according to (Shan et al., 2018). Besides, the
forecasts from 2021 to 2025, related to input-output systems and CO> emissions, are on

the basis of the aforementioned three datasets from 1997 to 2020.

4.4. Results and discussion

4.4.1. Input-output forecasts validation
4.41.1. The performance evaluation of the EFM method

The simulative and predictive MSE of the EFM method obtains the best fitness,
regardless of whether data are in-sample or out-of-sample. According to Table 4-2, for
the in-sample group of typical sequences (i.e., Y1 to Y5), the MSE of MA method is
1.08e+02, 1.34e+04, 6.33e+01, 1.02e+02, and 1.61e+01. At the same time, the MFC
method improves the performance of MA method: for the same sample group, the MSE
of MFC method 1s 8.59¢e-29, 2.98e-27, 2.88e-29, 1.87e-27, and 6.86e-29. Then, the
EFM method further enhances the performance of MFC method in this sample group.
That is, the MSE of EFM method is 8.53e-29, 2.97e-27, 2.49¢e-29, 1.16e-27, and 5.88e-
29. Similarly, when the out-of-sample group is considered, the EFM method
outperforms the MA and MFC methods. For example, as shown in Table 2, the MSE of
EFM method is 1.62e-28 for sequence Y1, which is higher than those of MA (3.75e+04)

and MFC (4.34e-04) methods. This result is confirmed in the cases of Y2 to Y5.

Compared with the MA and MFC methods, the EFM method performs best in terms of
the AME for both in-sample and out-of-sample data. According to Table 4-2, for in-

sample data of typical sequences (i.e., Y1 to Y5), the AME of MA method is 6.92e+00,

136



Chapter 4

6.73e+01, 5.60e+00, 6.55e+00, and 3.36e+00. For the same data, the AME of MFC
method attains the lower value and it is 6.02e-15, 2.29¢-14, 3.64e-15, 3.41e-14, and
6.48e-15; the AME of EFM method obtains the lowest value and it is 5.75e-15, 2.20e-
14, 3.02e-15, 2.70e-14, and 5.42¢-15. Furthermore, as for the out-of-sample data, the
AME of EFM method is lower than those of MA and MFC methods, which shows the
best performance of EFM method. For instance, the AME of sequence Y1 using EFM
method is 5.68e-15, which is lower than those using MA (1.66e+02) and MFC (1.83e-

02) methods. This finding is also consistent with the results of Y2 to Y5.

In comparison with MA and MFC methods, the EFM method attains the best
performance in light of MAPE in both in-sample and out-of-sample data. According to
Table 4-2, for the in-sample data of typical sequences, the MAPE of MA method is
3.72e-01, 4.26e-01, 2.89¢-01, 9.71e-02, and 1.76e-01. The MFC method improves the
performance of MA method, and its MAPE for in-sample data is 6.00e-16, 4.68e-16,
3.71e-16, 5.23e-16, and 4.56e-16. Further, the EFM method demonstrates the best
performance and its MAPE is 3.90e-16, 3.16e-16, 1.89e-16, 4.33e-16, and 2.84e-16.
These results are in the consistency with those for out-of-sample data: the EFM method
possesses the best fitness. For example, the MAPE of EFM method for sequence Y1 is
3.65¢-17 which is lower than those of MA (8.76e-01) and MFC (1.00e-04) methods.

To illustrate the best performance of the EFM method, CO> emissions are taken as an
example. According to Table 4-3, for in-sample series, the MSE of COz emissions by
using EFM method is lower than those by using MA and MFC methods. For instance,
as far as sector 1 is considered, its MSE of EFM method is 1.56e-26, which is lower
than those of MA (1.33e+02) and MFC (1.61e-26) methods. The same conclusion is
also shown in in-sample series in terms of AME and MAPE. Taking sector 1 as example,
its AME of EFM method is 9.91¢-14 lower than those of MA (8.46e+00) and MFC
(1.01e-13) methods; its MAPE of EFM method is 1.33e-15 lower than those of MA
(1.36e-01) and MFC (1.35e-15) methods. Then, for out-of-sample series, the EFM
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method possesses the lowest MSE when compared with MA and MFC methods. For
instance, as for sector 1, the MSE of EFM method is 2.83e-28 lower than those of MA
(8.21e+01) and MFC (9.28e-05) methods. Simultaneously, the EFM method has the
lowest value of AME and MAPE when in contrast with MA and MFC methods. For
example, for sector 1, the AME of EFM method is 1.42e-14 lower than those of MA
(7.71e+00) and MFC (9.62¢-03) methods; the MAPE of EFM method is 1.51e-16 lower
than those of MA (7.80e-02) and MFC (1.00e-04) methods.
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Table 4-2 Comparisons of simulation/prediction error of three models

MA method MFC method EFM method
Sequence
MSE AME MAPE MSE AME MAPE MSE AME MAPE
In-sample
Y1 series 1.08e+02 6.92e+00 3.72e-01 8.59¢-29 6.02e-15 6.00e-16 8.53e-29 5.75e-15 3.90e-16
Y2 series 1.34e+04 6.73e+01 4.26e-01 2.98e-27 2.29¢-14 4.68e-16 2.97e-27 2.20e-14 3.16e-16
Y3 series 6.33e+01 5.60e+00 2.89¢-01 2.88e-29 3.64e-15 3.71e-16 2.49¢e-29 3.02e-15 1.89e-16
Y4 series 1.02e+02 6.55e+00 9.71e-02 1.87e-27 3.41e-14 5.23e-16 1.16e-27 2.70e-14 4.33e-16
Y5 series 1.61e+01 3.36e+00 1.76e-01 6.86e-29 6.48e-15 4.56e-16 5.88e-29 5.42e-15 2.84e-16
MA method MFC method EFM method
Sequence
MSE AME MAPE MSE AME MAPE MSE AME MAPE
Out-of-
sample
Y1 series 3.75e+04 1.66e+02 8.76e-01 4.34e-04 1.83e-02 1.00e-04 1.62e-28 5.68e-15 3.65e-17
Y2 series 2.13e+07 3.62e+03 9.42e-01 2.22e-01 3.74e-01 1.00e-04 2.22e-01 3.74e-01 1.00e-04
Y3 series 1.26e+04 9.91e+01 8.15e-01 1.65e-04 1.17e-02 1.00e-04 1.62e-28 5.68e-15 2.79e-17
Y4 series 6.38e+01 6.48e+00 9.75e-02 5.04e-05 7.05e-03 1.00e-04 1.50e-05 2.88e-03 3.94e-05
Y5 series 1.99¢+02 1.37e+01 3.91e-01 1.22e-05 3.47e-03 1.00e-04 1.04e-05 2.87e-03 8.00e-05
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Table 4-3 Comparisons of simulation/prediction error of three models in the case of CO> emissions

S MA method MFC method EFM method
cctor MSE AME MAPE MSE AME MAPE MSE AME MAPE
In-sample
s1 133¢+02  8.46¢+00 1.36e-01 1.61e-26 1.0le-13 1.35¢-15 1.56e-26 9.91c-14 1.33e-15
2 3 44602 1 28¢+01 1.45¢-01 2.84¢-26 1.13¢-13 1.47¢-15 2.84¢-26 1.13¢-13 1.47¢-15
s3 1.49¢+01 3.04¢+00 7.20¢-02 4.38¢-27 5.27c-14 1.25¢-15 4.38¢-27 5.27c-14 1.25¢-15
S4 1.37¢+01 2.25¢+00 1.36¢-01 1.12¢-27 2.36¢-14 1.55¢-15 1.12¢-27 2.36¢-14 1.55¢-15
S5 4.75¢+00 1 74e+00 1.27¢-01 5.660-28 1.76¢-14 1.33¢-15 5.66¢-28 1.76¢-14 133¢-15
S6 131e+02  8.03¢+00 9.59¢-02 2.04¢-26 1.10e-13 1.41e-15 2.00e-26 1.05¢-13 133¢-15
s7 347401 421e+00 1.13¢-01 3.67¢-27 4.96¢-14 1 44e-15 3.50¢-27 4.66¢-14 1.35¢-15
S8 2.67¢+00 1.18¢+00 1.22¢-01 2.45¢-28 1.28¢-14 1.53¢-15 2.45¢-28 1.28¢-14 1.53¢-15
59 2.61e+00 1.20e+00 1.13¢-01 3.50¢-28 1.47c-14 1.47¢-15 3.50¢-28 1 47c-14 1 .47¢-15
510 4.11e+01 5.16e+00 1.27¢-01 4.89¢-27 5.63¢-14 1.50e-15 4.89¢-27 5.63¢-14 1.50e-15
s11 1.81e+02 1.12¢+01 1.11e-01 3.58¢-26 1.38¢-13 133e-15 3.54¢-26 1 34e-13 1.23¢-15
S12 130e+03  2.65¢+01 1.40e-01 1.88¢-25 3.19¢-13 1.45¢-15 1.82¢-25 3.03¢-13 1.35¢-15
513 1.55¢+04 1.02¢+02 1.20e-01 3.06¢-24 1 24e-12 1.40e-15 3.03¢-24 120e-12 1.30e-15
S14 3.63¢+04 1.57¢+02 1.46e-01 5.75¢-24 1.62¢-12 1.39-15 5.72¢-24 1.58¢-12 1.29¢-15
S15 4.60e+00 1.60e+00 1.05¢-01 5.45¢-28 1.94¢-14 1.40e-15 5.45¢-28 1.94¢-14 1.40e-15
S16 5.95¢+01 6.026+00 1.91e-01 3.91¢-27 4.65¢-14 1.62¢-15 3.91¢-27 4.65¢-14 1.62¢-15
$17 2.98¢+00 1.33e+00 1.04¢-01 4.14¢-28 1.68¢-14 1.40e-15 3.94¢-28 1.58¢-14 1.32¢-15
518 5.70¢+00 1.67¢+00 8.60¢-02 1.14¢-27 2.66¢-14 1.43¢-15 1.14¢-27 2.66¢-14 143¢-15
519 3.18¢+00 1.31e+00 1.40e-01 2.49¢-28 132¢-14 1.59-15 2.40e-28 125¢-14 1.49¢-15
$20 1.35¢+00 8 34¢-01 1.49¢-01 6.94¢-29 7.11¢-15 1.47¢-15 6.94¢-29 7.11¢-15 1.47¢-15
s21 3.80¢-02 1.41e-01 1.12¢-01 3.55¢-30 1.64e-15 1.4le-15 3.55¢-30 1.64e-15 1.4le-15
$22 2.05¢+00 8.90¢-01 2.07¢-01 9.82¢-29 7.81e-15 1.26e-15 8.16¢-29 6.87¢-15 1.19-15
$23 138¢+05  3.05¢+02 1.22¢-01 2.49¢-23 3.43¢-12 131e-15 2.47¢-23 331e-12 1.20e-15
S24 1.06¢+00 7.07¢-01 2.63¢-01 3.02¢-29 4.38¢-15 1.35¢-15 3.02¢-29 4.38c-15 1.35¢-15
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S25 7.90e-03 6.92¢-02 1.17e-01 9.82e-31 8.44¢-16 1.39¢-15 9.29¢-31 7.92e-16 1.29¢-15
526 1.29e+01 2.90e+00 8.90e-02 2.98¢-27 4.0le-14 1.27e-15 2.94¢-27 3.87e-14 1.18e-15
S27 3.53e+03 5.25e+01 1.35¢-01 6.34e-25 5.50e-13 1.33e-15 6.32e-25 5.40e-13 1.25¢e-15
528 5.17e+01 5.92e+00 1.01e-01 1.18e-26 7.74e-14 1.31e-15 1.17e-26 7.52e-14 1.23e-15
529 1.81e+02 1.15e+01 9.74e-02 4.04e-26 1.46e-13 1.22e-15 4.04e-26 1.46e-13 1.22e-15
S30 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
S31 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
532 1.17e+02 8.60e+00 6.73e-02 3.70e-26 1.50e-13 1.21e-15 3.54e-26 1.41e-13 1.13e-15
S33 2.91e+02 1.38e+01 8.79¢-02 6.52e-26 1.95e-13 1.30e-15 6.37e-26 1.86e-13 1.22e-15
534 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
MA method MFC method EFM method
Sector MSE AME MAPE MSE AME MAPE MSE AME MAPE
Out-of-
sample
S1 8.21e+01 7.71e+00 7.80e-02 9.28e-05 9.62e-03 1.00e-04 2.83e-28 1.42e-14 1.51e-16
S2 4.53e+03 6.65¢+01 1.28e+00 3.27¢-05 5.62¢-03 1.00e-04 2.33e-05 4.25e-03 8.00e-05
S3 2.78e+01 5.15e+00 1.32e-01 1.55e-05 3.93e-03 1.00e-04 0.00e+00 0.00e+00 0.00e+00
S4 1.06e+02 1.02¢+01 8.07e-01 1.68e-06 1.29¢-03 1.00e-04 1.21e-06 9.83e-04 8.00e-05
S5 2.45e+01 4.69¢+00 3.71e-01 1.81e-06 1.34¢-03 1.00e-04 1.51e-06 1.09¢-03 8.00e-05
S6 1.66e+03 3.83e+01 7.37e-01 3.83e-05 6.02e-03 1.00e-04 2.51e-05 4.39¢-03 8.00e-05
S7 5.95e+02 2.38e+01 2.09¢+00 2.42e-06 1.45e-03 1.00e-04 0.00e+00 0.00e+00 0.00e+00
S8 4.70e+01 6.59¢+00 3.33e+00 1.45e-07 3.25e-04 1.00e-04 9.86¢-33 4.44e-17 3.6le-17
S9 8.59¢+01 9.06e+00 3.57e+00 1.70e-07 3.61e-04 1.00e-04 1.15e-07 2.24e-04 6.00e-05
510 6.85e+02 2.54e+01 1.43e+00 5.04e-06 2.14e-03 1.00e-04 6.31e-31 3.55e-16 2.32e-17
S11 4.13e+02 1.58e+01 9.69¢-02 2.35e-04 1.52e-02 1.00e-04 2.34e-05 3.65e-03 2.50e-05
512 1.08e+04 8.77e+01 5.40e-01 4.65¢-04 2.08e-02 1.00e-04 1.77e-04 1.01e-02 6.00e-05
513 1.87e+04 1.26e+02 1.12¢-01 1.33e-02 1.15e-01 1.00e-04 1.03e-26 4.55¢-14 3.94e-17
514 1.57e+04 9.69¢+01 5.05e-02 3.41e-02 1.84e-01 1.00e-04 9.54e-03 6.94e-02 3.67e-05
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S$15
516
S17
518
S$19
$520
S$21
S22
S23
S24
S25
S$26
S$27
528
S$29
S$30
531
532
533
534

7.66e+01
4.23e+02
6.85e+01
2.11e+02
4.67¢+01
1.17e+00
5.57e-01
5.14e+00
4.00e+05
4.12e+00
5.46e-02
2.07e+01
1.80e+04
1.44e+02
1.18e+02
0.00e+00
0.00e+00
4.78e+02
5.57e+03
0.00e+00

8.19e+00
1.99¢+01
7.89¢+00
1.41e+01
6.71e+00
1.05e+00
7.23e-01
1.89¢+00
5.65e+02
1.80e+00
2.15e-01
4.31e+00
1.32e+02
1.05e+01
8.30e+00
0.00e+00
0.00e+00
1.74e+01
7.39e+01
0.00e+00

4.29¢-01
1.34e+00
2.27e+00
1.90e+00
2.94e+00
2.95e-01
2.05e+00
3.70e-01
1.24e-01
6.59¢-01
6.47¢-01
9.45e-02
1.85e-01
1.55e-01
4.93¢-02
0.00e+00
0.00e+00
9.88e-02
2.77e-01
0.00e+00

4.87e-06
3.44e-06
3.31e-07
9.92e-07
1.11e-07
1.35e-07
2.47e-09
3.00e-07
1.95e-01
1.15e-07
1.62e-09
2.05e-05
5.10e-03
5.55e-05
2.64e-04
0.00e+00
0.00e+00
2.81e-04
7.08e-04
0.00e+00

2.06e-03
1.76e-03
5.12e-04
9.36e-04
3.01e-04
3.66e-04
4.57e-05
5.03e-04
4.40e-01
3.00e-04
3.92e-05
4.52e-03
7.14e-02
7.39e-03
1.62e-02
0.00e+00
0.00e+00
1.67e-02
2.66e-02
0.00e+00

1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
1.00e-04
0.00e+00
0.00e+00
1.00e-04
1.00e-04
0.00e+00

2.73e-07
0.00e+00
2.22¢-07
1.42¢-30
2.28e-08
0.00e+00
1.26e-09
1.17e-07
1.95e-01
5.74e-09
1.24e-09
9.01e-06
2.38e-03
1.53e-05
1.19¢-04
0.00e+00
0.00e+00
1.57e-04
7.08e-04
0.00e+00

4.33e-04
0.00e+00
3.64e-04
8.88¢e-16
1.16e-04
0.00e+00
3.02e-05
2.61e-04
4.40e-01
5.99¢-05
3.05e-05
2.37e-03
3.87e-02
2.47e-03
8.59¢-03
0.00e+00
0.00e+00
1.07e-02
2.66e-02
0.00e+00

2.50e-05
0.00e+00
8.00e-05
1.38e-16
6.00e-05
0.00e+00
8.00e-05
4.90e-05
1.00e-04
2.50e-05
8.00e-05
5.23e-05
5.32e-05
3.17e-05
5.32e-05
0.00e+00
0.00e+00
6.67e-05
1.00e-04
0.00e+00
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4.4.1.2. The uncertainty of input-output forecasts

The uncertainty level of the forecasted IOTs remains stable and level from 2021 to 2025.
In detail, at the aggregate level, the Z-scores of the upper bounds of the uncertainty are
around 1.945 and the Z-scores of the lower bounds of the uncertainty are about -1.952
from 2021 to 2025. At the sector level, the distribution of Z-scores is stable, and the Z-
scores exhibit positively skewed distributions as the median values are less than the
mean values. In the meantime, some sectors and sector transactions exert larger impacts
on the distribution (Figure 4-1a). For example, the sector contributing most to the
uncertainty is sector 12 (Manufacture of Chemicals and Chemical Products). Also, the
sector transaction generating most influence is from sector 12 (Manufacture of
Chemicals and Chemical Products) to sector 12 (Manufacture of Chemicals and
Chemical Products). Similarly, the uncertainty level of the forecasted SAMs stays level
between 2021 and 2025. To illustrate, at the aggregate level, the Z-scores of the upper
bounds of the uncertainty achieve about 1.945 and the Z-scores of the lower bounds
reach about -1.950 from 2021 to 2025. At the sector level, the distribution of Z-scores
is steady, and the Z-scores present positively skewed distributions (Figure 4-1b).
Meanwhile, some economic activities and economic transactions have larger impacts
on the distribution. For instance, the economic activity contributing most to the
uncertainty is economic activity 46 (Urban Household Account). Also, the economic
transaction with most influence is from economic activity 51 (Others Account) to 43

(Labour Factor Account).
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Figure 4-1 Uncertainty analyses of the forecasted input-output systems

4.4.2. The overview of CO: inventories from 1997 to 2025

The CO; inventories are clarified into four categories, which depict the contributions
of 11 influencing factors behind temporal changes in sector-level CO> emissions
transmitting throughout the IOT- and SAM-related production systems in the contexts
of demand- and supply-driven models. In the meantime, the CO; inventories span a
period of time from 1997 to 2025, describing the past from 1997 to 2020 and the
forecasts from 2021 to 2025. According to Table 1, each CO> inventory is in a uniform
format and is a n * 11 matrix. In the row direction, there are 11 items to inform the
contributions of 11 influencing factors to the emissions changes of each sector. In the
column direction, the emissions changes arising from each of the aforementioned 11

items are distributed among n sectors.

4.4.3. Contributions of components to CO2 emissions

In the context of the demand-driven IOT model, the spillover component contributed
most to CO2 emissions from 1997 to 2020 and is expected to continue the tendency
between 2021 and 2025 (Figure 4-2a). In the meantime, CO, emissions from all

components except the spillover component tend to reach a plateau from 2020 onwards
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(Figure 4-2a). For example, the share of the spillover component’s contribution in total
CO; emissions increased from 83% in 1997 to 86% in 2020, and in 2025 the spillover
component is forecasted to generate 86% of total CO2 emissions. These results indicate
that most CO> emissions were generated and are projected to be generated because of
the interconnections among sectors (i.e., the true polluting backward linkages that a
specific sector produces in the other sectors of the economy) (Sanchez-Choliz, 2003).
In this regard, it is necessary to continue and update the supply chain management in
moderating the level of CO2 emissions (Gui et al., 2014; Yuan et al., 2018; J. Li et al.,
2018; C.-W. Sun et al., 2020). For instance, it is achievable to select suppliers with the
provision of products with low-carbon labels to promote low-carbon technologies (J.

Liet al., 2018; Wen and Wang, 2019).

(a) Demand-driven IOT model (b) Supply-driven 10T model
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Figure 4-2 Contributions of components to CO> emissions within IOT-related system

On the contrary, in the supply-driven IOT model, although the spillover component
contributed and is excepted to contribute most to total CO2 emissions, the gap between
the spillover component and the direct component remained is excepted to remain
smaller than that in the demand-driven IOT model (Figure 4-2b). For example, the gap

was 9% in 1997, increased to 14% in 2020 and is projected to reach 13% in 2025. These
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results indicate besides the importance of spillover component, the [OT-related
production system generated and is projected to generate a large amount of CO>
emissions without depending on the linked production activities. Therefore, not only
are the interconnections among sectors crucial, but the role of direct supply is also vital
for CO; emissions reduction. For example, fostering the low-carbon concept at the start
of supply chains, and using low-carbon raw materials could promote low-carbon
outputs (Xie et al., 2017; Wen and Wang, 2019). In the meantime, improving the
efficiency of primary inputs by training, and relocating the primary inputs from high to
low carbon-intensive sectors, could be feasible during the eco-friendly production

process (Jawad Sajid et al., 2021; Song et al., 2020).

Based on the SAM-related models, the spillover component remained and is projected
to remain the largest component of total CO> emissions (Figure 4-3a), which is
consistent with the findings using the IOT-related models. In detail, in the demand-
driven SAM case, the share of spillover component was 94% in both 1997 and 2020.
In 2025, this component is projected to reach 93% of total CO2 emissions. In the supply-
driven SAM case, the spillover component generated 84% of total CO> emissions in
1997 and 86% of total emissions in 2020. And then it is expected to contribute

generating 84% of total CO2 emissions in 2025.
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(a) Demand-driven SAM model (b) Supply-driven SAM model
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Figure 4-3 Contributions of components to CO2 emissions within SAM-related system

But at the same time, in the context of supply-driven SAM model, the contributions
from all components except the spillover component were small and are projected to
continue this trend (Figure 4-3b), which is different from the results using the supply-
driven IOT model. For instance, the shares of all components with the exception of the
spillover component were 12%, 2% and 2% respectively in 1997. Then, the rates were
severally 10%, 3% and 1% in 2020. And in 2025, they are forecasted to reach 12%, 3%
and 1%, respectively. Also, the share of the spillover component derived from the SAM-
related models is larger than that according to the calculation of IOT-related models. In
summary, these results indicate that within the SAM framework, most CO2 emissions
are transmitted by means of the interdependence among production and distribution
activities (Cardenete et al., 2012; Y.-Z. Li et al., 2018), which deserves more attention

regarding CO: emissions reduction (Wood, 2009).

4.4.4. Contributions of factors to CO2 emissions changes

In the context of the demand-driven IOT model, the final demand was the largest
determinant of CO, emissions increases for most of the years from 1997 to 2020, and

it is expected to continue its effects from 2021 onwards (Figure 4-4a). In the meantime,
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the impacts from inter-sector technological levels and emissions intensities of upstream
sectors fluctuated between 1997 and 2020. The former is forecasted to make small
contributions to CO; emissions decreases from 2021 to 2025 during which the latter is
predicted to make larger contributions to CO> emissions decline (Figure 4-4a). These
results imply that it is of necessity to advocate sustainable consumption and to optimize
final demand structure (Butnar and Llop, 2011; Yang et al., 2015b; Yuan and Zhao,
2016; Q.-P. Li et al., 2021). Also, exploiting the potentials of inter-sector technological
levels and emissions intensities of upstream sectors in CO> emissions reduction is of
importance (Lim et al., 2009). For example, to improve the inter-sectoral technological
innovation, measures, such as carbon footprint label certification, carbon tax and
reports concerning emissions from upstream activities, could be effective (J. Li et al.,
2018). For another example, the potentials of emissions intensities of upstream sectors
could be derived from the optimization of fuel mix and the enhancement of energy

efficiency (Gui et al., 2014; J. Li et al., 2018).
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Figure 4-4 Contributions of factors to CO; emissions changes within IOT-related

system

When it comes to the supply-driven IOT model, the value-added contributed most to
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CO; emissions increases between 1997 and 2020 and is forecasted to continue the trend
from 2021 to 2025 (Figure 4-4b). Meanwhile, the impacts of inter-sector allocation
relations on CO; emissions increases fluctuated during 1997-2020 and are predicted to
make small contributions to CO> emissions decreases starting from 2021. In addition,
the effects of emissions intensities experienced fluctuations between 1997 and 2020,
and are expected to continue decreasing CO> emissions from 2021 to 2025 compared
with the level of the impacts of emissions intensities during 1997-2020. These results
imply that to mitigate CO> emissions, more attentions could be drawn to reducing the
impacts from primary inputs and inter-sector allocation relations (Wood, 2009), and to
exploiting the potentials of emissions intensities in decreasing CO2 emissions (Lim et
al., 2009). For instance, CO2 emissions reduction measures for sectors whose primary
inputs induce large downstream CO; emissions could include decreasing subsidies,
increasing revenue tax, regulating product prices, and restricting loan supply. Also,
providing additional supports, such as financial intensives, for selling products on low-
carbon users is needed. In addition, optimizing fuel mix, and enhancing energy
efficiency, could be feasible in terms of CO2 emissions alleviation (Zhang, 2010; Gui

et al., 2014; Liang et al., 2017; J. Li et al., 2018).

Using the demand-driven SAM model, the results show that final demand has been the
most important influencing factor contributing to CO> emissions increases for most
years since 1997, and is forecasted to continue this trend from 2021 to 2025 (Figure 4-
5a). But at the same time, the impacts of emissions intensities of upstream sectors
experienced fluctuations between 1997 and 2020, and they are projected to be the most
vital influencing factor in CO2 emissions decreases starting from 2021. Also, the
impacts of inter-sector technological levels fluctuated over the period from 1997 to
2020, and they are forecasted to exert the impacts of fluctuations on CO2 emissions
from 2021 onwards. These results indicating the important roles of the three influencing

factors are consistent with the findings in the demand-driven IOT model. These results
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indicate that when the distribution of institutions and factor accounts is considered
(Cardenete et al., 2012; Y.-Z. Li et al., 2018), not only is the final demand important,
but the emissions intensities of upstream sectors are also crucial to alleviate CO»
emissions (Wood, 2009). Besides, coping with the impacts from inter-sector
technological levels is the common issue within IOT- and SAM-related production

systems from the demand side (Lim et al., 2009).
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Figure 4-5 Contributions of factors to CO> emissions changes within SAM-related

system

When using the supply-driven SAM model, the results show that the contributions of
value-added to CO; emissions increases remained the largest for most of the years from
1997 to 2020, and they are forecasted to be in the first position between 2021 and 2025
(Figure 4-5b). On the contrary, the effects of emissions intensities of downstream
sectors fluctuated from 1997 to 2020, and they are forecasted to amount to the highest
level of CO» emissions decreases from 2021 to 2025. Also, the influences of inter-sector
allocation relations experienced fluctuations from 1997 to 2020, and they are forecasted

to make smaller contributions to CO, emissions decreases between 2021 and 2025.
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According to the results above, to decrease CO> emissions within the SAM framework
(Cardenete et al., 2012; Y.-Z. Li et al., 2018), reducing the impacts from the value-added
deserves more efforts in CO> emissions reduction (Wood, 2009); meanwhile managing
the effects of inter-sector allocation relations and emissions intensities of downstream

sectors could be supportive in offsetting emissions increases (Lim et al., 2009).

4.4.5. Sector-level analysis of CO: inventories from 2020 to 2021

The newly constructed CO: inventories could not only inform dynamically the
emissions channels arising from the interdependence among sectors within an
economic system, but could also extend this holistic perspective of analysing CO-
emissions from demand and supply sides (Yuan et al.,, 2017; Fan et al., 2018).
Furthermore, the sector-level analysis is conducted by comparing both the inter-sector
and cross-sector results. In this way, the sector-specific experience pertaining to CO»
emission alleviation could facilitate the emissions reduction of the input-output system

across all sectors (Chang, 2015; Wei et al., 2017).

In the demand-driven IOT model context, the main contributing factors in sector-level
CO»> emissions increases are projected to include the final demand and emissions
intensities upstream (Figure 4-6a). Especially, the maximum contributions of factors to
CO; emissions increase are projected to be mainly from the final demands of sectors 26
(Construction) and 14 (Manufacture and Processing of Metals), and the emissions
intensities upstream of sector 26. On the contrary, the minimum contributions of factors
to emissions increases are projected to come from the final demands of sectors 23
(Production and Supply of Electricity and Steam) and 29 (Other Services), and the inter-
sector technological levels of sector 18 (Manufacture of Transport Equipment). These
results provide the following implications. Because of the promotion of urbanization
and industrialization in China, there are a large amount of requirements for various

kinds of machinery/equipment (Q.-M. Liang et al., 2016), which induces the impacts
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of final demand on CO> emissions increases. In the meantime, resolving the
contradiction of excess capacity is one of main tasks of the supply-side reform in China
(Ouyang et al., 2020). Against the background, it is of necessity for sectors to strengthen
the technological innovation, phase out backward technologies and equipment,
eliminate backward capacity, promote sustainable consumption, and optimize final
demand structure (Butnar and Llop, 2011; Yang et al., 2015b; Yuan and Zhao, 2016; Q.-
P. Li et al., 2021; Ouyang et al., 2020). For example, as far as sector 26 is considered,
measures to achieve carbon abatement could include controlling the expansion of
infrastructure and construction activity workloads, and promoting material-use
efficiency (Bai et al., 2018). But at the same time, it is of importance to learn from
sectors 23 and 29 when considering the experience of how to reduce the impacts of
final demand on CO; emissions increases. Apart from the considerations surrounding
the role of final demand, exploiting the potentials of other influencing factors for CO»
emissions reduction is also of significance. For example, for sector 23, measures to
reduce CO2 emissions could also be related to enhancing the technologies of energy
generation, introducing wind, biomass and land fill energy generation, and promoting

more efficient ways to use electricity (L.-C. Liu et al., 2016).
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Figure 4-6 Contributions of factors to sector-level CO; emissions increases using IOTs
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The results of supply-driven IOT model shows the main factors increasing sector-level
CO; emissions are excepted to include the value-added and inter-sector allocation
relations (Figure 4-6b). Specifically, the maximum contributions of factors to CO»
emissions increases are projected to be primarily from the value-added of sectors 2
(Mining and Washing of Coal) and 14 (Manufacture and Processing of Metals), and the
emissions intensities downstream of sector 29 (Other Services). By contrast, the
minimum contributions of factors to emissions increases are projected to be mainly
from the inter-sector allocation relations of sector 2 (Mining and Washing of Coal), and
the value-added of sector 29 (Other Services). Except for the measures to cope with the
pushing effects from value-added in Section 4.4.4, measures concerning the emissions
intensities downstream could include encouraging the downstream sectors to develop
towards low-carbonization by regulations, transferring technologies and capital
investments (Zhang, 2010; Liang et al., 2017; J. Li et al., 2018). Also, regarding the
CO; emissions reduction in service sectors, current studies detail the importance of
shifting from secondary sectors to service sectors (C. Zhang et al., 2019), and the
upgrading of traditional services sectors (Zhang et al., 2016). Thus, the experience of
sector 29 in reducing the impacts of value-added on CO; emissions increases could be
learned by other sectors, according to the results above. In addition, learning from the
experience of sector 2 decarbonizing the allocation behaviours (i.e., the allocation
relations between sector 2 and sector 2°s downstream sectors) is also advocated in terms

of CO, emissions reduction (Liang et al., 2017; J. Li et al., 2018).

Using the demand-driven SAM model, the main factors in increasing CO2 emissions
are predicted to be the final demand and emissions intensities upstream (Figure 4-7a).
For example, the maximum contributions of factors are predicted to be mainly from the
final demands of sectors 26 (Construction) and 14 (Manufacture and Processing of
Metals), and the emissions intensities upstream of sector 26. On the contrary, the

minimum contributions of factors are predicted to be primarily from the final demand
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of sector 29 (Other Services), and the inter-sector technological levels of sector 18
(Manufacture of Transport Equipment). At the same time, these results tend to
concentrate most on the spillover component of CO» emissions changes. These results
indicate that the spillover component is where to put more efforts in CO> emissions
reduction (Wood, 2009), which is consistent with the implications from the aggregate
results in Section 4.4.3. These results above show some differences with the findings
based on the demand-driven IOT model. This is because in the SAM framework, the
distribution among economic activities extends the inter-sector relations derived from
the IOT framework (Cardenete et al., 2012; Y.-Z. Li et al., 2018), with which the CO,

emissions channels change.

(a) Demand-driven SAM model (b) Supply-driven SAM model
[ Minimum [ Minimum
AEi A 15 I29 B Maximum AFi 11 [IS? B Maximum
DIR [ DIR [
AY 1.14 AV 33.23
AE; 15 |29 AE; 11| 12
Al INT | 27]12 Al INT 23|12
] <]
SNE 29'14 5 oav4 24.23
& &
2 e - 15|29 2 a6 - 11|32
= =
] T
2 AF FEB 29‘27 2 AF FEB 23|33
£ £
AY 1 L 29|14 AV L 33 |23

si | ol s

T T T T T T T T T T T T
—600 —400 —200 0 200 400 600 800 —600 —400 —200 0 200 400 600 800
CO; emissions (Mt) CO; emissions (Mt)

Figure 4-7 Contributions of factors to sector-level CO> emissions increases using

SAMs

In the supply-driven SAM model context, the main factors in sector-level CO;
emissions increases are forecasted to be the value-added, emissions intensities
downstream, and inter-sector allocation relations (Figure 4-7b). To illustrate, the
maximum contributions of factors are projected to be mainly from the value-added of

sectors 23 (Production and Supply of Electricity and Steam) and 2 (Mining and Washing
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of Coal), the emissions intensities downstream of sector 34 (Enterprise account), and
the inter-sector allocation relations of sector 33 (Urban Household account).
Conversely, the minimum contributions of factors are forecasted to be primarily from
the value-added and inter-sector allocation relations of sector 34. The differences
between supply-driven SAM and IOT models are more than those between demand-
driven SAM and IOT models. This indicates that when the distribution among
institutions and factor accounts is considered in the SAM framework (Cardenete et al.,
2012; Y.-Z. Li et al., 2018), the importance of economic agents (e.g., enterprises and
households) to CO2 emissions reduction and the impacts of production sectors such as
sectors 23 and 2 on CO; emissions alleviation are emphasized in the context of supply-
driven case. Besides the measures to cope with the pushing effects from value-added in
Section 4.4.4, the efforts of sector 33 in terms of the allocation of the primary inputs to
low-carbon sectors could be further enhanced (Chen et al., 2019). Furthermore, there
are some studies analysing the current status and drivers of CO. emissions at the
enterprise level. To address the emissions increases of sector 34, measures, such as
promoting the market-oriented reforms, enhancing regulatory enforcement, introducing
higher standards, utilizing the taxation tool, investing on low-carbon technologies
through green finance, improving the sharing of sector-level experience, upgrading
high-polluting industries, and optimizing the distribution proportion of intermediate
products, could be feasible (Meng et al., 2018; Xie et al., 2018; Y. Li et al., 2020). But
at the same time, learning from the efforts of sector 34 in reducing the impacts of value-
added and inter-sector allocation relations on CO> emissions, e.g., the optimization of
investment directions (F. Wang et al., 2021) and the selection of downstream sectors to
promote technological innovation and low-carbon transformation (Hou et al., 2021), is

of importance for CO; emissions reduction.

4.5. Conclusion

To forecast the input-output systems including IOTs and SAMs, we propose a procedure
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of input-output forecasting. During this procedure, the input-output table series are
forecasted by proposing an element-based Fourier-Markov (EFM) method, then
structured through the MMTT method and T-accounts concept, and last, validated by
combining matrix calculation methods with Monte Carlo simulations. On the basis of
the forecasted table series, we construct CO; inventories by proposing a new integrated
method, that is, the combination of subsystem analysis with SDA. This study is in the

case of China from 1997 to 2025.

In this study, the performance evaluation of the EFM method is conducted and shown
in the cases of typical sequences and CO; emissions. Simulative and predictive results
support that the EFM method attains the best fitness. Then, the forecasted IOTs and
SAMs span a period of time from 2021 to 2025, during which the uncertainty levels of
these forecasted table series remain stable and level. Based on the forecasted IOTs and
SAMs, the CO; inventories are constructed and then clarified into four categories,
which depict the contributions of 11 influencing factors behind temporal changes in
sector-level CO> emissions transmitting throughout the IOT- and SAM-related

production systems in the contexts of demand- and supply-driven models.

