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A regularized instrumented principal components
analysis
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This paper examines instrumented principal components analysis (IPCA), one of the newly devel-
oped machine learning methods to model asset returns. It proposes the implementation of a support
vector regression (SVR) into IPCA to better capture the relationship between firm characteristics
and returns. Using a set of 9689 equities and 46 characteristics we show that [IPCA(SVR) has better
out-of-sample performance compared to the classic IPCA and multi-factor models in the majority of
cases. The results imply that the least squares approach of IPCA overfits the characteristic sensitiv-
ity matrix, resulting in better in-sample results but worse out-of-sample fit than regularized IPCA.
Although the regularized specifications exhibit superior predictive performance, the null hypothesis
of no pricing errors is rejected in several testing environments, highlighting the distinction between

predictive accuracy and asset-pricing validity.

Keywords: IPCA; Support vector regression; Asset pricing; Machine learning

1. Introduction

More than half a century has passed since the pioneering
works of Treynor (1961, 1962), Sharpe (1964) and later Lint-
ner (1965a, 1965b), and Mossin (1966), building on the mod-
ern portfolio theory (Markowitz 1952), laid the foundation to
the equilibrium theory of asset pricing (AP henceforth). Inde-
pendently, their developments suggested that market-wide
risk is the core driver of stock returns and influenced the cre-
ation of the capital asset pricing model (CAPM henceforth),
which despite its conceptual breakthrough, did not yield the
power to explain the complex risk-return relationship. As
such, numerous attempts to grasp the market-wide risk were
made, leading to findings of dozens of return drivers from
economically important characteristics.

The key stream of literature that laid the foundation to
modern AP originated from the infamous APT framework
published by Ross (1976), suggesting that distinct types of
systematic risk drive asset compensation. Conversely to the
CAPM, APT considered the stochastic discount factor (SDF
henceforth) to be a linear combination of various return fac-
tors, which prompted the investigation into the drivers of asset
returns outside the overall market risk, where Basu (1977),

*Corresponding author. Email: k.baltas @essex.ac.uk

Stattman (1980), and Banz (1981) were among the first to
recognize the impact that company growth and size has on
returns. Subsequently, a research domain, engaged with iden-
tifying financial and economic forces that are associated with
asset compensation was established. As a result, propositions
of static multi factor models to account for systemic risk were,
among many, made by Chen et al. (1986) (macroeconomic
drivers), Fama and French (1993) (FF henceforth) (company
characteristics), Carhart (1997) (persistence in returns), and
Fama and French (2015) (investment and profitability risks).
Furthermore, within APT, evidence for the spacial interaction
between assets has also been identified (Kou et al. 2018).
The central concept that these approaches used to account
for the unobservable return drivers, in modelling terms, was
to construct characteristic-sorted portfolios (CPs henceforth),
which would act as proxies for identifying common risk fac-
tors. However, along with the growing amount of the multi-
factor literature, questions about the importance of certain
proxies above others became prevalent. For instance, some
frameworks as BARRA (1998) housed tens of characteristics
to explain the cross-section of assets, which led to discussions
of whether all proposed factors are equally important for mod-
elling returns, dubbed by Cochrane (2011) as the ‘factor zoo’
problem. Furthermore, research has shown that loadings are
both dynamic (e.g. Hansen and Richard 1987, Jagannathan
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and Wang 1996) and depend on latent factors (Chamberlain
and Rothschild 1983).

In order to address these limitations, recent studies began
employing machine learning (ML henceforth) techniques that
are intended to process large datasets and can account for
time-variation. Some of the late methodologies were pro-
posed by Kelly et al. (2019) (KPS henceforth), Chen et
al. (2024) (CPZ henceforth), and Gu et al. (2021) (GKX
henceforth), which relied on ML techniques and neural net-
work structures to map large sets of characteristics onto a
small number of explanatory variables. Their results sug-
gested that under traditional economic assumptions, ML is
applicable for both pricing and prediction, and can outperform
econometric models in both cross-sectional and time-series
contexts. More specifically, instrumented principal compo-
nent analysis (IPCA henceforth) Kelly et al. (2019) is one of
these ML approaches which uses dynamic PCA to estimate
time-varying loadings and constructs latent factors.

Conceptually, IPCA extends the works of Chamberlain and
Rothschild (1983) and Connor and Korajczyk (1986, 1988)
who first introduced PCA into asset pricing. Stand-alone PCA
is rarely employed in practice as it only incorporates returns
data and produces unstable principal components, which
change when using a contrasting set of test assets (Bray 1994).
Kelly et al. (2019) overcome these limitations by allowing
interaction between characteristics and a return-sensitivity
matrix. Consequently, IPCA can handle unbalanced datasets
and produces competitive in-sample (IS henceforth) and out-
of-sample (OOS henceforth) results compared to traditional
multi-factor models (Kelly e al. 2019). Because IPCA is a
latent factor model, it requires an inspection of factor map-
pings in order to determine the economic meaning behind the
pricing result. Beyond equities, IPCA has also been applied in
option pricing (Biichner and Kelly 2022).

Nonetheless, IPCA has some limitations. Firstly, IPCA
is a linear parametric model. Newer approaches by Chen
et al. (2024) and Gu et al. (2021) demonstrate that both
nonlinear characteristic mapping and semi-parametric AP is
crucial. Chen et al. (2024) propose a GAN-GMM system
with 46 firm characteristics and 178 macroeconomic vari-
ables, which produces less errors than IPCA. Gu et al. (2021),
on the other hand, replace the dynamic PCA optimization of
Kelly et al. (2019) with an auto-encoder, which results in
higher factor Sharpe ratios compared to IPCA. Because of
the large characteristic selection pool, IPCA could also be
prone to overfitting with multiple feature mapping onto lim-
ited number of factors (Kozak et al. 2020). Furthermore, the
high correlation between some characteristics, as evidenced
from figure Al, could result in multicollinearity. Bybee et
al. (2023) attempt to address this issue by introducing group
lasso regularization into the IPCA framework (Sparse [PCA)
within a narrative news text-based asset pricing setting. They
find that the regularized IPCA approach filters out narratives
that are irrelevant for explaining asset price dynamics and
improves out-of-sample asset pricing performance. Finally,
IPCA, has only been tested using equities and characteristic-
sorted portfolios. As argued by Lewellen et al. (2010), Daniel
and Titman (1997, 2012), and Daniel (2018), characteristics-
based models will intuitively price same-characteristic sorted
portfolios.

This paper contributes to the literature on estimation and
testing within the IPCA framework, which extends the tra-
ditional Fama-MacBeth two-pass methodology to settings in
which the underlying state variables are not directly observed.
More specifically, we focus on two issues that are partic-
ularly relevant in empirical asset pricing: overfitting and
test-asset choice. First, we propose the use of linear Support
Vector Regression (SVR) as an alternative approach for esti-
mating the characteristic sensitivity matrix within the IPCA
framework. We refer to this methodology as IPCA(SVR).
The standard IPCA model is estimated using the Alternat-
ing Least Squares (ALS) algorithm of Zhou et al. (2008),
which solves the optimization problem without an explicit
regularization penalty. In contrast, our approach introduces
an L, regularization term through linear SVR. Support Vec-
tor Regression extends the Support Vector Machine (SVM)
framework developed by Boser et al. (1992) and Cortes and
Vapnik (1995) from classification to regression problems.
Unlike ordinary least squares estimation, SVR combines an
explicit L, penalty with an e-insensitive loss function, allow-
ing the estimation procedure to control model complexity
while reducing the impact of small prediction errors. By
introducing regularization into the estimation of the charac-
teristic sensitivity matrix, [IPCA(SVR) aims to mitigate mul-
ticollinearity, reduce overfitting, and improve out-of-sample
asset pricing performance. Second, we address the test-
asset choice concern highlighted by Daniel (2018). To do
so, we compare the performance of IPCA(SVR), standard
IPCA, the Carhart (1997) four-factor model (FFC4), and the
Fama and French (2015) five-factor model (FF5) across three
test-asset universes: characteristic-sorted portfolios, industry-
sorted portfolios, and individual equities. Finally, Fan et
al. (2016) show that industry portfolios explain a larger pro-
portion of the market covariance structure than characteristic-
sorted portfolios. Motivated by this finding, we provide an
additional comparison between IPCA and IPCA(SVR) using
industry portfolios as test assets, thereby offering a comple-
mentary assessment of the robustness and economic relevance
of the proposed regularization framework.