The main results are summarized as follows. First, the spillover component was the
largest determinant of CO; emissions and is forecasted to continue this tendency.
Second, the final demand (or value-added) remained and are projected to be the factor
contributing most to emissions increases in the demand-driven model (or supply-driven
model). Third, the effects of other influencing factors to emissions changes differed and
are forecasted to differ, depending on the type of input-output system, and whether the
model is demand-driven or supply-driven. Last, the sector-level performance is
forecasted to be different for each category of CO inventories, but the sector-level
analysis by way of the maximum and minimum measurements of CO> emissions
changes could provide supports for the carbon abatement across all sectors. Accordingly,
the main carbon implications are proposed as follows. First, it is of necessity to continue
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and update the supply chain management in moderating the level of CO> emissions.
Second, measures, related to the optimization of final demand and the reasonable use
of primary inputs, could be effective in alleviating CO, emissions. Third, exploiting the
potentials of other selected influencing factors (e.g., emissions intensities, inter-sector
technological levels, and inter-sector allocation relations) could be feasible for reducing
CO» emissions. Last, corresponding to the idea of sector-level analysis introduced in
section 4.3.5, as for each of the 11 influencing factors, the sector-specific experience of

decreasing CO> emissions could be generalized and shared among sectors.
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Chapter 5: An integrated scheme of input-output future
scenarios construction interconnecting production with
consumption and sector-level CQO: emissions synergic

alleviation

5.1. Introduction

Input-output analysis (IOA) in the scenario context has been increasingly investigated
in response to the explorations in terms of strategic planning and anticipation on future
development (Faber et al., 2007). This integrated analysis could encompass the inter-
and intra-linkages between sectors in the design of future scenarios (Carvalho et al.,
2015; Oliveira et al., 2016), identify the potential pathways for the future development
of external variables and suggest the corresponding measures to take in the future (Mi
etal., 2015; Yuet al., 2016b). Besides, with this integrative analysis, input-output future
scenarios could be formulated and analytical under specific conditions (Rao et al., 2018;

Rojas Sanchez et al., 2019).

During the procedure of integrating IOA and scenario analysis, multi-criteria decision
making (MCDM) has been found to be feasible and useful. This is because not only
does MCDM suit the real world problems involving multiple, conflicting and
incommensurable objectives (Oliveira and Antunes, 2004; San Cristébal, 2012;
Oliveira et al., 2016), but this technique also provides an approach towards the trade-
offs among multiple attributes and multiple objectives (Weng et al., 2010; De Carvalho
et al., 2016; Abdullah et al., 2021). For example, multi-attribute decision making
methods (i.e., the first category of MCDM) are used to allocate CO> emissions among
sectors by considering the impacts of various attributes in terms of capacity,
responsibility, and potential (Zhao et al., 2017). For another example, multi-objective
optimization methods (i.e., the second category of MCDM) are used to investigate
whether energy savings goal is achieved when the decision-making process is

confronted with multiple objectives in terms of economy, energy and environment (S.-
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W. Yu et al., 2018Db).

However, it is also noted that the interconnections between production and consumption
have not been emphasized during the process where IOA is integrated with scenario
analysis by means of MCDM, in spite of these interconnections fundamentally
characterizing the IOA scheme and related extensions to the field of environment
(Oliveira and Antunes, 2004; Weng et al., 2010; Carvalho et al., 2015; Oliveira et al.,
2016; Rojas Sanchez et al., 2019). Further, corresponding to the interconnections
between production and consumption within input-output future scenarios, some
concerns need to be dealt with. First, for the ‘business-as-usual’ (BAU) scenario,
temporal changes of economic system depicted by input-output tables could be
considered (Zhao et al., 2017; Song et al., 2018; C. Li et al., 2021). Second, in the
policy-related scenario, the reflection of multiple policy-related parameters in the
multi-objective optimization models could be further explored. For example, carbon
emissions have been found to be impacted by policy-related parameters, such as CO»
emissions intensity target (Mi et al., 2017c¢), energy intensity target (Liu et al., 2022),
energy consumption cap targets (Qi et al., 2020), and the share of non-fossil fuels in the
total energy consumption (Zhou et al., 2012). But the impacts of these multiple policy-
related parameters on CO; emissions have not been investigated. Finally, as for the
problem-specific scenarios by multi-attribute decision making, although decision
preferences are considered in form of the specification of weights under proper
transformation functions (Parreiras and Vasconcelos, 2009; Yu et al., 2016b), the role
of permutation and combination in specifying the potential scenarios could be
emphasized (Yi et al., 2011). In this way, all the potential contexts are included since
the number of external variables is not relatively large. At the same time, to fulfil the
problem-specific objective, a multi-attribute importance method could be constructed.
With this model, not only could the importance of each specified scenario be quantified,

but the importance could also be allocated among sectors (Yi et al., 2011; Zhao et al.,
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2017).

As one application of input-output future scenarios, CO2 emissions alleviation could be
explored during the integration of IOA and scenarios analysis by way of MCDM, when
considering the economy-energy-environment (3E) nexus (Dong et al., 2014; Carvalho
et al., 2015; Rojas Sanchez et al., 2019; X. Li et al., 2021). CO2 emissions alleviation
in China is emphasized during the synergistic management of 3E nexus (S.-F. Zhang et
al., 2019). China is in the process of industrialization and urbanization (two pillars of
the economic development) (H. Wang et al., 2019), and needs to prioritize the long-
term economic development (S.-F. Zhang et al., 2019). The demands for infrastructures
and services will increase energy demand and CO> emissions (Li and Ouyang, 2021),
which is especially the case when considering the coal-dominated energy structure
difficult to reverse due to the constraints of energy use efficiency and clean technology
(X. Zhang et al., 2017; F. Zhang et al., 2021). Then, it is also found that CO; emissions
reduction in China tend to bring transformational pressures and challenges to economy
and energy (S. Yuetal., 2018; B. Li et al., 2020; Li and Ouyang, 2021). In these regards,

CO» emissions alleviation by exploring the 3E nexus is important and necessary.

Meanwhile, within the established 3E nexus framework, allocating CO, emissions
reduction targets to each sector is an important way to complete carbon emissions
reduction task (Zhao et al., 2017). During this allocation process, CO> emissions
alleviation requires the synergies among sectors (Ning et al., 2019; Dong et al., 2023).
The industrial synergistic development is characterised the interaction, independence
and mutual support between sectors (Lin and Teng, 2023), which could be reflected by
applying IOA and related input-output future scenarios (Yin et al., 2022). It is because
IOA in the scenario context could manifest the flows of goods and services among
sectors and demonstrate the sectoral interdependence within the economic structure
(Jensen et al., 1988). However, despite that the importance of exploring the path of
synergistic carbon emissions reduction of multiple sectors to improve carbon emission
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reduction efficiency has been recognized (Dong et al., 2023), previous studies have not
conducted the exploration of sector-level CO> emissions synergistic alleviation. Also,
the dynamics featuring the synergy of reducing CO> emissions among sectors has not
been emphasized although the dynamical effects are supposed to be captured to
facilitate CO;, emissions abatement (M.-H. Jiang et al., 2021). To address these
weaknesses, the overview of changes in CO> emissions is provided, and the direction

and channels identifications are attained by means of the shift-share analysis (SSA).

Therefore, an integrated scheme of input-output future scenarios construction could be
proposed to help alleviate CO; emissions in a holistic manner (Weng et al., 2010). That
is, we set up three categories of input-output future scenarios by interconnecting
production with consumption. In detail, we start the input-output BAU scenario by
conducting a procedure of input-output forecasting on the basis of modified matrix
transformation technique (MMTT). We then construct the input-output policy-related
scenario by extending the multi-objective optimization method (MOOM) with multiple
policy-related parameters to reflect the trade-offs of 3E system. We finally arrange
input-output problem-specific scenarios using multi-attribute decision making (MADM)
which incorporates the generalized weighting method with the permutation and
combination method and supports the construction of a multi-attribute importance
method. Within the constructed input-output future scenarios, sector-level CO»
emissions synergistic alleviation is analysed through evaluating changes in CO>
emissions in a holistic manner and with the SSA method. The study is in the case of
China from 2020 to 2030. The remainder of this paper is organized as follows. Section
5.2 reviews the research concerning constructing interconnections between production
and consumption within the input-output future scenarios for CO; emissions alleviation.
Section 5.3 introduces the methodology and data. Section 5.4 is about results and

discussion. Section 5.5 concludes this paper.

5.2. Literature review
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Within the input-output future scenarios, BAU scenario is set as a reference to explore
the impacts of influencing factors on external variables (Faber et al., 2007; X. Zhang et
al., 2017; Ma et al., 2020), and thus subsequent scenario settings are formulated by
incorporating specific elements (e.g., multiple objectives, multiple criteria) into the
reference scenario (Chen et al., 2014; Oliveira et al., 2016; Ma et al., 2020). However,
during the construction of input-output future scenarios, the interconnections between
production and consumption have not been emphasized, despite that these
interconnections fundamentally characterize the IOA scheme and related extensions to
environment (Oliveira and Antunes, 2004; Weng et al., 2010; Carvalho et al., 2015;

Oliveira et al., 2016; Rojas Sanchez et al., 2019).

To construct input-output future scenarios through the interconnections between
production and consumption, some concerns need to be coped with, which include (1)
how to start BAU scenario by considering the temporal changes of economic system
depicted by input-output tables; (2) how to construct policy-related scenario by
extending the multi-objective optimization method with multiple policy-related
parameters for the trade-offs among multiple objectives; and (3) how to arrange
problem-specific scenarios when traversing all the potential decision preferences
among multiple attributes, and constructing a multi-attribute importance method to

allocate importance among sectors are needed and feasible.

Regarding the construction of BAU scenario, RAS method is used to reflect the
temporal changes of economic system depicted by input-output tables (Yu et al., 2016b;
S.-W. Yu et al., 2018b). Despite the usefulness and efficiency, RAS method is mainly
used for balancing the initial table (Wang et al., 2015a). Then, matrix transformation
technique (MTT) is a method emphasizing economic structure changes over time by
investigating a matrix-based economic structure (i.e., matrix-based links among
intermediate input-outputs, final demand and value added) (Wang et al., 2015a).
However, the weaknesses of MTT arise when (1) final demand signs are inconsistent
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between the prior table and the target table, (2) nonlinear interpolations are considered
to reflect temporal changes, and (3) there is a need for depicting the propagation
relationship between Ghosh model and the I0OT-related models. In these regards, the
modified MTT (MMTT) method realizes the following contents, including (1) probing
into and then establishing a matrix-based economic structure (i.e., matrix-based links
among intermediate input-outputs, final demand and value-added); (2) emphasizing
economic structure changes over time; (3) adding up in the situation where the final
demand signs are inconsistent between the prior table and the target table; (4) making
sense regardless of whether the data assumptions are linear or nonlinear; (5) depicting
the propagation relationship between Ghosh model and the IOT-related models; and (6)
tracing structure changes of final demand and value added through the matrix-based
linking method. Besides, the Fourier-Markov model is a mathematical technique for
predicting the future values of a time series when the difference between the forecasts
from basic models and initial estimates is taken into consideration (Lin et al., 2001; Su
et al., 2002). This method has been conceived as a way of enhancing the accuracy of
forecasting (Hsu et al., 2009). Thus, Fourier-Markov model could be combined with
MMTT to construct the BAU scenario. But at the same time, the previous Fourier-
Markov method cannot guarantee the accuracy of each observation, cannot ensure the
constant good performance when compared with its original model that is based on,
and will decrease the scope of application as its current form is not specified in a broad
manner. Therefore, to address these weaknesses, we propose an element-based Fourier-
Markov (EFM) method. Also, the EFM method could be applied regardless of whether
the amount of data is large or not, which retains the advantages of the Fourier-Markov
method (Lin et al., 2001; Su et al., 2002; Hsu et al., 2009). Besides, the EFM method
could be used in the context of short- and long-term forecasting because the conversion
matrix in the Markov process and the input parameters of the basic module of the
Fourier-Markov method could be adjusted according to the changes in future trends

(Alfieri et al., 2015; Z. Zhang et al., 2021; Rahnama, 2021). Then, BAU scenario could
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be validated by combining MMTT with Monte Carlo simulations (Wilting, 2012b),

which provide more statistical information about the results.

The policy-related scenario could be constructed integrating IOA with the multi-
objective optimization method. In the context of environment, CO> emissions
alleviation is closely related to the trade-offs of 3E system (S.-F. Zhang et al., 2019; Ye
et al., 2019; Ning et al., 2020), which has been explored in the multi-objective
optimization context (Mi et al., 2015; S.-W. Yu et al., 2018b). At the same time, research
on the influencing factors of CO> emissions has found that more policy-related
parameters could be comprehended from the 3E nexus (Mao et al., 2014, 2021). These
policy-related parameters include CO; emission intensity targets, energy intensity
targets, energy consumption cap targets, and the share of non-fossil fuel in primary
energy consumption (Zhou et al., 2012; Mi et al., 2017c; Qi et al., 2020; Liu et al.,
2022). In this avenue, the multi-objective optimization method could be modified by
including all of these parameters, so as to reflect the impacts of these parameters on
CO; emissions reduction (Z.-Y. Li et al., 2021), and the trade-offs among 3E system
(Mao et al., 2014). Also, this modification is supportive in the construction of input-
output policy-related scenario through interconnecting production with consumption

(Mao et al., 2014, 2021).

The problem-specific scenarios in terms of CO2 emissions alleviation could be diverse,
depending on how to reflect different decision preferences among multiple attributes
when CO; emissions are allocated to sectors (Zhao et al., 2017). In this sense, the
problem-specific scenarios could be arranged using the integration of IOA and multi-
attribute decision making (MADM) methods (Yu et al., 2016b; S.-W. Yu et al., 2018b).
In detail, to achieve the aggregate CO; emissions intensity target, some methods are
proposed to transform this target into regional (Yi et al., 2011; Zhang et al., 2014) or
sectoral endeavours (Zhao et al., 2017). These researches emphasize the importance of
allocating CO> emissions from the perspective of production-based CO2 emissions
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accounting. Then, although more studies support the necessity of analysing sector-level
impacts on CO; emissions reduction (Zhao et al., 2017; Song et al., 2018; Chen et al.,
2020; W.-H. Xu et al., 2021; Fang et al., 2022), current input-output future scenarios
have not considered the role of sector-level CO; emissions intensities in CO2 emissions
alleviation (Matsumoto et al., 2019). That is, the sector-level CO> emissions intensities
are forecasted, rather than considered as the additional directions towards CO;
emissions alleviation (Ouyang and Lin, 2015; Zhao et al., 2017; Chen et al., 2020). For
example, the energy intensity targets have been proposed for energy-intensive sectors
for energy conservation and CO; emissions reduction in China (Ouyang and Lin, 2015;
Chen et al., 2020). In these regards, the problem-specific scenarios could be arranged
as the third category of input-output future scenarios by integrating IOA with MADM
by proposing a multi-attribute importance method (Yi et al., 2011; Zhao et al., 2017).
This is also an aspect of interconnecting production with consumption (Oliveira et al.,
2016; Rojas Sanchez et al., 2019). Besides, to arrange problem-specific scenarios,
different decision preferences need to be specified among multiple criteria (Zhao et al.,
2017). During this process, although traversing all the potential decision preferences is
needed and feasible, current studies have not included the whole set of decision
preferences. As such, when specifying all the potential decision preferences, the
generalized weighting method (Zhang et al., 2004) in relation to permutation and

combination is proposed (Yi et al., 2011; Yu et al., 2016b).

With the established input-output future scenarios, CO; emissions synergistic
alleviation could be further achieved not only through analysing the overview of
changes in CO; emissions, but also through evaluating CO> emissions changes with
shift-share analysis (SSA). SSA is a technique that focuses on partitioning the growth
in an economic variable in a particular area into various components when considering
the changes in the variable as a dynamic progress (Creamer, 1943; Yavas et al., 1992;

Lin et al., 2019). This growth is decomposed into national growth, industrial mix, and
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competitive position effects. Thus, with the SSA method, the determinants of growth
and decline could be figured out. Also, this method enables to identify the key sectors
which contribute to the changes in variables and to grasp both the direction about how

the future develops as well as the principle of adjusting industrial structure.

However, due to the existence of interwoven effect in industrial mix and competitive
position effects, the Esteban-Marquillas version of SSA is proposed by introducing
homothetic variables to deal with component independence (Esteban-Marquillas, 1972;
Sheng et al., 2021). Also, when SSA is used as a comparative static approach, which
considers conditions only at the beginning and end years of the time period, the SSA
method influences the allocation of changes in variables among the three shift-share
effects (Barft and Iii, 1988). Thus, the dynamics is introduced to the Esteban-Marquillas
shift-share extension. But at the same time, when it comes to the application of this
dynamic Esteban-Marquillas method to evaluating changes in CO> emissions, previous
studies have not taken this aspect into consideration although the SSA method has been
used in diverse fields, including economy, energy and environment (Li and Huang,

2010; H. Liet al., 2017; Lin et al., 2019).

Based on the previous studies, we propose an integrated scheme of input-output future
scenarios construction to help alleviate CO; emissions in a holistic manner. That is, we
set up three categories of input-output future scenarios by interconnecting production
with consumption. In detail, we start the input-output BAU scenario by conducting a
procedure of input-output forecasting on the basis of the EFM method, MMTT and
Monte Carlo simulation. Then, we construct the input-output policy-related scenario by
extending the multi-objective optimization method with multiple policy-related
parameters. Finally, we arrange the input-output problem-specific scenarios using
multi-criteria decision making which incorporates the generalized weighting method
with the permutation and combination method, and supports the construction of a multi-
attribute importance method. With the three constructed categories of input-output
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scenarios, sector-level CO2 emissions synergistic alleviation is analysed through the
overview of changes in CO2 emissions and the application of SSA to direction and

channel identifications when evaluating CO> emissions changes.

5.3. Method and data

5.3.1. BAU scenario: Conducting the procedure of input-output forecasting

To start the input-output BAU scenario, a procedure of input-output forecasting is
conducted, which includes (1) input-output forecasts, (2) input-output forecasts

structuring, and (3) input-output forecasts validation, and is expressed as follows.

5.3.1.1. Input-output forecasts

To trace the trends inherent in the economic system, the element-based Fourier-Markov
(EFM) method is proposed. To explain the EFM method, we start with the modified
Fourier correction (MFC) method with basic module. Then, we introduce the Markov
process to the MFC method. Because the performance of EFM method with typical
sequences has been evaluated in Chapter 4, the performance evaluation of EFM method

is not included in Chapter 5.

5.3.1.1.1. The MFC method with basic module

The moving average (MA) method is used as the basic module for EFM method
because MA method could track both linear and nonlinear changes in time series data

(Xiong et al., 2011). The MA method is explained as follows (Hansun, 2013).

My =My + Ve — Ye-n) /1 G-1)

where M, is the prediction at time t, M;_ is the predicted values at time t — 1, y, is
the data point value at time t, y,_, is the data point value at time t — n, and n is the

number of data points used in the calculation.
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Then, the MFC approach is to increase prediction capacity from the considered input
data sets. Compared with the previous use of Fourier series, this study proposes four
improvements: the first one is using the quotient form of residual series to maintain the
consistency between initial estimates and predictions, the second is extending the
application of Fourier series to both odd and even cases (Smith, 1999; Selesnick and
Schuller, 2000), the third is using the singular value decomposition (SVD) to attain the
coefficients of Fourier series, and the fourth is integrating the mechanism where each
element gets considered into the Fourier correction. Thus, the MFC method is explained

as follows.

E, ={E,(1),E-(2), E(@} 5-2)

where E, is the quotient form of the residuals series, and

Er(k):.')’k/j’\k:k:l,z:“‘,q (5—3)

Then, the Fourier series can approximate the quotient form of residual series as follows.

ka

1 2 2

E.(k) =Ea0 +Z [aicos(l Tnk) +bisin(¥k)],k =12,-,9 (5—-4)
i=1

where T = q, and

%+1,if q is even

(g—1)
2

ke = (5-5)

+1,if q is odd

The coefficients derived from the Fourier correction approach (i.e., Q =

[ag, ai, by, Az, by, , Agar bralT), are calculated as follows.
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Q =P'E, (5-6)

where PT is the Moore-Penrose pseudo-inverse of P as follows.

1 cos (Zn-z) sin (27r-2) cos (2n-2 2) sin (2n-2-2) cos (ka-2n-2) i (
2 T T T T
1 (27:-3) (211-3) (21‘[-2-3) , (21‘[-2-3) (ka 27 3) (
_l= cos|\— sin|—— cos sin cos sin
P=|2 T T T T

The original prediction series can be corrected as follows.

1\/47(=MRXEr(k);k=1;2;"';q (5_8)

5.3.1.1.2. The establishment of EFM method

The MFC method could be adjusted when there are occurred events in future (Lin et al.,
2001; Hsu et al., 2009). To achieve this, the Markov process is introduced on the basis
of the MFC approach. With this improvement, the new mechanism where the impact of
each element on the prediction is integrated into the Fourier-Markov method, the
constant good performance when compared with its original model based on is ensured,
and the scope of application is complete when its current form is specified in a broad
manner. This is what we have termed an element-based Fourier-Markov (EFM) method.

The following is the process about how the EFM method operates.

Similar to the MFC method in Section 5.3.1.1.1, the EFM method uses the quotient
form of residual series to maintain the consistency between initial estimates and
predictions. The residual errors are portioned into r equal portions called states. Each
state is an interval whose width is equal to a fixed portion of the range between the
maximum and the minimum of the whole residual error (Li et al., 2007). Let S; be the

jth state.
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S; € [SL;, SU;],j=1,2,-,r (5-9)

where SL; and SU; are the lower and upper boundary of the jth state, and r is the

integer portion of In(n)/In 2.
. j—1 . £_1
SLej = mine(t) +——(maxe(t) —~ mine(?)) (5 - 10)

SU;j = mtin e(t) +£(mgzx e(t) — mtin e(t)) (5-11)

where e(t) is the quotient form of the residual error of the MFC method, t =

1,2,,q,and j = 1,2, 7.

Let Pigm) be the transition probability from the ith state to the jth state by m steps.

(m)

(m) _
Pij - RL'

;j=1121'“rr (5_12)

where Ri(]’-n) is the transition times that occurred from state i to j by m steps, and R;

is the number of data belonging to the ith state.

Let Qt(m) = (Pt(lm),Pt(zm), "-,Pt(rm)> be the row vector of transition probabilities of ith
state at m time steps. The center vector of each state is denoted by v =

(v(l),v(Z), -~-,v(r)), with v(j) = o X SL; + (1 — o) X SU;.

The adjusted prediction, Mt(a), in the EFM method is given by

M = M, x Q{"™v()) (5-13)
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5.3.1.2. Input-output forecasts structuring

For completing the structuring of input-output forecasts, the process goes through two
steps. The first is concerned with proposing MMTT to structure input-output forecasts.
The second is about extending MMTT by a matrix-based linking method to structure

the final demand and value-added categories.

Matrix transpose is used to modify MTT, which ensures that the modified MTT (MMTT)
is still a matrix calculation method emphasizing structural changes but overcomes the
three possible weaknesses of MTT (as introduced in Section 5.2). Through the MMTT
method, new matrix-based links among intermediate input-outputs, final demand and

value added are established. Related equations are as follows.
The initial matrix input, Xy, is an (n + 1) X (n + 1) matrix.

X, = D, Fo]

A (5 —14)

where Dy is an n X n matrix depicting intermediate input-outputs among n sectors,
Fy represents an n X 1 matrix denoting final demand, Vy is a 1 Xn matrix

representing sector-level value added, and G is the total final demand.

We convert X, into ¥ and then transpose Y as follows.
d v
Y = [ 5—-15
f g ( )

where d = (VB)_IDO denoting the forecast of d based on the EFM method, v is an

n X 1 matrix with each element being one, f = (a?,)_lFo, g equals one and "

represents diagonalization of the vector.
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n n n
N=diag(1—z dli,l—z dzl-,---,l—z dm->+dT (5 — 16)
i i i

D,=V.d (5-18)
61=ZF1 (5 —19)

where Dy Fq, V1 and G are the forecast of intermediate input-outputs, the forecast
of final demand, the forecast of value added, and the forecast of total final demand
respectively. Correspondingly, X4 is the structuring of input-output forecasts.

X1:

Dy Fl] (5 — 20)

Vi Gy

In terms of unfolding the forecasts of both the final demand and value-added, the
MMTT method is further extended with a matrix-based linking method. First, the
matrix-based linking method starts from the final demand and value added derived from
the results of the MMTT method. Since this linking method is matrix-based, the links
between the categories of final demand (or value added) and intermediate input-outputs
are established in a direct and deterministic manner. Then, this matrix-based linking
method investigates and then establishes the matrix-based structures of final demand
(or value added), allowing positive and negative categories of final demand (or value
added). Subsequently, the exact temporal impacts of each element of final demand and
value added are calculated; meanwhile, the matrix-based structures are consistent with
the results from the MMTT method. The characteristics of this matrix-based linking
method include achieving automatic and straightforward adjustments when capturing
and linking structure changes, and reflecting linear and/or non-linear impacts over time.

Related equations are as follows.
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wUup, (@)™ if u, #0
uw,w, if u, =0

Ucategory - { (5 - 21)

U= [Ug, g (5-22)

(5-23)

wn=[* (5 —24)

where Ucqtegory denote the categories of final demand (or value added) on the basis
of the MMTT method and the matrix-based linking method, u;, is the vector for the
sum of positive and negative values of final demand (or value added) updated by the
MMTT method, u,, is the vector for the sum of positive and negative values of final
demand (or value added) to update, u,, is the vector for the difference of positive and
negative values of final demand (or value added) to update, U? is the vector for the

sum of positive values of final demand (or value added) to update, U7 is the vector for
the sum of negative values of final demand (or value added) to update, ug is the vector

for the updated share of each positive final demand (or value added) category in total
positive final demand (or value added), u¢ is the vector for the updated share of each

negative final demand (or value added) category in total final demand (or value added),

and the new elements added at the end of ug (ud) are zeros to form the complete ug

(uf) when the dimensions of ug and u¢ are different.

Then, w,, is calculated as follows.

w,w, =w lw, (5 —25)
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. 1 -1
where w is the matrix [ 1 1 ]
The constructed IOTs need to be converted to noncompetitive IOTs by quantifying the
impacts of imports on IOTs. Following the study (Su and Ang, 2013), the impacts of
imports are distributed proportionally to the intermediate input-outputs and final

demand categories, which is based on the import ratios as follows.
: -1\ —
M = diag (D1 + Feategory + IM —EX) ) IM (5 — 26)

where M is an n X n matrix denoting the import ratios, Fcgsegory are final demand

categories, IM are imports, and EX are exports.

5.3.1.3. Input-output forecasts validation

For validating one forecasted input-output table (IOT), the process is achieved by the
combination of MMTT, which is introduced in Section 3.1.2, with Monte Carlo
simulations. The uncertainty is measured by using the 2.5th and 97.5th percentiles of
the data (Lu et al., 2011; Pinder et al., 2012; Lauerwald et al., 2015; Su et al., 2015;
Ayarzagiiena et al., 2020), which represent the upper and lower bounds respectively. To
compare the variations in the uncertainty over time, a Z-score measurement (i.e., a value
minus the population mean, divided by the population standard deviation) is needed.
This measurement describes a value’s relation to the mean of the data (i.e., a group of

values) and is used to compared different datasets.

5.3.2. Policy-related scenario: Extending multi-objective optimization model

To construct the input-output policy-related scenario, MOOM is extended by including
multiple policy-related parameters, so as to reflect the trade-offs among 3E system. The
policy-related scenario construction consists of (1) objectives, (2) constraints, (3)

policy-related parameters, (4) optimization algorithm, and (5) solution selection, which
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is expressed as follows.

5.3.2.1. Objectives

The objective functions include (1) maximization of the gross domestic product (GDP),
(2) minimization of energy consumption, (3) minimization of CO2 emissions, and (4)

minimization based on input-output balance constraints, which are expressed as follows.

max f; =2Xt(1 —A,) (5-27)

where f; is the total value of GDP, X, is the sector-level output in the tth year, and

A, is the direct consumption coefficient matrix in tth year.

minf, = Z e X; (5—128)

where f, is the total energy consumption, and e; is the energy consumption per unit

of total output of each sector in tth year.

min f; = Z c.X; (5-29)

where f; is the total CO emissions, and ¢; is the CO, emissions per unit of total

output of each sector in tth year.
minf; = X, — X;A; — Q:(X; — X¢-1) — Y, (5-30)

where f; is the dynamic input-output balance for each sector i, Q, is the investment
coefficient matrix in the tth year, and Y, is the final consumption and export of sector

i in tth year.

5.3.2.2. Constraints
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The constraints of MOOM include (1) energy intensity constraints, (2) CO2 emissions
intensity constraints, (3) non-fossil fuel consumption constraints, (4) energy
consumption constraints, and (5) nonnegative constraints. The constraints are expressed

as follows.

(Be/ Y X1 = 4))/(Becn/) Xea(-Ar D) S1-a  (5-3D)

where E; is the total energy consumption in tth year, and «, is the energy intensity

reduction rate in tth year.

(e/Y X1 =4))/(Cr/Y XerA-Ap)S1-p  (5-32)

where C; is the total CO> emissions in tth year, and f; is the carbon intensity

reduction rate in tth year.

where NE, is the total non-fossil energy consumption in tth year, &, is the shares of
non-fossil fuels in the total energy consumption in tth year, and RE; is the residential

energy consumption in the tth year.

> eX, < Feay, (5—34)
where E¢gq) ¢ 1s the energy consumption cap target in the tth year.

where X; = 0 is set to ensure the practical significance of the decision variables.
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5.3.2.3. Policy-related parameters

The policy-related parameters used in the constraints are explained as follows. In detail,
a; and B; are based on the Outline of China’s 14th Five-Year Plan (2021-2025) for
National Economic and Social Development and the Long-Range Objectives Trough
the Year 2035 (NPC, 2021). That is, energy consumption per unit of gross domestic
product (GDP) and carbon dioxide emissions per unit of GDP will be reduced by 13.5%
and 18%, respectively. E, is calculated according to the target from National Strategy
on Energy Production and Consumption Revolution (2016-2030) (i.e., the amount of
energy consumption by 2030 is set to be 6 Gtce) (NDRC, 2016). §; is calculated
according to the target from Action Plan for Carbon Dioxide Peaking Before 2030 (i.e.,
the shares of non-fossil fuels in total energy consumption will reach around 20% by

2025 and 25% by 2030 respectively) (The State Council, 2021).

5.3.2.4. Optimization algorithm

Multi-objective optimization allows for generating a Pareto solution set, rather than a
single solution (Yu et al., 2016b), which supports the decision making with regard to
the consideration of different preferences (Dai et al., 2017). The NSGA-II (non-
dominated sorting genetic algorithm) achieves the low computation complexity through
the fast non-dominated sorting approach (Deb et al., 2002), and maintains the diversity
of solutions by way of the crowding distance estimation and a crowded comparison
operator (Deb et al., 2002). In these regards, the NSGA-II algorithm has been widely
used in various fields, such as economy (X.-H. Wang et al., 2018), energy (Yu et al.,

2016b), and environment (Y.-H. Wang et al., 2020).

5.3.2.5. Final solution selection method

For selecting the trade-off solution from the Pareto front of MOOM, we specify the
weights (Zhang et al., 2004) and then apply the multi-criteria tournament decision

(MTD) (Parreiras and Vasconcelos, 2009). Additionally, the specification of weights is
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also among MCDM techniques. The weights are specified as follows.

n 1/n
wj = (g Pﬂ) (5—-36)

where w; is the weight of indicator j, p; =9%"" (jl=1,..,n), u =
(n - oj)/(n —1), uy;=m—0)/(n—1), and o; and o; is the position of the jth

and the [lth criteria in the ordering proposed. In addition, the weights are normalized

in such way that ¥7_; w; = 1.

Then, MTD is applied to select the trade-off solution from the Pareto front, which is

explained as follows (Parreiras and Vasconcelos, 2009).

CIj(a: b)

Qi:(aA) = —_— (5-37)
! VbEANa+D (IAI h 1)
1
R@ =] [e)@a (5 - 38)
J
R(a) = min{Q;(a, A)™, -+, Q;(a,A)""} (5-39)

L, if fil&) — fi(X) >0

where q;(a, b) is defined as g;(a, b) = {0 if () — fi(R) < 0
4 l l al —

and f;(-) is the

fitness function employed in MOOM.

5.3.3. Problem-specific scenarios: Proposing a multi-attribute importance

method

To make multi-attribute decisions regarding carbon intensity reduction allocation

among sectors in the context of problem-specific scenarios, there are three steps for a
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multi-attribute importance method proposed in this section. First, the indicators, as the
criteria, are collected to form a decision making matrix. Second, the multi-attribute
importance in different scenarios is calculated. Lastly, a multi-attribute importance
method is utilized at the sector level for carbon intensity reduction allocation within

different scenarios. With this procedure, the problem-specific scenarios are constructed.

5.3.3.1. Sector-level indicators collection

The indicators are collected in terms of capacity, responsibility and potential (Yi et al.,
2011; Zhao et al., 2017). These indicators are sector-level value-added, sector-level

cumulative CO; emissions, and sector-level energy consumption per unit of value added.

The decision making matrix N of n indicators for m sectors is explained as follows.

(5 — 40)

where n;; is the value of indicator j for sector i (i =1,2,---,m; j = 1,2,---,n).

The indicators selected are normalized, according to a larger value of a positive
indicator indicating the better performance while a smaller value of a negative indicator
indicating the better performance (Mi et al., 2017b; Shen et al., 2021). Then, the

normalization of n;; is expressed as follows.

Z] — (nij mln)/(nmax mm (5 _ 41)
(nmax _ nl])/(nmax mm (5 _ 42)
where z;; is the normalized value of n;j, n{;‘i" = m1n ngj, and nfi* = maxn;.
l
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5.3.3.2. Importance calculation in different scenarios

Importance in different scenarios is calculated by weights classified into three
categories, so as to reflect different scenarios. The weights are composed of (1) weights
under BAU scenario (Lin et al., 2001; Hsu et al., 2009), (2) objective weights based on
entropy weighting method (Zhang et al., 2014; Shen et al., 2021), and (3) subjective
weights based on the integration of the generalized weighting method (Zhang et al.,

2004) and the permutation and combination method (Yi et al., 2011; Yu et al., 2016b).

The methods for three categories of weights are expressed as follows. First, weights
under BAU scenario are calculated using the EFM method which is introduced in
Section 5.3.1.1. Second, objective weights are calculated on the basis of the entropy
weighting method. The information entropy measures the disorder degree of a system
(Chang and Chang, 2016). The small information entropy indicates the great impact on
the comprehensive assessment and the great entropy weight (Y.-Y. Zhang et al., 2020).
The weighting method based on the information entropy has been widely utilized in
various fields, such as economy (X.-F. Liu et al., 2019), energy (Lin and Zhou, 2022),

and environment (Zhao et al., 2017), which is expressed as follows.
n
wj = (1—hj)/z_ (1-h) (5—43)
j=1
m
dl]=ZU/Z Zij (5—45)
=
where w; is the entropy weight of indicator j, and h; is the entropy of indicator j.

Third, subjective weights are derived from the scenario settings on the basis of the

permutation and combination method. To be specific, according to the indicators
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collected, the related scenarios are set up, depending on the different preference towards
capacity, responsibility and potential (Weng et al., 2010; Yietal., 2011; Yu et al., 2016b).
The number of the scenarios in terms of these three indicators is (3! + 7), which is
explained in Table 5-1. In Table 5-1, the contexts are for depicting the preference-
oriented portfolio, so some contexts are repeated under different preferences. For
example, the first context under capacity preference is the same as the first context
under responsibility preference. Then, according to Table 5-1, subjective weights are
calculated through the generalized weighting method (Zhang et al., 2004) which is

introduced in Section 5.3.2.5.

Table 5-1 Decision preferences among capacity, responsibility and potential

Preference Contexts Criteria ranking
fity = fit, = fity (1,1,2)
fity = fity = fit, (1,2,1)
Capacity (fity) fit, = fit, = fit, (1,2,2)
fity = fit, = fity (1,2,3)
fity = fity = fit, (1,3,2)
fity = fit, = fity (1,1,2)
fit, = fit; = fit, (2,1,1)
Responsibility (fits;) fit, > fit, = fits (2,1,2)
fity = fity = fity (2,1,3)
fit, = fit; = fit, (3,1,2)
fity = fity = fit, (1,2,1)
fit, = fit; = fit, (2,1,1)
Potential (fits) fity > fity = fity (2,2,1)
fitz = fity = fit, (2,3,1)
fit; = fit, = fit, (3,2,1)
Equality fity = fit, = fity (1,1,1)

Note: fit; > fit, means that fit; is strictly more important than fit,, and fit; = fit,

means that fit; isas important as fit,.

5.3.3.3. Carbon intensity reduction allocation among sectors

The simultaneous consideration of diverse planning-based parameters is as follows.
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C.=EZ(1-(t-DRA+y)ED (5 — 46)

where C; is the CO; emissions in year t, E; is the CO; intensity in year [, Z; is the
GDP in year [, § is the average reduction rate of CO> emission intensity, and y is the

average growth rate of GDP.

According to planning-based parameters in terms of economy and CO: emissions, the

optimum situation for attaining the growth rate of GDP is as follows.

Yopt = exp(B/(1 = (¢ =DB)) -1 (5 —47)

where Y, is the optimum growth rate of GDP when the planning-based parameters

in light of economy and CO; emissions are considered.

Then, when planning-based parameters in terms of energy consumption are considered,

the optimum situation of attaining the growth rate of GDP is adjusted as follows.

Vcl)pt = (t_l)\/Ecap,t/lel(1 —(t—-Da)—1 (5—-48)

where v,y is the adjusted growth rate of GDP, f; is the energy intensity in year [, and

a is the average reduction rate of energy intensity.

Subsequently, the reduction rate of CO> emissions for each year could be obtained as

follows.

’ t
O, =1—-C—-DxB)x(L+ys) —1 (5 —49)
where 6, is the reduction rate of CO; emissions in the tth year.

To quantify the multi-attribute importance at sector level, the weighted sum model is
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used because of its straightforward adaptability and wide applicability (Yi et al., 2011;
Shen et al., 2021; R.-L. Sun et al., 2020).

n
j=1

where k; is the composite index of sector i.

The larger the value of the composite index is, the larger the carbon intensity reduction
is (Yi et al., 2011; Zhao et al., 2017), which is further developed for sector-level
allocation by proposing a multi-attribute importance method. For this method, CO-
intensity changing coefficient is newly defined. This result of CO; intensity changing
coefficient calculation is used for comparing the different scenarios and identifying the
feasible scenarios. That is, the large value of CO: intensity changing coefficient
indicates the more difficulty of reducing CO; emissions and then the low feasibility of

this sort of scenario.

¢ = (Ce—q X 9t)/z (ki X U1 X th(l - At)) (5-51)

where @, is the CO; intensity changing coefficient in tth year, and p,_; is the

sectoral carbon intensity in (t — 1)th year.

0= (te + ocke X e X ) XU = 4))/) XU -4)  (5-52)

where ¢; is the CO; emissions intensity of sector i, and 7,_; is the sectoral CO>

emissions in (t — 1)th year.

5.3.4. Evaluating changes in CO2 emissions

To evaluate changes in CO: emissions for promoting CO; emissions synergistic
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alleviation, this study proceeds with the overview of and disaggregate-level related
changes. The former is demonstrated by using the feasibility of CO> emissions
reduction, and the structure changes, sectoral changes and peak year of CO; emissions.
The latter is achieved with the extended shift-share analysis (SSA) which refers to the
dynamic Esteban-Marquillas version of SSA. What follows is the process of applying

the Esteban-Marquillas shift-share method to evaluate changes in CO; emissions.

In the Esteban-Marquillas shift-share analysis, the absolute changes of CO; emissions

can be expressed as follows.

where NS;; is the area-wide effect of sector j in the studied area i, IS;; is the
industry-mix effect of sector j in the studied area i, CS;; is the competitive effect
sector j in the studied area i, and AS;; is the allocation effect of sector j in the
studied area i. Because the term area can refer to any special unit (Borozan, 2018), in
this study, the reference area denotes the average level of CO2 emissions at the national
level and the studied area denotes the individual level of CO; emissions across all

sectors. Then, the four components of S;; are explained using the following formulas.

, )E(t) _ gt-D
Z —— (5 — 54)

t=1

(0)

where e;;” is the CO2 emissions of sector j in the studied area i at period 0 (i.e., the

beginning of the period), E® is the total CO, emissions of all sectors in the reference

area at period t. The positive (negative) value of NS;; represents the large (small)
contributions of sector j to CO> emissions and sector j is the growth-oriented

(declining) sector in terms of CO; emissions changes.

184



Chapter 5

k

ISU = Z el(]O) X

t=1

E(t) Ej(t_l) E(t) _ E(t_l)
Ej(o) B E£(0)

(5-755)

where Ej(t) is the CO» emissions of sector j in the reference area at period t. The

positive (negative) value of IS;; represents that the growth rate of sector j in the
reference area is larger (smaller) than the overall growth rate of all sectors in reference
area, and the scale advantage of sector j is prominent (trivial) in CO; emissions

because of the large (small) contribution of industrial structure to CO> emissions.

k ® _ -1 ® (t-1)
' e —e;; E: —E.
0 ij ij J J
CSi; = E el x[ NORE—O (5 - 56)
t=1 l] E]
where e(jo), = (0) X E](O)’ ei(;))’ denotes what the CO2 emissions of sector j in the

studied area i would be if the structure of CO2 emissions in the studied area i were
equal to the reference area structure. The positive (negative) value of CS;; represents
that sector j in the studied area i has the competitive advantage (disadvantage) when
compared to the same sector in the reference area and makes large (small) contribution

to the increases of CO; emissions.

k o® _ =D p(® _ pt-D)
z (o) (0) >< € —C K j (5 —57)
o £©
t=1 l] 'j

where four possibilities of specification and competitive advantage could be provided
using this formula. The positive value of AS;; represents that the studied area i is
specializing in increasing CO> emissions in sector j in which it has competitive
advantage or the area i is not specializing in CO> emissions growth in sector j in

which it has competitive disadvantage. Then the negative value of AS;; is the opposite.

5.3.5. Data and policy-related parameters
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Three datasets are used in this study: time-series input-output tables (I0Ts), CO»-
related data, and policy-related parameters. CO> emissions are calculated based on
energy consumption, cement production and emission factor data. Energy consumption
and cement production data are from China’s National Bureau of Statistics, and
emissions factor data are according to (Shan et al., 2018). The policy-related parameters,
including carbon intensity reduction rate, energy intensity reduction rate, energy
consumption cap, the share of non-fossil fuels in the total energy consumption, are
introduced in Section 5.3.2.3. The forecasts concerning IOTs, CO; emissions, and
energy consumption are on the basis of the aforementioned datasets from 1997 to 2020

and energy consumption cap targets. The period of the forecasts is from 2021 to 2030.

5.4. Results and discussion

5.4.1. The validation of forecasted IOTs and MOOM forecasts

The uncertainty level of forecasted IOTs remains stable and level from 2021 to 2030.
In detail, at the aggregate level, the Z-scores of the upper bounds of the uncertainty are
around 1.962 and the Z-scores of the lower bounds of the uncertainty are about -1.968
during 2021-2030. At the sector level, Z-scores are distributed stably, and exhibit
positively skewed distributions as the median values are less than the mean values.
Meanwhile, some sectors and sector transactions exert larger impacts on the distribution
(Figure 5-1a). For instance, the sector contributing most to the uncertainty is sector 27
(Construction) for most years from 2021 to 2030. The sector transaction generating
most influence is from sector 12 (Manufacture of Chemicals and Chemical Products)
to sector 12. Similarly, the uncertainty level of MOOM forecasts remains steady and
level during 2021-2030. To illustrate, at the aggregate level, the Z-scores of the upper
bounds of the uncertainty are about 1.966 and the Z-scores of the lower bounds are
about -1.983 between 2021 and 2030. At the sector level, the distribution of Z-scores is
steady, and the Z-scores present positively skewed distributions (Figure 5-1b). In the

meantime, some sectors and some sector transactions have larger influences on the
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distribution. For example, the sector contributing most to the uncertainty is sector 29
(Other Services) from 2021 to 2030. The sector transaction with most influence is from
sector 29 to sector 29.

is (a) Uncertainty analysis of forecasted 10Ts s (b) Uncertainty analysis of MOOM forecasts
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Figure 5-1 Uncertainty analyses of forecasted IOTs and MOOM forecasts

5.4.2. The feasibility of CO2 emissions reduction in different future scenarios

According to Figure 5-2, BAU scenario and policy-related scenarios are the contexts
where peak CO; emissions will not be fulfilled (Figures 5-2a and 5-2b). In contrast,
problem-specific scenarios are the contexts where peak CO» emission will be achieved
(Figure 5-2c). These comparisons indicate additional countermeasures could be taken
to achieve CO; emissions peak before 2030, which is consistent with (Liu et al., 2015;

Elzen et al., 2016; Liu et al., 2017; Song et al., 2018; Lu et al., 2023).
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Figure 5-2 CO; emissions trends and CO: intensity changing coefficients in different

future scenarios

But at the same time, it is noted that although the goal of peak CO> emissions will be
achieved in problem-specific scenarios, the feasibilities of CO> emissions reduction in
these scenarios are different (Figures 5-2d to 5-2h). For example, context E under
capacity weights has the highest value of CO; intensity changing coefficient (Figure 5-
2f), which indicates the lowest feasibility of CO> emissions reduction. For another
example, context E under responsibility weights has the lowest value of CO; intensity
changing coefficient (Figure 5-2h), which indicates the highest feasibility of CO:
emissions reduction. Also, these results support the importance of the permutation and
combination of decision preferences in specifying multi-attribute weights, which could
be a complement for researches in terms of CO> emissions alleviation (Yi et al., 2011;
Zhao et al., 2017; S.-W. Yu et al., 2018b) when traversing all the potential decision

preferences among multiple attributes is needed and feasible.

Besides, peak CO; emissions before 2030 in these contexts from the perspective of
capability weights will be fulfilled harder than those from the perspective of
responsibility or potential weights (Figures 5-2f, 5-2g and 5-2h). These results indicate

that if the aggregate CO2 emission intensity reduction is allocated to sectors under the
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cases of preferring capacity, the sectors contributing most to total CO> emissions could
not be considered as most important entities participating, which could hinder the
process of peak CO> emissions before 2030. Despite these results, the capacity criterion
could facilitate the decisions of investing in an environment improvement such as
adding desulphurization and decarburization appliances or introducing carbon capture
and storage (CCS) technology to reduce CO emission intensity (Yi et al., 2011), which

is another avenue of achieving CO» emissions alleviation (Zhao et al., 2017).

5.4.3. The structures of CO: emissions in different future scenarios

Different future scenarios are selected from Figure 5-2, which include BAU scenario,
policy-related scenario, and the scenarios based on entropy weighting, equal weighting,
context A of capacity weighting, context B of responsibility weighting and context C
of potential weighting (Figure 5-3). These scenarios are also used in Sections 5.4.4 and
5.4.5. Among these selected scenarios, it is found that the structures of CO2 emissions
in 2030 do not experience large changes and maintain the similar pattern to the 2020
level. To illustrate, in the scenarios selected, in the year 2020, sector 13 (Manufacture
of Nonmetallic Mineral Products), sector 14 (Manufacture and Processing of Metals),
sector 23 (Production and Supply of Electricity and Steam), and sector 27 (Transport,
Storage and Post) generated the largest amount of CO> emissions. Meanwhile, sector 8
(Manufacture of Textile Wearing Apparel, Footwear, Leather, Fur, Feather, and lIts
Products), sector 21 (Manufacture of Measuring Instruments), and sector 25
(Production and distribution of water) are the sectors with the smallest amount of CO>

emissions. These phenomena are found to remain the same in the year 2030.
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Figure 5-3 The structures of CO2 emissions in different future scenarios

The results of the scenarios from Figures 5-3c to 5-3g indicate that although the
structures of CO2 emissions in 2030 are not changed, the realization of peak CO2
emissions before 2030 could be achieved when CO; emissions are allocated across
sectors on the basis of multi-criteria decision making techniques (Yi et al., 2011; Zhao
et al., 2017). Then, with the specific distribution scheme of CO> emissions among
sectors, the related CO; emissions alleviation measures could be taken through a scale
effect, a technology effect and a structure effect (Ouyang and Lin, 2015; S. Yu et al.,
2018; Chen et al., 2020; X.-Y. Zhang et al., 2020). For instance, reducing energy
intensity to alleviate CO, emissions through the total energy consumption control,
energy-saving technologies and phase-output of low efficient production activity is
advocated. Also, increasing the output of low-carbon intensive sectors when controlling
the expansion of the industries committing extensive energy consumption and CO;
emission, and increasing the proportion of non-fossil fuels are supportive in CO:
emissions reduction. Besides, the establishment and completion of carbon emission

trading systems particularly for the high-carbon-emission sectors, and inter- and intra-
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sector collaborations for reducing CO» emissions are advocated (Han et al., 2017; Qin

et al., 2017; Chen et al., 2020).

5.4.4. The changes of CO: emissions at sector level in different future scenarios

Although the structures of CO; emissions, as mentioned in Section 5.4.3, are unchanged,
the absolute changes of sectoral CO2 emissions matter for peak CO> emissions at the
aggregate level (Figure 5-4). That is, to achieve the peaking of CO, emissions, the
economy-wide efforts of sectors are needed. In detail, most sectors (26 or 25 out of 29
sectors) will account for the increment of more than 1Mt CO, emissions in BAU or
policy-related scenario, while a majority (24 out of 29 sectors) of the sectors are
expected to generate the increment of less than 1Mt CO; emissions in other scenarios
selected (Figures 5-4a to 5-4g). At the same time, for the sectors which will have the
increment of more than 1MtCO» emissions in BAU or policy-related scenario, these
economic activities in other scenarios selected are expected to maintain or not to surpass
the CO2 emissions level of 2020 in the year 2030, so as to fulfil the goal of carbon

emission peaking (Figures 5-4¢ to 5-4g).

(a) BAU scenario  (b) Policy-related scenario (c) Entropy weight (d) Equal weight
S1 A S1 A S1 A S1 -
S8 - S8 - S8 - S8 1
515 515 515 515 1
522 522 522 522
529 529 529 529 1
105 0 5 10 105 0 5 10 10 5 0 5 10
(e) Context A of (f) Context B of (g) Context C of
capacity weights responsibility weights potential weights Legends

S1 A S1 1 51
The natural log of

58 - 58 - 58 4 increment above 1 MtCO;
The natural log of

515 A 515 A 515 A increment below 1 MtCO;
The natural log of

5221 522 7 522 4 increment above 1 MtCO;
529 A 529 A 529 A The natural log of

T T T T T T T increment below 1 MtCO;

Figure 5-4 The changes of CO; emissions at sector level in different future scenarios
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When it comes to the sectoral performance, in the BAU and policy-related scenarios,
some sectors, such as sectors 23 (Production and Supply of Electricity and Steam) and
14 (Manufacture and Processing of Metals), are main sectors generating the largest
incremental changes in CO» emissions (Figures 5-4a and 5-4b). Similarly, in other
scenarios selected, these sectors are commonly regarded as the primary sectors
generating the increments in CO; emissions (Figures 5-4c¢ to 5-4g), which also include
sectors 27 (Transport, Storage and Post), 13 (Manufacture of Nonmetallic Mineral
Products), and 12 (Manufacture of Chemicals and Chemical Products). Despite the
similarity, the CO, emissions of these sectors in other scenarios selected will be less
than those under the BAU or policy-related scenario. But at the same time, for some
sectors, such as sector 15 (Manufacture of Fabricated Metal Products), the BAU or
policy-related scenario is expected to experience more CO; emissions increments than
other scenarios selected, and these sectors also include sectors 22 (Other Manufacture),

and 24 (Production and Distribution of Gas).

These results indicate that the redistribution of CO2 emission across sectors, based on
multi-attribute decision making techniques, is of importance and necessity to alleviate
CO» emissions (Yi et al., 2011; Zhao et al., 2017). The reallocation of CO> emissions
aims to ensure CO; emissions reduction from a holistic perspective. During the
redistribution process, the sectors contributing most to total CO2 emission reduction
could be figured out through the comparisons of BAU (or policy-related) scenario with
other scenarios (D. Wang et al., 2019). In this regard, the related countermeasures for
sectors could be targeted and operable (D. Wang et al., 2019). Meanwhile, as for the
sectors which have more increases in CO> emissions under other scenarios selected
(Figures 5-4c¢ to 5-4g), when carbon emissions trading systems particularly for carbon-
intensive sectors are considered (Chen et al., 2020), the inter- and intra-sector
collaboration in allocating the carbon quota could be supportive in CO> emissions

reduction (Han et al., 2017; Qin et al., 2017).
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5.4.5. The peak year of CO: emissions at sector level in different future scenarios

According to Figure 5-5, there are five sectors expected to continue increasing CO>
emissions from 2020 to 2030 in the BAU scenario. Further, most of these sectors are
energy-intensive, including sectors 3 (Extraction of Crude Petroleum and Natural Gas),
5 (Mining and Quarrying of Nonmetallic Mineral and Other Mineral), 14 (Manufacture
and Processing of Metals), and 23 (Production and Supply of Electricity and Steam).
The corresponding similarity and difference between the BAU scenario and policy-
related scenario are exhibited (Figures 5-5b). That is, sectors 3 and 23 are expected to
achieve the earlier CO; peak while the remaining sectors will maintain the status quo
of the year 2020. When compared with the policy-related scenario, other selected
scenarios show that these energy-intensive sectors are expected to reach the earlier CO-
peak (Figures 5-5c to 5-5g). In the sense, effectuating peak CO; emissions at the
aggregate level need to be especially based on the efforts of these industrial sectors (He,
2014; Chen et al., 2020; Fang et al., 2022), and supports the implications of Sections
5.4.3 and 5.4.4 from the perspective of timetables (Huo et al., 2023).
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Figure 5-5 The year of peak CO> emissions at sector level in different future scenarios
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Compared with the BAU and policy-related scenarios, other selected scenarios provide
five schemes concerning CO> emissions allocation across sectors (Figures 5-5¢ to 5-
5g), and show that through the reallocation of CO» emissions among sectors, the process
of peak CO, emissions for some sectors (e.g., sector 21) is expected to be postponed,
but peak CO> emissions for other sectors (e.g., sector 23) are expected to occur in
advance. As a result, the aggregate CO; emissions reduction could be achieved in a
holistic manner. For instance, in the context C of potential weights (Figure 5-5g), peak
CO; emissions of sector 23 (Production and Supply of Electricity and Steam) occur in
the year 2027, which is earlier than their performances in BAU and policy-related
scenarios (Figures 5-5a and 5-5b). But at the same time, in the same context, CO>
emissions of sector 21 (Manufacture of Measuring Instruments) will continue
increasing from 2020 to 2030, which is latter than their performances in the BAU and

policy-related scenarios (Figures 5-5a and 5-5b).

These results indicate that there are various potential methods to reduce CO> emissions
at sector level. For instance, to mitigate the CO; emissions of sectors (e.g., sectors 14
and 23), the efforts within themselves are of significance from both production- as well
as consumption-based perspectives (Zhao et al., 2017; S. Yu et al., 2018). Then, the
efforts in terms of carbon emissions trading systems particularly for carbon-intensive
sectors are also important (Chen et al., 2020); meanwhile, the intra- and inter-sector
collaboration in allocating the carbon quota is supportive in CO> emissions reduction
(Han et al., 2017; Qin et al., 2017). Also, the postponed time schedule concerning peak
CO; emissions for some sectors (e.g., sector 21) could be considered as a motivation to
further promote the low-carbon transition of these sectors (Chang and Chang, 2016;
Han et al., 2017). Thus, the timetable derived from each context selected could not only
earmark the adjustments in sectoral policies of CO> emissions reduction (Ouyang and
Lin, 2015; Chen et al., 2020), but could also provide a reference in formulating the

measures of alleviating sectoral CO> emissions (Huo et al., 2023).
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5.4.6. The overall and dynamic changes in CO2 emissions using SSA

The CO: intensity changing coefficient is the lowest in the context E of responsibility
weighting, which indicates that the feasibility of CO> emissions reduction in this
context is the highest. In this regard, context E of responsibility weighting is selected

to explore the overall and dynamic changes in CO> emissions using SSA.

The overall changes in sector-level CO; emissions vary between 2020 and 2030,
depending on the effect studied. To illustrate, for the area-wide effect, although all
sectors will account for positive changes in CO> emissions, some sectors tend to have
the obvious positive changes, including sector 13 (Manufacture of Nonmetallic Mineral
Products), sector 14 (Manufacture and Processing of Metals), sector 23 (Production
and Supply of Electricity and Steam) and sector 27 (Transport, Storage and Post)
(Figure 5-6a). This result indicates that these sectors are the primary focus of CO-
emissions increases. For the industry-mix effect, most sectors will have no apparent
CO; emissions changes (Figure 5-6b). But in the meantime, some sectors (e.g., sector
23) are expected to exhibit the highest CO> growth, and some sectors (e.g., sector 27)
are expected to be the largest contributors to CO> emissions declines (Figure 5-6b). This
finding indicates that the former group of sectors could have the scale advantage in
terms of CO» emissions increases while the latter group could perform well in CO>
emissions reduction. For the competitive effect, most sectors are forecasted to propel
the alleviation of CO> emissions (Figure 5-6¢). But it is also noted that sectors 23 and
27 are forecasted to increase CO; emissions (Figure 5-6¢). This comparison indicates
that all sectors except sectors 23 and 27 could have the competitive advantages in
curbing CO> emissions. For the allocation effect, most sectors will contribute to
increasing CO> emissions and sector 23 will have the largest contribution; on the other
hand, sectors 13 and 14 could decrease CO> emissions (Figure 5-6d). That means that
for all sectors except sectors 13 and 14, they could be either specializing in increasing

CO» emissions with a competitive advantage or not specializing in CO> emissions
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growth with a competitive disadvantage. Correspondingly, sectors 13 and 14 could
experience the opposite when their allocation effects are taken into consideration.
Therefore, these results derived from the influences of four categories of effects on CO»
emissions could provide the directions and channels for CO> emissions synergistic
reduction at sector level (Wood, 2009; Lim et al., 2009). Measures could be taken to
promote CQO; abatement synergies across sectors, including market-based policy
instruments (e.g., green taxes, subsidies, and trade limits), and industrial symbiosis (Yu
etal., 2015). These measures could stimulate sectoral efforts in reducing CO2 emissions

through improving the development of collective research and symbolistic technologies.
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Figure 5-6 The overall changes in CO2 emissions between 2020 and 2030

The dynamic changes in COz emissions between 2020 and 2030 demonstrate the
pathways of sectors for CO> emissions abatement. For the area-wide effect, sectors will
increase CO> emissions in the early years but are expected to decrease CO» emissions
after several years (Figure 5-7a). For the industry-mix effect, some sectors (e.g., sector
23) will go through CO> emissions growth for a longer period of time while some
sectors (e.g., sector 27) will experience CO2 emission declines from the beginning
(Figure 5-7b). For the competitive effect, when most sectors will be reducing CO;

emissions, sectors 14 and 23 are forecasted to undergo fluctuations in the amount of
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CO; emissions (Figure 5-7¢). Also, sector 14 will increase CO> emissions for the latter
years but sector 23 will experience the opposite (Figure 5-7¢). For the allocation effect,
most sectors will generate the increases in CO; emissions; sectors 14 and 23 could have
the fluctuations in the amount of CO> emissions (Figure 5-7d). The difference is there
will be CO; emissions frequent increases in sector 14, while sector 23 is prone to have
more CO»> emissions declines. These results not only inform the annual future trends
which sector-level CO, emissions are expected to experience, but they also provide a
reference when the synergistic deployment of CO; emissions alleviation among sectors
is implemented (Chen et al., 2020; Wu et al., 2023), and the sequential peaking of CO»

emissions in different sectors is promoted (Niu et al., 2016; N. Zhou et al., 2018).
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Figure 5-7 The dynamic changes in CO; emissions between 2020 and 2030

5.5.Conclusion

Input-output analysis (IOA) in a scenario context could not only encompass the intra-
and inter-sector linkages in future scenarios, but also explore the potential pathways of
external variables. During the integration of IOA and scenario analysis, multi-criteria

decision making (MCDM) has been found to be feasible and useful. Against this
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backdrop, we propose an integrated scheme of input-output future scenarios
construction to help alleviate CO> emissions in a holistic manner. That is, we set up
three categories of input-output future scenarios by interconnecting production and
consumption. We start the input-output BAU scenario through a procedure of input-
output forecasting on the basis of MMTT. We then construct the input-output policy-
related scenario by extending the multi-objective optimization method with multiple
policy-related parameters. We finally arrange the input-output problem-specific
scenarios using multi-attribute decision making which incorporates the generalized
weighting method with the permutation and combination method, and supports the
construction of a multi-attribute importance method. Within the three constructed
categories of input-output future scenarios, sector-level CO2 emissions alleviation is
analysed. This study is in the case of China from 2020 to 2030. The main results and

implications are as follows.

The validation results show that the uncertainty level of forecasted IOTs remains stable
and level from 2021 to 2030, with the Z-scores of the upper bounds of the uncertainty
being around 1.962 and the Z-scores of the lower bounds of the uncertainty being about
-1.968 from 2021 to 2030. Similarly, the uncertainty level of MOOM forecasts remains
steady and level during 2021-2030, with the Z-scores of the upper bounds of the
uncertainty being about 1.966 and the Z-scores of the lower bounds being about -1.983
from 2021 to 2030. Besides, the sectors and sector transactions contributing most to the

uncertainties of forecasted IOTs and MOOM forecasts are figured out respectively.

Regarding CO; emissions synergistic alleviation within input-output future scenarios,
there are several main results. First, the scenarios where peak CO; emissions are
achieved are identified, which indicates that additional measures for CO, emissions
reduction are needed. Second, among the identified contexts, the structures of CO;
emissions in 2030 do not experience large changes and maintain the similar pattern to
the 2020 level, which emphasizes that CO2 emissions reduction is expected to continue
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focusing on the efforts of specific sectors. Third, for the economy-wide effects of CO-
emissions alleviation, the changes of CO: emissions suggest the importance of
reallocating CO> changes among sectors in a holistic manner. Fourth, the timetable
derived from each scenario selected could not only earmark the adjustments in the
sectoral policies of CO> emissions reduction, but also could provide a reference for
formulating the measures of alleviating CO> emissions at sector level. Finally, the
overall and dynamic changes in CO; emissions using SSA inform the directions and
channels for CO; emissions reduction at sector level, and provide a reference when the
synergistic deployment of CO» emissions alleviation among sectors is implemented and

the sequential peaking of CO2 emissions among sectors is promoted.
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Chapter 6: Input-output future configuring system for low-
carbon economy using a social accounting matrix
optimization design

6.1.Introduction

Input-output optimization for forecasting has attracted increasing interest in low-carbon
economy (LCE) study (Y.-Q. Su et al., 2021). To illustrate, the low-carbon scenarios
are developed to define and establish the feasible countermeasures (Nguyen et al.,
2018). The low-carbon measures under multiple constraints are evaluated for
determining the optimum situations (Kang et al., 2020). The socio-economic impacts
for CO, emissions peak are assessed for investigating the pathways in which CO;
emissions peak could be achieved (Mi et al., 2017¢; S.-W. Yu et al., 2018a). The effects
of CO; emissions on resources are optimized for addressing the changes from climate
change (Aviso et al., 2018). The influences of CO; abatement measures are gauged

through achieving general equilibrium (Dong et al., 2017).

However, there are still some attempts to make for input-output forecasting studies in
the context of LCE. First, despite the significance of composite indicators has been
recognized (Wang et al., 2010; H.-S. Lin et al., 2020), the optimization of composite
indicators has not been undertaken in input-output forecasting studies. Second,
although the role of energy intensity and CO: intensity in CO> emission reduction has
drawn the attention (Xiao et al., 2017; Li et al., 2019), the relation among energy
intensity, CO intensity, total energy consumption, and the growth rate of GDP has not
been investigated for the optimum situations. Third, because computable general
equilibrium (CGE) model focuses on general equilibrium, rather than a pursuit of
optimization (Sharify and Batey, 2006), the social accounting matrix (SAM)

optimization model could improve this point by integrating CGE with optimization.

These aforementioned attempts constitute the key features of a new input-output
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forecasting method, which is what we have termed input-output future configuring
system in this study, corresponding to the connotation of configuration in the
organizational theory (Rosenberg, 1968; Miller and Friesen, 1978). This system could
fulfil the following aspects. First, the effects in terms of volume and structure could be
reflected to help with the countermeasures design (Li et al., 2019; Y.-Q. Su et al., 2021).
Second, the future trends at sector level in the context of LCE could be delineated to
facilitate the preparation for future changes (San Cristobal, 2010; Igos et al., 2015).
Third, this system could attain adjustments and achieve flexibilities when the

influencing variables are changed (Singh and Panda, 1989).

Therefore, in this study, to reflect and reconcile the future trends in the context of LCE,
we propose an input-output future configuring system. This system is constructed by a
SAM optimization design, which is achieved within the CGE-based framework. During
the system construction, optimum designs are conducted for LCE performance and
planning-based parameter setting. Then, a CGE appraisal framework is integrated into
optimization. Also, this system is validated through Monte Carlo simulations. When
applying this system to the context of LCE, a new method is proposed through
combining the element-based Fourier method (EFM) with the simultaneous equations
method (SEM), so as to analyse the impacts of future trends on economy, energy and
CO» emissions and suggest countermeasures correspondingly. This study is in the case
of China from 2020 to 2030. The remainder of this paper is organized as follow. Section
6.2 introduces the research concerning the input-output future configuring system,
SAM optimization design, and LCE performance with optimization. Section 6.3
introduces the methodology and data. Section 6.4 is about results and discussion.

Section 6.5 concludes this paper.

6.2. Literature review

6.2.1. Input-output future configuring system
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A configuration represents a number of specific and separate attributes which are
meaningful collectively rather than individually (Rosenberg, 1968; Miller and Friesen,
1978), which contains relationships among elements or items representing multiple
domains (Dess et al., 1993). Elements or items from a configurational perspective are
conceived as constellations of inter-connected internal and external structures, and a
configurational perspective is of predictive importance (Miller, 1990; Delery and Doty,
1996). In this sense, a configurational perspective could be developed towards tracking
the development of organizations when the organizations are affected by the internal
and external changes over time (C. Zhang et al., 2017). Not only does a configuration
perspective gain popularity in organizational theory and strategy research (Fiss, 2007),
but it is also developed in other fields, such as economy (F.-F. Jiang et al., 2021), energy

(Kimmich and Tomas, 2019), and environment (J.-F. Wu et al., 2021).

From a configurational perspective, the input-output future configuring system within
a SAM scheme develops towards a system of multidimensionality; meanwhile the role
of economic activity-level interdependencies adds up in this system. Besides, the input-
output system is expected to respond the temporal changes internally and externally to
reflect the system-level evolution. But at the same time, a configurational perspective
per se does not emphasize the optimization of system, so there is a need for optimizing
this input-output system to develop the configurational perspective (Hristu-Varsakelis
et al., 2012). In these regards, the detailed, holistic, integrated image of this system is
yielded (Bensaou and Venkatraman, 1995; F.-F. Jiang et al., 2021), promoting the

effectiveness of this system.

Based on the previous studies, for the construction of input-output future configuring
system, a configurational perspective is exploited and integrated into input-output
system; meanwhile the characteristics of input-output system are retained. Also, the
prospective feature of this system could be reflected and utilized for impact analysis
and planning. Then, the influencing variables to consider could be processed following
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the formed input-output configuring procedure, so as to meet the specified adjustments
(Xiao et al., 2017; Lin and Jia, 2018, 2020). Besides, during the construction of input-
output future configuring system, the optimization feature of this system is achieved
(Wang et al., 2010; H.-S. Lin et al., 2020), further developing the configurational

perspective.

6.2.2. Social accounting matrix optimization design

Optimization models have been incorporated into input-output systems, which allows
for the optimal performance of economic activities when making choices as to
constraints (Ochitwa, 1984; Nguyen et al., 2018). The related studies could be clarified
into two categories: one is for what if scenarios and the other is for what best scenarios
(Pulido-Velazquez et al., 2008). Models for the former category are better suitable to
reproduce the modus operandi of the system under the current institutional settings
(Nguyen et al., 2018; Kang et al., 2020). By contrast, models for the latter category are
useful to systematically search for the promising planning and management solutions
(San Cristobal, 2010; Yu et al., 2016b). The integration of mathematical programming
with input-output system has been gradually extended to analyse the sector-level
impacts of countermeasures (San Cristobal, 2012), provide the applicability as a
management avenue (Singh and Panda, 1989), and improve the efficiency of decision
making (Hristu-Varsakelis et al., 2012). Compared to social accounting matrices, input-
output tables are more widely used in this integration, although the former delineate

both product and income values for an economy system comprehension (Sharify, 2021).

Computable general equilibrium (CGE) model is a useful tool for studying economic
activity-level interdependence and general equilibrium repercussions in depth
(Cardenete et al., 2017). The product and income flows between economic activities
are of necessity for the CGE model, delineating the mutual influence and

interdependence among various economic activities (Liang et al., 2022). Within in a
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CGE appraisal, the economy consists of supply and demand is equalized across
interconnected markets in the economy, and the abstract general equilibrium structure
is combined with realistic economic data to solve numerically for the levels of supply,
demand and price that support equilibrium across a specified set of markets (Cheng et
al., 2015). CGE model has been widely used in diverse fields such as economy (L.-G.

Zhang et al., 2018), energy (Lin and Jia, 2020), and environment (Xiao et al., 2017).

CGE model is built on the basis of social accounting matrix (SAM). Within a SAM
scheme, the economic transactions are captured and the SAM optimization method is
conducted for economic planning (Sharify, 2021). SAM optimization approach
combines SAM with mathematical programming to attain the optimum level when
considering goals and constraints, which improves CGE model encompassing the
general equilibrium of economic activities. Also, because SAM reflects both product as
well as income flows, the SAM optimization method has the capability of responding

to these reflections for the purpose of planning.

However, there are two points which previous studies have not attached enough
attention on. First, previous studies are less prone to study the importance of the
predictability of the SAM optimization method (Ochitwa, 1984). Second, previous
studies have not emphasized more on integrating CGE with SAM optimization,
although this integration is capable of encompassing the advantages of both models
(Sharify and Batey, 2006). So in this study, we construct the input-output future
configuring system, which is achieved by integrating CGE with SAM optimization. In
this regard, this input-output future configuring system could utilize the merits of SAM,

mathematical programming and CGE for impact analysis and management.

6.2.3. Low-carbon economy performance with optimization

Low-carbon economy (LCE) is to achieve more economic outcomes, higher living

quality, less depletion of natural resources, and less environmental contamination (UK
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Department Trade, 2003; Peng and Deng, 2021). Quantifying the LCE performance is
of significance as this quantification could not only help comprehend the development
of LCE, but also help the management for LCE. In detail, the LCE system has been
constructed considering economy, society, energy and environment subsystems, so as
to provide a systematic framework for CO> reduction and low-carbon transition (Shi et
al., 2022). Also, the composite index for LCE has perceived as useful for evaluating

low-carbon development (Tan et al., 2017).

However, current quantifying LCE performance has not concentrated more on the
optimization of LCE performance, which decreases the applicability of these useful
methods to improve LCE performance. When it comes to how to achieve the
optimization of LCE performance, not only does this corresponding method highlight
the role of economy, society, energy, and environment (Tan et al., 2017; Shi et al., 2022),
but it also encompasses the optimization of the composite index to establish. The latter,
in particular, has been achieved in the field of energy (Wang et al., 2010; H.-S. Lin et
al., 2020). Then, regarding the composite index to establish for LCE performance,
previous studies have pointed out the usefulness of the indicators such as economic
value per unit of CO; emissions (Heil and Wodon, 1997), energy consumption per unit
of CO emissions (Feng et al., 2015), and disposable income (for social welfare) per
unit of CO; emissions (Urge-Vorsatz et al., 2016; Zhou et al., 2017). These indicators
depict the relationships about the role of economy, energy and society in CO> emissions.

The higher value of these indicators indicate the better LCE performance.

Also, it 1s noted that there is a need for quantifying role of planning-based parameters
in improving LCE performance. In the context of LCE in China, the planning-based
parameters include the planning in terms of economy, energy, and CO; emissions.
Because there are relations among economy, energy and CO; emissions, the optimum
situation delineating the synergic effects of these contributing factors could be gained
for better LCE performance.
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Therefore, in this study, we propose an input-output future configuring system for LCE,
which is constructed by a SAM optimization design. During the system construction,
the composite index for LCE performance is compiled to serve as the objective of this
optimization design, the optimum situation concerning the trade-off among objectives
in terms of economy, energy and CO> emissions is calculated for one of constraints of
this optimization design, and the general equilibrium within a CGE appraisal is also
among constraints of this optimization design. The validation of this system is
conducted through Monte Carlo simulations. Besides, when applying this SAM
optimization design to the context of LCE, a new method is proposed through
combining the element-based Fourier-Markov method (EFM) with the simultaneous
equation method (SEM), so as to analyse the effects of future trends on economy,
energy and CO; emissions at the aggregate and sector levels and to gain specified and

operable low-carbon countermeasures.

6.3. Method and data

6.3.1. Optimum designs for LCE performance and planning-based parameter

setting

The LCE performance composite indicator could be explained as follows.