The empirical results provide strong evidence that regular-
ization plays an important role in improving the out-of-sample
performance of machine learning-based asset pricing models
while mitigating overfitting. They also highlight the impor-
tance of test asset selection when assessing whether a model
can consistently price different assets and portfolios. More
specifically, the results indicate that regularization improves
IPCA’s goodness of fit with the out-of-sample Total R* for
the panel of equities being higher than that of the traditional
IPCA model. The positive statistically significant difference
between the OOS and IS Total and Predictive R? also indi-
cates that the model exhibits superior OOS performance as
compared to other approaches. Furthermore, IPCA(SVR) pro-
duces latent factors that generally have higher Sharpe Ratios
than those of the classic IPCA. Moreover, IPCA(SVR)’s Pre-
dictive R? for CPs and industry-sorted portfolios outperforms
those of FFC4 and FF5 models. Nonetheless, IPCA(SVR)
produces, significant pricing errors in most periods in both
portfolio and individual asset pricing tests. The results, how-
ever, imply that [IPCA(SVR) is more suited for OOS estima-
tion.
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In relation to economic importance, we find dividend to
market equity ratio and high 5-year beta variables, which cor-
respond to the ‘value’ of assets, to be the core cross-sectional
drivers of price variation. Another important group of vari-
ables that are integral to explaining the common variability
of returns are long fixed costs to sales and market equity ver-
sus short total assets as well as book-to-market equity. These
characteristics, captured by the second factor, determine the
assets’ ‘profitability’.

2. Methodology

2.1. IPCA
Kelly et al. (2019) formulate the methodology around the
classic no-arbitrage model of Ross (1976):

(D

e _ ’
o = i+ Bif i1 + €iprs

where r{,, | represents the excess return, «;, is the pricing
error (alpha), ﬂ;l e Rk is the vector of composite sen-
sitivity coefficients (beta) and f,, ;| € RX*! are the latent
factors. The multi-factor form assumes that E[f, ;] = A;,
Covi(f 1, €i41) =0, and E,[€;,41] = E/[ey;,] = 0. Allowing
for multiple drivers of asset returns mapped onto a small num-
ber of latent factors, Kelly et al. (2019) define alpha and beta
of (2) as composite coefficients:

iy = Z:’,zra + Vaits .Bi,t = z;,zrﬁ + Vs 2
where z;; € RE*! is a vector of observable asset charac-
teristics, while I'g € REK and T, € (REPY) matrices store
parameter and pricing error coefficients, with vg;, € RK
and v, ;, being the factorization errors. This produces a system
of T time instances, N assets, L characteristics and K latent
factors.

Setting I', = 0 imposes the restriction that the characteris-
tics in z;, do not generate characteristic-driven pricing errors
and therefore explain expected returns exclusively through
their role in determining factor loadings.t Following Kelly
et al. (2019), this specification is referred to as the restricted
model. To test for the presence of pricing errors driven by
the characteristics in z;,, the restriction on I, is relaxed and
matrix with the pricing error coefficients is estimated freely.
This specification corresponds to the unrestricted model of
Kelly et al. (2019). In matrix form, the unrestricted model
reads

e _ rr *
rig =ZJIf €4,

3)

where r¢, | and €}, are both RY*! vectors, with €, =
€41+ Vo, +vg f,, denoting the composite error term. The
matrix Z, € RV*L contains the firm characteristics observed
at time ¢, while T = [T',, T'5] € RE*K denotes the o- and 8-
combined characteristic sensitivity matrix, where K = K + 1
includes the K latent factors and the intercept term. Finally,

T Note that imposing I', =0 does not imply that «;; = 0. From
the model specification, «;, may still differ from zero through the
idiosyncratic component vy ; ;.

fo =[1Lf).] € REX! augments the factor vector with a
constant. The estimation objective is to minimize the sum of
composite errors:

T—1
Lais(CF) s=min ) 7, = Z,Tf ) 071 = Zi0f ).

t=1

“)
The derivation of the IPCA estimator and its numerical imple-
mentation are provided in Kelly et al. (2020). In short, the
authors show that the first-order conditions give rise to a sys-
tem of period-by-period cross-sectional regressions for which
no closed-form solution exists. To estimate the model, Kelly
et al. (2020) propose an Alternating Least Squares (ALS)
procedure that jointly updates the latent factors and char-
acteristic sensitivity matrix until convergence is achieved
(see Appendix A of Kelly e al. 2019, for further details).
Specifically, the algorithm iteratively solves the first-order
conditions

A/ ’ A -1 A/ P A
fo = (rﬂztztrﬁ) I,z (r,’+1 —Z,l"a), ®)
- T—1 -
vec (F ) = (ZZ;L ®ft+1fz+1>
=1
T—1 o~
<Z [Zz ®fr+l] "f+1> : ©)
t=1

Finally, the choice of K must be made ad hoc by the
researcher. Kelly et al. (2019) use a panel of 12,813 firms
to investigate the optimal number of factors. Their results
show that the IPCA model captures nearly all of the cross-
sectional heterogeneity in average stock returns associated
with firm characteristics when K > 5. Moreover, K = 6 is the
only specification for which the null hypothesis I', = 0 can-
not be rejected at the 5% significance level (p-value = 52%,
compared with 2.06% for K = 5). This finding suggests that
K = 6 provides the optimal model specification. Accordingly,
throughout this paper, we adopt the best-performing specifi-
cation identified by Kelly et al. (2019) and set the number of
latent factors to K = 6.

2.2. IPCA with linear SVR

Kelly et al. (2019) suggest that each additional IPCA fac-
tor requires 7' 4 L parameters to be estimated, compared to
PCA’s T + N.For a 300 month period with 46 characteristics,
6 factors and intercept, 2422 parameters need to be computed,
which is nonetheless a substantial figure. Considering the sim-
ilarity of certain characteristics, problems of multicollinearity
may arise, with some parameters being redundant. Further-
more, IPCA attempts to maximize explained variance of IS
returns, which may lead to overfitting.

To address these issues, we propose estimating T in (3)
using linear SVR, thereby introducing an explicit regulariza-
tion mechanism into the IPCA framework. The estimation
procedure can be summarized in two steps. First, assets are
aggregated into characteristic-weighted portfolios (CWPs)—
also often refferenced as managed portfolios in the asset
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pricing literature—using all N,;; assets with non-missing
observations:

4
Zrrtl , @)

where ¢, € R“! and the ¢-th element of r¢,,, for £ =
1,...,L, corresponds to the return on a characteristic-
weighted portfolio formed using the ¢-th characteristic as
portfolio weights. Thus, each element of r{ , is a cross-
sectional weighted average of stock returns, where the
weights are determined by the corresponding characteris-
tic values observed at time ¢. Stacking the characteristic-
weighted portfolio returns over time yields the matrix
R =[rs,... ,r‘T'], e RT-DxL_Working with characteristic-
weighted portfolios (CWPs) instead of the full panel of stock
returns offers two important advantages. First, it considerably
reduces the dimensionality of the estimation problem from
T x N at the stock level to T x L in the CWP setting, without
sacrificing information relevant for the estimation of the IPCA
model (Kelly er al. 2019). Second, it naturally avoids the
missing-observation problem inherent in the original unbal-
anced panel of stock returns, since CWPs can be constructed
using all available observations at each point in time.