F=mZu,~+nv+qZki 6-1)
i i

where F is the composite indicator of LCE performance, u; is the value added per
unit of CO> emissions for sector I, v is the energy consumption per unit of CO>
emissions, k; is the disposable income per unit of CO; emissions for sector i, m, n

and g are the weights of each indicator considered in F.

The indicators are normalized, according to a larger value of a positive indicator

indicating the better performance with a smaller value of a negative indicator indicating
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the better performance (Mi et al., 2017b; Shen et al., 2021). The normalization is

expressed as follows.

Zl] — (nij mm)/(nmax mm (6 _ 2)

(nmax _ nl])/(nmax mm (6 _ 3)

where n;; is the feature value of the indicator, subscript i denotes the alternative to

sort in the dataset, subscript j denotes the indicator, z;; is the normalized value of the

min
ij

max

indicator, n;;"" = m1n nj, and ng™" = maxn;;.
l

As for the optimum design for LCE planning-based parameter setting in China, the
simultaneous consideration of diverse planning-based parameters is explained as

follows.
Ce=EZ(1—(t=DR)(L+y)Y (6—4)

where C; is the CO; emissions in year t, E; is the CO: intensity in year [, Z; is the
GDP inyear [, B is the average reduction rate of CO> emission intensity, and y is the

average growth rate of GDP.

According to planning-based parameters in terms of economy and CO: emissions, the

optimum situation for attaining the growth rate of GDP is as follows.
Yopt = exp(B/(1 = (t = DB)) — 1 (6-15)

where Y, is the optimum growth rate of GDP when the planning-based parameters

in light of economy and CO; emissions are considered.
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Then, when planning-based parameters in terms of energy consumption are considered,

the optimum situation of attaining the growth rate of GDP is adjusted as follows.

(t-

V«I)pt - l)\/Ecap,t/lel(l - (t - l)a) -1 (6 - 6)

where Ygp, is the adjusted growth rate of GDP, f; is the energy intensity in year [, and

a is the average reduction rate of energy intensity.

6.3.2. Integrating CGE with SAM optimization
6.3.2.1. Production block

In the production block, each production function is the Constant Elasticity of
Substitution (CES) function except for the intermediate inputs composition which is

Leontief production function.

q q,1/pd
QA4, = a’ [agQVAﬁa +(1- 63)QINTAﬁa] 6-7)
pva, & (QINT,cla>1"’Z 69
PINTA, (1-67)\ QVA,
PA, - QA, = PVA, - QVA, + PINTA, - QINTA, 6 -9)

where QA, are the quantities of domestic production, QVA, are the quantities of
value added, QINTA, are the quantities of the intermediate input, PA, is the prices
of domestic production, PVA, is the prices of value added, PINTA, is the prices of
intermediate inputs, aJ are the efficiency parameters of CES, &1 are the share

parameters of CES, pd are the elasticity parameters of CES, and a denotes the

production sector.
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va va11/pg"
QVA, = a?® [SZ“QLDZ“ + (1 — 8Y%)QK D" ] 6 — 10)
WL 5ve KD\ 17Pa
_ a (Q a) 6 - 11)
WK~ (1-629)\QLD,
PVA, QVA, = WL-QLD, + WK - QKD,, (6 —12)

where QLD, are the demand for labour, QKD, are the demand for capital, WL are
the prices of labour, WK are the prices of capital, ay® are the efficiency parameters

of CES, 84% are the share parameters of CES, py® are the elasticity parameters of

CES.

QINT,, = ica,, - QINTA, (6 —13)
PINTA, = z ica,, - PQ, (6 —14)
c

where QINT,, are the intermediate inputs from commodity sector ¢ to production
sector a, ica., arethe quantities of commodity ¢ to produce one unit of intermediate
input of a, PINTA, are the prices of intermediate inputs, and PQ, are the prices of

commodities.

6.3.2.2. Commodity block

In the commodity block, a Constant Elasticity of Transformation (CET) function is
applied to allocate the total domestic production into two parts: export and domestic

consumption.

]1/p§ (6 — 15)

QX = o [83QDAL + (1 - 89)QEY
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PDA, 5% ( QE, )1"’?‘

= -1
PE, _ (1— % \QDA4, (6-16)
PX, - QX, = PD, - QDA, + PE, - QE, 6—17)
PE, = pwe, - EXR (6 —18)

where QX are the outputs of commodities, QDA, are the quantities of domestic
commodities, QE, are the quantities of exports, PX, are the prices of commodities,
PDA, are the prices of domestic commodities, PE, are the prices of exports, a} are
the efficiency parameters of CET, 87 are the share parameters of CET, p¥ are the
elasticity parameters of CET, pwe, are after-tax Free On Board (FOB) prices, and

EXR is exchange rate.

In the commodity block, the total commodity in the domestic market is from two
sources: the total commodities produced and consumed domestically, and the imported

commodities. An Armington CES function is used to delineate the relationship.

q[sq pe q p11V/Pe
QQ, = a’ [8CQDCC” +(1- 6C)QMCC] 6 — 19)
PDC & M, \1Pe
c_ Cq(Q C) (6 — 20)
PM, (1-47)\@DC,
PQ, - QQ. = PDC, - QDC, + PM, - QM, 6 —21)
PM.=pwm, - (1+tm,) - EXR (6 —22)

where QQ. are the quantities of commodities in domestic market, QDC, are the
quantities of domestic commodities, QM are the quantities of imports, PQ, are the

prices of commodities in domestic market, PDC,. are the prices of domestic
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commodities, PM, are the prices of imports, af are the efficiency parameters of
Armington CES, 87 are the share parameters of Armington CES, p? are the elasticity
parameters of Armington CES, pwm, are the international prices of commodities, and

tm, are the import tariff rates.

6.3.2.3. Household block

YH, = WL - QLS, + shif . WK - QKS, + TRhg, + TRhent, + TRhrow,(6 — 23)

PA.-QHY = (1 —ti,) - shrh? -mpc, - YH, (6 —24)

where YH), is the income of household p, QLS,, are quantities of labour, QKS,, are
quantities of capital, shifpy is the transfer from capital to household, TRhg,, is the
transfer payment from government to household, TRhent, is the transfer payment

from enterprise to household, TRhrow,, is the transfer payment from rest of world
(ROW) to household, QH?. is the household consumption, ti, is the rate of individual

income tax, shrh? is the share of commodity in total household consumption, and

mpc is the marginal propensity to consume.

6.3.2.4. Enterprise block

YENT = WK - QKS - Shif ok (6 — 25)

where YENT is the earning of enterprise from capital income, and Shif o 1s the

share in total domestic capital income.

ENTSAV = (1 — ti,,)YENT — TRhent, (6 —26)

where ENTSAV is the saving of enterprise, and ti,,, isthe enterprise income tax rate.
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EINV = z PQ, - QINV, (6 —27)

where EINV is the investment of enterprise, and QINV . are the investment quantities
of commodities.
6.3.2.5. Government block

YG = Z (tval, - WL - QLD + tvak, - WK - QKD,) + Z YH,, - ti,, + YENT - tig,,
a p

+ z tm.-pwm,- QM. - EXR + transfrgoyrow + YDEBT (6 —28)
c

where YG is the government revenue, tval, denotes the rate of tax on wage in the
production activity, tvak, denotes the rate of tax on capital in the production activity,
transfr g oprow is the transfer payment from ROW to government, and YDEBT is

the debt revenue of government.
EG = Z PQ. QG. + z TRhg, + transfr,qy,gov (6 —29)
c 2

where EG 1is the expenditure of government, QG, denotes the government
consumption of commodities, and transfr,,, 4o, is the transfer payment form

government to ROW.
GSAV =YG - EG (6 —30)
where GSAV is the government saving.

6.3.2.6. Rest of world block

YROW = z (pwm, - QM. - EXR) + shif o, - WK - QKS + transfr,,,,40,(6 — 31)
c

where YROW is the earning of ROW, and shif,,, is the proportion of overseas
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account’s domestic capital revenue in total domestic capital revenue.

EROW = z (pwe. - QE. - EXR) + z TRhrow,, + transfr joprow + FSAV (6 — 32)
c 14

where EROW is the expenditure of ROW, and FSAV is the saving of ROW.

6.3.2.7. Optimization algorithm

The integration of CGE with SAM optimization goes through the following steps. First,
the objective function introduced in Section 6.3.1 is the reduced form of the composite
index for LCE performance. Second, the optimal design of LCE planning-based
parameter is one of constraints of this integrated method. Third, the equations within a
CGE appraisal, introduced in Sections 6.3.2.1-6.3.2.6, are also the constraints of this
integrated method. Genetic algorithm (GA) is used for the optimization process in this
study. GA has the advantages of no restrictions on derivation and function continuity
(Yang et al., 2022), efficient parallelism (Campos Benvenga et al., 2016), strong global
search ability (H.-S. Lin et al., 2020), straightforward implementation (Ahmadi et al.,
2011), and high applicability (Roghanian and Pazhoheshfar, 2014). GA has been widely
use in diverse fields, such as economy (Campos Benvenga et al., 2016), energy (Ceylan

and Ozturk, 2004) and environment (Wang et al., 2010).

6.3.3. Extending input-output future configuring system with an element-based

Fourier-Markov method and the simultaneous equations method

To trace the trends inherent in energy consumption and CO> emissions, the element-
based Fourier-Markov method (EFM) combined with the simultaneous equations
method is proposed. To explain the EFM method, we start with the modified Fourier
correction (MFC) method with basic module. Then, we introduce the Markov process
to the MFC method. Because the performance of EFM method with typical sequences

has been evaluated in Chapter 4, the performance evaluation of EFM method is not
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included in Chapter 6. Also, we propose a new method that combines the EFM method
with the simultaneous equations method (SEM) to forecast energy consumption and

CO; emissions when the role of energy category is taken into consideration.

6.3.3.1. The MFC method with basic module

The moving average (MA) method is used as the basic module for EFM method
because MA method could track both linear and nonlinear changes in time series data

(Xiong et al., 2011). The MA method is explained as follows (Hansun, 2013).

My =M1+ Ve — Yen)/n (6 —33)

where M, is the prediction at time t, M;_; is the predicted values attime t — 1, y; is
the data point value at time t, y;_, is the data point value at time t — n, and n is the

number of data points used in the calculation.

Then, the MFC approach is to increase prediction capacity from the considered input
data sets. Compared with the previous use of Fourier series, this study proposes four
improvements: the first one is using the quotient form of residual series to maintain the
consistency between initial estimates and predictions, the second is extending the
application of Fourier series to both odd and even cases (Smith, 1999; Selesnick and
Schuller, 2000), the third is using the singular value decomposition (SVD) to attain the
coefficients of Fourier series, and the fourth is integrating the mechanism where each
element gets considered into the Fourier correction. Thus, the MFC method is explained

as follows.

Er = {Er(l)) ET(Z)' Ty Er(CI)}T (6 - 34)

where E, is the quotient form of the residuals series, and
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Er(k)=yk/ﬁk,k=1,2,---,q (6_35)

Then, the Fourier series can approximate the quotient form of residual series as follows.

1 & i 2m 2w
Er(k)=§a0+2[aicos< T k)+bism<Tk>],k=1,2,---,q (6 —36)
i=1

where T = q, and

%+1,if q is even
ka=y(q-1 (6-37)
> +1,if q is odd

The coefficients derived from the Fourier correction approach (i.e., Q =

[ag, ay, by, Az, by, -+, rar bralt), are calculated as follows.

Q = P'E, (6 —38)

where PT is the Moore-Penrose pseudo-inverse of P as follows.

1 (Zn-z) (211-2) (21‘[ 2 2) . (21‘[-2 2) (ka-21r-2)
= cos|==) sin|==) cos sin cos
2 T T T T
L cos (2”'3) sin (2”'3) cos (Zn 2 3) sin (2”'2'3) -~ cos (ka'z ) sin (
P=|2 T T T T

The original prediction series can be corrected as follows.

M, =M, XE.(k),k=1,2,,q (6 — 40)

6.3.3.2. The establishment of EFM method

The MFC method could be adjusted when there are occurred events in future (Lin et al.,
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2001; Hsu et al., 2009). To achieve this, the Markov process is introduced on the basis
of the MFC approach. With this improvement, the new mechanism where the impact of
each element on the prediction is integrated into the Fourier-Markov method, the
constant good performance when compared with its original model based on is ensured,
and the scope of application is complete when its current form is specified in a broad
manner. This is what we have termed an element-based Fourier-Markov (EFM) method.

The following is the process about how the EFM method operates.

Similar to the MFC method in Section 6.3.3.1, the EFM method uses the quotient form
of residual series to maintain the consistency between initial estimates and predictions.
The residual errors are portioned into r equal portions called states. Each state is an
interval whose width is equal to a fixed portion of the range between the maximum and
the minimum of the whole residual error (Li et al., 2007). Let S; be the jth state.

S; €[SL;,SU;j=1,2,--,r (6 —41)

where SL; and SU; are the lower and upper boundary of the jth state, and 7 is the

integer portion of In(n)/In 2.
. j—1 .
SLij = min e(t) + — (mtax e(t) — min e(t)) (6 —42)
SU = mine(t) +2 (maxe(t) - mine(t)) (6 — 43)
t t r\ t t

where e(t) is the quotient form of the residual error of the MFC method, t =

1,2,--,q,and j =1,2,---, 1.

Let Pig-m) be the transition probability from the ith state to the jth state by m steps.
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(m)

(m) _
PL] - Ri ’

j=1,2,"',7" (6_4‘4)

where Ri(;.") is the transition times that occurred from state i to j by m steps, and R;

is the number of data belonging to the ith state.

Let Qt(m) = (Pt(lm), Pt(zm), e Pt(rm)) be the row vector of transition probabilities of ith
state at m time steps. The center vector of each state is denoted by v =

(v(D),v(2),+,v(r)), with v(j) = o x SL; + (1 — 0) X SU;.

The adjusted prediction, Mt(a), in the EFM method is given by

M = M, x Q™ v()) (6 — 45)

6.3.3.3. The simultaneous equations method (SEM) combined with EFM to

forecast energy consumption and CO:z emissions

When the EFM method is applied to forecast energy consumption and CO> emissions,
the connections between energy use and CO; emissions and the role of energy category
need to be further considered. To achieve this, we incorporate both the simultaneous
equations method (SEM), as well as the policy-related parameters about energy
consumption and CO; emissions, into the EFM method. In detail, based on the
forecasting results of the EFM method, the connections between the use of each energy
category and related CO2 emissions are established by means of the SEM method, so
as to ensure the changing rates of each energy category use are consistent with those of
related CO; emissions. At the same time, the corresponding policy-related parameters
including carbon intensity reduction rate, energy intensity reduction rate, the energy

consumption cap target, and the shares of gas and non-fossil fuels in total energy
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consumption are used to ensure the configuration of the future trends in the field of

energy consumption and CO» emissions.

6.3.4. Validation of input-output future configuring system

The validation of input-output future configuring system is achieved by Monte Carlo
simulations. The uncertainty is measured by using the 2.5th and 97.5th percentiles of
the data (Lu et al., 2011; Pinder et al., 2012; Lauerwald et al., 2015; Su et al., 2015;
Ayarzagiiena et al., 2020), which represent the upper and lower bounds respectively. To
compare the variations in the uncertainty over time, a Z-score measurement (i.e., a value
minus the population mean, divided by the population standard deviation) is needed.
This measurement describes a value’s relation to the mean of the data (i.e., a group of

values) and is used to compare different datasets.

6.3.5. Data and policy-related parameters

Four datasets are used in this study: time-series social accounting matrices (SAMs),
CO»-related data, policy-related parameters, and the parameters for the CGE model
integrated with SAM optimization model. CO; emissions are calculated based on
energy consumption, cement production and emission factor data. Energy consumption
and cement production data are from China’s National Bureau of Statistics, and
emissions factor data are according to (Shan et al., 2018). For the policy-related
parameters, carbon intensity reduction rate, energy intensity reduction rate, and the
share of non-fossil fuels in total energy consumption are from (NPC, 2021). Also, the
energy consumption cap, and the share of natural gas in total energy consumption are
from (NDRC, 2016). The parameters for the CGE model integrated with SAM
optimization model include the substitution parameters between value added and
intermediate inputs, the substitution parameters between labour and capital, the
substitution parameters between exports and domestic products, and the substitution

parameters between imports and domestic products. The benchmark SAM used in the
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integration of CGE model with SAM optimization model is the SAM of the year 2020.
The forecasts concerning CO2 emissions and energy consumption are on the basis of

the aforementioned datasets from 1997 to 2020.

6.4. Results and discussion

6.4.1. The validation of input-output future configuring system

The uncertainty level of input-output future configuring system of China is low and
stable from 2021 to 2030. At the aggregate level, the Z-scores of the lower bound of
uncertainties are around -1.965 between 2021 and 2030; meanwhile, the Z-scores of the
upper bound of uncertainties are around 1.952. At the economic activity level, Z-scores
are distributed stably with the median lines maintaining around the Z-score of -0.314
and the interquartile range from -0.555 to 0.138, and exhibit positively skewed
distributions as the median values are less than the mean values. Meanwhile, some
economic activities exert larger impacts on the distribution (Figure 6-1a). For instance,
the economic activity contributing most to the uncertainty is the economic activity 46
(Urban Household account) from 2021 to 2030. Similarly, at the economic transaction
level, Z-scores are distributed stably, with the median lines sustaining around the Z-
score of -0.149 and the interquartile range from -0.153 to -0.118, and exhibit positively
skewed distributions. Also, some economic transactions exert larger impacts on the
distribution (Figure 6-1b). For example, the economic transaction contributing most to
the uncertainty is the economic transaction from economic activity 52 (Others account)

to economic activity 50 (Capital Factor account).
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Figure 6-1 Uncertainty analyses of input-output future configuring system of China

6.4.2. The aggregate impacts based on input-output future configuring system

The aggregate impacts of input-output future configuring system of China on economy,
energy consumption, and CO2 emissions from 2020 to 2030 are illustrated in Figure 6-
2. For the impacts on economy (at 1997 constant price), according to Figure 6-2a,
during 2020-2030, GDP is expected to increase from 52920.68 billion yuan to 87287.94
billion yuan. Consumption is expected to continue increasing and making the largest
contribution to GDP from 2020 to 2030. In detail, consumption will increase from
29033.57 billion yuan to 52331.75 billion yuan between 2020 and 2030. Investment
will increase from 22571.58 billion yuan to 45820.43 billion yuan from 2020 to 2030.
Export will increase from 9784.49 billion yuan in the year 2020 to 12621.70 billion
yuan in the year 2030. The economic trends are hoped to continue helping in reducing
the inequality of income, decreasing unfeasible fixed asset investment, and lessening
China’s reliance on exports (Luukkanen et al., 2015). Besides, these results indicate
that to promote the economic future development, more attention could be put on the
innovations in upgrading the internal structure of consumption and investment

(Luukkanen et al., 2015; Yu and Du, 2019).
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Figure 6-2 The aggregate impacts based on input-output future configuring system of

China

For the impacts on energy consumption during 2020-2030, according to Figure 6-2b,
the amount of total energy consumption is expected to increase from 4.98 Gton standard
coal to 6.0 Gton standard coal. Despite that coal consumption will contribute most to
total energy consumption during the study period, the ratio of coal use to total energy
use will increase first with an annual decreasing rate of 1.06% and then will decrease
from 2028 onwards. The oil consumption will experience a reduction trend with an
annual decreasing rate of 6.51%. On the contrary, the consumption of natural gas and
non-fossil fuel will increase from 2020 to 2030 and will contribute more to total energy
use. The increasing rates are 7.96% and 6.59%, respectively. These results indicate that
the structure of energy consumption could experience changes that are different from
the previous structure to support the energy requirements in the future. Then, related
preparations could be set up for the future necessary needs of energy consumption,
including maintaining the decline in the proportion of coal consumption and preventing
a rebound, and ensuring the effective supply of supply of renewable energy (S.-W. Yu

et al., 2018a; Zhang and Chen, 2022).
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For the impacts on CO» emissions during 2020-2030, according to Figure 6-2c, the total
CO; emissions are expected to increase gradually and peak in the year 2028. The CO»
emissions from coal use will continue contributing most to total CO> emissions and
peak in the year 2028; the coal-related CO, emissions will increase first and then will
start to decrease from 2028. The CO; emissions from oil use will decrease but the CO»
emissions from natural gas consumption will increase. Also, the difference between the
ratio of oil-related CO> emissions and that of gas-related CO, emissions will be the
smallest in the year 2027. These results indicate that the changes in coal-related CO>
emissions would continue being the core of whether total CO» emissions would peak
or not (Xu et al., 2017). Thus, energy development and utilization technologies need be
considered continuously, and in particular, strengthening independent innovation in

clean coal technology and large-scale new energy technology (D. Wang et al., 2019).

6.4.3. The sector-level impacts based on input-output future configuring system

The sectoral impacts based on the input-output future configuring system are delineated
in Sections 6.4.3.1-6.4.3.3. Then we analyse these sectoral impacts using the Pareto
principle (also known as the 80/20 rule). The Pareto principle is a decision-making
method that statistically separates a limited number of input factors (20%) have the
greatest impact on an outcome (80%) (W.-W. Liu et al., 2015). This principle means if
few key causes are rectified, then a better probability of success will be achieved (W.-
W. Liu et al., 2015). Also, this principle allows for identifying and focusing on the key
parts that contribute most to the outcomes (Robati et al., 2021).The Pareto principle has
been applied in diverse fields such as economy (Zhang et al., 2022), energy (Kaur et al.,
2019) and environment (Fenner et al., 2020). In what follows, critical sectors are

identified in terms of the impacts on economy, energy consumption, and CO> emissions.

6.4.3.1. The impacts on economy

Figure 6-3 shows the sector-level impacts of input-output future configuring system on
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GDP, consumption, investment and export in China from 2020 to 2030. For impacts on
GDP, the scope of sectors contributing to 80% of GDP will shrink between 2020 and
2030. That is, the number of sectors constituting 80% of GDP will decrease from 9 to
7. In 2020, sector 29 (Other Services) will rank first in GDP, followed by sectors 28
(Wholesale and Retail Trade) and 1 (Agriculture). This tendency is expected to continue
before 2026 and then the first three sectors will change to sectors 29, 28 and 26
(Construction). In addition, sectors 1, 27 (Transport, Storage and Post), 22 (Other
Manufacture), and 14 (Manufacture and Processing of Metals) will also be important
components contributing 80% of GDP in 2030. These results indicate that a gradual
shift of the economy towards services would continue. But at the same time, the
requirements for decarbonizing the identified sectors and fostering low-carbon sectors

would increase (Shen and Sun, 2016; Jiang et al., 2019c).
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Figure 6-3 The sector-level impacts on economy based on input-output future

configuring system of China

For impacts on consumption, the scope of sectors contributing 80% of consumption
will shrink from 2020 to 2030. That is, the number of sectors contributing 80% of
consumption would decline from 4 to 3. Also, 80% of consumption will consist of the
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contribution from sectors 29 (Other Services), 6 (Manufacture of Food and Tobacco),
and 28 (Wholesale and Retail Trade) starting from the year 2020. These results indicate
that on the one hand, consumption for services could be developed through the
considerations of sector heterogeneity because some service sectors are carbon-
intensive (Y.-Q. Su et al., 2021); on the other hand, consumption for food and tobacco
could provide a close connection between production and consumption, which
promotes consumption changes to affect related production changes (J. Wang et al.,

2016).

For impacts on investment, the scope of sectors contributing 80% of investment will
shrink during 2020-2030. That is, the number of sectors contributing 80% of investment
will decline from 3 to 2. Also, 80% of investment will be composed of the contribution
of sectors 26 (Construction) and 29 (Other Services) from 2020 onwards. More
supports for construction industry could be provided through investing building
technology research and development (B. Li et al., 2020), as well as low-carbon
infrastructures (Jiang et al., 2019c). More investments in service sectors indicate an
alternative to achieving a higher industrialization level. For example, promoting green
finance in services sectors could be a feasible way for the upgrading of industrial

structure (Wang and Wang, 2021).

For impacts on export, the scope of sectors contributing 80% of export will maintain
the same level from 2020 to 2030. That is, the number of sectors contributing 80% of
export will be sustained at 11. But at the same time, there will exist both sector-level
homogeneity as well as sectoral heterogeneity in export. For example, the first three
sectors in export in 2020 would be the same as those in 2030, and they are sectors 20
(Manufacture of Communication Equipment, Computer and Other Electronic
Equipment), 28 (Wholesale and Retail Trade), and 19 (Manufacture of Electrical
Machinery and Apparatus). But sectors contributing 80% of export in 2020 will include
sector 7 (Manufacture of Textiles), rather than sector 17 (Manufacture of Special-
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Purpose Machinery) which is among the sectors contributing 80% of export in 2030.
These results indicate that to promote export trade, there is a need for energy structure
optimization through increasing renewables and improving energy efficiency within the
identified sectors (R. Huang et al., 2019). Also, the continuation of exporting the low-

carbon goods and services could be taken into consideration (Mi et al., 2018a).

6.4.3.2. The impacts on energy consumption

Figure 6-4 shows the sector-level impacts on the consumption of total energy, coal, oil,
and natural gas in China from 2020 to 2030, which is on the basis of input-output future
configuring system. For impacts on total energy consumption, the scope of sectors
consuming 80% of total energy will shrink between 2020 and 2030. That is, the number
of the sectors consuming 80% of total energy will decrease from 9 to 8. Among these
sectors, the first three sectors will be unchanged starting from 2022, and they include
sectors 14 (Manufacture and Processing of Metals), 12 (Manufacture of Chemicals and
Chemical Products), and 11 (Manufacture of Refined Petroleum, Coke Products,
Processing of Nuclear Fuel). Then, service sectors will also be among the identified
sectors. It is noted that the largest proportion of total energy consumption is accounted
for by high energy-intensive sectors. Thus, there is a need for the continuation of
countermeasures in terms of energy efficiency improvement, energy conservation
requirements, renewable energy supports, and industrial structure adjustments (Wang

etal., 2011; Niu et al., 2016; Cui et al., 2019).
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(a) Impacts on total energy consumption (b) Impacts on coal consumption
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Figure 6-4 The sector-level impacts on energy consumption based on input-output

future configuring system of China

For impacts on coal consumption, the scope of sectors consuming 80% of coal will
shrink from 2020 to 2030. That is, the number of the sectors consuming 80% of coal
will decline from 6 to 5. The first three sectors using 80% of coal will change in 2030.
For instance, the first three sectors were sectors 14 (Manufacture and Processing of
Metals), 12 (Manufacture of Chemicals and Chemical Products), and 13 (Manufacture
of Plastic Products) in 2020, but they will change to sectors 14, 11 (Manufacture of
Refined Petroleum, Coke Products, Processing of Nuclear Fuel), and 12 in 2030. Also,
as the number of sectors consuming 80% of coal will decrease, sectors 14, 11, and 12
will turn to be more important for coal consumption. These results indicate that
continuing the structural shift from reliance on high-coal-intensive sector to
dependence on high-electricity-intensive sectors is advocated (Lin et al., 2018). Also,
improving energy intensity and adjusting energy consumption structure are advocated

for reducing coal consumption (Chai et al., 2019).

For impacts on oil consumption, the scope of sectors consuming 80% of oil will shrink
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from 2020 to 2030, and the number of these sectors will decrease from 4 to 3. But at
the same time, the first three sectors using 80% of oil will be unchanged during 2020-
2030. That is, in 2020, the first three sectors using 80% of oil were sectors 27 (Transport,
Storage and Post), 11 (Manufacture of Refined Petroleum, Coke Products, Processing
of Nuclear Fuel), and 29 (Other Services). In 2030, the first three sectors using 80% of
oil will still be sectors 27, 11 and 29. To promote the better use of oil, controlling total
oil consumption, enhancing oil saving, and increasing investment on oil exploitation
and oil refining are suggested (Ma et al., 2012; W.-Q. Li et al., 2015). Also, when
considering the larger increase in the oil use of sector 11, the research and spread of
energy-saving technologies is valued as far as the energy efficiency improvement of

sector 11 is considered (Xie et al., 2016).

For impacts on natural gas consumption, the scope of sectors consuming 80% of natural
gas will shrink during 2020-2030. That is, the number of sectors using 80% of natural
gas will decrease from 8 to 7. Also, the first three sectors using 80% of natural gas will
change from 2020 to 2030. In 2020, the first three sectors using 80% of natural gas
were sectors 12 (Manufacture of Chemicals and Chemical Products), 27 (Transport,
Storage and Post), and 3 (Extraction of Crude Petroleum and Nature Gas). But in 2030,
the first three sectors using 80% of natural gas will be sectors 27, 12, and 11
(Manufacture of Refined Petroleum, Coke Products, Processing of Nuclear Fuel). To
promote the better use of natural gas, efforts from natural gas production and
consumption are considered comprehensively (Cui et al., 2019; Y. Wang et al., 2021).
Efforts from natural gas production include deepening natural gas cooperation, further
strengthening the construction of natural gas transportation pipelines, and improving
natural gas supply and transportation capacity. Also, efforts from natural gas
consumption include cultivating natural gas market to replace coal and fuel gas,
promoting the use of natural gas in the field of transportation, and promoting the use of

natural gas vehicles.
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6.4.3.3. The impacts on CO2 emissions

Figure 6-5 shows the sector-level impacts on total CO> emissions, and CO2 emissions
from coal, oil and natural gas in China from 2020 to 2030, which is based on input-
output future configuring system. For impacts on total CO2 emissions, the scope of
sectors emitting 80% of total CO2 emissions will be unchanged from 2020 to 2030.
That is, the number of sectors emitting 80% of total CO, emissions will maintain stable
at 3 and these sectors will still be sectors 23 (Production and Supply of Electricity and
Steam), 14 (Manufacture and Processing of Metals), and 13 (Manufacture of Plastic
Products) in 2030. Also, CO2 emissions from sector 23 will increase during 2020-2030,
while those from sectors 14 and 13 will peak in the years 2027 and 2020 respectively.
These results indicate that most of total CO2 emissions will continue being from energy-
intensive sectors. To address this issue, related countermeasures are advocated (Du et
al., 2018), such as promoting industrial agglomeration to make full use of scale effect,
improving energy efficiency through technological progresses, reinforcing energy

conservation, and strengthening industrial upgrading.
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Figure 6-5 The sector-level impacts on CO> emissions based on input-output future
configuring system of China
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For impacts on coal-related CO» emissions, the scope of sectors emitting 80% of CO>
emissions will sustain stable from 2020 to 2030. That is, the number of sectors emitting
80% of CO, emissions will be maintained at 2. These sectors include sectors 23
(Production and Supply of Electricity and Steam) and 14 (Manufacture and Processing
of Metals). CO> emissions from sectors 23 and 14 will peak in the years 2029 and 2026,
respectively. To reduce coal-related CO, emissions, a low-carbon energy consumption
structure, technologies for utilizing coal with high efficiency and low pollution, and
energy-conserving requirements and support are supposed to be continuously put

efforts on (Y. Wang et al., 2021).

For impacts on oil-related CO> emissions, the scope of sectors emitting 80% of CO>
emissions will be stable from 2020 to 2030, and the number of sectors will be
maintained at 3. The sectors emitting 80% of CO> emissions will be unchanged, which
include sectors 27 (Tranmsport, Storage and Post), 11 (Manufacture of Refined
Petroleum, Coke Products, Processing of Nuclear Fuel), and 29 (Other Services) in
2030. CO; emissions from sector 27 will peak in the year 2020 and sector 29 will follow
this trend. On the contrary, CO> emissions from sector 11 will increase from 2020 to
2030. Against the backdrop of CO2 emissions limits, oil emission regulation will have
greater influence on long-term oil development (Ma et al., 2012). Also, the de-
carbonization of oil, a radical shift of fuels from fossil-based oils to clean alternatives,
and a set of incentives market-based schemes supporting this shift would be essential

(Jiang et al., 2019c; Wang et al., 2023).

For impacts on natural gas-related CO> emissions, the scope of sectors emitting 80% of
COz emissions will shrink from 2020 to 2030. That is, the number of sectors emitting
80% of CO2 emissions will decrease from 6 to 3. Then, the first three sectors emitting
80% of CO: emissions in 2030 will change. In detail, these sectors were sectors 23
(Production and Supply of Electricity and Steam), 27 (Transport, Storage and Post),
and 3 (Extraction of Crude Petroleum and Nature Gas) in the year 2020. Then, the first
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three sectors will change to sectors 27, 23 and 13 (Manufacture of Plastic Products) in
the year 2030. CO» emissions from these sectors will increase during 2020-2030. For
the development of low-carbon energy, natural gas has been attached increasing
attention in China. The continuous efforts in promoting natural gas development are
needed for CO> emissions reduction (Qin et al., 2018; G.-J. Zhang et al., 2019),
including the improvement of natural gas layout and utilization system, the increasing
investment in domestic natural gas exploration and development, the facilitation of
natural gas market reform, the enhancement of core technology research, and the

improvement of relevant laws and regulations.

6.5. Conclusion

Input-output optimization for forecasting has attracted increasing interest in the context
of LCE study. To reflect and reconcile the future trends in the context of LCE, we
propose an input-output future configuring system for LCE. This system is constructed
by a SAM optimization design, which is achieved within the CGE-based framework.
During the system construction, optimum designs are conducted for LCE performance
and planning-based parameter setting. A CGE appraisal framework is integrated into
optimization. This system is validated through Monte Carlo simulations. When
applying this system to the context of LCE, a new method is proposed through
combining the element-based Fourier-Markov method (EFM) with the simultaneous
equations method (SEM), so as to analyse the impacts of future trends on economy,
energy and CO> emissions and suggest countermeasures correspondingly. This study is

in the case of China from 2020 to 2030.

The validation results show that the uncertainty level of this system is low and stable
from 2021 to 2030. At the aggregate level, the Z-scores of the lower bound of
uncertainties are around -1.965; meanwhile, the Z-scores of the upper bound of

uncertainties are around 1.952. At the economic activity level, Z-scores are distributed
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stably with the median lines maintaining around the Z-score of -0.314 and the
interquartile range from -0.555 to 0.138. Similarly, at the economic transaction level,
Z-scores are distributed stably, with the median lines sustaining around the Z-score of
-0.149 and the interquartile range from -0.153 to -0.118. Besides, the economic activity
contributing most to the uncertainty is the economic activity 46 (Urban Household
account), and the economic transaction generating the largest uncertainty is the
economic transaction from economic activity 52 (Others account) to economic activity

50 (Capital Factor account).

Regarding the reflection and reconciliation of future trends of LCE, the main results are
summarized as follows. At the aggregate level, keeping the current economic
development mode will continue generating multiple benefits. Adjustments are still
needed for the changes that will be experienced by energy consumption structure.
Continuous efforts are advocated in addressing coal-related CO; emissions for
effectively promoting the reduction of CO; emissions. At the sector level, the impacts
of future trends on economy, energy and CO2 emissions provide the interdisciplinary
viewpoints for LCE development. In the meantime, the sector heterogeneity is found in
the abovementioned impacts. Combining the interdisciplinary viewpoints with the
sector heterogeneity could provide a reference for the countermeasures of CO>

emissions reduction at sector level.
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Chapter 7: Conclusion

Input-output table (IOT) and social accounting matrix (SAM) are two interconnected
but unique input-output systems in the area of economy. Constructing time-series input-
output tables (IOTs) and social accounting matrices (SAMs) could attain two tipping
points. One is concerned with tracing the structural trajectories of economic systems
from past to future. The other is with regard to rendering economic systems analytical
dynamically and effectuating the explorations of various external variables from the
time dimension. Further, environmentally extending time-series IOTs and SAMs with
newly proposed techniques could be considered as meaningful feedbacks for the

development of time-series input-output systems.

Favourable endeavours have been devoted to constructing time-series IOTs and SAMs,
and, correspondingly, to exploring carbon development measures. However, increasing
attention could be drawn to the role of utilizing and exploiting the fundamental and
important features of input-output systems in achieving these two tipping points. This
consideration promotes the methods improvements of this thesis (Section 7.1). To
realize the real-world importance of these methods improvements, this thesis is in the
case of China and the period of research spans from 1997 to 2030. The results gained
(Sections 7.2 and 7.3) include the time-series table series for IOTs, SAMs and CO;
inventories, as well as carbon implications. On the basis of these methods
improvements, future research could be initiated and conducted with an aim of

achieving the progressions of necessity and importance (Section 7.4).

7.1. Summary of methods improvements

(1)_Updating time-series input-output tables with economic structure concerns

and identifying CO:z_clusters changes. Time-series input-output tables (IOTs)

elaborate economic structures over time. In this study, we therefore utilize economic

structure concerns to update time-series IOTs. A new matrix calculation method is

232



Chapter 7

proposed for tracking and establishing matrix-based links among intermediate input-
outputs, final demand and value added. The method is reinforced by reflecting price
fluctuations in IOTs. This method is further extended by proposing a matrix-based
linking method to trace the structure changes of final demand and value added. The
validation analysis of time-series IOTs is conducted using Monte Carlo simulations in
the context of the matrix-based structures of IOTs. Based on the time-series IOTs, CO»
clusters changes from production, consumption and income perspectives are identified,
deriving sector characteristics to reduce CO> emissions. This study is in the case of

China from 1997 to 2020.