The second stage of the estimation procedure consists of
estimating the characteristic sensitivity matrix I and the latent
factor realizations f,, ;. To do so, we adopt an iterative proce-
dure analogous to the ALS algorithm described above, with
the exception that equation (6) is replaced by an SVR-based
estimation step. Specifically, given an initial estimate of T,
factor realizations are obtained as

A/ / A _lA/ , ¢ A
frn= (rﬁztzfrﬁ> I,z ("t+1 —Ztra) . ®

where Z ,f,g is the dot product of asset characteristics and the
a- and B-combined characteristic sensitivity matrix at time
t. The updated estimate of T is then obtained by solving the
following SVR optimization problem using the coordinate-
descent algorithm of Hsieh ez al. (2008):

-~ 1 -~ -~
Lsyr(T, C, &) := min zvec(l“)/vec(l“)
iy

N T-1

+CY Y max(0, &l =), (9)

i=1 t=1

_ e
where Ei,l-‘rl =T

- z;ytl_" f .+ denotes the residual associ-
ated with the loss function, vec(I') € R”*! is the vectorized
estimates of the coefficient matrix with dimension P = KL,
and C and ¢ are the SVR regularization hyperparameters.
The optimization problem is solved using the linear SVR
implementation of Fan et al. (2008) available through Scikit-
learn’s sklearn.svm.LinearSVR routine (Pedregosa et
al. 2011).

To initialize the estimation procedure, unstandardized PCA
is applied to the matrix of characteristic-weighted portfolios.
The resulting K eigenvectors, collected in V € RE*X| are
used as initial estimates of I', which are then employed to

obtain preliminary factor realizations. After obtaining these
initial estimates, the steps described in (8)—(9) are itera-
tively repeated while imposing the identification restrictions
on orthogonality and sign convention until convergence is
achieved under a pre-specified error tolerance. The pseu-
docode reported in Algorithm 1, adapted from Biichner and
Bybee (2021), summarizes the estimation procedure for the
unrestricted IPCA(SVR) model.

An important feature of the e-insensitive loss function is
that it allows for a user-defined error tolerance. In our base-
line specification, the hyperparameters C and ¢ are selected
using the data-driven procedure proposed by Cherkassky and
Ma (2004). To assess the robustness of the results to the choice
of hyperparameters, we additionally implement a Grid Search
cross-validation procedure to identify the optimal combina-
tion of C and ¢. A detailed discussion of both approaches is
provided in Section 2.3.

Distinguishing between the restricted and unrestricted
model boils down to formally test whether the expected
returns depend on characteristics that are not explained by
the latent common factors. The null hypothesis, Hy : T, = 0,
states that firm characteristics explain expected returns exclu-
sively through their role in determining factor loadings and
therefore do not generate characteristic-based pricing errors.
Under the alternative hypothesis, I', # 0, characteristics con-
tribute directly to expected returns, implying the presence of
systematic pricing errors that cannot be explained by the latent
factor structure. Following Kelly et al. (2019), we construct a
Wald-type statistic,

W, = vec(ly) vec(Ty),

which measures the distance between the unrestricted esti-
mate and the null restriction I', = 0. Large values of W,
indicate that characteristics contribute significantly to pricing
errors after controlling for their role in factor loadings.

To obtain valid finite-sample inference, we adopt the resid-
ual bootstrap procedure of Kelly et al. (2019). This bootstrap
procedure has the advantage of being robust to conditional
heteroskedasticity through the use of a wild-bootstrap scheme
and generally exhibits superior finite-sample properties rel-
ative to asymptotic-based testing procedures. Furthermore,
the residual bootstrap relies on relatively weak assumptions
on the error process. In particular, the residuals are only
required to form a martingale difference sequence with a
finite fourth moment and may follow a broad class of con-
ditionally heteroskedastic processes, including GARCH-type
models and stochastic volatility specifications (Gong¢alves and
Kilian 2004). More specifically, the bootstrap procedure work
as follows. First, the unrestricted model is estimated and both
the parameters, fo, and f,g, and the common factor estimates
{/f\ L, are collected. Using these estimates, the residuals of
the characteristic-weighted portfolios are computed as

di=ri, —ZZ)Ty— ZZ)T4f, ., t=1,...,T.
(10)
Next, bootstrap residuals are generated by sampling with
replacement from the set {;1\,“ }rT=1~ Let Zi,,,m denote the resid-
ual selected in bootstrap replication b, where b = 1,...,B.
To account for potential conditional heteroskedasticity in the



A regularized instrumented principal components analysis 5

original series, the resampled residuals are multiplied by
independent random variables,

doiv1 = qprr1dpit1,

where gp 41 is a Student-f random variable with zero mean,
unit variance, and five degrees of freedom. The b-th boot-
strap sample of characteristic-weighted portfolio returns is
then generated as

Fhipl = (Z;Zt)fﬂ?m +3b,z+1, t=1,...,T. (11)

Note that the bootstrap sample {rj . }/_, is generated under
the null hypothesis I', = 0. This is achieved by excluding the
estimated characteristic-driven pricing-error component from
the bootstrap data-generating process while retaining the esti-
mated factor structure and bootstrap residuals. As a result, the
empirical distribution of W;, provides an approximation of
the sampling distribution of the test statistic under the null
hypothesis. Using the bootstrap sample {r} +1},T:l, the unre-
stricted IPCA(SVR) model is re-estimated and new estimates
of T'y, T'g, and {f,}_, are obtained. The bootstrap test statistic
is then computed as

Whpo = vec (’I‘\b,a)/ vec (’I'\b,a) .

The entire procedure is repeated B = 1, 000 times, producing
the bootstrap distribution {W,,,}5_,. Finally, the bootstrap p-
value is computed as the fraction of bootstrap statistics that
exceed the value of W,, obtained from the original sample.

It is important to highlight that for each bootstrap replica-
tion, the IPCA(SVR) model is re-estimated using exactly the
same estimation procedure and hyperparameter configuration
as in the original sample. This ensures that the bootstrap dis-
tribution reflects the additional uncertainty associated with the
regularized estimation procedure.

2.3. Meta-parameters

Hyperparameter selection plays a crucial role in the per-
formance of Support Vector Machines (SVMs) and Support
Vector Regression (SVR) models (Chapelle ez al. 2001). How-
ever, there is no universally accepted framework for determin-
ing the optimal values of the regularization parameter C and
the e-insensitive loss threshold e. Consequently, a variety of
approaches have been proposed in the literature.

Among the most widely used methods are Grid Search
procedures (see, e.g. Hsu er al. 2003), meta-heuristic opti-
mization algorithms (see, e.g. Talbi 2009), and gradient-based
optimization techniques (see, e.g. Keerthi et al. 2006). These
methods numerically search for hyperparameter combina-
tions that maximize predictive performance. An alternative
approach relies on data-driven plug-in estimators that deter-
mine hyperparameters directly from the statistical proper-
ties of the training sample. While numerical optimization
techniques often identify highly competitive hyperparame-
ter configurations, they can become computationally expen-
sive, particularly in iterative estimation procedures such as
IPCA(SVR) (Cherkassky and Ma 2004). This issue is espe-
cially relevant when the model is estimated using large asset
panels and repeated recursively over time.

For this reason, we consider two complementary appro
aches. Our baseline specification adopts the analytical plug-
in procedure proposed by Cherkassky and Ma (2004), while a
Grid Search cross-validation procedure is used as a robustness
check.

The approach of Cherkassky and Ma (2004) determines C
and ¢ directly from the statistical properties of the input data.
The authors demonstrate that the resulting hyperparameters
exhibit good generalization performance across a wide range
of datasets, and the method has been successfully applied in
financial time-series applications (see, e.g. Lu et al. 2009).
Following Cherkassky and Ma (2004), the hyperparameters
used in the IPCA(SVR) framework are computed as

C = max(|R® + 30f|, |IR® — 30j ), (12)
InJ

= 1Oy —, 13

& = T0p 7 (13)

where R® denotes the mean excess return across all assets and
periods, oge denotes the corresponding standard deviation,
and 7t is set equal to three.

To assess the sensitivity of our findings to the choice of
hyperparameters, we additionally implement a Grid Search
procedure combined with walk-forward cross-validation.
Specifically, for each estimation window, we construct a mul-
tiplicative grid over the SVR penalty parameter C and the
g-insensitive loss threshold ¢, centred on the baseline val-
ues implied by Cherkassky and Ma (2004). The grid consists
of five multiplicative scaling factors, {0.5, 1.0, 1.5,2.0,2.5},
applied to each hyperparameter, resulting in a search space of
5% = 25 candidate combinations.