(2)_A forward-backward realization of solutions to time-series social accounting

matrices construction, validation and applications. Social accounting matrix (SAM)

elucidates the economic transactions flowing forward and backward, thereby forming
a matrix-based structure. This feature is exploited, constituting a forward-backward
realization of solutions to time-series SAMs construction, validation and applications.
In this study, the matrix-induced structure features time-series SAMs construction,
during which K-nearest-neighbour algorithm and leave-one-out cross-validation are
joint to handle missing data. Also, a new matrix calculation method is proposed to
conduct time-series SAMs validation in terms of gauging the economy-wide effects of
each economic agent. Using time-series SAMs, both demand-driven and supply-driven
CO> emissions are analysed and compared by extending multiplier decomposition
analysis and structural path analysis. This study is in the case of China from 1997 to

2020.

(3)_Input-output forecasting and CO:_ inventories construction using a new

subsystem decomposition analysis. Forecasting IOTs and SAMs is an attempt to trace

the trends inherent in the economic system, and to render the economic system
analytical when exploring the future of various external variables. In this study, we
therefore propose a procedure of input-output forecasting. During this procedure, the
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input-output table series are forecasted by way of an element-based Fourier-Markov
model, then structured through modified matrix transformation technique and T-
accounts concept, and last, validated by combining matrix calculation methods with
Monte Carlo simulations. On the basis of the forecasted table series, we construct CO»
inventories by proposing a new integrated method, that is, the combination of
subsystem analysis with structural decomposition analysis. With this method, CO-
inventories quantify historical and future emission channels throughout the economic
system from demand and supply sides, and then account for the contributions of
influencing factors behind temporal changes in emission channels. This study is in the

case of China from 1997 to 2025.

(4)_An__integrated scheme of input-output future scenarios construction

interconnecting production with consumption and sector-level CO:2 emissions

synergistic alleviation. In response to the explorations of prospective trajectories,

input-output analysis (IOA) in a scenario context could encompass intra- and inter-
sector linkages in future scenarios, and also investigate the potential pathways of
external variables. When integrating IOA and scenario analysis, multi-criteria decision
making techniques have been found to be feasible and useful. Against this backdrop,
we propose an integrated scheme of input-output future scenarios construction to help
alleviate CO; emissions in a holistic manner. That is, we set up three categories of input-
output future scenarios by interconnecting production with consumption. In detail, we
start input-output BAU scenario through a procedure of input-output forecasting. We
then construct input-output policy-related scenario by extending the multi-objective
optimization method with multiple policy-related parameters. We finally arrange input-
output problem-specific scenarios using multi-attribute decision making which
incorporates the generalized weighting method into the permutation and combination
method, and supports the construction of a multi-attribute importance method. Within

the three constructed categories of input-output future scenarios, sector-level CO>
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emissions synergistic alleviation is analysed. This study is in the case of China from

2020 to 2030.

(5)Input-output future configuring system for low-carbon economy using a social

accounting matrix optimization design. To reflect and reconcile the future trends in

the context of low-carbon economy (LCE), this study proposes an input-output future
configuring system for LCE. This system is constructed by a social accounting matrix
optimization design, which is achieved within the computable general equilibrium
(CGE)-based framework. During the system construction, optimum designs are
conducted for LCE performance and planning-based parameter setting. Then, a CGE
appraisal framework is integrated into optimization. Also, this system is validated
through Monte Carlo simulations. When applying this system to the LCE context, a
new method is proposed through combining the element-based Fourier-Markov method
with the simultaneous equations method, so as to analyze the impacts of future trends
on economy, energy and CO> emissions are analyzed and suggest countermeasures

correspondingly. This study is in the case of China from 2020 to 2030.

7.2. Summary of time-series tables

7.2.1. Time-series IOTs from retrospect to prospect in China

The time-series IOTs illustrate the economic structure of China from 1997 to 2020.
These series of IOTs were constructed in a uniform format: in the row direction, each
IOT consists of an intermediate input-output matrix (42*42), a final demand matrix
(42*7), and a total output vector (42*1); in the column direction, besides the same
intermediate input-output matrix (42*42), other matrices compose each 10T, including
an import matrix (1*49), a value added matrix (4*42), and a total input matrix (1*42).
For each IOT, the intermediate input-output matrix represents the intermediate input-
outputs among 42 sectors; the final demand matrix is composed of rural household

consumption, urban household consumption, government consumption, capital
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formation, changes in inventories, exports and others; and the value added matrix
contains compensation of employees, net taxes on production, depreciation of fixed
capital, and operating surplus. Besides, the time-series IOTs are represented at 1997

constant prices and at current prices, respectively.

7.2.2. Time-series SAMs from retrospect to prospect in China

The time-series SAMs illustrate the economic transactions and transfers among
economic agents from 1997 to 2020 in China. These series of SAMs are constructed in
a uniform format. Each SAM is a 52*52 square matrix: the 52 economic agents in the
row direction are consistent with those in the column direction; meanwhile, the
distributive and redistributive processes of transactions flows among these 52 agents
are documented. Additionally, the 52 economic agents are categorized into the
following blocks: (1) the production block (including 42 industrial sectors); (2) the
factor block (including labour and capital factor accounts); (3) the institution block
(including rural household, urban household and enterprise accounts); (4) the
government block; (5) the rest of world block; (6) the investment block; (7) the
inventory block; and (8) the others block. Besides, the time-series SAMs are

represented at 1997 constant prices and at current prices, respectively.

7.2.3. China’s CO: inventories using a new subsystem decomposition method

The CO: inventories are clarified into four categories, which depict the contributions
of 11 influencing factors behind temporal changes in sector-level CO2 emissions
transmitting throughout the IOT- and SAM-related production systems in the contexts
of demand-driven and supply-driven models. In the meantime, the CO> inventories span
a period of time from 1997 to 2025, describing the past from 1997 to 2020 and the
forecasts from 2021 to 2025. According to Table 1, each CO> inventory is in a uniform
format and is a n * 11 matrix. In the row direction, there are 11 items to inform the

contributions of 11 influencing factors to the emissions changes of each sector. In the
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column direction, the emissions changes arising from each of the aforementioned 11

items are distributed among n sectors.

7.3. Summary of carbon implications

7.3.1. CO:z clusters changes from multiple perspectives

With the time-series IOTs constructed, changes in CO; clusters from production,
consumption and income perspectives are identified, deriving and utilizing sector
characteristics to reduce CO; emissions. First, the role of economic structure
optimization is emphasized in CO; emissions reduction from production, consumption
and income perspectives; meanwhile, during the economic structure optimization, the
possible lock-in, catch-up and unlocking effects need attention. Second, to reduce CO>
emissions, sector-level plans and roadmaps are highlighted from production perspective,
sector-level CO2 emissions reduction measures attaching importance to final demand
affecting CO> emissions could be feasible from consumption perspective, and the
income perspective supports that the measures proposed from multiple perspectives
could be considered together for identified sectors besides providing perspective-
specific measures. Third, preserving and proactively promoting sustainable
consumption is necessary for reducing CO: emissions driven by urban household
consumption. Last, tracking the strongest paths derived from CO; clusters from demand
and supply sides could provide the channels with most potentials of enhancing the

efficacy of CO2 emissions reduction.

7.3.2. CO:2 emissions from MDA and SPA

Using the time-series SAMs constructed, demand- and supply-driven CO> emissions
provided different insights at multiplier effect, tier and path levels for CO; emissions
reduction. In the demand-driven case, more attention could be put on reducing the
transfer and closed-loop multiplier effects at the aggregate and sector levels, decreasing

the impacts from tiers 1 and 2 with the consideration of sector heterogeneity, and
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tackling the potential lock-in effects of the crucial paths. On the contrary, in the supply-
driven case, more attention could be attached to reducing the closed-loop and open-
loop multiplier effects from both the aggregate and sector viewpoints, decreasing the
impacts from tiers 2 and 3 with the concern of sector heterogeneity, and tackling the
increasing influences of the crucial paths. But there are also common implications
derived from these two cases: CO; emissions reduction measures could consider the
need for coping with the potential lock-in and increasing effects of CO; emissions, and
selecting the crucial paths as pilot paths to alleviate the CO> emissions attributed to

different tiers could be a way to reduce CO: emissions effectively and efficiently.

7.3.3.  CO: emissions from subsystem analysis and SDA

On the basis of time-series IOTs and SAMs from retrospect to prospect, the main results
concerning demand- and supply-driven CO> emissions from subsystem analysis and
SDA are summarized as follows. First, the spillover component was the largest
determinant of CO> emissions and is forecasted to continue this tendency. Second, the
final demand (or value-added) remained and are projected to be the factor contributing
most to emissions increases in the demand-driven model (or supply-driven model).
Third, the effects of other influencing factors to emissions changes differed and are
forecasted to differ, depending on the type of input-output system, and whether the
model i1s demand-driven or supply-driven. Last, the sector-level performance is
forecasted to be different for each category of CO, inventories, but the sector-level
analysis by way of the maximum and minimum measurements of CO> emissions
changes could provide supports for the carbon abatement across all sectors. Accordingly,
the main carbon implications are proposed as follows. First, it is of necessity to continue
and update the supply chain management in moderating the level of CO> emissions.
Second, measures, related to the optimization of final demand and the reasonable use
of primary inputs, could be effective in alleviating CO emissions. Third, exploiting the

potentials of other selected influencing factors (e.g., emissions intensities, inter-sector
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technological levels, and inter-sector allocation relations) could be feasible for reducing
CO; emissions. Last, corresponding to the idea of sector-level analysis introduced in
section 4.3.5, as for each of the 11 influencing factors, the sector-specific experience of

decreasing CO» emissions could be generalized and shared among sectors.

7.3.4. CO:2 emissions within input-output future scenarios

Regarding CO; emissions synergistic alleviation within the input-output future
scenarios, there are several main results and implications. First, the scenarios where
peak CO> emissions are achieved are identified, which indicates that additional
measures for COz emissions reduction are needed. Second, among the identified
contexts, the structures of CO; emissions in 2030 do not experience large changes and
maintain the similar pattern to the 2020 level, which emphasizes that CO> emissions
reduction is expected to continue focusing on the efforts of specific sectors. Third, for
the economy-wide effects of CO2 emissions alleviation, the changes of CO> emissions
suggest the importance of reallocating CO> changes among sectors in a holistic manner.
Fourth, the timetable derived from each scenario selected could not only earmark the
adjustments in the sectoral policies of CO2 emissions reduction, but also could provide
a reference for formulating the measures of alleviating CO2 emissions at sector level.
Finally, the overall and dynamic changes in CO2 emissions using SSA inform the
directions and channels for CO> emissions reduction at sector level, and provide a
reference when the synergistic deployment of CO; emissions alleviation among sectors

is implemented and the sequential peaking of CO2 emissions among sectors is promoted.

7.3.5. CO:2 emissions from the perspective of future trends of LCE

Regarding the reflection and reconciliation of future trends of LCE, the main results are
summarized as follows. At the aggregate level, keeping the current economic
development mode will continue generating multiple benefits. Adjustments are still

needed for the changes that will be experienced by energy consumption structure.
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Continuous efforts are advocated in addressing coal-related CO; emissions for
effectively promoting the reduction of CO> emissions. At the sector level, the impacts
of future trends on economy, energy and CO> emissions provide the interdisciplinary
viewpoints for LCE development. In the meantime, the sector heterogeneity is found in
the abovementioned impacts. Combining the interdisciplinary viewpoints with the
sector heterogeneity could provide a reference for the countermeasures of CO-

emissions reduction at the sector level.

7.4. Limitations and future research

Although the above-mentioned summaries investigate the improvements in terms of
methodology, data and implications, this thesis has some limitations. Such limitations

are critically reviewed and suggestions for future research are provided.

First, the methods for constructing time-series input-output systems and exploring
carbon development measures are limited to single-region applications, which could be
extended directly to the multi-region context for future research. It is because these
methods are based on the IOT- or SAM-related frameworks which are suitable for both
single- and multi-regional contexts (Zhang and Zhao, 2007; Mi et al., 2018b; Zheng et
al., 2021; Seung, 2014b). Thus, time-series multi-regional I0Ts and SAMs could be
updated. At the same time, a single-region perspective could make sense when the
sector-level carbon development experiences are applicable across regions (Zheng et
al., 2014; J. Wang et al., 2021). For example, each particular sector within energy-
intensive industries has similar technical characteristics (J. Wang et al., 2019). For
another example, there exists the debate between region- and industry-based
approaches to reducing CO> emissions (Wei et al., 2012). The industry-based approach
meets the requirements of macro-level planning and satisfies the demand of the
domestic carbon market in the future. The region-based approach takes into

consideration the unbalanced development among regions for CO; emissions reduction.
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In these regards, sector-level characteristics could contribute to the efficiencies and
effectiveness of CO2 emissions reduction. Despite that, it is meaningful and of vital
importance that the related carbon development measures are explored from a multi-
regional perspective. This is because the multi-regional input-output models could
function as a tool for national and regional planning through demonstrating inter-
regional and inter-sectoral economic flows (Mi et al., 2018b), and provide practical

portfolios for CO> emissions abatements (Mi et al., 2017a; H.-R. Zheng et al., 2020).

Second, the methods for constructing time-series input-output systems and exploring
carbon development measures are limited to the case of CO2 emissions, which could be
extended to other interdisciplinary fields (e.g., metals, water, and materials) for future
research. It is because these methods are also feasible when converting the economic
flows into the flows of other fields (S. Liang et al., 2015; Acquaye et al., 2017). For one
thing, the constructed time-series IOTs and SAMs could provide data supports for
experimental studies from the time dimension, which is helpful in generating relevant
plans and achieving long-term goals (Hartono and Resosudarmo, 2008; Akkemik, 2012;
Chen et al., 2022). For another, the carbon development measures explored could
provide a reference for the development of other interdisciplinary fields. For example,
the new subsystem decomposition method proposed in Chapter 4 could be used in a
straightforward manner for constructing water consumption inventories, which further
helps improve water security and sustainability (Cazcarro et al., 2013; S.-D. Zhang et
al., 2019; Zhao et al., 2021). In these regards, the interdisciplinary insights on the basis

of the methods in this thesis could get emphasized and promoted.

Last, the methods for constructing time-series input-output systems and exploring
carbon development measures focus on IOT- and SAM-related frameworks which are
typical systematic constructs. That means, when other input-output systems are
established, IOT- and SAM-related schemes are supposed to be adjusted to suit and to
develop collaborative connections with these input-output systems. For example, the
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new forms such as the environmentally extended IOT- and SAM-based constructs could
be developed (Leontief, 1970; Schéfer and Stahmer, 1989; Li and Ikeda, 2001). Further,
these new forms provide data supports for the data envelopment analysis (DEA) method
in the field of sustainability, so as to assess the impacts of specific influencing factors
on sustainability (Cheng et al., 2019; Wang et al., 2022) and to specify the preplanning
as well as preparedness for sustainable development (Z. Li et al., 2018; Zheng and Xu,
2020). For another example, when conducting the research about how sustainable
development goals will be achieved, IOT- and SAM-related frameworks could be
incorporated into the system dynamics (SD) model (H.-P. Huang et al., 2019; Wu et al.,
2014; Lim et al., 2019), which is conductive to improving the systematic behaviors
through analyzing the interconnected strategic problems in their interconnected

contexts (Saysel et al., 2002; H. Liu et al., 2015; Zhao et al., 2018).

242



Appendices

Appendices

Appendix Table 1: The structure of competitive input-output table
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Appendix Table 2: The structure of non-competitive input-output table
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Appendix Table 3: The structure of social accounting matrix

Expenditures
L Labour | Capital ) Rest of | Capital
Activities P Household | Enterprise | Government P Inventory | Others
factor | factor world account
L Intermediate Household Government Capital Stock
Activities } . Export ) Others
goods consumption expenditure formation | changes
Labour factor Wages
Capital factor Profits
Government
Factor Corporation | transfers Foreign
Household Wages | . 'rp 8
income income and transfers
) subsidies
=
= ) Factor
> Enterprise .
S income
Household | Enterprise Foreign Debt
Government Net taxes
taxes taxes transfers | revenue
Factor Government
Rest of world Import )
income transfers
Capital Household | Enterprise | Government | Foreign
account savings savings savings savings
I ) Stock
nventor
y changes
Others Others

245




References

References

Abdullah, MLF., Siraj, S., Hodgett, R.E., 2021. An overview of multi-criteria decision
analysis (MCDA) application in managing water-related disaster events:
Analyzing 20 years of literature for flood and drought events. Water 13, 1358.

https://doi.org/10.3390/w13101358

Acquaye, A., Feng, K.-S., Oppon, E., Salhi, S., Ibn-Mohammed, T., Genovese, A.,
Hubacek, K., 2017. Measuring the environmental sustainability performance of
global supply chains: A multi-regional input-output analysis for carbon, sulphur

oxide and water footprints. Journal of Environmental Management 187, 571—

585. https://doi.org/10.1016/j.jenvman.2016.10.059

Adelman, 1., Robinson, S., 1986. U.S. agriculture in a general equilibrium framework:
Analysis with a social accounting matrix. American Journal of Agricultural

Economics 68, 1196-1207. https://doi.org/10.2307/1241875

Aha, D.W., Kibler, D., Albert, M.K., 1991. Instance-based learning algorithms.

Machine Learning 6, 37-66. https://doi.org/10.1007/BF00153759

Ahmad, N., 2002. The OECD input-output database. Presented at the 14th International

Input-Output Conference, Montreal.

Ahmadi, P., Dincer, 1., Rosen, M.A., 2011. Exergy, exergoeconomic and environmental
analyses and evolutionary algorithm based multi-objective optimization of
combined cycle power plants. Energy 36, 5886-5898.

https://doi.org/10.1016/j.energy.2011.08.034

Akkemik, K.A., 2012. Assessing the importance of international tourism for the Turkish
economy: A social accounting matrix analysis. Tourism Management 33, 790—

801. https://doi.org/10.1016/j.tourman.2011.09.002

246



References

Alcantara, V., Padilla, E., 2009. Input—output subsystems and pollution: An application

to the service sector and CO; emissions in Spain. Ecological Economics 68,

905-914. https://doi.org/10.1016/j.ecolecon.2008.07.010

Alcantara, V., Padilla, E., Piaggio, M., 2017. Nitrogen oxide emissions and productive

structure in Spain: An input—output perspective. Journal of Cleaner Production

141, 420-428. https://doi.org/10.1016/].jclepro.2016.09.088

Alfieri, L., Feyen, L., Dottori, F., Bianchi, A., 2015. Ensemble flood risk assessment in

Europe under high end climate scenarios. Global Environmental Change 35,

199-212. https://doi.org/10.1016/j.gloenvcha.2015.09.004

Andrés, L., Alcantara, V., Padilla, E., 2021. Transportation, storage and GHG emissions

A new perspective of input-output subsystem analysis. Transportation Research

Part D: Transport and Environment 90, 102646.

https://doi.org/10.1016/j.trd.2020.102646

Apergis, N., Li, J., 2016. Population and lifestyle trend changes in China: implications

for environmental quality. Applied Economics 48, 5246-5256.

https://do1.0org/10.1080/00036846.2016.1173184

Aray, H., Pedauga, L., Velazquez, A., 2017. Financial social accounting matrix: a useful
tool for understanding the macro-financial linkages of an economy. Economic

Systems Research 29,

486-508.
https://do1.0org/10.1080/09535314.2017.1365049

Aviso, K.B., Holaysan, S.A.K., B. Promentilla, M.A., S. Yu, K.D., R. Tan, R, 2018. A
multi-region input-output model for optimizing virtual water trade flows in

agricultural crop production. Management of Environmental Quality 29, 63-75.

https://doi.org/10.1108/MEQ-01-2017-0012

247



References

Ayarzagiiena, B., Charlton-Perez, A.J., Butler, A.H., Hitchcock, P., Simpson, LR.,
Polvani, L.M., Butchart, N., Gerber, E.P., Gray, L., Hassler, B., Lin, P., Lott, F.,
Manzini, E., Mizuta, R., Orbe, C., Osprey, S., Saint-Martin, D., Sigmond, M.,
Taguchi, M., Volodin, E.M., Watanabe, S., 2020. Uncertainty in the response of
sudden stratospheric warmings and stratosphere-troposphere coupling to
quadrupled CO; concentrations in CMIP6 models. Journal of Geophysical

Research: Atmospheres 125. https://doi.org/10.1029/2019JD032345

Bai, H.-T., Feng, X.-Y., Hou, H.-M., He, G., Dong, Y., Xu, H., 2018. Mapping inter-
industrial CO> flows within China. Renewable and Sustainable Energy Reviews

93, 400—408. https://doi.org/10.1016/j.rser.2018.05.054

Bakker, G.P. den, Gijt, J. de, Keuning, S.J., 1994. An historical social accounting matrix
for the Netherlands (1938). Review of Income and Wealth 40, 175-190.

https://doi.org/10.1111/j.1475-4991.1994.t600057 .

Barff, R.A., Iii, P.L.K., 1988. Dynamic shift-share analysis. Growth and Change 19, 1-
10. https://doi.org/10.1111/j.1468-2257.1988.tb00465.x

Barnard, J.R., 1969. A social accounting system for regional development planning.
Journal of Regional Science 9, 109-115. https://doi.org/10.1111/.1467-

9787.1969.tb01446.x

Beaufils, T., Wenz, L., 2022. A scenario-based method for projecting multi-regional
input—output tables. Economic Systems Research 34, 440-468.

https://doi.org/10.1080/09535314.2021.1952404

Belayneh, A., Adamowski, J., 2012. Standard precipitation index drought forecasting
using neural networks, wavelet neural networks, and support vector regression.

Applied Computational Intelligence and Soft Computing 2012, 1-13.

248



References

https://doi.org/10.1155/2012/794061

Bensaou, M., Venkatraman, N., 1995. Configurations of interorganizational
relationships: A comparison between U.S. and Japanese automakers.

Management Science 41, 1471-1492. https://doi.org/10.1287/mnsc.41.9.1471

Bhatt, M.S., Munjal, P., 2013. Social accounting matrix to study the socio-economic
linkages of tourism sector — a case study of India. Indian Economic Review 48,

381-408.

Blancas, A., 2006. Interinstitutional linkage analysis: A social accounting matrix
multiplier approach for the Mexican economy. Economic Systems Research 18,

29-59. https://doi.org/10.1080/09535310500440548

Borozan, D., 2018. Decomposing the changes in European final energy consumption.

Energy Strategy Reviews 22, 26-36. https://doi.org/10.1016/j.esr.2018.08.002

Butnar, 1., Llop, M., 2011. Structural decomposition analysis and input—output
subsystems: Changes in CO2 emissions of Spanish service sectors (2000-2005).
Ecological Economics 70, 2012-2019.

https://doi.org/10.1016/j.ecolecon.2011.05.017

Cai, C., Wong, C.K., Heydecker, B.G., 2009. Adaptive traffic signal control using
approximate dynamic programming. Transportation Research Part C: Emerging

Technologies 17, 456—474. https://doi.org/10.1016/j.trc.2009.04.005

Cai, H., Qu, S.-J., Wang, M., 2020. Changes in China’s carbon footprint and driving
factors based on newly constructed time series input—output tables from 2009
to 2016. Science of The Total Environment 711, 134555.

https://doi.org/10.1016/j.scitotenv.2019.134555

249



References

Campos Benvenga, M. A., Henriques Librantz, A.F., Curvelo Santana, J.C., Tambourgi,
E.B., 2016. Genetic algorithm applied to study of the economic viability of
alcohol production from Cassava root from 2002 to 2013. Journal of Cleaner

Production 113, 483—-494. https://doi.org/10.1016/j.jclepro.2015.11.051

Campoy-Muiioz, P., Cardenete, M.A., Delgado, M.C., 2017. Economic impact
assessment of food waste reduction on European countries through social
accounting matrices. Resources, Conservation and Recycling 122, 202-209.

https://doi.org/10.1016/j.resconrec.2017.02.010

Cansino, J.M., Roman, R., Ordéfiez, M., 2016. Main drivers of changes in CO;
emissions in the Spanish economy: A structural decomposition analysis. Energy

Policy 89, 150—-159. https://doi.org/10.1016/j.enpol.2015.11.020

Capellan-Pérez, 1., de Blas, I, Nieto, J., de Castro, C., Miguel, L.J., Carpintero, 0.,
Mediavilla, M., Lobejon, L.F., Ferreras-Alonso, N., Rodrigo, P., Frechoso, F.,
Alvarez-Antelo, D., 2020. MEDEAS: a new modeling framework integrating
global biophysical and socioeconomic constraints. Energy & Environmental

Science 13, 986—1017. https://doi.org/10.1039/C9EE02627D

Cardenete, M.A., Fuentes-Saguar, P.D., Polo, C., 2012. Energy Intensities and Carbon
Dioxide Emissions in a Social Accounting Matrix Model of the Andalusian
Economy. Journal of Industrial Ecology 16, 378-386.
https://doi.org/10.1111/1.1530-9290.2012.00457 .x

Cardenete, M.A., Lima, M.C., Sancho, F., 2017. Validating policy-Induced economic
change using sequential general equilibrium SAMs. Journal of Forecasting 36,

291-304. https://doi.org/10.1002/for.2424

Carvalho, A.L.D., Antunes, C.H., Freire, F., Henriques, C.O., 2015. A hybrid input—

250



References

output multi-objective model to assess economic—energy—environment trade-
offs in Brazil. Energy 82, 769-785.

https://doi.org/10.1016/j.energy.2015.01.089

Cazcarro, 1., Duarte, R., Sanchez-Choliz, J., 2013. Economic growth and the evolution
of water consumption in Spain: A structural decomposition analysis. Ecological

Economics 96, 51-61. https://doi.org/10.1016/j.ecolecon.2013.09.010

Ceylan, H., Ozturk, H.K., 2004. Estimating energy demand of Turkey based on
economic indicators using genetic algorithm approach. Energy Conversion and

Management 45, 2525-2537. https://doi.org/10.1016/j.enconman.2003.11.010

Chai, J., Du, M.-F., Liang, T., Sun, X.C., Yu, J., Zhang, Z.G., 2019. Coal consumption
in China: How to bend down the curve? Energy Economics 80, 38—47.

https://doi.org/10.1016/j.eneco0.2018.12.016

Chang, K., Chang, H., 2016. Cutting CO; intensity targets of interprovincial emissions
trading in China. Applied Energy 163, 211-221.

https://doi.org/10.1016/j.apenergy.2015.10.146

Chang, N., 2015. Changing industrial structure to reduce carbon dioxide emissions: a
Chinese application. Journal of Cleaner Production 103, 40-48.
https://doi.org/10.1016/j.jclepro.2014.03.003

Chang, N., Li, Z.-Y., 2017. Decoupling the lock-in effect between economic growth
and CO; emissions by structure adjustment: A final demand perspective. Journal
of Cleaner Production 154, 94-101.

https://doi.org/10.1016/j.jclepro.2017.03.128

Chen, G.Q., Zhang, B., 2010. Greenhouse gas emissions in China 2007: Inventory and

input—output analysis. Energy Policy 38, 6180-6193.

251



References

https://doi.org/10.1016/j.enpol.2010.06.004

Chen, H., Qi, S.-Z., Tan, X.-J., 2022. Decomposition and prediction of China’s carbon
emission intensity towards carbon neutrality: From perspectives of national,

regional and sectoral level. Science of The Total Environment 825, 153839.

https://doi.org/10.1016/j.scitotenv.2022.153839

Chen, Q.-L., Cai, B.-F., Dhakal, S., Pei, S., Liu, C.-L., Shi, X.-P., Hu, F.-F., 2017. CO;
emission data for Chinese cities. Resources, Conservation and Recycling 126,

198-208. https://doi.org/10.1016/j.resconrec.2017.07.011

Chen, Q.-X., Kang, C.-Q., Xia, Q., Guan, D.-B., 2011. Preliminary exploration on low-
carbon technology roadmap of China’s power sector. Energy 36, 1500—1512.

https://doi.org/10.1016/j.energy.2011.01.015

Chen, S.-K., Leng, Y., Mao, B.-H., Liu, S., 2014. Integrated weight-based multi-criteria
evaluation on transfer in large transport terminals: A case study of the Beijing
South Railway Station. Transportation Research Part A: Policy and Practice 66,

13-26. https://doi.org/10.1016/j.tra.2014.04.015

Chen, W.-M., Lei, Y.-L., Feng, K.-S., Wu, S.-M., Li, L., 2019. Provincial emission
accounting for CO; mitigation in China: Insights from production, consumption
and income perspectives. Applied Energy 255, 113754.
https://doi.org/10.1016/j.apenergy.2019.113754

Chen, X., Shuai, C.-Y., Wu, Y., Zhang, Y., 2020. Analysis on the carbon emission peaks
of China’s industrial, building, transport, and agricultural sectors. Science of
The Total Environment 709, 135768.
https://doi.org/10.1016/j.scitotenv.2019.135768

Cheng, B.-B., Dai, H.-C., Wang, P., Zhao, D.-Q., Masui, T., 2015. Impacts of carbon

252



References

trading scheme on air pollutant emissions in Guangdong Province of China.
Energy for Sustainable Development 27, 174-185.

https://doi.org/10.1016/j.esd.2015.06.001

Cheng, Y., Lv, K., Wang, J., Xu, H., 2019. Energy efficiency, carbon dioxide emission
efficiency, and related abatement costs in regional China: A synthesis of input—
output analysis and DEA. Energy Efficiency 12, 863-877.
https://doi.org/10.1007/s12053-018-9695-8

Cho, S.-W.S., Diaz, J.P., 2019. Skill premium divergence: The roles of trade, capital
and demographics. Economic Theory 67, 249-283.
https://doi.org/10.1007/s00199-018-1098-8

Choudhury, A., Kosorok, M.R., 2020. Missing data imputation for classification

problems. http://arxiv.org/abs/2002.10709

Chuang, L.-Y., Yang, Cheng-Huei, Wu, K.-C., Yang, Cheng-Hong, 2011. A hybrid
feature selection method for DNA microarray data. Computers in Biology and

Medicine 41, 228-237. https://doi.org/10.1016/j.compbiomed.2011.02.004

Cohen, S., 1989. Analysis of social accounting multipliers over time: The case of the

Netherlands. Socio-Economic Planning Sciences 23, 291-302.

Cohen, S.I., Tuyl, JM.C., 1991. Growth and equity effects of changing demographic
structures in  the Netherlands. Economic Modelling 8, 3-15.

https://doi.org/10.1016/0264-9993(91)90018-J

Creamer, D., 1943. Shifts of manufacturing industries, in Industrial Location and

National Resources. Washington, DC: US Government Printing Office.

Cui, L.-B., Li, R.-J., Song, M.-L., Zhu, L., 2019. Can China achieve its 2030 energy

253



References

development targets by fulfilling carbon intensity reduction commitments?

Energy Economics 83, 61-73. https://doi.org/10.1016/j.eneco0.2019.06.016

Dahal, O.P., Brahma, S.M., Cao, H.-P., 2014. Comprehensive clustering of disturbance
events recorded by Phasor measurement units. IEEE Transactions on Power

Delivery 29, 1390-1397. https://doi.org/10.1109/TPWRD.2013.2285097

Dai, L.-Q., Zhang, P.-P., Wang, Y., Jiang, D.-G., Dai, H.-C., Mao, J.-Q., Wang, M.-M.,
2017. Multi-objective optimization of cascade reservoirs using NSGA-II: A
case study of the Three Gorges-Gezhouba cascade reservoirs in the middle
Yangtze River, China. Human and Ecological Risk Assessment: An
International Journal 23, 814-835.

https://doi.org/10.1080/10807039.2017.1285692

De Carvalho, A.L., Henggeler Antunes, C., Freire, F., Oliveira Henriques, C., 2016. A
multi-objective interactive approach to assess economic-energy-environment
trade-offs in Brazil. Renewable and Sustainable Energy Reviews 54, 1429-1442.
https://doi.org/10.1016/j.rser.2015.10.064

Deb, K., Pratap, A., Agarwal, S., Meyarivan, T., 2002. A fast and elitist multiobjective
genetic algorithm: NSGA-II. IEEE Transactions on Evolutionary Computation

6, 182—-197. https://doi.org/10.1109/4235.996017

Defourny, J., Thorbecke, E., 1984. Structural path analysis and multiplier
decomposition within a social accounting matrix framework. The Economic

Journal 94, 111. https://doi.org/10.2307/2232220

Delery, J.E., Doty, D.H., 1996. Modes of theorizing in strategic human resource
management: Tests of universalistic, contingency, and configurational

performance predictions. Academy of Management Journal 39, 802-835.

254



References

https://doi.org/10.2307/256713

Dess, G.G., Newport, S., Rasheed, A.M.A., 1993. Configuration research in strategic
management: Key issues and suggestions. Journal of Management 19, 775-795.

https://doi.0org/10.1177/014920639301900403

Dietzenbacher, E., Lenzen, M., Los, B., Guan, D.-B., Lahr, M.L., Sancho, F., Suh, S.,
Yang, C.-H., 2013. Input-output analysis: The next 25 years. Economic Systems
Research 25, 369-389. https://doi.org/10.1080/09535314.2013.846902

Dietzenbacher, E., Los, B., 1998. Structural decomposition techniques: sense and
sensitivity. Economic Systems Research 10, 307-324.

https://doi.org/10.1080/09535319800000023

Dong, F., Hua, Y.-F., Yu, B.-L., 2018. Peak carbon emissions in China: Status, key
factors and countermeasures—A literature review. Sustainability 10, 2895.

https://doi.org/10.3390/sul0082895

Dong, F., Li, G., Liu, Y., Xu, Q., Li, C., 2023. Spatial-temporal evolution and cross-
industry synergy of carbon emissions: Evidence from key industries in the city

in Jiangsu Province, China. Sustainability 15, 3881.

https://doi.org/10.3390/su15053881

Dong, H.-J., Dai, H.-C., Dong, L., Fujita, T., Geng, Y., Klimont, Z., Inoue, T., Bunya,
S., Fujii, M., Masui, T., 2015. Pursuing air pollutant co-benefits of CO>
mitigation in China: A provincial leveled analysis. Applied Energy 144, 165—
174. https://doi.org/10.1016/j.apenergy.2015.02.020

Dong, H.-J., Dai, H.-C., Geng, Y., Fujita, T., Liu, Z., Xie, Y., Wu, R., Fujii, M., Masui,
T., Tang, L., 2017. Exploring impact of carbon tax on China’s CO2 reductions

and provincial disparities. Renewable and Sustainable Energy Reviews 77, 596—

255



References

603. https://doi.org/10.1016/j.rser.2017.04.044

Dong, J., Chi, Y., Zou, D.-A., Fu, C., Huang, Q.-X., Ni, M.-J., 2014. Energy—
environment—economy assessment of waste management systems from a life
cycle perspective: Model development and case study. Applied Energy 114,
400—408. https://doi.org/10.1016/j.apenergy.2013.09.037

Dong, K.-Y., Hochman, G., Timilsina, G.R., 2020. Do drivers of CO; emission growth
alter overtime and by the stage of economic development? Energy Policy 140,

111420. https://doi.org/10.1016/j.enpol.2020.111420

Du, G., Sun, C.-W., Ouyang, X.-L., Zhang, C., 2018. A decomposition analysis of
energy-related COzemissions in Chinese six high-energy intensive industries.
Journal of Cleaner Production 184, 1102-1112.

https://doi.org/10.1016/j.jclepro.2018.02.304

Egilmez, G., Mohamed Abdul Ghani, N.M.A., Gedik, R., 2017. Layer analysis of CO»
sources in the US economic supply chains: An input output LCA study.
Industrial ~ Management &  Data  Systems 117,  2171-2193.

https://doi.org/10.1108/IMDS-11-2016-0473

Egilmez, G., Oztanriseven, F., Gedik, R., 2020. The energy climate water nexus: A
global sustainability impact assessment of U.S. manufacturing. Engineering
Management Journal 32, 298-315.

https://do1.0org/10.1080/10429247.2020.1758539

Ellerman, D.P., 1986. Double entry multidimensional accounting. Omega 14, 13-22.

https://doi.org/10.1016/0305-0483(86)90004-6

Elzen, M.D., Fekete, H., Hohne, N., Admiraal, A., Forsell, N., Hof, A.F., Olivier, J.G.J.,
Roelfsema, M., Van Soest, H., 2016. Greenhouse gas emissions from current

256



References

and enhanced policies of China until 2030: Can emissions peak before 2030?