Hyperparameter selection is performed using a three-fold
walk-forward cross-validation scheme. The estimation win-
dow expands sequentially through time, while validation is
conducted exclusively on the immediately subsequent out-of-
sample period, thereby preventing look-ahead bias. For each
candidate pair (C*, £*), the SVR model is estimated using the
PCA-based initialization described in Section 2.2, and predic-
tive performance is evaluated on the validation sample using
the mean squared error (MSE). The hyperparameter pair that
minimizes the average validation MSE across all folds is sub-
sequently used to construct the final IPCA(SVR) estimator
and is held fixed throughout the remaining iterations of the
optimization problem in (9).

2.4. Multi-factor models

In order to evaluate the benefits of introducing SVR to IPCA,
common risk factor models FFC4 and FF5 are used as bench-
marks to further contrast the IPCA method. These models are
fitted as follows:

¥, = ai; + B'RMRF, + B;SMB, + B;HML,

+ BIWML, + €, (14)
¥, = a;; + B'RMRF, + B SMB} + B} HML,
+ BERMW, + B! CMA, + €;,. (15)
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where RMRF,;, HML,, RMW,, and CMA; are the Fama and
French (1993, 2015) factor mimicking portfolios for mar-
ket, growth, profitability, and investment style, respectively.
WML, is the momentum proxy (Carhart 1997). SMB} is
the Fama and French (1993) size factor, while SMBt2 is
its revised version (Fama and French 2015). In line with
Cochrane (2009, Chapter 12.3), a rolling 5-year (Fama and
MacBeth 1973) (FMB henceforth) procedure is implemented
using (14) and (15) to obtain loadings and risk premia at each
time-step. In the first stage, least squares betas are estimated
for each stock:

rir:ai'i‘ﬂ:'fz‘i‘fi,z’ i=1,...,N. (16)

The second stage consists of estimating the cross-sectional
regression
. N
rig =A+B A+ v, amn
where E,[o;;] = A{ is the cross-sectional intercept, while v,

is a N x 1 vector collecting the pricing errors across assets.
In line with the FMB framework, we estimate A°, A and v =

(vi,...,vy) as
1 & 1 1 &
)_\.k—?Z)\,];, )\.:TZ)\.“ and ?:?Z’v\,
t=1 =1 =1
(18)

To account for the error-in-variables (EIV) problem,
we employ the standard error correction proposed by
Shanken (1992) for the Fama-MacBeth procedure. Inference
is then conducted using either the joint significance test of
Cochrane (2009, Chapter 12.3) for portfolio test assets or
a diagonal Wald test for panels of individual assets. Both
procedures are closely related to the classical Gibbons et
al. (1989) framework. For portfolio test assets, we compute
the following test statistic:

19)

where ﬁv denotes a consistent estimator of the variance-
covariance matrix of pricing errors given by % ZZTZI(?, —
V)(¥, — V), which is valid under the assumption that the time

series of pricing errors, {9}’ is serially uncorrelated. Under

the null hypothesis of zero pricing errors, W, 4, XI%_I,

where %> denotes convergence in distribution and x2 |
is a chi-squared distribution with N — 1 degrees of freedom.
Note that this limiting distribution holds under the tradi-
tional assumption that the factors and the errors are i.i.d. over
time and errors are independent of the factors. Additionally,
the asymptotic validity of this test relies on the traditional
asset-pricing framework in which the number of test assets N
remains fixed while the time-series dimension satisfies 7 —
oo, implying that N <« T and ensuring consistent estimation
of the pricing-error covariance matrix. For panels of individ-
ual equities, we employ the Gibbons ef al. (1989) diagonal

representation of the Wald test:

N a2
wi= (45 ) 'S (5) e

i=1 ii

where p; denotes the vector of factor risk premia, 67 is the
variance of the pricing residual associated with asset i, and
b3 r 1 a consistent estimator of the factor variance-covariance
matrix. Under the null hypothesis of zero pricing errors, errors
are i.i.d. over time homoskedastic and independent of the fac-

tors, it follows that W, LN X]%,_,. The quantities p(W,) and
p(W,) denote the p-values of the portfolio and diagonal Wald
tests, respectively.

2.5. Comparable tests

Consistent with Kelly et al. (2019) and Chen et al. (2024),
we evaluate the alternative pricing models using three per-
formance measures: the ex-post Sharpe ratio, Total R?%, and
Predictive R?. The ex-post Sharpe ratio is computed as fol-

lows:
SRy =,/ ;L}Zfluf.

Following Kelly et al. (2019) and Chen et al. (2024), we
assess model fit using Total R?> and Predictive R>. Although
both studies adopt closely related measures, we implement
the approach of Kelly er al. (2019), modified using a mean-
period adjustment to ensure compatibility with the rolling
Fama-MacBeth framework. The Total R? is defined as

1)

T [ e Te 4 2
Y\ T — | M+ B A
_ ——
ZZ; (ri,t+l)

FMB

~ A A 2
ZZI <r2r+l - z:’,t I:rd + rﬂxf])
=1- (22)
¢ 2
Zz?,; (ri,z+l)

IPCA

TR?> =

while the Predictive R? is given by

T ( e e, o= T\?
Zi,t <ri,t+1 - I:)‘z + ﬂ )wil)

PRZ=1-— ~ .
Zi,t (rie,t+1)
FMB
T ( e R4 & = T\?
i lri =z | Ta + Tph
=1- (23)
T /o 2
Zi,t (ri,t+1)
IPCA

Finally, for individual securities, both measures are reported
separately for the in-sample (IS) and out-of-sample (OOS)
periods.
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3. Data

3.1. In-sample

In order to conduct the analysis, monthly equity returns,
accounting and performance characteristics, and indicators
are retrieved from CSRP/Compustat databases, at Whar-
ton Research Data Services (2021), as well as from
French (2021). FFC4 and FF5 factor proxies are collected
from French (2021) library, with their descriptive statistics
presented in table A3. Based on the data, only expected val-
ues of RMRF, RMW, and WML are statistically different from
zero at 1%, 5%, and 10%, respectively. Furthermore, only
returns of HML are normally distributed and it also has the
highest correlation among factors (not including SMB(1) with
SMB(2)) with CMA. It is also worth noting that WML has a
downturn of — 34.4%, which is the largest among all factors.
For returns and characteristics data, the WRDS SAS Studio
code generating 406 characteristics in 93 countries, provided
by Jensen et al. (2023), is utilized and restricted to U.S. Equi-
ties with 46 non-missing firm characteristics. These firm-level
variables are listed either on French (2021) or applied in
Freyberger et al. (2020), with their descriptions depicted in
table A1l. Overall, most characteristics are in line with those
used by Chen et al. (2024).

The working sample covers a 30-year and 7-month period
from the beginning of June 1990 until the end of Decem-
ber 2020. Since characteristic values are of various mag-
nitude, which may complicate optimization, as in Kelly ez
al. (2019), they are cross-sectionally transformed. Period-by-
period, using stocks’ ranks for each characteristic, values are
divided by the number of observations, minus 0.5, to map
them on a [—0.5,0.5] interval. Year-per-year, the sample is
smaller than that of Kelly et al. (2019), who only utilize
36 characteristics, whilst also replacing missing values with
their cross-sectional median. As stated by Chen et al. (2024),
this approach can introduce additional assumption error and
ignore the dependency structure of characteristics. Conse-
quently, the current sample is best compared to that of Chen
et al. (2024). The comparison is provided in figure A2, with
the current sample, although smaller, closely resembling that
of Chen et al. (2024). Overall, the dataset is ample to form
portfolios.

In addition to individual equities, the methods are com-
pared based on both characteristic-sorted and industry-sorted
portfolios.The purpose of including these lower-dimensional
portfolio datasets is not to maximize the cross-sectional
dimension available for factor estimation. Rather, they serve
as standard benchmark test assets in the asset-pricing litera-
ture, facilitating comparisons with previous studies and allow-
ing us to assess the robustness of our findings across alterna-
tive testing environments. The portfolios are constructed to
mirror those available in the French (2021) library and com-
prise the equal-weighted 25 Size and Book-to-Market, 25 Size
and Momentum, and value-weighted 17 Industry portfolios.
Using the documentation provided by French (2021), along
with size, book-to-market, momentum breakpoints and SIC
industry codes as well as GVKEY, PERMNO, and SIC links
from Compustat, the portfolios are formed at the end of June
1990 and rebalanced annually. Analogically to equities, these

portfolios yield characteristics, which are computed period-
by-period as the cross-sectional median of their constituting
assets’ characteristics. The high similarity of these portfolios
with the originals (average correlation above 94%) is pre-
sented in the Appendix in table A2, while tables A4, AS, and
A6, pages 75, 79, and 83 respectively, depict their descriptive
statistics.

Overall, the final datasets accommodate 30 years of return
and characteristic entries for stocks and managed portfolios,
starting from January 1991 up to and including December
2020. For stocks, this results in a sample of 813,695 obser-
vations and 9,689 unique equities. Furthermore, the data for
both portfolios and individual stocks is also divided into 5
sub-periods of 5 years, to examine pricing consistency.

3.2. Out-of-sample

The second asset pricing scenario evaluates whether risk
premia estimated from one cross-section of equities can suc-
cessfully price a different cross-section of equities out of
sample. Specifically, within each rolling 60-month estimation
window, the cross-section of stocks is divided into 80% in-
sample (IS) and 20% out-of-sample (OOS) securities. The IS
securities are used to estimate factor betas (first pass) and
risk premia (second pass) for the FFC4 and FF5 models, as
well as the characteristic sensitivity matrix T' for the IPCA
and IPCA(SVR) models. The estimated parameters are then
applied to the OOS securities.

The OOS securities are re-selected each month as the
rolling estimation window advances and firm characteris-
tics evolve over time. To avoid concentrating the OOS
sample within a particular size category, the 20% holdout
sample is drawn proportionally from Small, Medium, and
Large capitalization groups defined using the 30th and 70th
percentile market-capitalization breakpoints, following Fama
and French (1993). Within each size group, securities are
partitioned into approximately equal sections and the stock
whose market capitalization is closest to the section median
is selected, thereby ensuring broad cross-sectional representa-
tion.

Importantly, this exercise is designed to evaluate the cross-
sectional generalization ability of the competing asset-pricing
models rather than their time-series forecasting performance.
In other words, it assesses whether risk premia estimated on
one set of securities can accurately price previously unseen
securities observed over the same time period.

The resulting OOS sample contains 2302 unique equities
and 37 826 stock-month observations, which is approximately
4.3 times smaller than the nominal 20% split because of the
data requirements imposed by the Fama-MacBeth estima-
tion procedure. If a model generalizes well across securities,
the in-sample and out-of-sample Total R? and Predictive R?
measures should be similar. We therefore employ Welch’s
t-test (Welch 1947) to evaluate the statistical significance
of the differences between the IS and OOS goodness-of-fit
measures.
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Table 1. 25 size and book-to-market portfolios.

1996-2000  2001-2005  2006-2010  2011-2015  2016-2020  1996-2020

FFC4 TR? 0.888 0.922 0.955 0.932 0.948 0.931
PR? 0.016 0.038 0.015 0.032 0.027 0.023

W, — stat. 1.539 1.300 0.589 0.602 0.582 0.202

p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000

FF5 TR? 0.896 0.931 0.957 0.938 0.949 0.936
PR? 0.017 0.039 0.012 0.034 0.031 0.023

W, — stat. 1.104 1.560 0.530 0.998 0.686 0.134

p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000

IPCA TR? 0.947 0.967 0.977 0.959 0.969 0.926
PR? —0.023 0.039 0.002 0.027 —0.380 0.003

p(Wy) 1.000 1.000 1.000 1.000 1.000 1.000

IPCA (SVR) TR? 0.847 0.880 0.914 0.845 0.881 0.896
PR? 0.024 0.051 0.004 0.033 0.040 0.022

p(Wy) 0.000 0.000 0.260 0.000 0.010 0.020

IPCA (SVR)-GS TR? 0.887 0.883 0.929 0.858 0.901 0.886
PR? 0.024 0.046 0.006 0.033 0.039 0.024

p(Wy) 0.000 0.000 0.104 0.000 0.000 0.021

Notes: The table reports average cross-sectional risk premia and performance metrics of 25 Size and Book-to-Market port-
folios for FFC4, FFS, IPCA, IPCA(SVR) and IPCA(SVR)-GS models in 6 periods. TR? and PR? are total and predictive
in-sample goodness of fit measures. p(W,) and p(W,,) are the pricing error test’ p-values.

Table 2. 25 size and momentum portfolios.

1996-2000  2001-2005  2006-2010  2011-2015  2016-2020 1996-2020

FFC4 TR? 0.714 0.761 0.851 0.830 0.834 0.799
PR? 0.047 0.039 0.029 0.057 0.067 0.038

Wy — stat. 0.684 0.088 0.054 0.396 0.757 0.312

p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000

FF5 TR? 0.775 0.773 0.858 0.846 0.833 0.818
PR? 0.052 0.039 0.030 0.057 0.068 0.040

W, — stat. 0.666 0.124 0.410 0.344 0.539 0.097

p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000

IPCA TR? 0.958 0.965 0.979 0.973 0.976 0.900
PR? —0.023 —0.248 —0.051 —0.226 —0.432 0.023

p(Wy) 1.000 1.000 1.000 1.000 1.000 1.000

IPCA (SVR) TR? 0.816 0.895 0.913 0.840 0.836 0.885
PR? 0.023 0.047 0.011 0.026 0.045 0.024

p(Wy) 0.000 0.120 0.000 0.000 0.020 0.000

IPCA (SVR)-GS TR? 0.842 0.874 0.929 0.832 0.889 0.873
PR? 0.020 0.041 0.014 0.026 0.038 0.023

p(Wy) 0.000 0.000 0.000 0.000 0.001 0.000

Notes: The table reports average cross-sectional risk premia and performance metrics of 25 size and momentum portfolios
for FFC4, FF5, IPCA, IPCA(SVR) and IPCA(SVR)-GS models in 6 periods. TR? and PR? are total and predictive in-sample
goodness of fit measures. p(W),) and p(W,) are the pricing error test” p-values).

4. Empirical results Financial Crisis, 2011-2015 captures the post-crisis recov-
ery, and 2016-2020 includes both the US-China trade conflict
4.1. A comparison of pricing performance and the COVID-19 market crash. Chen er al. (2024) argue

that asset-pricing model performance may vary substantially
across economic cycles. Accordingly, the subperiod analysis
is used to assess the consistency and robustness of the com-
peting pricing models across different market environments.

The sample is divided into five subperiods corresponding to
several economically significant events. Specifically, 1996—
2000 covers the Dot-com bubble, 2001-2005 corresponds to
the pre-crisis expansion period, 2006-2010 spans the Global
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Table 3. 17 Fama-French industry portfolios.

1996-2000  2001-2005 20062010  2011-2015  2016-2020  1996-2020
FFC4 TR? 0.872 0.929 0.942 0.932 0.946 0.927
PR? 0.016 0.046 0.011 0.030 0.033 0.023
W, — stat. 0.566 0.654 0.826 1.189 0.321 0.129
p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000
FF5 TR? 0.876 0.926 0.945 0.939 0.948 0.930
PR? 0.014 0.044 0.018 0.038 0.035 0.024
W, — stat. 0.582 0.494 1.360 1.418 0.267 0.094
p(Wp) 1.000 1.000 1.000 1.000 1.000 1.000
IPCA TR? 0.938 0.970 0.977 0.957 0.962 0.918
PR? —0.325 0.029 0.007 0.021 0.005 0.021
p(Wy) 1.000 1.000 1.000 1.000 1.000 1.000
IPCA (SVR) TR? 0.723 0.747 0.840 0.776 0.800 0.845
PR? 0.087 0.058 0.040 0.075 0.077 0.043
p(Wy) 0.000 0.000 0.030 0.000 0.000 0.000
IPCA (SVR)-GS TR? 0.545 0.665 0.782 0.691 0.854 0.805
PR? 0.020 0.041 0.014 0.026 0.038 0.023
p(Wy) 0.000 0.000 0.000 0.000 0.001 0.000

Notes: The table reports average cross-sectional risk premia and performance metrics of 25 size and momentum portfolios
for FFC4, FE5, IPCA, IPCA(SVR), and IPCA(SVR)-GS models in 6 periods. TR? and PR? are total and predictive in-sample
goodness of fit measures. p(W),) and p(W,,) are the pricing error test’ p-values.