Energy Policy 89, 224-236. https://doi.org/10.1016/j.enpol.2015.11.030

Esteban-Marquillas, J.M., 1972. 1. A reinterpretation of shift-share analysis. Regional
and Urban Economics 2, 249-255. https://doi.org/10.1016/0034-
3331(72)90033-4

Faber, A., Idenburg, A.M., Wilting, H.C., 2007. Exploring techno-economic scenarios
in an input—output model. Futures 39, 16-37.

https://doi.org/10.1016/j.futures.2006.03.011

Fan, J., Guo, X.-M., Marinova, D., Wu, Y.-R., Zhao, D.-T., 2012. Embedded carbon
footprint of Chinese urban households: structure and changes. Journal of

Cleaner Production 33, 50-59. https://doi.org/10.1016/j.jclepro.2012.05.018

Fan, J.-L., Wang, J.-D., Kong, L.-S., Zhang, X., 2018. The carbon footprints of
secondary industry in China: An input—output subsystem analysis. Natural

Hazards 91, 635-657. https://do1.org/10.1007/s11069-017-3147-1

Fan, Y., Liang, Q., Wei, Y., Okada, N., 2007. A model for China’s energy requirements
and CO; emissions analysis. Environmental Modelling & Software 22, 378-393.

https://doi.org/10.1016/j.envsoft.2005.12.007

Fang, K., Li, C.-L., Tang, Y.-Q., He, J.-J., Song, J.-N., 2022. China’s pathways to peak
carbon emissions: New insights from various industrial sectors. Applied Energy

306, 118039. https://doi.org/10.1016/j.apenergy.2021.118039

Fang, K., Zhang, Q.-F., Long, Y., Yoshida, Y., Sun, L., Zhang, H.-R., Dou, Y., Li, S.,
2019. How can China achieve its Intended Nationally Determined Contributions
by 2030? A multi-criteria allocation of China’s carbon emission allowance.

Applied Energy 241, 380-389. https://doi.org/10.1016/j.apenergy.2019.03.055

257



References

Farahnakian, F., Pahikkala, T., Liljeberg, P., Plosila, J., 2013. Energy aware
consolidation algorithm based on K-nearest neighbor regression for cloud data
centers, in: 2013 IEEE/ACM 6th International Conference on Utility and Cloud
Computing. Presented at the 2013 IEEE/ACM 6th International Conference on
Utility and Cloud Computing (UCC), IEEE, Dresden, Germany, pp. 256—259.

https://doi.org/10.1109/UCC.2013.51

Feng, C., Huang, J.-B., Wang, M., 2018. The driving forces and potential mitigation of
energy-related CO; emissions in China’s metal industry. Resources Policy 59,

487-494. https://doi.org/10.1016/j.resourpol.2018.09.003

Feng, K.-S., Davis, S.J., Sun, L.-X., Hubacek, K., 2015. Drivers of the US CO>
emissions 1997-2013. Nature Communications 6, 7714.

https://doi.org/10.1038/ncomms8714

Feng, S.J.,Ma, Y.D., Song, Z.L., Ying, J., 2012. Forecasting the energy consumption of
China by the grey prediction model. Energy Sources, Part B: Economics,

Planning, and Policy 7, 376-389. https://doi.org/10.1080/15567240903330426

Fenner, A.E., Kibert, C.J., Li, J.-X., Razkenari, M.A., Hakim, H., Lu, X.-S.,
Kouhirostami, M., Sam, M., 2020. Embodied, operation, and commuting
emissions: A case study comparing the carbon hotspots of an educational
building. Journal of Cleaner Production 268, 122081.

https://doi.org/10.1016/j.jclepro.2020.122081

Fernandez-Macho, J., Gallastegui, C., Gonzélez, P., 2008. Economic impacts of TAC
regulation: A supply-driven SAM approach. Fisheries Research 90, 225-234.
https://doi.org/10.1016/j.fishres.2007.10.019

Fernau, M.E., Samson, P.J., 1990. Use of cluster analysis to define periods of similar

258



References

meteorology and precipitation chemistry in eastern North America. J. Appl.
Meteor. 29, 751-761. https://doi.org/10.1175/1520-
0450(1990)029<0751:UOCATD>2.0.CO;2

Fiss, P.C., 2007. A set-theoretic approach to organizational configurations. Academy of
Management Review 32, 1180-1198.

https://doi.org/10.5465/amr.2007.26586092

Gallardo, A., Mardones, C., 2013. Environmentally extended social accounting matrix
for Chile. Environment, Development and Sustainability 15, 1099-1127.

https://doi.org/10.1007/s10668-012-9430-0

Gao, Z.-Y., Geng, Y., Wu, R., Zhang, X., Pan, H.-Y., Jiang, H.-J., 2020. China’s CO»
emissions embodied in fixed capital formation and its spatial distribution.
Environmental Science and Pollution Research 27, 19970-19990.

https://doi.org/10.1007/s11356-020-08491-z

Ge, J., Lei, Y., 2013. Mining development, income growth and poverty alleviation: A
multiplier decomposition technique applied to China. Resources Policy 38,

278-287. https://doi.org/10.1016/j.resourpol.2013.05.004

Ge, J.-P, Lei, Y.-L., 2014. Carbon emissions from the service sector: An input-output
application to Beijing, China. Climate Research 60, 13-24.
https://doi.org/10.3354/cr01224

Gielen, D., Changhong, C., 2001. The CO> emission reduction benefits of Chinese
energy policies and environmental policies: A case study for Shanghai, period
1995-2020. Ecological Economics 39, 257-270.
https://doi.org/10.1016/S0921-8009(01)00206-3

Gretton, P., 2013. On input-output tables: uses and abuses.

259



References

Gui, S., Mu, H.-L., Li, N., 2014. Analysis of impact factors on China’s CO> emissions
from the view of supply chain paths. Energy 74, 405-416.

https://doi.org/10.1016/j.energy.2014.06.116

Han, R., Yu, B.-Y., Tang, B.-J., Liao, H., Wei, Y.-M., 2017. Carbon emissions quotas in
the Chinese road transport sector: A carbon trading perspective. Energy Policy

106, 298-309. https://doi.org/10.1016/j.enpol.2017.03.071

Hansun, S., 2013. A new approach of moving average method in time series analysis,
in: 2013 Conference on New Media Studies (CoNMedia). Presented at the 2013
Conference on New Media Studies (CoNMedia), IEEE, Tangerang, Indonesia,
pp. 1-4. https://doi.org/10.1109/CoNMedia.2013.6708545

Harry, W., Keiko, 1., 2015. Reconstructing China’s supply-use and input-output tables

In time series.

Hartono, D., Resosudarmo, B.P., 2008. The economy-wide impact of controlling energy
consumption in Indonesia: An analysis using a Social Accounting Matrix
framework. Energy Policy 36, 1404-1419.
https://doi.org/10.1016/j.enpol.2007.12.011

He, J.-K., 2014. Analysis of CO2 emissions peak: China’s objective and strategy.
Chinese Journal of Population Resources and Environment 12, 189-198.

https://do1.0org/10.1080/10042857.2014.932266

Heil, M.T., Wodon, Q.T., 1997. Inequality in CO> emissions between poor and rich
countries. The Journal of Environment & Development 6, 426-452.

https://doi.org/10.1177/107049659700600404

Herrendorf, B., Rogerson, R., Valentinyi, A., 2014. Growth and structural

transformation, in: Handbook of Economic Growth. Elsevier, pp. 855-941.

260



References

https://doi.org/10.1016/B978-0-444-53540-5.00006-9

Ho, P.H.K., 2010. Forecasting construction manpower demand by gray model. Journal
of Construction Engineering and Management 136, 1299-1305.

https://do1.0org/10.1061/(ASCE)CO0.1943-7862.0000238

Hou, H.-M., Bai, H.-T., Ji, Y.-J., Wang, Y., Xu, H., 2020. A historical time series for
inter-industrial embodied carbon transfers within China. Journal of Cleaner

Production 264, 121738. https://doi.org/10.1016/].jclepro.2020.121738

Hou, H.-M., Wang, J.-W., Yuan, M., Liang, S., Liu, T., Wang, H.-Z., Bai, H.-T., Xu, H.,
2021. Estimating the mitigation potential of the Chinese service sector using
embodied carbon emissions accounting. Environmental Impact Assessment

Review 86, 106510. https://doi.org/10.1016/j.eiar.2020.106510

Hristu-Varsakelis, D., Karagianni, S., Pempetzoglou, M., Sfetsos, A., 2012. Optimizing
production in the Greek economy: Exploring the interaction between
greenhouse gas emissions and solid waste via input—output analysis. Economic

Systems Research 24, 57-75. https://doi.org/10.1080/09535314.2011.572065

Hsu, Y.-T., Liu, M.-C., Yeh, J., Hung, H.-F., 2009. Forecasting the turning time of stock
market based on Markov—Fourier grey model. Expert Systems with

Applications 36, 8597-8603. https://doi.org/10.1016/j.eswa.2008.10.075

Hu, A.-G., 2016. The Five-Year Plan: A new tool for energy saving and emissions
reduction in China. Advances in Climate Change Research 7, 222-228.

https://doi.org/10.1016/j.accre.2016.12.005

Huang, H.-P., Wang, J.-F., Han, Y.-P., Wang, L., Li, X.-S., 2019. Assessing impacts of
water regulations on alleviating regional water stress with a system dynamics

model. Water Supply 19, 635-643. https://doi.org/10.2166/ws.2018.112

261



References

Huang, J.-B., Luo, Y.-M., Feng, C., 2019. An overview of carbon dioxide emissions
from China’s ferrous metal industry: 1991-2030. Resources Policy 62, 541-549.

https://doi.org/10.1016/j.resourpol.2018.10.010

Huang, R., Lenzen, M., Malik, A., 2019. CO; emissions embodied in China’s export.
The Journal of International Trade & Economic Development 28, 919-934.

https://doi.org/10.1080/09638199.2019.1612460

Huang, W.-F., Kobayashi, S., Tanji, H., 2008. Updating an input-output matrix with
sign-preservation: Some improved objective functions and their solutions.
Economic Systems Research 20, 111-123.
https://doi.org/10.1080/09535310801892082

Hibler, M., Bukin, E., Xi, Y.-T., 2022. The effects of international trade on structural
convergence and CO; emissions. Environmental and Resource Economics 83,

579-604. https://doi.org/10.1007/s10640-022-00698-7

Hiibler, M., Pothen, F., 2017. Trade-induced productivity gains reduce incentives to
impose  strategic  tariffs. = Economic = Modelling 61, 420-431.
https://doi.org/10.1016/j.econmod.2016.11.006

Hunt, J.D., Simmonds, D.C., 1993. Theory and application of an integrated land-use
and transport modelling framework. Environment and Planning B: Planning and

Design 20, 221-244. https://doi.org/10.1068/b200221

Huo, T.-F., Du, Q.-X., Xu, L.-B., Shi, Q.-W., Cong, X.-B., Cai, W.-G., 2023. Timetable
and roadmap for achieving carbon peak and carbon neutrality of China’s
building sector. Energy 274, 127330.
https://doi.org/10.1016/j.energy.2023.127330

Idri, A., Abnane, ., Abran, A., 2016. Missing data techniques in analogy-based software

262



References

development effort estimation. Journal of Systems and Software 117, 595-611.

https://doi.org/10.1016/j.js5.2016.04.058

Igos, E., Rugani, B., Rege, S., Benetto, E., Drouet, L., Zachary, D.S., 2015.
Combination of equilibrium models and hybrid life cycle - input—output
analysis to predict the environmental impacts of energy policy scenarios.

Applied Energy 145, 234-245. https://doi.org/10.1016/j.apenergy.2015.02.007

Itoh, H., 2016. Understanding of economic spillover mechanism by structural path
analysis: a case study of interregional social accounting matrix focused on
institutional sectors in Japan. Journal of Economic Structures 5, 22.

https://doi.org/10.1186/s40008-016-0052-9

Jawad Sajid, M., Santibanez Gonzalez, E.D.R., Danish, 2021. The role of labor and
capital in sectoral CO2 emissions and linkages: The case of China, India and the
USA. Ecological Indicators 131, 108241.

https://doi.org/10.1016/j.ecolind.2021.108241

Jensen, R.C., West, G.R., Hewingst, G.J.D., 1988. The study of regional economic
structure using input—output tables. Regional Studies 22, 209-220.
https://doi.org/10.1080/00343408812331344910

Jia, N.-F., Gao, X.-Y., Liu, D.-H., Shi, J.-L., Jiang, M.-H., 2019. Identification and
evolution of critical betweenness sectors and transactions from the view of CO»
reduction in supply chain network. Journal of Cleaner Production 232, 163—173.

https://doi.org/10.1016/j.jclepro.2019.05.346

Jia, Z.-J., Lin, B.-Q., 2021. How to achieve the first step of the carbon-neutrality 2060
target in China: The coal substitution perspective. Energy 233, 121179.

https://doi.org/10.1016/j.energy.2021.121179

263



References

Jiang, C., Yang, Z.-J., 2015. CKNNI: An improved KNN-based missing value handling
technique, in: Huang, D.-S., Han, K. (Eds.), Advanced Intelligent Computing
Theories and Applications, Lecture Notes in Computer Science. Springer
International Publishing, Cham, pp. 441-452. https://doi.org/10.1007/978-3-

319-22053-6_47

Jiang, F.-F., Zheng, X.-Y., Fan, D., Zhang, P.-X., Li, S.-L., 2021. The sharing economy
and business model design: A configurational approach. Journal of Management

Studies 58, 949-976. https://doi.org/10.1111/joms.12711

Jiang, J.-J., Ye, B., Liu, J.-G., 2019a. Research on the peak of CO; emissions in the
developing world: Current progress and future prospect. Applied Energy 235,
186—203. https://doi.org/10.1016/j.apenergy.2018.10.089

Jiang, J.-J., Ye, B., Liu, J.-G., 2019b. Peak of CO; emissions in various sectors and
provinces of China: Recent progress and avenues for further research.
Renewable and  Sustainable  Energy  Reviews 112,  813-833.
https://doi.org/10.1016/j.rser.2019.06.024

Jiang, J.-J., Ye, B., Liu, J.-G., 2019c. Peak of CO; emissions in various sectors and
provinces of China: Recent progress and avenues for further research.
Renewable and  Sustainable  Energy  Reviews 112,  813-833.
https://doi.org/10.1016/j.rser.2019.06.024

Jiang, M.-H., An, H.-Z., Gao, X.-Y., Zheng, H.-L., Li, Y., 2021. Identifying the key
sectors in the carbon emission flows along the production chain paths: A

network perspective. Ecological Indicators 130, 108050.

https://doi.org/10.1016/j.ecolind.2021.108050

Jiang, T.-Y., Yang, J., Huang, S.-J., 2020. Evolution and driving factors of CO:

264



References

emissions structure in China’s heating and power industries: The supply-side
and demand-side dual perspectives. Journal of Cleaner Production 264, 121507.

https://doi.org/10.1016/j.jclepro.2020.121507

Jun, M.-J., 2005. Forecasting urban land-use demand using a metropolitan input-output
model. Environment and Planning A: Economy and Space 37, 1311-1328.
https://doi.org/10.1068/a3723

Kagawa, S., Suh, S., Hubacek, K., Wiedmann, T., Nansai, K., Minx, J., 2015. CO;
emission clusters within global supply chain networks: Implications for climate

change mitigation. Global Environmental Change 35, 486-496.
https://doi.org/10.1016/j.gloenvcha.2015.04.003

Kang, J.-D., Ng, T.S., Su, B., Yuan, R., 2020. Optimizing the Chinese electricity mix
for CO2 emission reduction: An input—output linear programming model with

endogenous capital. Environmental Science & Technology 54, 697-706.

https://doi.org/10.1021/acs.est.9b05199

Kaur, J., Sidhu, R., Awasthi, A., Srivastava, S.K., 2019. A Pareto investigation on
critical barriers in green supply chain management. International Journal of

Management Science and Engineering Management 14, 113-123.

https://doi.org/10.1080/17509653.2018.1504237

Kebede, S.G., Heshmati, A., 2023. Sectoral linkage in the Ethiopian economy: A social
accounting matrix multiplier analysis (IZA Discussion Papers No. 15845).

Institute of Labor Economics (IZA).

Kecek, D., Brlek, P., Buntak, K., 2022. Economic effects of transport sectors on
Croatian economy: An input—output approach. Economic Research-Ekonomska

Istrazivanja 35, 2023-2038. https://doi.org/10.1080/1331677X.2021.1931908

265



References

Kehoe, T.J., 1996. Social accounting matrices and applied general equilibrium models

(preprint). Working Paper. https://doi.org/10.21034/wp.563

Kim, H., Kim, B.-G., 2015. Economic impacts of the hotel industry: An input-output
analysis. Tourism Review 70, 132—149. https://doi.org/10.1108/TR-11-2014-
0056

Kimmich, C., Tomas, S.V., 2019. Assessing action situation networks: A
configurational perspective on water and energy governance in irrigation
systems. Water Economics and Policy 05, 1850005.

https://doi.org/10.1142/S2382624X18500054

Kocaguneli, E., Menzies, T., Keung, J.W., 2012. On the value of ensemble effort
estimation. IEEE Transactions on Software Engineering 38, 1403-1416.

https://doi.org/10.1109/TSE.2011.111

Lauerwald, R., Laruelle, G.G., Hartmann, J., Ciais, P., Regnier, P.A.G., 2015. Spatial
patterns in CO» evasion from the global river network. Global Biogeochemical

Cycles 29, 534-554. https://doi.org/10.1002/2014GB00494 1

Lemelin, A., Fofana, 1., Cockburn, J., 2013. Balancing a social accounting matrix:
Theory and application (revised edition). Social Science Research Network.

https://doi.org/10.2139/ssrn.2439868

Lenzen, M., 2007. Structural path analysis of ecosystem networks. Ecological

Modelling 200, 334—-342. https://doi.org/10.1016/j.ecolmodel.2006.07.041

Lenzen, M., 2003. Environmentally important paths, linkages and key sectors in the
Australian economy. Structural Change and Economic Dynamics 14, 1-34.

https://do1.0org/10.1016/S0954-349X(02)00025-5

266



References

Lenzen, M., Gallego, B., Wood, R., 2009. Matrix balancing under conflicting
information. Economic Systems Research 21, 23-44.

https://doi.0org/10.1080/09535310802688661

Lenzen, M., Kanemoto, K., Moran, D., Geschke, A., 2012. Mapping the structure of the
world economy. Environmental Science & Technology 46, 8374-838I1.

https://doi.org/10.1021/es300171x

Lenzen, M., Malik, A., Kenway, S., Daniels, P., Lam, K.L., Geschke, A., 2019.
Economic damage and spillovers from a tropical cyclone. Natural Hazards and
Earth System Sciences 19, 137-151. https://doi.org/10.5194/nhess-19-137-
2019

Leontief, W., 1986. Input-output economics. Oxford University Press.

Leontief, W., 1975. Structure of the world economy—Outline of a simple input-output
formulation. Proceedings of the IEEE 63, 345-351.

https://doi.org/10.1109/PROC.1975.9758

Leontief, W., 1974. Structure of the world economy: Outline of a simple input-output

formulation. American Economic Review 64, 823—-834.

Leontief, W., 1970. Environmental repercussions and the economic structure: An input-
output approach. The Review of Economics and Statistics 52, 262.

https://doi.org/10.2307/1926294

Li, B., Han, S.-W., Wang, Y.-F., Wang, Y.-F., Li, J.-Y., Wang, Y., 2020. Feasibility
assessment of the carbon emissions peak in China’s construction industry:
Factor decomposition and peak forecast. Science of The Total Environment 706,

135716. https://doi.org/10.1016/j.scitotenv.2019.135716

267



References

Li, C., Wu, Y.-M., Gao, B.-P., Zheng, K.-J., Wu, Y., Li, Chan, 2021. Multi-scenario

simulation of ecosystem service value for optimization of land use in the
Sichuan-Yunnan ecological barrier, China. Ecological Indicators 132, 108328.

https://doi.org/10.1016/j.ecolind.2021.108328

Li, G., Weiss, G., Mueller, M., Townley, S., Belmont, M.R., 2012. Wave energy

converter control by wave prediction and dynamic programming. Renewable

Energy 48, 392—403. https://doi.org/10.1016/j.renene.2012.05.003

Li, G.-D., Yamaguchi, D., Nagai, M., 2007. A GM(1,1)-Markov chain combined model

with an application to predict the number of Chinese international airlines.
Technological  Forecasting and Social Change 74, 1465-1481.
https://doi.org/10.1016/j.techfore.2006.07.010

Li, H., Huang, L., 2010. The competitiveness of Hong Kong’s travel industry: A

dynamic = shift-share analysis. Tourism Economics 16, 665-684.

https://doi.org/10.5367/000000010792278275

Li, H., Wei, Y.D., Zhou, Y., 2017. Spatiotemporal analysis of land development in

transitional China. Habitat International 67, 79-95.

https://doi.org/10.1016/j.habitatint.2017.07.003

Li, J., Zhou, H.W., Meng, J., Yang, Q., Chen, B., Zhang, Y.Y., 2018. Carbon emissions

and their drivers for a typical urban economy from multiple perspectives: A case
analysis for Beijing city. Applied Energy 226, 1076-1086.

https://doi.org/10.1016/j.apenergy.2018.06.004

Li, J.-F., Gu, A.-L., Ma, Z.-Y., Zhang, C.-L., Sun, Z.-Q., 2019. Economic development,

energy demand, and carbon emission prospects of China’s provinces during the

14th Five-Year Plan period: Application of CMRCGE model. Advances in

268



References

Climate Change Research 10, 165-173.

https://doi.org/10.1016/j.accre.2019.09.003

Li, J.-S., Luo, R., Yang, Q., Yang, H.-P., 2016. Inventory of CO; emissions driven by
energy consumption in Hubei Province: A time-series energy input-output

analysis. Frontiers of Earth Science 10, 717-730.

Li, J.-S., Zhou, H.W., Meng, J., Yang, Q., Chen, B., Zhang, Y.Y., 2018. Carbon
emissions and their drivers for a typical urban economy from multiple
perspectives: A case analysis for Beijing city. Applied Energy 226, 1076-1086.

https://doi.org/10.1016/j.apenergy.2018.06.004

Li, K., Lin, B.-Q., 2017. Economic growth model, structural transformation, and green
productivity in China. Applied Energy 187, 489-500.

https://doi.org/10.1016/j.apenergy.2016.11.075

Li, L., Lei, Y., Pan, D., 2016. Study of CO; emissions in China’s iron and steel industry
based on economic input—output life cycle assessment. Natural Hazards 81,

957-970. https://doi.org/10.1007/s11069-015-2114-y

Li, P., Ouyang, Y.-F., 2021. Quantifying the role of technical progress towards China’s
2030 carbon intensity target. Journal of Environmental Planning and

Management 64, 379-398. https://do1.org/10.1080/09640568.2020.1764343

Li, Q.-P., Wu, S.-M,, Lei, Y.-L., Li, S.-T., Li, L., 2021. Evolutionary path and driving
forces of inter-industry transfer of COz emissions in China: Evidence from
structural path and decomposition analysis. Science of The Total Environment

765, 142773. https://doi.org/10.1016/j.scitotenv.2020.142773

Li, W.-Q., Dai, Y.-P., Ma, L.-W., Hao, H., Lu, H.-Y., Albinson, R., Li, Z., 2015. Oil-
saving pathways until 2030 for road freight transportation in China based on a

269



References

cost-optimization model. Energy 86, 369-384.
https://doi.org/10.1016/j.energy.2015.04.033

Li, X., Ikeda, S., 2001. An economic—environmental input—output model and its
application to regional economic—environmental impact analysis. Environment
and  Planning B: Planning and Design 28, 581-594.
https://doi.org/10.1068/b2766

Li, X., L1, Y.P., Huang, G.H., Lv,J., Ma, Y., Li, Y.F., 2021. A multi-scenario input-output
economy-energy-environment nexus management model for Pearl River Delta

urban agglomeration. Journal of Cleaner Production 317, 128402.

https://doi.org/10.1016/j.jclepro.2021.128402

Li, Y., Du, W.,, Huisingh, D., 2017. Challenges in developing an inventory of
greenhouse gas emissions of Chinese cities: A case study of Beijing. Journal of
Cleaner Production 161, 1051-1063.

https://doi.org/10.1016/j.jclepro.2017.06.072

Li, Y, Li, J.-W., Gong, Y., Wei, F.-Q., Huang, Q.-B., 2020. CO, emission performance
evaluation of Chinese port enterprises: A modified meta-frontier non-radial
directional distance function approach. Transportation Research Part D:
Transport and Environment 89, 102605.

https://doi.org/10.1016/j.trd.2020.102605

Li, Y.-J., Chen, B., Fang, D.-L., Zhang, B.-Y., Bai, J.-H., Liu, G.-Y., Zhang, Y., 2021.
Drivers of energy-related PM2.5 emissions in the Jing-Jin-Ji region between
2002 and 2015. Applied Energy 288, 116668.
https://doi.org/10.1016/j.apenergy.2021.116668

Li, Y.-M., Zhao, R., Liu, T.-S., Zhao, J.-F., 2015. Does urbanization lead to more direct

270



References

and indirect household carbon dioxide emissions? Evidence from China during
1996-2012. Journal of  Cleaner  Production 102, 103-114.

https://doi.org/10.1016/j.jclepro.2015.04.037

Li, Y.-Z., Su, B., Dasgupta, S., 2018. Structural path analysis of India’s carbon

emissions using input-output and social accounting matrix frameworks. Energy

Economics 76, 457-469. https://doi.org/10.1016/j.eneco.2018.10.029

Li, Z., Tang, D.-C., Han, M., Bethel, B.J., 2018. Comprehensive evaluation of regional

sustainable development based on data envelopment analysis. Sustainability 10,

3897. https://doi.org/10.3390/sul0113897

Li, Z.-Y., Chen, H.-D., Wang, J., Zhao, T., 2021. Optimal allocation of CO> emission

Liang,

Liang,

Liang,

quotas at the city level in Bohai Rim Economic Circle based on multi-objective
decision approach. Environmental Science and Pollution Research 28, 60798—

60817. https://doi.org/10.1007/s11356-021-14841-2

Q.-M., Deng, H.-M., Liu, M., 2016. Co-control of CO, emissions and local
pollutants in China: the perspective of adjusting final use behaviors. Journal of
Cleaner Production 131, 198-208.

https://doi.org/10.1016/j.jclepro.2016.05.048

S., Feng, Y., Xu, M., 2015. Structure of the global virtual carbon network:
Revealing important sectors and communities for emission reduction. Journal

of Industrial Ecology 19, 307-320. https://doi.org/10.1111/jiec.12242

S., Lin, X.-Y., Liu, X.-X., Pan, H.-R., 2022. The pathway to China’s carbon
neutrality based on an endogenous technology CGE model. International
Journal of Environmental Research and Public Health 19, 6251.

https://doi.org/10.3390/ijerph19106251

271



References

Liang, S., Qu, S., Xu, M., 2016. Betweenness-based method to identify critical
transmission sectors for supply chain environmental pressure mitigation.
Environmental Science & Technology 50, 1330-1337.

https://doi.org/10.1021/acs.est.5b04855

Liang, S., Qu, S., Zhu, Z.-Q., Guan, D.-B., Xu, M., 2017. Income-based greenhouse
gas emissions of nations. Environmental Science & Technology 51, 346-355.

https://doi.org/10.1021/acs.est.6b02510

Liang, S., Zhang, T.-Z., Jia, X.-P., 2013. Clustering economic sectors in China on a life
cycle basis to achieve environmental sustainability. Frontiers of Environmental

Science & Engineering 7, 97-108. https://doi.org/10.1007/s11783-012-0402-2

Liang, S.-Y., Ning, Y.-K., Li, H.-Q., Wang, L., Mei, Z.-Y., Ma, Y.-N., Zhao, G.-R., 2015.
Feature selection and predictors of falls with foot force sensors using KNN-
based algorithms. Sensors 15, 29393-29407.

https://doi.org/10.3390/s151129393

Liao, S.-C., Li, G.-F,, L1, J.-H., Jiang, D., Jiang, G., Sun, Y., Tao, B., Zhao, H.-Y., Chen,
D.-S., 2020. Multi-object intergroup gesture recognition combined with fusion
feature and KNN algorithm. Journal of Intelligent & Fuzzy Systems 38, 2725—

2735. https://doi.org/10.3233/JIFS-179558

Lim, D.-B., Son, S., Kim, S., Park, J., 2019. Life cycle cost and CO> emission
simulation models of apartment building projects using system dynamics.
Indoor and Built Environment 28, 310-321.

https://doi.org/10.1177/1420326X 18754342

Lim, H.-J., Yoo, S.-H., Kwak, S.-J., 2009. Industrial CO emissions from energy use in

Korea: A structural decomposition analysis. Energy Policy 37, 686—698.

272



References

https://doi.org/10.1016/j.enpol.2008.10.025

Lin, B., Teng, Y., 2023. The effect of industrial synergy and division on energy intensity:
From the perspective of industrial chain. Energy 283, 128487.

https://doi.org/10.1016/j.energy.2023.128487

Lin, B.-Q., Jia, Z.-J., 2020. Economic, energy and environmental impact of coal-to-
electricity policy in China: A dynamic recursive CGE study. Science of The
Total Environment 698, 134241.

https://doi.org/10.1016/j.scitotenv.2019.134241

Lin, B.-Q., Jia, Z.-]., 2018. The energy, environmental and economic impacts of carbon
tax rate and taxation industry: A CGE based study in China. Energy 159, 558—

568. https://doi.org/10.1016/j.energy.2018.06.167

Lin, B.-Q., Ouyang, X.-L., 2014. Analysis of energy-related CO> (carbon dioxide)
emissions and reduction potential in the Chinese non-metallic mineral products

industry. Energy 68, 688—697. https://doi.org/10.1016/j.energy.2014.01.069

Lin, B.-Q., Tan, R.-P., 2017. Sustainable development of China’s energy intensive
industries: From the aspect of carbon dioxide emissions reduction. Renewable
and Sustainable Energy Reviews 77, 386-394.
https://doi1.org/10.1016/j.rser.2017.04.042

Lin, B.-Q., Wang, M., 2021. The role of socio-economic factors in China’s CO;
emissions from production activities. Sustainable Production and Consumption

27,217-227. https://doi.org/10.1016/j.spc.2020.10.029

Lin, B.-Q., Zhou, Y.-C., 2022. Does energy efficiency make sense in China? Based on
the perspective of economic growth quality. Science of The Total Environment

804, 149895. https://doi.org/10.1016/j.scitotenv.2021.149895

273



References

Lin, C.-B., Su, S.-F., Hsu, Y.-T., 2001. High-precision forecast using grey models.
International Journal of  Systems Science 32, 609-619.

https://doi.0org/10.1080/00207720120323

Lin, G., Jiang, D., Fu, J., Wang, D., Li, X., 2019. A spatial shift-share decomposition of
energy consumption changes in China. Energy Policy 135, 111034.
https://doi.org/10.1016/j.enpol.2019.111034

Lin, H.-S., Yang, C., Xu, X.-Q., 2020. A new optimization model of CCHP system
based on genetic algorithm. Sustainable Cities and Society 52, 101811.

https://doi.org/10.1016/j.s¢s.2019.101811

Lin, J., Fridley, D., Lu, H.-Y., Price, L., Zhou, N., 2018. Has coal use peaked in China:
Near-term trends in China’s coal consumption. Energy Policy 123, 208-214.

https://doi.org/10.1016/j.enpol.2018.08.058

Lin, T., Yu, Y.-J., Bai, X.-M., Feng, L., Wang, J., 2013. Greenhouse Gas Emissions
Accounting of Urban Residential Consumption: A Household Survey Based

Approach. PLoS ONE 8, €55642. https://doi.org/10.1371/journal.pone.0055642

Lin, X.-R., Zhang, Y.-T., Zou, C.-Y., Peng, L.-H., 2020. CO; emission characteristics
and reduction responsibility of industrial subsectors in China. Science of The
Total Environment 699, 134386.
https://doi.org/10.1016/j.scitotenv.2019.134386

Liu, E.-H., Zhao, P., Duan, L., Zheng, G.-D., Guo, L., Yang, H., Li, P., 2013.
Simultaneous determination of six bioactive flavonoids in Citri Reticulatae
Pericarpium by rapid resolution liquid chromatography coupled with triple

quadrupole electrospray tandem mass spectrometry. Food Chemistry 141,

3977-3983. https://doi.org/10.1016/j.foodchem.2013.06.077

274



References

Liu, Guan, D.-B., Moore, S., Lee, H., Su, J., Zhang, Q., 2015. Climate policy: Steps to
China’s carbon peak. Nature 522, 279-281. https://doi.org/10.1038/522279a

Liu, H., Benoit, G., Liu, T., Liu, Y., Guo, H.-C., 2015. An integrated system dynamics
model developed for managing lake water quality at the watershed scale.

Journal of Environmental Management 155, 11-23.

https://doi.org/10.1016/j.jenvman.2015.02.046

Liu, H.-X., Zhang, J., Yuan, J.-H., 2022. Can China achieve its climate pledge: A multi-
scenario simulation of China’s energy-related CO; emission pathways based on
Kaya identity. Environmental Science and Pollution Research 29, 74480—-74499.
https://doi.org/10.1007/s11356-022-21044-w

Liu, J., Li, J., Yao, X., 2019. The economic effects of the development of the renewable
energy industry in China. Energies 12, 1808.

https://doi.org/10.3390/en12091808

Liu, L.-C., Cao, D., Wei, Y.-M., 2016. What drives intersectoral CO, emissions in
China? Journal of Cleaner Production 133, 1053-1061.

https://doi.org/10.1016/j.jclepro.2016.05.126

Liu, Q., Gu, A.-L., Teng, F., Song, R.-P., Chen, Y., 2017. Peaking China’s CO;
emissions: Trends to 2030 and mitigation potential. Energies 10, 209.

https://doi.org/10.3390/en10020209

Liu, W.-L., Oosterveer, P., Spaargaren, G., 2016. Promoting sustainable consumption
in China: a conceptual framework and research review. Journal of Cleaner

Production 134, 13-21. https://doi.org/10.1016/j.jclepro.2015.10.124

Liu, W.-L., Wang, Z.-H., 2017. The eftects of climate policy on corporate technological

upgrading in energy intensive industries: Evidence from China. Journal of

275



References

Cleaner Production 142, 3748-3758.

https://doi.org/10.1016/j.jclepro.2016.10.090

Liu, W.-W.,, Li, M.-Z., Short, T., Qing, X.-C., He, Y.-M., Li, Y.-Z., Liu, L.-H., Zhang,
H., Zhang, H.-C., 2015. Supercritical carbon dioxide cleaning of metal parts for
remanufacturing industry. Journal of Cleaner Production 93, 339-346.

https://doi.org/10.1016/j.jclepro.2015.01.014

Liu, X.-F., Zhou, X.-X., Zhu, B.-Z., He, K.-J., Wang, P., 2019. Measuring the maturity
of carbon market in China: An entropy-based TOPSIS approach. Journal of

Cleaner Production 229, 94—-103. https://doi.org/10.1016/j.jclepro.2019.04.380

Liu, X.-Y., Wang, X.-E., Song, J.-N., Wang, H.-N., Wang, S., 2019. Indirect carbon
emissions of urban households in China: Patterns, determinants and inequality.
Journal of Cleaner Production 241, 118335.

https://doi.org/10.1016/j.jclepro.2019.118335

Liu, Y.-S., Cao, Y., Hou, J.-J., Zhang, J.-T., Yang, Y.-O., Liu, L.-C., 2020. Identifying
common paths of CO; and air pollutants emissions in China. Journal of Cleaner

Production 256, 120599. https://doi.org/10.1016/j.jclepro.2020.120599

Liu, Z., Li, L., Zhang, Y.-J., 2015. Investigating the CO> emission differences among
China’s transport sectors and their influencing factors. Natural Hazards 77,

1323-1343. https://doi.org/10.1007/s11069-015-1657-2

Lombardi, F., Rocco, M.V., Colombo, E., 2019. A multi-layer energy modelling
methodology to assess the impact of heat-electricity integration strategies: The
case of the residential cooking sector in Italy. Energy 170, 1249-1260.
https://doi.org/10.1016/j.energy.2019.01.004

Lu, H.-P.,, Xu, Y.-Z., Wang, W., Zhao, J.-B., Li, G.-D., Tian, M.-K., 2023. Can China

276



References

reach the CO; peak by 2030? A forecast perspective. Environmental Science
and Pollution Research 30, 123497-123506. https://doi.org/10.1007/s11356-
023-30812-1

Lu, Z., Zhang, Q., Streets, D.G., 2011. Sulfur dioxide and primary carbonaceous aerosol
emissions in China and India, 1996-2010. Atmospheric Chemistry and Physics
11, 9839-9864. https://doi.org/10.5194/acp-11-9839-2011

Luukkanen, J., Panula-Ontto, J., Vehmas, J., Liyong, L., Kaivo-oja, J., Hiayhi, L.,
Auffermann, B., 2015. Structural change in Chinese economy: Impacts on
energy use and CO: emissions in the period 2013-2030. Technological
Forecasting and Social Change 94, 303-317.
https://doi.org/10.1016/j.techfore.2014.10.016

Ma, L.-W., Fu, F,, Li, Z., Liu, P., 2012. Oil development in China: Current status and
future trends. Energy Policy 45, 43-53.

https://doi.org/10.1016/j.enpol.2012.01.023

Ma, M.-D., Ma, X., Cai, W., Cai, W.-G., 2020. Low carbon roadmap of residential
building sector in China: Historical mitigation and prospective peak. Applied

Energy 273, 115247. https://doi.org/10.1016/j.apenergy.2020.115247

Mao, X.-Q., Zhou, J., Corsetti, G., 2014. How well have China’s recent Five-Year Plans
been implemented for energy conservation and air pollution control?
Environmental Science & Technology 48, 10036-10044.

https://doi.org/10.1021/es501729d

Mao, Z.-Q., Bai, Y., Meng, F.-Y., 2021. How can China achieve the energy and
environmental targets in the 14th and 15th five-year periods? A perspective of

economic restructuring. Sustainable Production and Consumption 27, 2022—

277



References

2036. https://doi.org/10.1016/j.spc.2021.05.005

Marangoni, G., Fezzi, G., 2002. Input-output for management control: The case of
GlaxoSmithKline. = Economic  Systems  Research 14,  245-256.
https://doi.org/10.1080/0953531022000002495

Matsumoto, K., Shigetomi, Y., Shiraki, H., Ochi, Y., Ogawa, Y., Ehara, T., 2019.
Addressing key drivers of regional CO» emissions of the manufacturing industry

in Japan. The Energy Journal 40, 233-258.