Tables 1 and 2 report the pricing performance of the
25 Size and Book-to-Market (25SBM) and 25 Size and
Momentum (25SM) portfolios, respectively. We compare the
Carhart (1997) four-factor model (FFC4), the Fama-French
(2015) five-factor model (FF5), the standard IPCA framework
of Kelly et al. (2019), and two regularized IPCA specifica-
tions proposed in this paper. The first, denoted IPCA(SVR),
employs the data-driven hyperparameter selection procedure
of Cherkassky and Ma (2004), while the second, denoted
IPCA(SVR)-GS, selects the SVR hyperparameters C and ¢
using a Grid Search cross-validation procedure.

It is important to acknowledge a potential limitation of
applying the IPCA and IPCA(SVR) models to datasets with
a relatively small cross-sectional dimension (V). The asymp-
totic results in Kelly et al. (2020) rely on the assumption
that N, T — oo. However, the estimator of the characteris-
tic sensitivity matrix T' converges at rate +/NT, which is
faster that the /N rate obtained for leading estimates in stan-
dard PCA analysis. In contrast, the estimated latent factors
converge at rate /N, as in standard PCA. Therefore, a suffi-
ciently long time series can partially compensate for a smaller
cross-section in the estimation procedure. Nevertheless, the
evidence obtained from the portfolio datasets should be inter-
preted with caution, as a relatively small N may result in
greater estimation uncertainty for the latent factors.

Because the 25SBM and 25SM portfolios produce qual-
itatively similar results, we focus primarily on the former.
Standard IPCA delivers the strongest in-sample fit, with TR?
exceeding 94.7% in every subperiod, but its predictive per-
formance is generally weaker and, in some cases, negative.
In contrast, the regularized specifications, IPCA(SVR) and
IPCA(SVR)-GS, achieve superior predictive performance and

produce remarkably similar results, indicating that the find-
ings are robust to the choice of hyperparameter selection
procedure. These results are consistent with the argument
of Daniel (2018) that characteristic-sorted portfolios may
mechanically favour models constructed using the same char-
acteristics. While standard IPCA appears to overfit the cross
section, regularization improves predictive performance by
mitigating this tendency. Nevertheless, because factor extrac-
tion relies on a relatively small number of test assets, greater
uncertainty in the estimated latent factors and risk premia
may reduce the power of the pricing-error tests, potentially
explaining why the regularized specifications are frequently
rejected despite their stronger predictive performance.

It is also noteworthy that all models achieve their high-
est TR? values during the Global Financial Crisis, potentially
reflecting the greater prominence of common risk factors dur-
ing periods of heightened market volatility. Despite its supe-
rior predictive performance, IPCA(SVR) and IPCA(SVR)-GS
are the only models that fail the pricing-error test in the
subperiods in which they outperform the competing specifi-
cations. In the remaining subperiods, both models satisfy the
test at the 1% significance level. Furthermore, the regularized
specifications are the only models whose in-sample goodness-
of-fit falls below 90% in most subperiods. A similar pattern
emerges for the 25SM portfolios, where IPCA(SVR) and
IPCA(SVR)-GS generally outperform the competing models
in terms of PR? but are rejected by the pricing-error test in the
majority of cases.

Table 3 reports the results for the 17 industry-sorted port-
folios (171P). The findings broadly mirror those obtained for
the 25SBM and 25SM portfolios. Standard IPCA again deliv-
ers the strongest in-sample fit, while the regularized IPCA
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Table 4. Cross-section of excess stock returns.

1996-2000 2001-2005 2006-2010 20112015 2016-2020 1996-2020

FFC4 TR? 0.266 0.306 0.305 0.209 0.238 0.256
OTR? 0.196 0.258 0.257 0.176 0.285 0.244
ATR? —4.065%* —2.081** —0.622 —0.590 —0.232 — 3751
P(ATR?) 0.000 0.040 0.535 0.556 0.817 0.000
PR? 0.004 0.010 0.005 0.008 0.007 0.006
OPR? 0.008 0.008 0.006 0.006 0.008 0.006
APR? 0.608 —0.657 —0.076 0.043 —0.108 —0.127
p(APR?) 0.544 0.512 0.939 0.966 0914 0.899
Wy — stat.  173.448 1201.401 11470.002 22752.377 24777.429 12074.931
p(Wq) 1.000 1.000 0.000 0.000 0.000 0.000
FF5 TR? 0.279 0.309 0.307 0.212 0.239 0.258
OTR? 0.176 0.246 0.255 0.174 0.276 0.239
ATR? —4.607*** —2.555** —0.815 —0.792 —0.499 — 45417
P(ATR?) 0.000 0.012 0.417 0.430 0.619 0.000
PR? 0.003 0.012 0.006 0.008 0.008 0.006
OPR? 0.009 0.009 0.008 0.007 0.009 0.006
APR? 0.563 —0.591 —0.072 0.043 —0.082 —0.095
p(APR?) 0.574 0.556 0.942 0.966 0.935 0.924
Wy — stat.  218.627 1459.805 12460.169 27055.512 29287.877 14096.398
p(Wy) 1.000 1.000 0.000 0.000 0.000 0.000
IPCA TR? 0.154 0.183 0.185 0.120 0.130 0.152
OTR? 0.173 0.249 0.227 0.144 0.163 0.186
ATR? —1.070 1.252 1.608 0.959 0.424 1.586
P(ATR?) 0.288 0.214 0.111 0.340 0.672 0.113
PR? 0.006 0.013 0.004 0.007 0.004 0.005
OPR? 0.007 0.006 0.007 0.008 0.006 0.004
APR? —0.321 —1.088 —0.585 0.871 —0.140 —0.908
p(APR?) 0.750 0.279 0.560 0.387 0.889 0.365
p(Wy) 0.050 0.010 0.050 0.570 0.290 0.000
IPCA (SVR) TR? 0.141 0.173 0.171 0.110 0.107 0.143
OTR? 0.196 0.258 0.243 0.148 0.195 0.200
ATR? 0.416 2.049** 2.476** 1.908* 2.586*** 3.668***
p(ATR?) 0.679 0.044 0.015 0.059 0.011 0.000
PR? 0.004 0.011 0.002 0.005 0.001 0.004
OPR? 0.005 0.008 0.006 0.007 0.007 0.005
APR? 0.337 —1.027 —0.559 0.971 0.270 —0.345
p(APR?) 0.737 0.307 0.577 0.335 0.788 0.730
p(Wy) 0.000 0.000 0.000 0.000 0.000 0.000
IPCA (SVR)-GS TR? 0.141 0.172 0.172 0.110 0.108 0.142
OTR? 0.198 0.257 0.242 0.148 0.198 0.199
ATR? 0.489 2.036** 2.443%** 1.991** 2.611%* 3.661***
P(ATR?) 0.626 0.045 0.016 0.049 0.010 0.000
PR? 0.003 0.011 0.003 0.005 0.001 0.004
OPR? 0.007 0.007 0.007 0.007 0.007 0.004
APR? 0.562 —1.179 —0.580 0.996 0.318 —0.418
p(APR?) 0.576 0.241 0.563 0.322 0.751 0.676
p(Wy) 0.000 0.000 0.000 0.000 0.000 0.000

Notes: The table reports average cross-sectional risk premia and performance metrics of individual equities using FFC4, FFS5,
IPCA, IPCA(SVR) and IPCA(SVR)-GS models in 6 periods. ATR? and APR? are the difference r-tests between out-of-sample
and in-sample fit, with p(ATRz) and p(APRZ) being their p-values. p(W;) and p(Wy) are the pricing error test’ p-values. -
statistics are in parenthesis. *, **, *** represent values that are statistically significant at 10%, 5%, and 1% significance level,
respectively.
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Table 5. Ex-post sharpe ratios of IPCAs.