Mattauch, L., Creutzig, F., Edenhofer, O., 2015. Avoiding carbon lock-in: Policy
options for advancing structural change. Economic Modelling 50, 49-63.

https://doi.org/10.1016/j.econmod.2015.06.002

Mattila, T., Koskela, S., Seppild, J., Mienpad, 1., 2013. Sensitivity analysis of
environmentally extended input—output models as a tool for building scenarios
of sustainable development. Ecological Economics 86, 148-155.

https://doi.org/10.1016/j.ecolecon.2012.11.021

Meng, B., Liu, Y., Andrew, R., Zhou, M.-F., Hubacek, K., Xue, J.-J., Peters, G., Gao,
Y.-N., 2018. More than half of China’s CO; emissions are from micro, small
and medium-sized enterprises. Applied Energy 230, 712-725.
https://doi.org/10.1016/j.apenergy.2018.08.107

Meng, J., Hu, X.-P., Chen, P.-P., Coffman, D., Han, M.-Y., 2020. The unequal
contribution to global energy consumption along the supply chain. Journal of
Environmental Management 268, 110701.

https://doi.org/10.1016/j.jenvman.2020.110701

Meng, J., Liu, J.-F., Xu, Y., Tao, S., 2015. Tracing primary PM> 5 emissions via Chinese

supply  chains.  Environmental = Research  Letters 10,  054005.

278



References

https://doi.org/10.1088/1748-9326/10/5/054005

Mi, L.-Y., Qiao, L.-J., Du, S.-S., Xu, T., Gan, X.-L., Wang, W.-S., Yu, X.-Y., 2020.
Evaluating the effect of eight customized information strategies on urban
households’ electricity saving: A field experiment in China. Sustainable Cities

and Society 62, 102344. https://doi.org/10.1016/j.s¢s.2020.102344

Mi, Z.-F., Meng, J., Green, F., Coffman, D.M., Guan, D.-B., 2018a. China’s “Exported
Carbon” peak: Patterns, drivers, and implications. Geophysical Research

Letters 45, 4309—4318. https://doi.org/10.1029/2018GL077915

Mi, Z.-F., Meng, J., Guan, D.-B., Shan, Y.-L., Song, M., Wei, Y.-M., Liu, Z., Hubacek,
K., 2017a. Chinese CO; emission flows have reversed since the global financial
crisis. Nature Communications 8, 1712. https://doi.org/10.1038/s41467-017-
01820-w

Mi, Z.-F., Meng, J., Zheng, H.-R., Shan, Y.-L., Wei, Y.-M., Guan, D.-B., 2018b. A multi-
regional input-output table mapping China’s economic outputs and
interdependencies in 2012. Scientific Data 5, 180155.
https://doi.org/10.1038/sdata.2018.155

Mi, Z.-F., Pan, S.-Y., Yu, H., Wei, Y.-M., 2015. Potential impacts of industrial structure
on energy consumption and CO:z emission: A case study of Beijing. Journal of
Cleaner Production 103, 455-462.
https://doi.org/10.1016/j.jclepro.2014.06.011

Mi, Z.-F., Wei, Y.-M., He, C.-Q., Li, H.-N., Yuan, X.-C., Liao, H., 2017b. Regional
efforts to mitigate climate change in China: A multi-criteria assessment
approach. Mitigation and Adaptation Strategies for Global Change 22, 45-66.
https://doi.org/10.1007/s11027-015-9660-1

279



References

Mi, Z.-F., Wei, Y.-M., Wang, B., Meng, J., Liu, Z., Shan, Y.-L., Liu, J.-R., Guan, D.-B.,
2017c. Socioeconomic impact assessment of China’s CO2 emissions peak prior
to 2030. Journal of Cleaner Production 142, 2227-2236.

https://doi.org/10.1016/j.jclepro.2016.11.055

Miao, L., 2017. Examining the impact factors of urban residential energy consumption
and CO; emissions in China — Evidence from city-level data. Ecological

Indicators 73, 29-37. https://doi.org/10.1016/j.ecolind.2016.09.031

Michieka, N.M., Fletcher, J., Burnett, W., 2013. An empirical analysis of the role of
China’s exports on CO; emissions. Applied Energy 104, 258-267.
https://doi.org/10.1016/j.apenergy.2012.10.044

Miller, D., 1990. Organizational configurations: Cohesion, change, and prediction.

Human Relations 43, 771-789. https://doi.org/10.1177/001872679004300805

Miller, D., Friesen, P.H., 1978. Archetypes of strategy formulation. Management

Science 24, 921-933. https://doi.org/10.1287/mnsc.24.9.921

Miller, R.E., Blair, P.D., 2009. Input—output analysis: Foundations and extensions.

Cambridge University.

Modaresi, F., Araghinejad, S., Ebrahimi, K., 2018. A comparative assessment of
artificial neural network, generalized regression neural network, least-square
support vector regression, and K-nearest neighbor regression for monthly
streamflow forecasting in linear and nonlinear conditions. Water Resources

Management 32, 243-258. https://doi.org/10.1007/s11269-017-1807-2

Molinaro, A.M., Simon, R., Pfeiffer, R.M., 2005. Prediction error estimation: a
comparison of resampling methods. Bioinformatics 21, 3301-3307.
https://doi.org/10.1093/bioinformatics/bti499

280



References

Mondlane, S., van Seventer, D., UNU-WIDER, 2019. Agricultural development, trade,
and income distribution: A 2015 social accounting matrix multiplier
decomposition approach for Mozambique, 77th ed, WIDER Working Paper.
UNU-WIDER. https://doi.org/10.35188/UNU-WIDER/2019/711-8

Nakhal A, A.J., Patriarca, R., Di Gravio, G., Antonioni, G., Paltrinieri, N., 2021.
Investigating occupational and operational industrial safety data through
Business Intelligence and Machine Learning. Journal of Loss Prevention in the

Process Industries 73, 104608. https://doi.org/10.1016/1.j1p.2021.104608

NDRC, 2016. National Strategy on Energy Production and Consumption Revolution
(2016-2030).

Nguyen, H.T., Aviso, K.B., Le, D.Q., Kojima, N., Tokai, A., 2018. A linear
programming input—output model for mapping low-carbon scenarios for
Vietnam in 2030. Sustainable Production and Consumption 16, 134-140.

https://doi.org/10.1016/j.spc.2018.07.004

Ning, Y., Miao, L., Ding, T., Zhang, B., 2019. Carbon emission spillover and feedback
effects in China based on a multiregional input-output model. Resources,
Conservation and Recycling 141, 211-218.

https://doi.org/10.1016/j.resconrec.2018.10.022

Ning, Y.-D., Chen, K.-K., Zhang, B.-Y., Ding, T., Guo, F., Zhang, M., 2020. Energy
conservation and emission reduction path selection in China: A simulation based
on Bi-Level multi-objective optimization model. Energy Policy 137, 111116.

https://doi.org/10.1016/j.enpol.2019.111116

Niu, S.-W., Liu, Y.-Y,, Ding, Y.-X., Qu, W., 2016. China’s energy systems

transformation and emissions peak. Renewable and Sustainable Energy

281



References

Reviews 58, 782-795. https://doi.org/10.1016/j.rser.2015.12.274

NPC, 2021. Outline of the 14th five-year plan for the national economic and social

development and the long-range objectives through the year 2035.

O’ Mahony, T., Zhou, P., Sweeney, J., 2013. Integrated scenarios of energy-related CO»
emissions in Ireland: A multi-sectoral analysis to 2020. Ecological Economics

93, 385-397. https://doi.org/10.1016/j.ecolecon.2013.06.016

Ochitwa, J.M., 1984. Applicability and efficiency in a land use plan design model: An
Input-Output linear programming approach. Urban Studies 21, 149-154.
https://doi.org/10.1080/004209884200803 11

Oliveira, C., Antunes, C.H., 2004. A multiple objective model to deal with economy—
energy—environment interactions. European Journal of Operational Research

153, 370-385. https://doi.org/10.1016/S0377-2217(03)00159-0

Oliveira, C., Coelho, D., Antunes, C.H., 2016. Coupling input—output analysis with
multiobjective linear programming models for the study of economy—energy—
environment—social (E3S) trade-offs: A review. Ann Oper Res 247, 471-502.

https://doi.org/10.1007/s10479-014-1773-5

Ouyang, X.-L., Fang, X.-M., Cao, Y., Sun, C.-W., 2020. Factors behind CO> emission
reduction in Chinese heavy industries: Do environmental regulations matter?

Energy Policy 145, 111765. https://doi.org/10.1016/j.enpol.2020.111765

Ouyang, X.-L., Lin, B.-Q., 2015. An analysis of the driving forces of energy-related
carbon dioxide emissions in China’s industrial sector. Renewable and
Sustainable Energy Reviews 45, 838-849.

https://doi.org/10.1016/j.rser.2015.02.030

282



References

Pal, B.D., Bandarlage, J.S., 2017. Value-added disaggregated social accounting matrix
for the Indian economy of the year 2007-2008. Journal of Economic Structures

6, 14. https://doi.org/10.1186/s40008-017-0074-y

Pan, H.-R., 2006. Dynamic and endogenous change of input—output structure with
specific layers of technology. Structural Change and Economic Dynamics 17,

200-223. https://doi.org/10.1016/j.strueco.2005.05.003

Pao, H.-T., Fu, H.-C., Tseng, C.-L., 2012. Forecasting of CO; emissions, energy
consumption and economic growth in China using an improved grey model.

Energy 40, 400—409. https://doi.org/10.1016/j.energy.2012.01.037

Parreiras, R.O., Vasconcelos, J.A., 2009. Decision making in multiobjective
optimization aided by the multicriteria tournament decision method. Nonlinear
Analysis:  Theory, = Methods &  Applications 71, el91-el98.

https://doi.org/10.1016/j.na.2008.10.060

Pedauga, L.E., Pardo-Fanjul, A., Redondo, J.C., Izquierdo, J.M., 2022. Assessing the
economic contribution of sports tourism events: A regional social accounting
matrix  analysis  approach.  Tourism  Economics 28,  599-620.

https://doi.org/10.1177/1354816620975656

Peng, T., Deng, H.-W., 2021. Research on the sustainable development process of low-
carbon pilot cities: The case study of Guiyang, a low-carbon pilot city in south-
west China. Environment, Development and Sustainability 23, 2382-2403.

https://doi.org/10.1007/s10668-020-00679-0

Philippidis, G., Sanjuén, A.L, Ferrari, E., M’barek, R., 2014. Employing social
accounting matrix multipliers to profile the bioeconomy in the EU member

states: is there a structural pattern? Spanish Journal of Agricultural Research 12,

283



References

913-926. https://doi.org/10.5424/sjar/2014124-6192

Pinder, R.W., Davidson, E.A., Goodale, C.L., Greaver, T.L., Herrick, J.D., Liu, L.-L.,
2012. Climate change impacts of US reactive nitrogen. Proceedings of the
National Academy of Sciences 109, 7671-7675.
https://doi.org/10.1073/pnas. 1114243109

Pulido-Velazquez, M., Andreu, J., Sahuquillo, A., Pulido-Velazquez, D., 2008. Hydro-
economic river basin modelling: The application of a holistic surface—
groundwater model to assess opportunity costs of water use in Spain. Ecological

Economics 66, 51-65. https://doi.org/10.1016/j.ecolecon.2007.12.016

Pyatt, G., 1999. Some relationships between T-accounts, input—output tables and social
accounting matrices. Economic Systems Research 11, 365-387.

https://doi.org/10.1080/09535319900000027

Pyatt, G., Round, J.I., 2006. Multiplier effects and the reduction of poverty, in: de
Janvry, A., Kanbur, R. (Eds.), Poverty, Inequality and Development, Economic
Studies in Inequality, Social Exclusion and Well-Being. Springer US, Boston,

MA, pp. 233-259. https://doi.org/10.1007/0-387-29748-0 12

Pyatt, G., Round, J.I., 1979. Accounting and fixed price multipliers in a social
accounting matrix framework. The Economic Journal 89, 850.

https://doi.org/10.2307/2231503

Qi, Y., Stern, N., He, J.-K., Lu, J.-Q., Liu, T.-L., King, D., Wu, T., 2020. The policy-
driven peak and reduction of China’s carbon emissions. Advances in Climate

Change Research 11, 65-71. https://doi.org/10.1016/j.accre.2020.05.008

Qin, Q.-D., Liu, Y., L1, X., Li, H.-N., 2017. A multi-criteria decision analysis model for

carbon emission quota allocation in China’s east coastal areas: Efficiency and

284



References

equity. Journal of Cleaner Production 168, 410-419.
https://doi.org/10.1016/j.jclepro.2017.08.220

Qin, Y., Tong, F., Yang, G., Mauzerall, D.L., 2018. Challenges of using natural gas as a
carbon mitigation option in China. Energy Policy 117, 457-462.
https://doi.org/10.1016/j.enpol.2018.03.004

Quaderelli, R., Peterson, S., 2007. The energy—climate challenge: Recent trends in CO»
emissions from fuel combustion. Energy Policy 35, 5938-5952.

https://doi.org/10.1016/j.enpol.2007.07.001

Rahnama, M.R., 2021. Forecasting land-use changes in Mashhad Metropolitan area
using Cellular Automata and Markov chain model for 2016-2030. Sustainable

Cities and Society 64, 102548. https://doi.org/10.1016/j.s¢s.2020.102548

Rao, Y.-X., Zhou, M., Ou, G.-L., Dai, D.-Y., Zhang, L., Zhang, Z., Nie, X., Yang, C.,
2018. Integrating ecosystem services value for sustainable land-use
management in semi-arid region. Journal of Cleaner Production 186, 662—672.

https://doi.org/10.1016/j.jclepro.2018.03.119

Robati, M., Oldfield, P., Nezhad, A.A., Carmichael, D.G., Kuru, A., 2021. Carbon value
engineering: A framework for integrating embodied carbon and cost reduction
strategies in building design. Building and Environment 192, 107620.
https://doi.org/10.1016/j.buildenv.2021.107620

Robinson, S., Cattaneo, A., El-Said, M., 2001. Updating and estimating a social
accounting matrix using cross entropy methods. Economic Systems Research

13, 47-64. https://doi.org/10.1080/09535310120026247

Roghanian, E., Pazhoheshfar, P., 2014. An optimization model for reverse logistics

network under stochastic environment by using genetic algorithm. Journal of

285



References

Manufacturing Systems 33, 348-356.
https://doi.org/10.1016/j.jmsy.2014.02.007

Rojas Sanchez, D., Hoadley, A.F.A., Khalilpour, K.R., 2019. A multi-objective
extended input—output model for a regional economy. Sustainable Production

and Consumption 20, 15-28. https://doi.org/10.1016/j.spc.2019.04.009

Roland-Holst, D.W., Sancho, F., 1995. Modeling prices in a SAM structure. The

Review of Economics and Statistics 77, 361. https://doi.org/10.2307/2109871

Rosenberg, M., 1968. The logic of survey analysis. New York: Basic Books.

Round, J., 2003. Constructing SAMs for development policy analysis: Lessons learned
and challenges ahead. Economic Systems Research 15, 161-183.

https://doi.org/10.1080/0953531032000091153

Round, J.I., 2003. Social accounting matrices and SAM-based multiplier analysis.

San Cristobal, J.R., 2012. A goal programming model for environmental policy analysis:
Application to Spain. Energy Policy 43, 303-307.
https://doi.org/10.1016/j.enpol.2012.01.007

San Cristobal, J.R., 2010. An environmental/input—output linear programming model
to reach the targets for greenhouse gas emissions set by the kyoto protocol.
Economic Systems Research 22, 223-236.
https://doi.org/10.1080/09535314.2010.495709

Sanchez-Choliz, J., 2003. Analysing pollution by way of vertically integrated
coefficients, with an application to the water sector in Aragon. Cambridge

Journal of Economics 27, 433—-448. https://doi.org/10.1093/cje/27.3.433

286



References

Santos, S., 2006. Better policy analysis with better data. Constructing a Social

Accounting Matrix from the European System of National Accounts.

Saxena, A., 2021. Grey forecasting models based on internal optimization for Novel
Corona virus (COVID-19). Applied Soft Computing 111, 107735.
https://doi.org/10.1016/j.as0¢.2021.107735

Saysel, A.K., Barlas, Y., Yenigiin, O., 2002. Environmental sustainability in an
agricultural development project: A system dynamics approach. Journal of
Environmental Management 64, 247-260.

https://doi.org/10.1006/jema.2001.0488

Scandizzo, P.L., Ferrarese, C., 2015. Social accounting matrix: A new estimation
methodology. Journal of Policy Modeling 37, 14-34.
https://doi.org/10.1016/j.jpolmod.2015.01.007

Schifer, D., Stahmer, C., 1989. Input—output model for the analysis of environmental
protection activities. Economic  Systems Research 1, 203-228.

https://do1.0org/10.1080/09535318900000015

Schroeder, P., Anantharaman, M., 2017. “Lifestyle Leapfrogging” in emerging
economies: Enabling systemic shifts to sustainable consumption. Journal of

Consumer Policy 40, 3—23. https://doi.org/10.1007/s10603-016-9339-3

Selesnick, I.W., Schuller, G., 2000. The discrete fourier transform, in: The Transform
and Data Compression Handbook. @CRC  Press, pp. 37-79.
https://doi.org/10.1201/9781420037388

Seung, C.K., 2014a. Estimating effects of exogenous output changes: an application of
multi-regional social accounting matrix (MRSAM) method to natural resource

management. Regional Science Policy & Practice 6, 177-194.

287



References

https://doi.org/10.1111/rsp3.12037

Seung, C.K., 2014b. Measuring spillover effects of shocks to the Alaska economy: An
inter-regional social accounting matrix (IRSAM) model approach. Economic
Systems Research 26, 224-238.
https://doi.org/10.1080/09535314.2013.803039

Seventer, D.E. van, 2015. Compilation of annual mini SAMs for South Africa 1993-

2013 in current and constant prices.

Shan, Y.-L., Guan, D.-B., Liu, J.-H., Liu, Z., Liu, J.-R., Schroeder, H., Chen, Y., Shao,
S., Mi, Z.-F., Zhang, Q., 2016. CO> emissions inventory of Chinese cities.

Atmospheric  Chemistry and  Physics Discussions 2016,  1-26.
https://doi.org/10.5194/acp-2016-176

Shan, Y.-L., Guan, D.-B., Zheng, H.-R., Ou, J.-M., Li, Y., Meng, J., Mi, Z.-F., Liu, Z.,
Zhang, Q., 2018. China CO; emission accounts 1997-2015. Scientific Data 5,
170201. https://doi.org/10.1038/sdata.2017.201

Shan, Y.-L., Zhou, Y., Meng, J., Mi, Z.-F., Liu, J.-R., Guan, D.-B., 2019. Peak cement-
related COz emissions and the changes in drivers in China. Journal of Industrial

Ecology 23, 959-971. https://doi.org/10.1111/jiec.12839

Shao, C.-F., Guan, Y., Wan, Z., Chu, C.-L., Ju, M.-T., 2014. Performance analysis of
CO; emissions and energy efficiency of metal industries in China. Journal of
Environmental Management 134, 30-38.

https://doi.org/10.1016/j.jenvman.2013.12.025

Shao, J., 2019. Sustainable consumption in China: New trends and research interests.
Business Strategy  and  the Environment 28, 1507-1517.

https://doi.org/10.1002/bse.2327

288



References

Sharify, N., 2021. Economic resources’ allocation: A goal programming model
integrated with a social accounting matrix. Soft Computing 25, 8197-8204.

https://doi.org/10.1007/s00500-021-05746-w

Sharify, N., Batey, P., 2006. Social accounting and regional economic planning: an
integrated model for policy analysis and optimisation. The Annals of Regional

Science 40, 639—660. https://doi.org/10.1007/s00168-005-0049-z

Shen, L., Sun, Y.-Z., 2016. Review on carbon emissions, energy consumption and low-
carbon economy in China from a perspective of global climate change. Journal

of Geographical Sciences 26, 855-870.

Shen, L.-Y., Du, X.-Y., Cheng, G.-Y., Shi, F.-C., Wang, Y.-X., 2021. Temporal-spatial
evolution analysis on low carbon city performance in the context of China.
Environmental Impact Assessment Review 90, 106626.

https://doi.org/10.1016/j.e1ar.2021.106626

Sheng, R., Zhou, R., Zhang, Y., Wang, Z., 2021. Green investment changes in China: A
shift-share analysis. International Journal of Environmental Research and

Public Health 18, 6658. https://doi1.org/10.3390/ijerph18126658

Shi, H.-T., Chai, J., Lu, Q.-Y., Zheng, J.-L., Wang, S.-Y., 2022. The impact of China’s
low-carbon transition on economy, society and energy in 2030 based on CO>
emissions drivers. Energy 239, 122336.

https://doi.org/10.1016/j.energy.2021.122336

Shi, J.-L., Li, H.-J., An, H.-Z., Guan, J.-H., Arif, A., 2019. Tracing carbon emissions
embodied in 2012 Chinese supply chains. Journal of Cleaner Production 226,

28-36. https://doi.org/10.1016/j.jclepro.2019.04.015

Singh, N., Panda, D., 1989. Input-output goal programming model for management

289



References

planning of sericulture industry. International Journal of Systems Science 20,

2307-2313.

Smith, S.W., 1999. The scientist and engineer’s guide to digital signal processing, 2. ed.

ed. California Technical Publising, San Diego, CA 92150-2407.

Song, J.-N., Yang, W., Wang, S., Wang, X.-E., Higano, Y., Fang, K., 2018. Exploring
potential pathways towards fossil energy-related GHG emission peak prior to
2030 for China: An integrated input-output simulation model. Journal of
Cleaner Production 178, 688-702.

https://doi.org/10.1016/j.jclepro.2018.01.062

Song, X.-H., Zhao, C.-P., Han, J.-J., Zhang, Q., Liu, J.-P., Chi, Y.-Y., 2020.
Measurement and influencing factors research of the energy and power
efficiency in China: Based on the supply-side structural reform perspective.

Sustainability 12, 3879. https://doi.org/10.3390/su12093879

Sraffa, P., 1960. Production of commodities by means of commodities, in: Great

Thinkers in Economics Series. Cambridge University Press, Cambridge.

Stamoulias, 1., Manolakos, E.S., 2013. Parallel architectures for the kNN classifier -
design of soft IP cores and FPGA implementations. ACM Transactions on
Embedded Computing Systems (TECS) 13, 1-21.
https://doi.org/10.1145/2514641.2514649

Steen-Olsen, K., Owen, A., Barrett, J., Guan, D.-B., Hertwich, E.G., Lenzen, M.,
Wiedmann, T., 2016. Accounting for value added embodied in trade and
consumption: An intercomparison of global multiregional input—output
databases. Economic Systems Research 28, 78-94.

https://do1.0org/10.1080/09535314.2016.1141751

290



References

Stuttard, N., Frogner, M.S., 2003. Developing a pilot social accounting matrix for the

United Kingdom.

Su, B., Ang, B.W., 2013. Input—output analysis of CO> emissions embodied in trade:
Competitive versus non-competitive imports. Energy Policy 56, 83-87.

https://doi.org/10.1016/j.enpol.2013.01.041

Su, S.-F.,, Lin, C.-B., Hsu, Y.-T., 2002. A high precision global prediction approach
based on local prediction approaches. IEEE Transactions on Systems, Man and
Cybernetics, Part C (Applications and Reviews) 32, 416-425.

https://doi.org/10.1109/TSMCC.2002.806745

Su, S.-S., Fang, X.-K., Li, L., Wu, J., Zhang, J.-B., Xu, W.-G., Hu, J.-X., 2015. HFC-
134a emissions from mobile air conditioning in China from 1995 to 2030.
Atmospheric Environment 102, 122-129.

https://doi.org/10.1016/j.atmosenv.2014.11.057

Su, T.T., 1970. A note on regional input-output models. Southern Economic Journal 36,

325.

Su, Y., Liu, X., Ji, J., Ma, X., 2021. Role of economic structural change in the peaking
of China’s CO2 emissions: An input—output optimization model. Science of The
Total Environment 761, 143306.

https://doi.org/10.1016/j.scitotenv.2020.143306

Su, Y.-Q., Liu, X, Ji, J.-P., Ma, X.-M., 2021. Role of economic structural change in the
peaking of China’s CO2 emissions: An input—output optimization model.
Science of The Total Environment 761, 143306.

https://doi.org/10.1016/j.scitotenv.2020.143306

Sun, C.-W., Chen, L.-Y., Xu, Y.-H., 2020. Industrial linkage of embodied CO>

291



References

emissions: Evidence based on an absolute weighted measurement method.
Resources, Conservation and Recycling 160, 104892.
https://doi.org/10.1016/j.resconrec.2020.104892

Sun, R.-L., Gong, Z.-W., Gao, G., Shah, A.A., 2020. Comparative analysis of Multi-
Criteria Decision-Making methods for flood disaster risk in the Yangtze River
Delta. International Journal of Disaster Risk Reduction 51, 101768.

https://doi.org/10.1016/j.1jdrr.2020.101768

Sun, X., Sun, W.-S., Wang, J.-Z., Zhang, Y.-X., Gao, Y.-N., 2016. Using a Grey—Markov
model optimized by Cuckoo search algorithm to forecast the annual foreign
tourist arrivals to China. Tourism Management 52, 369-379.

https://doi.org/10.1016/j.tourman.2015.07.005

Tan, S., Yang, J., Yan, J.-Y., Lee, C., Hashim, H., Chen, B., 2017. A holistic low carbon
city indicator framework for sustainable development. Applied Energy 185,

1919-1930. https://doi.org/10.1016/j.apenergy.2016.03.041

Temurshoev, U., Miller, R.E., Bouwmeester, M.C., 2013. A note on the GRAS method.
Economic Systems Research 25, 361-367.
https://doi.org/10.1080/09535314.2012.746645

Thakur, S.K., 2008. Identification of temporal fundamental economic structure (FES)
of India: An input—output and cross-entropy analysis. Structural Change and
Economic Dynamics 19, 132-151.

https://doi.org/10.1016/j.strueco.2007.07.001

Thakur, S.K., Alvayay, J.R., 2012. Identification of regional fundamental economic
structure (FES) of Chilean economy: A field of influence approach. Structural

Change and Economic Dynamics 23, 92-107.

292



References

https://doi.org/10.1016/j.strueco.2011.10.004

The State Council, 2021. Action Plan for Carbon Dioxide Peaking Before 2030.

Thorbecke, E., 2000. The use of social accounting matrices in modeling. Presented at
the 26th general conference of the international association for research in

income and wealth, Cracow, Poland.

Timmer, M., Erumban AA, Gouma R, Los B, Temurshoev U, de Varies GJ, Arto Ia,
Genty VAA, Neuwahl F, Francois J, 2012. The world input-output database
(WIOD): Contents, sources and methods. Institue for International and

Development Economics.

Tukker, A., Koning, A. de, Wood, R., Hawkins, T.R., Lutter, S., Acosta, J., Cantuche,
J.M.R., Bouwmeester, M.C., Oosterhaven, J., Drosdowski, T., Kuenen, J., 2013.
EXIOPOL-Development and illustrative analyses of a detailed global MR EE

SUT/IOT. Economic Systems Research 25, 50-70.

Tukker, A., Pollitt, H., Henkemans, M., 2020. Consumption-based carbon accounting:
sense and sensibility. Climate Policy 20, S1-S13.
https://doi.org/10.1080/14693062.2020.1728208

UK Department Trade, 2003. Energy White Paper: Our energy future-creating a low

carbon economy.

Urge-Vorsatz, D., Kelemen, A, Tirado-Herrero, S., Thomas, S., Thema, J., Mzavanadze,
N., Hauptstock, D., Suerkemper, F., Teubler, J., Gupta, M., Chatterjee, S., 2016.
Measuring multiple impacts of low-carbon energy options in a green economy
context. Applied Energy 179, 1409-1426.

https://doi.org/10.1016/j.apenergy.2016.07.027

293



References

Wang, B., Wang, D., 2019. Plant leaves classification: A few-shot learning method
based on Siamese network. IEEE Access 7, 151754-151763.

https://doi.org/10.1109/ACCESS.2019.2947510

Wang, C., Cai, W.-]., Lu, X.-D., Chen, J.-N., 2007. CO> mitigation scenarios in China’s
road transport sector. Energy Conversion and Management 48, 2110-2118.

https://doi.org/10.1016/j.enconman.2006.12.022

Wang, D., He, W., Shi, R.-Y., 2019. How to achieve the dual-control targets of China’s
CO; emission reduction in 2030? Future trends and prospective decomposition.
Journal of Cleaner Production 213, 1251-1263.
https://doi.org/10.1016/j.jclepro.2018.12.178

Wang, F., Gao, C.-H., Zhang, W.-L., Huang, D.-W., 2021. Industrial structure
optimization and low-carbon transformation of Chinese industry based on the

forcing mechanism of CO: emission peak target. Sustainability 13, 4417.

https://doi.org/10.3390/su13084417

Wang, H., Chen, W.-Y., Zhang, H.-J., Li, N., 2020. Modeling of power sector
decarbonization in China: comparisons of early and delayed mitigation towards
2-degree target. Climatic Change 162, 1843-1856.

https://doi.org/10.1007/s10584-019-02485-8

Wang, H., Lu, X., Deng, Y., Sun, Y.-G., Nielsen, C.P., Liu, Y.-F., Zhu, G., Bu, M.-L.,
Bi, J., McElroy, M.B., 2019. China’s CO; peak before 2030 implied from
characteristics and growth of cities. Nature Sustainability 2, 748-754.

https://doi.org/10.1038/s41893-019-0339-6

Wang, H.-W., Wang, C., Zheng, H.-T., Feng, H., Guan, R., Long, W., 2015a. Updating

input—output tables with benchmark table series. Economic Systems Research

294



References

27, 287-305.

Wang, H.-W., Wang, C., Zheng, H.-T., Feng, H.-Y., Guan, R., Long, W., 2015b.
Updating input—output tables with benchmark table series. Economic Systems

Research 27, 287-305. https://doi.org/10.1080/09535314.2015.1053846

Wang, J., Hu, M.-M., Tukker, A., Rodrigues, J.E.D., 2019. The impact of regional
convergence in energy-intensive industries on China’s CO> emissions and
emission goals. Energy Economics 80, 512-523.

https://doi.org/10.1016/j.eneco0.2019.01.024

Wang, J., Song, C., Yuan, R., 2021. CO; emissions from electricity generation in China
during 1997-2040: The roles of energy transition and thermal power generation
efficiency. Science of The Total Environment 773, 145026.

https://doi.org/10.1016/j.scitotenv.2021.145026

Wang, J., Zhao, T., Wang, Y.-N., 2016. How to achieve the 2020 and 2030 emissions
targets of China: Evidence from high, mid and low energy-consumption
industrial ~ sub-sectors.  Atmospheric =~ Environment 145, 280-292.

https://doi.org/10.1016/j.atmosenv.2016.09.038

Wang, J.-D., Li, P., Ran, R., Che, Y.-B., Zhou, Y., 2018. A short-term photovoltaic
power prediction model based on the gradient boost decision tree. Applied

Sciences 8, 689. https://doi.org/10.3390/app8050689

Wang, J.-J., Jing, Y.-Y., Zhang, C.-F., 2010. Optimization of capacity and operation for
CCHP system by genetic algorithm. Applied Energy 87, 1325-1335.
https://doi.org/10.1016/j.apenergy.2009.08.005

Wang, Q., Jiang, F., Li, R.-R., 2022. Assessing supply chain greenness from the

perspective of embodied renewable energy — A data envelopment analysis using

295



References

Wang,

multi-regional input-output analysis. Renewable Energy 189, 1292-1305.
https://doi.org/10.1016/j.renene.2022.02.128

Q.-W., Li, S.-T., 2008. Social accounting matrix: Principles, methods and

applications. Tsinghua Unversity Press, Beijing.

Wang, R., Li, J.-R., Wang, J.-Z., Gao, C.-Z., 2018. Research and application of a hybrid

wind energy forecasting system based on data processing and an optimized
extreme learning machine. Energies 11, 1712.

https://doi.org/10.3390/en11071712

Wang, R.-Z., Hao, J.-X., Wang, C.-N., Tang, X., Yuan, X.-Z., 2020. Embodied CO

emissions and efficiency of the service sector: Evidence from China. Journal of

Cleaner Production 247, 119116. https://doi.org/10.1016/j.jclepro.2019.119116

Wang, S., Zhao, Y.-H., Wiedmann, T., 2019. Carbon emissions embodied in China—

Australia trade: A scenario analysis based on input—output analysis and panel
regression models. Journal of Cleaner Production 220, 721-731.

https://doi.org/10.1016/j.jclepro.2019.02.071

Wang, S.-B., Liu, H.-M., Pu, H.-X., Yang, H., 2020. Spatial disparity and hierarchical

Wang,

cluster analysis of final energy consumption in China. Energy 197, 117195.

https://doi.org/10.1016/j.energy.2020.117195

S.-J., Zeng, J.-Y., Liu, X.-P.,, 2019. Examining the multiple impacts of
technological progress on CO2 emissions in China: A panel quantile regression
approach. Renewable and Sustainable Energy Reviews 103, 140-150.
https://doi.org/10.1016/j.rser.2018.12.046

Wang, X., Pedrycz, W., Gacek, A., Liu, X.-D., 2016. From numeric data to information

granules: A design through clustering and the principle of justifiable granularity.

296



References

Knowledge-Based Systems 101, 100-113.

https://doi.org/10.1016/j.knosys.2016.03.012

Wang, X.-H., Gu, X.-W.,, Liu, Z.-B., Wang, Q., Xu, X., Zheng, M.-G., 2018. Production
process optimization of metal mines considering economic benefit and resource
efficiency using an  NSGA-II model. Processes 6, 228.
https://doi.org/10.3390/pr6110228

Wang, X.-Y., Wang, Q., 2021. Research on the impact of green finance on the upgrading
of China’s regional industrial structure from the perspective of sustainable
development. Resources Policy 74, 102436.
https://doi.org/10.1016/j.resourpol.2021.102436

Wang, Y., Guo, C.-H., Chen, X.-J., Jia, L.-Q., Guo, X.-N., Chen, R.-S., Zhang, M.-S.,
Chen, Z.-Y., Wang, H.-D., 2021. Carbon peak and carbon neutrality in China:
Goals, implementation path, and prospects. China Geology 4, 1-27.

https://doi.org/10.31035/cg2021083

Wang, Y., Hu, J.-F., Pan, H.-R., Li, S.-Y., Failler, P., 2016. An integrated model for
marine fishery management in the Pearl River Estuary: Linking socio-economic
systems and ecosystems. Marine Policy 64, 135-147.

https://doi.org/10.1016/j.marpol.2015.11.014

Wang, Y., Wang, W.-Q., Mao, G.-Z., Cai, H., Zuo, J., Wang, L.-L., Zhao, P., 2013.
Industrial CO; emissions in China based on the hypothetical extraction method:
Linkage analysis. Energy Policy 62, 1238-1244.
https://doi.org/10.1016/j.enpol.2013.06.045

Wang, Y.-F., Geschke, A., Lenzen, M., 2017. Constructing a time series of nested

multiregion input—output tables. International Regional Science Review 40,

297



References

476—499. https://doi.org/10.1177/0160017615603596

Wang, Y.-H., Wen, Z.-G., Yao, J.-G., Doh Dinga, C., 2020. Multi-objective optimization
of synergic energy conservation and CO; emission reduction in China’s iron and

steel industry under uncertainty. Renewable and Sustainable Energy Reviews

134, 110128. https://doi.org/10.1016/j.rser.2020.110128

Wang, Y.-J., Gu, A.-L., Zhang, A.-L., 2011. Recent development of energy supply and
demand in China, and energy sector prospects through 2030. Energy Policy 39,

6745—-6759. https://doi.org/10.1016/j.enpol.2010.07.002

Wang, Y.-S., Liao, W.-L., Chang, Y.-Q., 2018. Gated recurrent unit network-based
short-term photovoltaic forecasting. Energies 11, 2163.

https://doi.org/10.3390/en11082163

Wang, Y.-W., Shen, Z.-Z., Jiang, Y., 2018. Comparison of ARIMA and GM(1,1) models
for prediction of hepatitis B in China. PLOS ONE 13, e0201987.

https://doi.org/10.1371/journal.pone.0201987

Wang, Z., Cui, C., Peng, S., 2018. Critical sectors and paths for climate change
mitigation within supply chain networks. Journal of Environmental

Management 226, 30-36. https://doi.org/10.1016/j.jenvman.2018.08.018

Wang, Z.-]., L1, S.-Y., Jin, Z.-]., Li, Z.-M., Liu, Q.-Y., Zhang, K.-Q., 2023. Oil and gas
pathway to net-zero: Review and outlook. Energy Strategy Reviews 45, 101048.

https://doi.org/10.1016/j.es1.2022.101048

Wang, Z.-X., 2013. A genetic algorithm-based grey method for forecasting food
demand after snow disasters: An empirical study. Natural Hazards 68, 675-686.

https://doi.org/10.1007/s11069-013-0644-8

298



References

Wei, C., Ni, J.-L., Du, L.-M., 2012. Regional allocation of carbon dioxide abatement in
China. China Economic Review 23, 552-565.
https://doi.org/10.1016/j.chieco.2011.06.002

Wei, J., Huang, K., Yang, S.-S., Li, Y., Hu, T.-T., Zhang, Y., 2017. Driving forces
analysis of energy-related carbon dioxide (CO2) emissions in Beijing: an input—
output structural decomposition analysis. Journal of Cleaner Production 163,

58—68. https://doi.org/10.1016/j.jclepro.2016.05.086

Wen, L., Zhang, Y., 2020. A study on carbon transfer and carbon emission critical paths
in China: I-O analysis with multidimensional analytical framework.
Environmental Science and Pollution Research 27, 9733-9747.

https://doi.org/10.1007/s11356-019-07549-x

Wen, W., Wang, Q., 2019. Identification of key sectors and key provinces at the view
of COz reduction and economic growth in China: Linkage analyses based on the
MRIO model. Ecological Indicators 96, 1-15.

https://doi.org/10.1016/j.ecolind.2018.08.036

Weng, S.Q., Huang, G.H., Li, Y.P,, 2010. An integrated scenario-based multi-criteria
decision support system for water resources management and planning — A case
study in the Haihe River Basin. Expert Systems with Applications 37, 8242—

8254. https://doi.org/10.1016/j.eswa.2010.05.061

West, G.R., 1993. Economic significance of tourism in Queensland. Annals of Tourism

Research 20, 490-504. https://doi.org/10.1016/0160-7383(93)90005-N

Wiedmann, T., Wood, R., Minx, J.C., Lenzen, M., Guan, D.-B., Harris, R., 2010. A
carbon footprint time series of the UK — Results from a multi-region input—

output model. Economic Systems Research 22, 19-42.

299



References

https://doi.org/10.1080/09535311003612591

Wieland, H., Giljum, S., 2016. Carbon footprint decomposition in MRIO models:
Identifying EU supply-chain hot spots and their structural changes over time
(Ecological Economic Papers No. 13). WU Vienna University of Economics

and Business.

Wilting, H.C., 2012a. Sensitivity and uncertainty analysis in MRIO modelling; Some
empirical results with regard to the Dutch carbon footprint. Economic Systems

Research 24, 141-171. https://doi.org/10.1080/09535314.2011.628302

Wilting, H.C., 2012b. Sensitivity and uncertainty analysis in MRIO modelling; Some
empirical results with regard to the Dutch carbon footprint. Economic Systems

Research 24, 141-171. https://doi.org/10.1080/09535314.2011.628302

Wood, R., 2009. Structural decomposition analysis of Australia’s greenhouse gas
emissions. Energy Policy 37, 4943-4948.

https://doi.org/10.1016/j.enpol.2009.06.060

Wood, R., Stadler, K., Bulavskaya, T., Lutter, S., Giljum, S., Koning, A. de, Kuenen, J.,
Schiitz, H., Acosta-Fernandez, J., Usubiaga, A., Simas, M.S., Ivanova, O.,
Weinzettel, J., Schmidt, J.H., Merciai, S., Tukker, A., 2014. Global
sustainability accounting—Developing EXIOBASE for multi-regional
footprint analysis. Sustainability 7, 138-163.

https://doi.org/10.3390/su7010138

Wu, A.-Z., Li, G.-P., Sun, T.-S., Liang, Y.-S., 2014. Effects of industrial relocation on
Chinese regional economic growth disparities: Based on system dynamics
modeling. Chinese Geographical Science 24, 706-716.

https://doi.org/10.1007/s11769-014-0664-7

300



References

Wu, D.-L., Zhou, D.-Q., Zhu, Q.-Y., Wu, L.-P., 2023. Industrial structure optimization
under the rigid constraint of carbon peak in 2030: A perspective from industrial
sectors. Environmental Impact Assessment Review 101, 107140.

https://doi.org/10.1016/j.e1ar.2023.107140

Wu, J.-F., Ding, Y.-X., Zhang, F., Li, D.-S., 2021. How to improve environmental
performance of heavily polluting companies in China? A cross-level
configurational approach. Journal of Cleaner Production 311, 127450.

https://doi.org/10.1016/j.jclepro.2021.127450

Wu, S.-M., Li, S.-T,, Lei, Y.-L., Li, L., 2020. Temporal changes in China’s production
and consumption-based CO; emissions and the factors contributing to changes.

Energy Economics 89, 104770. https://doi.org/10.1016/j.eneco.2020.104770

Wu, X.-Y., Chen, B.-P., Su, R.-N., Lin, M.-Y., Sun, P.-Q., Li, Y.-H., 2021. Corporate net
zero pathway - Delivering the Paris Agreement and the Sustainable

Development Goals.

Xiao, B.-W., Niu, D.-X., Wu, H., 2017. Exploring the impact of determining factors
behind CO, emissions in China: A CGE appraisal. Science of The Total
Environment 581-582, 559-572.

https://doi.org/10.1016/j.scitotenv.2016.12.164

Xie, R., Hu, G.-X., Zhang, Y.-G., Liu, Y., 2017. Provincial transfers of enabled carbon
emissions in China: A supply-side perspective. Energy Policy 107, 688—697.

https://doi.org/10.1016/j.enpol.2017.04.021

Xie, R., Wang, F.-F., Chevallier, J., Zhu, B.-Z., Zhao, G.-M., 2018. Supply-side
structural effects of air pollutant emissions in China: A comparative analysis.

Structural Change and Economic Dynamics 46, 89-95.

301



References

https://doi.org/10.1016/j.strueco.2018.04.005

Xie, X., Shao, S., Lin, B.-Q., 2016. Exploring the driving forces and mitigation
pathways of CO; emissions in China’s petroleum refining and coking industry:
1995-2031. Applied Energy 184, 1004-1015.

https://doi.org/10.1016/j.apenergy.2016.06.008

Xiong, G.-F., Han, P., Nie, K.-K., 2011. Application of time series decomposition to
short-term electricity price analysis and forecasting, in: Proceedings of the
CSU-EPSA. Editorial Board of Proceedings of the CSU-EPSA, School of

Electrical ..., pp. 95-100.

Xiong, W.-M., Wang, Y., Mathiesen, B.V., Lund, H., Zhang, X.-L., 2015. Heat roadmap
China: New heat strategy to reduce energy consumption towards 2030. Energy

81, 274-285. https://doi.org/10.1016/j.energy.2014.12.039

Xu, B., Lin, B.-Q., 2016. Regional differences in the CO> emissions of China’s iron and
steel industry: Regional heterogeneity. Energy Policy 88, 422-434.
https://doi.org/10.1016/j.enpol.2015.11.001

Xu, F., Shu, C., Shao, J., Xiang, N., 2021. Uncovering urban residents’ electricity
conservation and carbon reduction potentials in megacities of China—A
systematic path of behavioural interventions. Resources, Conservation and

Recycling 173, 105703. https://doi.org/10.1016/j.resconrec.2021.105703

Xu, L., Chen, N.-C., Chen, Z.-Q., 2017. Will China make a difference in its carbon
intensity reduction targets by 2020 and 2030? Applied Energy 203, 874-882.
https://doi.org/10.1016/j.apenergy.2017.06.087

Xu, W.-H., Xie, Y.-L., Xia, D.-H., Ji, L., Huang, G.-H., 2021. A multi-sectoral
decomposition and decoupling analysis of carbon emissions in Guangdong

302



References

province, China. Journal of Environmental Management 298, 113485.

https://doi.org/10.1016/j.jenvman.2021.113485

Yang, L., Li, L., Zhu, K., Xie, R., Wang, Z., 2020. Structural path analysis of China’s
coal consumption using input—output frameworks. Environ Sci Pollut Res 27,

6796—6812. https://doi.org/10.1007/s11356-019-07176-6

Yang, X., Guo, Y., Liu, Q., Zhang, D.-M., 2022. Dynamic Co-evolution analysis of low-
carbon technology innovation compound system of new energy enterprise based
on the perspective of sustainable development. Journal of Cleaner Production

349, 131330. https://doi.org/10.1016/j.jclepro.2022.131330

Yang, Z.-Y., Dong, W.-J., Xiu, J., Dai, R., Chou, J.-M., 2015a. Structural path analysis
of fossil fuel based CO> emissions: A case study for China. PLOS ONE 10,

e0135727. https://doi.org/10.1371/journal.pone.0135727

Yang, Z.-Y., Dong, W.-J., Xiu, J.-F., Dai, R.-F., Chou, J.-M., 2015b. Structural path
analysis of fossil fuel based CO2 Emissions: A case study for China. PLoS ONE

10, e0135727. https://doi.org/10.1371/journal.pone.0135727

Yavas, U., Alavi, J., Riecken, G., 1992. An analysis of intermarket sales
inflows/outflows within a shift-share framework. The International Review of
Retalil, Distribution and Consumer Research 2, 409-426.

https://do1.0rg/10.1080/09593969200000016

Ye, F., Fang, X.-L., Li, L.-X., Li, Y.-N., Chang, C.-T., 2019. Allocation of carbon
dioxide emission quotas based on the energy-economy-environment
perspective: Evidence from Guangdong province. Science of The Total

Environment 669, 657-667. https://doi.org/10.1016/j.scitotenv.2019.03.058

Yi, B.-W., Xu, J.-H., Fan, Y., 2016. Determining factors and diverse scenarios of CO>

303



References

emissions intensity reduction to achieve the 40-45% target by 2020 in China —
a historical and prospective analysis for the period 2005-2020. Journal of

Cleaner Production 122, 87—101. https://doi.org/10.1016/j.jclepro.2016.01.112

Yi, W.-]., Zou, L.-L., Guo, J., Wang, K., Wei, Y.-M., 2011. How can China reach its
CO; intensity reduction targets by 2020? A regional allocation based on equity
and development. Energy Policy 39, 2407-2415.
https://doi.org/10.1016/j.enpol.2011.01.063

Yin, C., Liu, Y., Cui, Y., 2022. Virtual carbon flow in China’s capital economic circle:
A multi-regional input-output approach. Sustainability 14, 11782.
https://doi.org/10.3390/sul41811782

Yu, B., Li, X., Shi, L., Qian, Y., 2015. Quantifying CO; emission reduction from
industrial symbiosis in integrated steel mills in China. Journal of Cleaner

Production 103, 801-810. https://doi.org/10.1016/j.jclepro.2014.08.015

Yu, J.-H., Yu, Y., Jiang, T.-Y., 2022. Structural factors influencing energy carbon
emissions in China’s service industry: An input—output perspective.
Environmental Science and Pollution Research 29, 49361-49372.

https://doi.org/10.1007/s11356-022-19287-8

Yu, S., Zheng, S., Li, X., Li, L., 2018. China can peak its energy-related carbon
emissions before 2025: Evidence from industry restructuring. Energy

Economics 73, 91-107. https://doi.org/10.1016/j.eneco.2018.05.012

Yu, S.-W., Gao, S.-W., Sun, H., 2016a. A dynamic programming model for
environmental investment decision-making in coal mining. Applied Energy 166,

273-281. https://doi.org/10.1016/j.apenergy.2015.09.099

Yu, S.-W., Zheng, S.-H., Ba, G.-Z., Wei, Y.-M., 2016b. Can China realise its energy-

304



References

savings goal by adjusting its industrial structure? Economic Systems Research

28, 273-293. https://doi.org/10.1080/09535314.2015.1102714

Yu, S.-W., Zheng, S.-H., Li, X., 2018a. The achievement of the carbon emissions peak
in China: The role of energy consumption structure optimization. Energy

Economics 74, 693-707. https://doi.org/10.1016/j.eneco.2018.07.017

Yu, S.-W., Zheng, S.-H., Zhang, X.-J., Gong, C.-Z., Cheng, J.-H., 2018b. Realizing
China’s goals on energy saving and pollution reduction: Industrial structure
multi-objective optimization approach. Energy Policy 122, 300-312.
https://doi.org/10.1016/j.enpol.2018.07.034

Yu, Y., Du, Y., 2019. Impact of technological innovation on CO; emissions and
emissions trend prediction on ‘New Normal’ economy in China. Atmospheric

Pollution Research 10, 152—161. https://doi.org/10.1016/j.apr.2018.07.005

Yu, Y., Hou, J., Jahanger, A., Cao, X., Balsalobre-Lorente, D., Radulescu, M., Jiang, T.-
Y., 2023. Decomposition analysis of China’s chemical sector energy-related
CO> emissions: From an extended SDA approach perspective. Energy &

Environment 0958305X2311516. https://doi.org/10.1177/0958305X231151682

Yuan, B.-L., Ren, S.-G., Chen, X.-H., 2015. The effects of urbanization, consumption
ratio and consumption structure on residential indirect CO2 emissions in China:
A regional comparative analysis. Applied Energy 140, 94-106.
https://doi.org/10.1016/j.apenergy.2014.11.047

Yuan, R., Behrens, P., Rodrigues, J.F.D., 2018. The evolution of inter-sectoral linkages
in China’s energy-related CO2 emissions from 1997 to 2012. Energy Economics

69, 404-417. https://doi.org/10.1016/j.eneco.2017.11.022

Yuan, R., Zhao, T., 2016. Changes in CO> emissions from China’s energy-intensive

305



References

industries: A subsystem input—output decomposition analysis. Journal of

Cleaner Production 117, 98—109. https://doi.org/10.1016/j.jclepro.2015.11.081

Yuan, R., Zhao, T., Xu, J., 2017. A subsystem input—output decomposition analysis of
CO> emissions in the service sectors: A case study of Beijing, China.
Environment, = Development and  Sustainability 19, 2181-2198.

https://doi.org/10.1007/s10668-016-9847-y

Zeng, B., Duan, H.-M., Bai, Y., Meng, W., 2018. Forecasting the output of shale gas in
China using an unbiased grey model and weakening buffer operator. Energy 151,

238-249. https://doi.org/10.1016/j.energy.2018.03.045

Zeng, B., Li, C., 2016. Forecasting the natural gas demand in China using a self-
adapting intelligent grey model. Energy 112, 810-825.

https://doi.org/10.1016/j.energy.2016.06.090

Zhang, B., Zhang, Y.-W., Zhao, X.-L., Meng, J., 2018. Non-CO> greenhouse gas
emissions in China 2012: Inventory and supply chain analysis. Earth’s Future

6, 103—116. https://doi.org/10.1002/2017EF000707

Zhang, C., Su, B., Zhou, K.-L., Yang, S.-L., 2019. Decomposition analysis of China’s
CO; emissions (2000-2016) and scenario analysis of its carbon intensity targets
m 2020 and 2030. Science of The Total Environment 668, 432-442.

https://doi.org/10.1016/j.scitotenv.2019.02.406

Zhang, C., Zheng, X.-J., Wang, F.-B., 2017. The application of qualitative comparative
analysis (QCA) in configuration research in business administration field:
commentary and future directions. Foreign Economies and Management 39.

https://doi.org/10.16538/j.cnki.fem.2017.04.006

Zhang, F., Deng, X.-Z., Xie, L., Xu, N., 2021. China’s energy-related carbon emissions

306



References

projections for the shared socioeconomic pathways. Resources, Conservation

and Recycling 168, 105456. https://doi.org/10.1016/j.resconrec.2021.105456

Zhang, G.-J., Dou, L.-Z., Xu, Y., 2019. Opportunities and challenges of natural gas
development and utilization in China. Clean Technologies and Environmental

Policy 21, 1193—1211. https://doi.org/10.1007/s10098-019-01690-4

Zhang, G.P., 2003. Time series forecasting using a hybrid ARIMA and neural network
model. Neurocomputing 50, 159-175. https://doi.org/10.1016/S0925-
2312(01)00702-0

Zhang, H.-R., Chen, L., Tong, Y., Zhang, W., Yang, W., Liu, M.-D., Liu, L.-B., Wang,
H.-H., Wang, X.-J., 2018. Impacts of supply and consumption structure on the
mercury emission in China: An input-output analysis based assessment. Journal
of Cleaner Production 170, 96-107.

https://doi.org/10.1016/j.jclepro.2017.09.139

Zhang, H.-X., Chen, X.-K., 2008. An extended input—output model on education and
the shortfall of human capital in China. Economic Systems Research 20, 205—

221. https://doi.org/10.1080/09535310802075414

Zhang, L.-G., Luo, M.-F., Yang, D., Li, K., 2018. Impacts of trade liberalization on
Chinese economy with Belt and Road initiative. Maritime Policy &

Management 45, 301-318. https://doi.org/10.1080/03088839.2017.1396504

Zhang, L.-Y., Shen, Q., Wang, M.-Q., Sun, N.-N., Wei, W., Lei, Y., Wang, Y.-J., 2019.
Driving factors and predictions of COz emission in China’s coal chemical
industry.  Journal  of  Cleaner  Production 210, 1131-1140.
https://doi.org/10.1016/j.jclepro.2018.10.352

Zhang, M., Mu, H.-L., Ning, Y.-D., Song, Y.-C., 2009. Decomposition of energy-related

307



References

CO; emission over 1991-2006 in China. Ecological Economics 68, 2122-2128.

https://doi.org/10.1016/j.ecolecon.2009.02.005

Zhang, Q., Chen, J.C.H., Chong, P.P., 2004. Decision consolidation: criteria weight
determination using multiple preference formats. Decision Support Systems 38,

247-258. https://doi.org/10.1016/S0167-9236(03)00094-0

Zhang, Q.-F., Fang, K., Chen, J., Liu, H., Liu, P.-L., 2022. The role of sectoral coverage
in emission abatement costs: evidence from marginal cost savings.
Environmental Research Letters 17, 045002. https://doi.org/10.1088/1748-

9326/ac55b7

Zhang, S., Chen, W.-Y., 2022. China’s energy transition pathway in a carbon neutral
vision. Engineering 14, 64-76. https://doi.org/10.1016/j.eng.2021.09.004

Zhang, S.-D., Taiebat, M., Liu, Y., Qu, S., Liang, S., Xu, M., 2019. Regional water
footprints and interregional virtual water transfers in China. Journal of Cleaner

Production 228, 1401-1412. https://do1.0org/10.1016/j.jclepro.2019.04.298

Zhang, S.-F., Hu, T.-T., Li, J.-B., Cheng, C., Song, M.-L., Xu, B., BaleZentis, T., 2019.
The effects of energy price, technology, and disaster shocks on China’s Energy-

Environment-Economy system. Journal of Cleaner Production 207, 204-213.

https://doi.org/10.1016/j.jclepro.2018.09.256

Zhang, W., Li, K., Zhou, D.-Q., Zhang, W.-R., Gao, H., 2016. Decomposition of
intensity of energy-related CO emission in Chinese provinces using the LMDI
method. Energy Policy 92, 369-381.

https://doi.org/10.1016/j.enpol.2016.02.026

Zhang, X., Geng, Y., Shao, S., Wilson, J., Song, X.-Q., You, W., 2020. China’s non-
fossil energy development and its 2030 CO; reduction targets: The role of

308



References

urbanization. Applied Energy 261, 114353.
https://doi.org/10.1016/j.apenergy.2019.114353

Zhang, X., Zhao, X.-R., Jiang, Z.-J., Shao, S., 2017. How to achieve the 2030 CO
emission-reduction targets for China’s industrial sector: Retrospective
decomposition and prospective trajectories. Global Environmental Change 44,

83-97. https://doi.org/10.1016/j.gloenvcha.2017.03.003

Zhang, X.-Y., Chen, Y.-H., Jiang, P., Liu, L.-P., Xu, X.-M., Xu, Y., 2020. Sectoral peak
CO; emission measurements and a long-term alternative CO2 mitigation

roadmap: A case study of Yunnan, China. Journal of Cleaner Production 247,

119171. https://doi.org/10.1016/j.jclepro.2019.119171

Zhang, Y.-F., Ai, Q., Xiao, F., Hao, R., Lu, T.-G., 2020. Typical wind power scenario
generation for multiple wind farms using conditional improved Wasserstein
generative adversarial network. International Journal of Electrical Power &

Energy Systems 114, 105388. https://doi.org/10.1016/j.ijepes.2019.105388

Zhang, Y.-G., 2010. Supply-side structural effect on carbon emissions in China. Energy

Economics 32, 186—193. https://doi.org/10.1016/j.eneco0.2009.09.016

Zhang, Y.-J., Wang, A.-D., Da, Y.-B., 2014. Regional allocation of carbon emission
quotas in China: Evidence from the Shapley value method. Energy Policy 74,
454-464. https://doi.org/10.1016/j.enpol.2014.08.006

Zhang, Y.-X., Zhao, K., 2007. Impact of Beijing Olympic-related investments on
regional economic growth of China: Interregional input—output Approach*.
Asian Economic Journal 21, 261-282. https://doi.org/10.1111/1.1467-
8381.2007.00257.x

Zhang, Y.-X., Zheng, X.-Z., Cai, W.-J., Liu, Y., Luo, H., Guo, K., Bu, C.-J., Li, J., Wang,

309



References

C., 2020. Key drivers of the rebound trend of China’s CO; emissions.
Environmental Research Letters 15, 104049. https://doi.org/10.1088/1748-
9326/abalbf

Zhang, Y.-Y., Yang, Y.-J., Chen, Z.-X., Zhang, S.-L., 2020. Multi-criteria assessment of
the resilience of ecological function areas in China with a focus on ecological
restoration. Ecological Indicators 119, 106862.

https://doi.org/10.1016/j.ecolind.2020.106862

Zhang, Z., Hu, B., Jiang, W., Qiu, H., 2021. Identification and scenario prediction of
degree of wetland damage in Guangxi based on the CA-Markov model.
Ecological Indicators 127, 107764.
https://doi.org/10.1016/j.ecolind.2021.107764

Zhao, D.-D., Liu, J.-G., Yang, H., Sun, L.-X., Varis, O., 2021. Socioeconomic drivers
of provincial-level changes in the blue and green water footprints in China.
Resources, Conservation and Recycling 175, 105834.

https://doi.org/10.1016/j.resconrec.2021.105834

Zhao, R., Liu, Y.-Y., Zhang, Z.-Y., Guo, S.-D., Tseng, M.-L., Wu, K.-J., 2018.
Enhancing eco-efficiency of agro-products’ closed-loop supply chain under the
Belt and Road Initiatives: A system dynamics approach. Sustainability 10, 668.
https://doi.org/10.3390/su10030668

Zhao, R., Min, N., Geng, Y., He, Y.-L., 2017. Allocation of carbon emissions among
industries/sectors: An emissions intensity reduction constrained approach.
Journal of Cleaner Production 142, 3083-3094.
https://doi.org/10.1016/j.jclepro.2016.10.159

Zhao, Z.-Y., Zhang, Y., Yang, Y.-J., Yuan, S.-G., 2022. Load forecasting via Grey

310



References

Model-Least Squares Support Vector Machine model and spatial-temporal
distribution of electric consumption intensity. Energy 255, 124468.

https://doi.org/10.1016/j.energy.2022.124468

Zhen, W., Li, J.-S., 2021. The formation and transmission of upstream and downstream
sectoral carbon emission responsibilities: Evidence from China. Sustainable
Production and Consumption 25, 563-576.
https://doi.org/10.1016/j.spc.2020.12.013

Zheng, H.-R., Bai, Y.-C., Wei, W.-D., Meng, J., Zhang, Z.-K., Song, M.-L., Guan, D.-
B., 2021. Chinese provincial multi-regional input-output database for 2012,
2015, and 2017. Scientific Data 8, 244. https://doi.org/10.1038/s41597-021-
01023-5

Zheng, H.-R., Zhang, Z.-K., Wei, W.-D., Song, M., Dietzenbacher, E., Wang, X.-Y.,
Meng, J., Shan, Y.-L., Ou, J.-M., Guan, D.-B., 2020. Regional determinants of
China’s consumption-based emissions in the economic transition.
Environmental Research Letters 15, 074001. https://doi.org/10.1088/1748-

9326/ab794f

Zheng, H.-T., Fang, Q., Wang, C., Jiang, Y.-Y., Ren, R.-E., 2018. Updating China’s
input-output tables series using MTT method and its comparison. Economic

Modelling 74, 186—193. https://doi.org/10.1016/j.econmod.2018.05.011

Zheng, H.-T., Fang, Q., Wang, C., Wang, H.-W., Ren, R.-E., 2017. China’s carbon
footprint based on input-output table series: 1992—2020. Sustainability 9, 387.

https://doi.org/10.3390/su9030387

Zheng, H.-Z., Xu, L.-Y., 2020. Production and consumption-based primary PM2.5

emissions: Empirical analysis from China’s interprovincial trade. Resources,

311



References

Conservation and Recycling 155, 104661.
https://doi.org/10.1016/j.resconrec.2019.104661

Zheng, J.-H., Bigsten, A., Hu, A.-G., 2009. Can China’s growth be sustained? A
productivity  perspective. World Development 37, 874-888.
https://doi.org/10.1016/j.worlddev.2008.07.008

Zheng, T.-L., Zhu, J.-L., Wang, S.-P., Fang, J.-Y., 2016. When will China achieve its
carbon  emission peak? National Science Review 3, 8-12.

https://doi.org/10.1093/nsr/nwv079

Zheng, X.-Q., Lu, Y.-L., Yuan, J.-J., Baninla, Y., Zhang, S., Stenseth, N.Chr., Hessen,
D.O., Tian, H.-Q., Obersteiner, M., Chen, D.-L., 2020. Drivers of change in
China’s energy-related CO; emissions. Proceedings of the National Academy

of Sciences 117, 29-36. https://doi.org/10.1073/pnas.1908513117

Zheng, X.-Y., Yu, Y.-H., Wang, J., Deng, H.-H., 2014. Identifying the determinants and
spatial nexus of provincial carbon intensity in China: A dynamic spatial panel
approach. Regional Environmental Change 14, 1651-1661.
https://doi.org/10.1007/s10113-014-0611-2

Zhou, C.-S., Wang, S.-J., Feng, K.-S., 2018. Examining the socioeconomic
determinants of CO» emissions in China: A historical and prospective analysis.
Resources, Conservation and Recycling 130, 1-11.

https://doi.org/10.1016/j.resconrec.2017.11.007

Zhou, N., Khanna, N., Feng, W., Ke, J., Levine, M., 2018. Scenarios of energy
efficiency and CO> emissions reduction potential in the buildings sector in
China to year 2050. Nat Energy 3, 978-984. https://doi.org/10.1038/s41560-

018-0253-6

312



References

Zhou, S., Tong, Q., Yu, S., Wang, Y., Chai, Q.-M., Zhang, X.-L., 2012. Role of non-

fossil energy in meeting China’s energy and climate target for 2020. Energy

Policy 51, 14-19. https://doi.org/10.1016/j.enpol.2012.05.083

Zhou, X., Guan, X.-L., Zhang, M., Zhou, Y., Zhou, M.-H., 2017. Allocation and
simulation study of carbon emission quotas among China’s provinces in 2020.
Environmental Science and Pollution Research 24, 7088-7113.

https://doi.org/10.1007/s11356-016-8360-z

313



	Abstract
	Contents
	Acknowledgements
	Chapter 1: Introduction
	1.1.  Research background
	1.1.1. Constructing time-series IOTs and SAMs from retrospect to prospect
	1.1.2. Extending time-series IOTs and SAMs from retrospect to prospect
	1.1.3. Exploring carbon development measures from retrospect to prospect
	1.1.4. Constructing time-series input-output systems and exploring carbon development measures in the case of China

	1.2.  Related research
	1.2.1. Constructing time-series IOTs from a retrospect perspective
	1.2.2. Constructing time-series SAMs from a retrospect perspective
	1.2.3. Constructing time-series IOTs and SAMs from a prospect perspective
	1.2.3.1.  Input-output forecasting
	1.2.3.2.  Input-output future scenarios construction
	1.2.3.3.  Input-output future configuring system construction for low-carbon economy

	1.2.4. Exploring carbon development measures from retrospect to prospect
	1.2.4.1. Identifying CO2 clusters changes
	1.2.4.2. Extending multiplier decomposition analysis and structural path analysis
	1.2.4.3. CO2 inventories construction using a new subsystem decomposition analysis
	1.2.4.4. Carbon management under multi-criteria decision making
	1.2.4.5. CO2 emissions reduction from the perspective of low-carbon economy


	1.3.  Research objectives and thesis structure

	Chapter 2: Updating time-series input-output tables with economic structure concerns and identifying CO2 clusters changes
	2.1.  Introduction
	2.2.  Literature review
	2.3.  Method and data
	2.3.1. Constructing time-series IOTs with MMTT
	2.3.1.1. Modify MTT with matrix transpose and constant prices
	2.3.1.2. Extend the modified MTT with a matrix-based linking method
	2.3.1.3. Modify constructed IOTs with technology sources

	2.3.2. Validating the constructed time-series IOTs
	2.3.3. Calculating CO2 emissions from multiple perspectives
	2.3.4. Identifying CO2 clusters changes via hierarchical clustering analysis and dynamic programming
	2.3.5. Data

	2.4.  Results and discussion
	2.4.1. Time-series IOTs from 1997 to 2020 in China
	2.4.2. The validation analyses of time-series IOTs
	2.4.3. CO2 clusters changes from 1997 to 2020 in China
	2.4.3.1. CO2 emissions from production, consumption and income perspectives
	2.4.3.2. CO2 clusters from the production, consumption and income perspectives
	2.4.3.3. CO2 clusters from urban household consumption
	2.4.3.4. The strongest paths derived from CO2 clusters


	2.5.  Conclusion

	Chapter 3: A forward-backward realization of solutions to time-series social accounting matrices construction, validation and applications
	3.1.  Introduction
	3.2.  Literature review
	3.2.1. SAM construction
	3.2.2. SAM validation
	3.2.3. SAM applications

	3.3.  Method and data
	3.3.1. Time-series SAMs construction: Integrating MMTT and T-accounts concept
	3.3.2. Missing data estimation: Combining KNN with LOOCV
	3.3.3. Time-series SAMs validation: Proposing a new matrix calculation method
	3.3.4. Time-series SAM applications: Applied to demand- and supply-driven cases
	3.3.4.1. Accounting multiplier matrices
	3.3.4.2. Multiplier decomposition analysis (MDA)
	3.3.4.3. Structural path analysis (SPA)

	3.3.5. Data

	3.4.  Results and Discussion
	3.4.1. Time-series SAMs from 1997 to 2020 in China
	3.4.2. Time-series SAMs validation results
	3.4.3. Demand- and supply-driven CO2 emissions: From multipliers effects
	3.4.4. Demand- and supply-driven CO2 emissions: From tiers
	3.4.5. Demand- and supply-driven CO2 emissions: From paths

	3.5.  Conclusion

	Chapter 4: Input-output forecasting and CO2 inventories construction using a new subsystem decomposition method
	4.1.  Introduction
	4.2.  Literature review
	4.2.1. Input-output forecasting
	4.2.1.1. Methods of forecasting the input-output systems
	4.2.1.2. Methods of structuring the forecasts within the input-output systems
	4.2.1.3. Methods of validating the forecasted input-output systems

	4.2.2. CO2 inventories construction

	4.3.  Method and data
	4.3.1. Input-output forecasts
	4.3.1.1. The MFC method with basic module
	4.3.1.2. The establishment of EFM method
	4.3.1.3. The performance evaluation of EFM method

	4.3.2. Input-output forecasts structuring
	4.3.3. Input-output forecasts validation
	4.3.4. A subsystem analysis in demand- and supply-driven contexts
	4.3.5. Structural decomposition analysis extending the subsystem analysis
	4.3.6. Data

	4.4.  Results and discussion
	4.4.1. Input-output forecasts validation
	4.4.1.1. The performance evaluation of the EFM method
	4.4.1.2. The uncertainty of input-output forecasts

	4.4.2. The overview of CO2 inventories from 1997 to 2025
	4.4.3. Contributions of components to CO2 emissions
	4.4.4. Contributions of factors to CO2 emissions changes
	4.4.5. Sector-level analysis of CO2 inventories from 2020 to 2021

	4.5.  Conclusion

	Chapter 5: An integrated scheme of input-output future scenarios construction interconnecting production with consumption and sector-level CO2 emissions synergic alleviation
	5.1.  Introduction
	5.2.  Literature review
	5.3.  Method and data
	5.3.1. BAU scenario: Conducting the procedure of input-output forecasting
	5.3.1.1. Input-output forecasts
	5.3.1.1.1. The MFC method with basic module
	5.3.1.1.2. The establishment of EFM method

	5.3.1.2. Input-output forecasts structuring
	5.3.1.3. Input-output forecasts validation

	5.3.2. Policy-related scenario: Extending multi-objective optimization model
	5.3.2.1. Objectives
	5.3.2.2. Constraints
	5.3.2.3. Policy-related parameters
	5.3.2.4. Optimization algorithm
	5.3.2.5. Final solution selection method

	5.3.3. Problem-specific scenarios: Proposing a multi-attribute importance method
	5.3.3.1. Sector-level indicators collection
	5.3.3.2. Importance calculation in different scenarios
	5.3.3.3. Carbon intensity reduction allocation among sectors

	5.3.4. Evaluating changes in CO2 emissions
	5.3.5. Data and policy-related parameters

	5.4.  Results and discussion
	5.4.1. The validation of forecasted IOTs and MOOM forecasts
	5.4.2. The feasibility of CO2 emissions reduction in different future scenarios
	5.4.3. The structures of CO2 emissions in different future scenarios
	5.4.4. The changes of CO2 emissions at sector level in different future scenarios
	5.4.5. The peak year of CO2 emissions at sector level in different future scenarios
	5.4.6. The overall and dynamic changes in CO2 emissions using SSA

	5.5. Conclusion

	Chapter 6: Input-output future configuring system for low-carbon economy using a social accounting matrix optimization design
	6.1. Introduction
	6.2.  Literature review
	6.2.1. Input-output future configuring system
	6.2.2. Social accounting matrix optimization design
	6.2.3. Low-carbon economy performance with optimization

	6.3.  Method and data
	6.3.1. Optimum designs for LCE performance and planning-based parameter setting
	6.3.2. Integrating CGE with SAM optimization
	6.3.2.1. Production block
	6.3.2.2. Commodity block
	6.3.2.3. Household block
	6.3.2.4. Enterprise block
	6.3.2.5. Government block
	6.3.2.6. Rest of world block
	6.3.2.7. Optimization algorithm

	6.3.3. Extending input-output future configuring system with an element-based Fourier-Markov method and the simultaneous equations method
	6.3.3.1. The MFC method with basic module
	6.3.3.2. The establishment of EFM method
	6.3.3.3. The simultaneous equations method (SEM) combined with EFM to forecast energy consumption and CO2 emissions

	6.3.4. Validation of input-output future configuring system
	6.3.5. Data and policy-related parameters

	6.4.  Results and discussion
	6.4.1. The validation of input-output future configuring system
	6.4.2. The aggregate impacts based on input-output future configuring system
	6.4.3. The sector-level impacts based on input-output future configuring system
	6.4.3.1. The impacts on economy
	6.4.3.2. The impacts on energy consumption
	6.4.3.3. The impacts on CO2 emissions


	6.5.  Conclusion

	Chapter 7: Conclusion
	7.1.  Summary of methods improvements
	7.2.  Summary of time-series tables
	7.2.1. Time-series IOTs from retrospect to prospect in China
	7.2.2. Time-series SAMs from retrospect to prospect in China
	7.2.3. China’s CO2 inventories using a new subsystem decomposition method

	7.3.  Summary of carbon implications
	7.3.1. CO2 clusters changes from multiple perspectives
	7.3.2. CO2 emissions from MDA and SPA
	7.3.3. CO2 emissions from subsystem analysis and SDA
	7.3.4. CO2 emissions within input-output future scenarios
	7.3.5. CO2 emissions from the perspective of future trends of LCE

	7.4.  Limitations and future research

	Appendices
	References