Period IPCA IPCA(SVR) IPCA(SVR)-GS FFC4 FF5
25SBM 1996-2000 1.349 1.697 1.057 - -
2001-2005 1.223 3.753 2.869 - -
2006-2010 0.739 1.281 1.233 - -
2011-2015 1.434 2.063 2.632 - -
2016-2020 1.105 1.424 1.906 - -
1996-2020 0.696 1.336 1.107 - -
25SM 1996-2000 1.420 1.446 1.360 - -
2001-2005 1.204 1.974 3.550 - -
2006-2010 1.110 2.022 1.065 - -
2011-2015 0.802 1.582 1.428 - -
2016-2020 0.958 3.974 3.743 - -
1996-2020 0.795 0.993 0.970 - -
171P 1996-2000 1.654 2.145 3.200 - -
2001-2005 1.470 1.307 1.266 - -
2006-2010 2.171 1.241 1.710 - -
2011-2015 1.016 3.222 3.544 - -
2016-2020 1.271 1.886 2.789 - -
1996-2020 1217 1.058 1.507 - -
CSS 1996-2000 2.635 1.601 1.723 2.055 2.439
2001-2005 1.108 2.525 2.440 1.876 1.716
2006-2010 1.033 1.678 1.569 1.448 1.681
2011-2015 2.780 2.697 2.529 0.656 1.674
2016-2020 1.776 2,672 2.797 1.582 1.363
1996-2020 1.600 1.425 1.334 0.862 1.199

Notes: The table presents annualized Sharpe ratios of IPCA, IPCA(SVR), and IPCA(SVR)-GS specifi-
cations, applied to 25 Size and Book-to-Market (25SBM), 25 Size and Momentum (25SM), 17 Industry
(171P) portfolios, and the cross-section of stocks (CSS), alongside the annualized Sharpe ratios for the
FFC4 and FF5 models computed from the CSS dataset.

Table 6. IPCA(SVR) principal component correlation with common risk factors.

IPCA(SVR) Factor

K1 K2 K3 K4 K5 K6

Factors RMRF 0.90 0.02 0.07 —0.20 —0.01 —0.07
SMB! 0.54 0.21 —0.25 0.11 —0.29 0.17

SMB? 0.56 0.14 —0.18 0.11 —0.19 0.19

HML —0.01 —0.39 0.26 0.01 0.50 0.10

RMW —047 —0.33 0.33 —0.15 0.35 0.10

CMA —0.23 —0.13 0.17 0.15 0.39 0.08

WML —0.42 0.31 0.15 —0.27 —045 0.36

Notes: The table reports the correlation between the six factors (K1,K2, ..., K6) esti-
mated using the IPCA(SVR) model and the factor-mimicking portfolios of Fama and
French (1993, 2015). Specifically, RMRF, HML, RMW, CMA, WML, SMB!, and SMB?
denote the market, value, profitability, investment, momentum, original size, and revised
size factors, respectively.
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specifications produce superior predictive performance. Rela-
tive to standard IPCA, the predictive fit of IPCA(SVR) and
IPCA(SVR)-GS improves by as much as seven percentage
points over the full sample. Traditional multifactor models
exhibit the most stable combination of TR? and PR? across
subperiods and remain competitive overall. Nevertheless, as
in the previous portfolio exercises, the regularized specifica-
tions are frequently rejected by the pricing-error tests despite
their stronger predictive performance.

The next exercise applies the regularized IPCA specifi-
cations to the cross-section of stocks (CSS). An important
advantage of this setting is that it more closely satisfies the
asymptotic requirements underlying the IPCA framework,
namely a large cross-sectional dimension (V). Consequently,

the latent factors and associated risk premia can be esti-
mated more precisely than in the portfolio-based applica-
tions.

Table 4 shows that either the IPCA(SVR) or IPCA(SVR)-
GS specification achieves the highest out-of-sample Total R?
and Predictive R? in every evaluation period. Relative to
standard IPCA, the regularized specifications improve overall
0O0S Total R? by approximately 20% and OOS Predictive R?
by approximately 0.5%. However, their performance remains
broadly comparable to that of the FFC4 and FF5 benchmark
models. More importantly, [IPCA(SVR) and IPCA(SVR)-GS
are the only specifications for which the difference between
IS and OOS goodness-of-fit measures is positive and statisti-
cally significant at the 5% level across most sampling periods.
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Figure 1. Cummulative returns of factors.

Notes: The figure demonstrates classic factor portfolios’ and principal components’ (IPCA factors) cumulative returns. RMREF is the excess
value-weighted market return. SMB(1) and HML are Fama and French (1993) size and growth proxies, while SMB(2) is the revised size
proxy (Fama and French 2015). RMW and CMA are Fama and French (2015) profitability and investment factors. WML is the Carhart (1997)
momentum factor. K (n) is the n" principal component. IPCA and IPCA(SVR) plots include a separate sub-plot for the principal components,
which performance exceeds other factors by more than 5 times, leading to disproportional illustration.

This result suggests that regularization produces a more parsi-
monious characteristic sensitivity matrix, leading to improved
out-of-sample performance and indicating that the standard
IPCA specification may overfit the cross-sectional structure
of returns.

In contrast to the managed-portfolio results, FF5 deliv-
ers the strongest overall TR*> and PR? performance in the
stock-level analysis. Furthermore, FFC4, FF5, IPCA(SVR),
and IPCA(SVR)-GS fail the pricing-error tests in all periods,
whereas standard IPCA passes five out of six tests at the 1%
significance level. Importantly, the failure of the pricing-error

tests does not appear to be driven by the choice of SVR hyper-
parameters. Despite employing a formal Grid Search and
walk-forward cross-validation procedure, the [IPCA(SVR)-GS
specification produces pricing-error test results that are quali-
tatively identical to those of the baseline IPCA(SVR) model.
Taken together, these findings suggest that regularization pri-
marily improves the predictive performance of the IPCA
framework rather than its ability to satisfy pricing restrictions.
More broadly, the stronger performance of the IPCA-class
models in the stock-level analysis supports the argument that
these methods are better suited to environments with a large
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ever, their advantage is not uniform across all test assets
and subperiods, with the relative ranking of the models vary-
ing over time. These findings suggest that regularization can
improve the efficiency of the extracted latent factors, although
no single specification consistently dominates across all set-
tings. For the CSS dataset, the IPCA-class models generally
produce higher SRs than FFC4 and remain competitive with
FF5, further supporting the view that the IPCA framework
performs best in environments with a large cross-sectional

As the latent factors and economic interpretations obtained
from the IPCA(SVR)-GS specification are qualitatively sim-

dimension.
ilar to those of IPCA(SVR), the remainder of this section

competitive with the benchmark multifactor models. How-

cross-sectional dimension, where latent factors can be esti-
mated more precisely. Consistent with Kelly et al. (2019), the
results therefore indicate that the [IPCA framework is gener-
ally more robust when applied to individual-stock pricing than
to small sets of test portfolios.

Table 5 presents the ex-post Sharpe ratios (SRs) for the com-
peting specifications. Overall, the regularized models, partic-
ularly IPCA(SVR) and IPCA(SVR)-GS, frequently generate
higher factor SRs than standard IPCA and remain broadly

4.2. Factors and alphas
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focuses on the latter. The first three components account
for most of the economically interpretable variation in the
IPCA(SVR) factor structure. As shown in figure 1 and
table 6, the first factor is strongly related to the market
factor, while the second and third factors load predomi-
nantly on characteristics associated with profitability, growth,
and trading frictions. The remaining factors display weaker
links with conventional factor proxies and appear to cap-
ture more specialized dimensions of cross-sectional varia-
tion. Taken together, the results suggest that IPCA(SVR)
largely recovers familiar systematic risk dimensions while
simultaneously identifying additional sources of return vari-
ation that are not fully captured by traditional factor mod-
els.

Considering the factor loadings shown in figure 2, the
first component places substantial weight on firms with high
dividend-to-market equity ratios (div12m_me) and high
five-year betas (betabab_12604d), effectively loading on
both value and systematic risk. This combination gives rise
to a leveraged market factor (K1), as illustrated in figure 1.
Overall, this component can be interpreted as a value-oriented
factor with a strong market-risk dimension.

The second factor loads positively on fixed costs rela-
tive to sales (£c2y) and market equity (1me), while loading
negatively on total assets (assets), book-to-market equity
(be_me), operating expenses relative to sales (sga2s), and
sales-to-price (s2p). Since market equity is a more timely

measure of firm size than total assets, this component appears
to identify firms experiencing rapid market-value growth rel-
ative to their accounting size, thereby resembling a growth-
related factor. Although its construction is partly linked to
size characteristics, it exhibits only a weak negative correla-
tion with HML. Consequently, this component is more closely
associated with firms’ profitability and growth prospects than
with traditional value effects.

The remaining components combine characteristics related
to trading frictions, profitability, and return persistence.
Although they exhibit weaker correlations with traditional
factor proxies, they contribute to capturing additional dimen-
sions of cross-sectional return variation beyond those repre-
sented by standard benchmark models.

ptThe T', component shown in figure 3 exhibits coef-
ficients that are, on average, more than ten times smaller
in magnitude than those of I'g. Nevertheless, the constant
is a mix of multiple characteristics. Most notably, it over-
weights asset turnover (at_turnover) and under-weights
Tobin’s Q (Q) to identify undervalued equities and adjust
their return upwards. Hence, the model sometimes under-
prices equities that have higher asset turnover and low market
value. This is further affirmed by the overweighted book-
to-market equity (be_me) and under-weighted (1me), sug-
gesting that important size characteristic(s) are missing to
fully explain the mispricing in relation between market and
intrinsic value.
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Figure 4. Alphas of priced portfolios.

Notes: The figure illustrates full sample unconditional annualized alphas using traditional models and IPCA for 25 Size and Book-to-Market
(25SBM), 25 Size and Momentum (25SM), and 17 Industry Portfolios (17IP). The black line represents the linear relationship between
annualied alphas and excess returns. Black squares, grey diamonds, light grey triangles, and white circles represent values that are statistically
significant at 1%, 5%, 10% and less than 10% significance level, respectively.

From the perspective of explaining the variability of returns
of anomaly portfolios, figure 4 depicts the generated time-
series alphas for 25SBM, 25SM and 17IP portfolios, where,
all methods produce mostly significant (at 1% level) alphas.
Contrary to Kelly et al. (2019) this suggests that IPCA

estimation produces factors that are not necessarily mean-
variance efficient. For 17IP, 25SBM, and 25SM portfolios,
IPCA(SVR) tends to produce smaller annualized alphas com-
pared to other models, with some being insignificant, how-
ever, they are inversely associated with the size of the excess



16 K. Baltas et al.

returns for the 25SM portfolios. Based on 25SBM and 25SM
portfolios, traditional models produce larger alphas compared
to ML methods (with 25SBM being an exception for the clas-
sic IPCA), with a fraction yielding weak and non-significant
values. Overall, the results indicate that IPCA is not able to
fully explain the fluctuations of anomaly portfolios.

5. Conclusion

This study shows that machine-learning enhancements to
the TPCA specification proposed by Kelly ef al. (2019) can
improve the modelling of the cross-section of equity returns.
Using a set of 46 firm characteristics and 9689 equities,
we find that while the original IPCA specification exhibits
strong in-sample performance, incorporating support vector
regression as a form of regularization generally produces
more stable latent factors and superior out-of-sample results,
suggesting that regularization helps mitigate overfitting and
better identifies persistent return-characteristic relationships.
An additional contribution of this study is the examina-
tion of the sensitivity of the results to the choice of SVR
hyperparameters. Using a Grid Search procedure combined
with walk-forward cross-validation, we find that the resulting
estimates, pricing-performance measures, and out-of-sample
results remain qualitatively similar to those obtained under
the baseline calibration procedure. This evidence suggests that
the main conclusions of the paper are not driven by a partic-
ular choice of hyperparameters and reinforces the view that
the benefits of regularization within the IPCA framework are
robust across alternative calibration approaches.

The findings also highlight the distinction between pre-
dictive performance and asset-pricing validity. Although
IPCA(SVR) generates economically meaningful factors with
strong risk-adjusted performance, significant pricing errors
remain, indicating that improved prediction does not neces-
sarily imply a complete description of expected returns.

From an economic perspective, the latent factors are pri-
marily associated with value, profitability, and trading-friction
characteristics. Rather than uncovering entirely new sources
of risk, the machine-learning specifications appear to combine
established firm characteristics into more efficient representa-
tions of the underlying determinants of returns. The results
further suggest that only a relatively small subset of charac-
teristics contributes materially to model performance, empha-
sizing the importance of regularization in high-dimensional
asset-pricing applications.

Overall, the findings support the use of machine-learning
techniques as a complement rather than a substitute for eco-
nomic asset-pricing theory. Machine learning appears partic-
ularly valuable in identifying persistent characteristic-return
relationships and constructing more efficient latent factors,
but the resulting models remain closely linked to traditional
economic concepts such as value, profitability, and market
risk. Future research could investigate whether more sophisti-
cated regularization procedures, alternative machine-learning
algorithms, more computationally efficient hyperparameter-
selection methods, or efficient characteristic portfolios (e.g.
Daniel et al. 2020) further improve the balance between

predictive accuracy, economic interpretability, and pricing
performance.
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Table Al. Characteristic variables.

No. Acronym in dataset Name | Category
Intangibles
2. oacc! Opperating accruals to book equity
25. oaccruals_at Opearting accruals to assets
26. opex_at Operating leverage
28. pcm Price to cost margin
Investment
13. ppeinv_grla Change in property, plant and equipment to lagged assets
17. at_grl One year asset growth
24. noa_grla Net operating asset one year growth
Past returns
20. ret_60_12 Long-term reversal
32. ret_3_12 Lagged two month return
33. ret_12_1 Momentum
34. ret_12_7 Intermediate momentum
35. ret_36_12 Long-term momentum
44, ret_1_0 Short-term reversal
Profitability
4. sale_me Sales to market equity
10. at_turnover Asset turnover
11. d2a Depreciation and amortization to assets
15. fc2y Fix costs to sales
217. ope_be Operating profits to book equity
29. ebit_sale Profit margin
30. cop_atl1? Gross profitability to lagged book assets
38. ebit_bev Return on net operating assets
39. niq_at Return on assets
40. ni_be Return on book equity
42. sga2s Selling, general and administrative expenses to sales
Trading frictions
3. assets Total assets
6. betabab_1260d* CAPM beta
16. ivol_ff3_21d° Idiosyncartic volatility
19. Ime Market equity
21. turnover_126d° Share turnover
22. beta_60m 5-year market beta
23. chesho_12m Net stock issues
36. prc_highpre_252d Lagged price to highest price in 12 months
37. resid_var’ Residual variance
43. bidaskhl 21d The average bid-ask spread in the previous month
45. dolvol_var_126d® Coefficient of variation for dollar trading volume
46. rvol_21d° Realized volatility
Value
1. at_me Assets to market equity
5. be_me Book to market equity
7. cash_at Cash to assets
8. cf Free cash flow to book equity
9. ocf_me Cash flow to market quity
12. divl2m_me Dividend yield to market equity
14. ni_me Earinings to market equity
18. lev Debt to debt and equity
31. Q Tobin’s Q
41. s2p Sales to price

Notes: The table below presents 46 firm characteristics aligned with the variables used by Chen et al. (2024) and are located in
French (2021) library or applied int the 2017 version of Freyberger er al. (2020). The majority of characteristics are obtained or
constructed from data generated by running the SAS code provided in Jensen et al. (2023). For further details on their computation
and detailed economic interpretation, please refer to these sources and the ‘Internet Appendix’ (IA) of Chen er al. (2024) as well as the
code documentation of Jensen et al. (2023). Some characteristics are replaced with analogues due missing actual, or lack of primary
variables needed for their computation. No. is the serial number of an identical or replaced characteristic in the IA of Chen er al. (2024).
Acronym is the index of the characteristic used in the computer dataset. Name — Category are the characteristic names and the category
they are allocated by Chen er al. (2024). Footnote numbers represent the replaced characteristics. Their revised computation method

: .1 : : : : ot : oaccurals_atXxassets 2
is as follows:" Changes in non-cash working capital minus depreciation scaled by book equity Book oquity “Return over

the one-month lagged previous two months.3Gross profit divided by the last available book equity.*Frazzini-Pedersen market beta
(Frazzini and Pedersen 2014).521 days idiosyncratic volatility of the Fama and French (1993) 3 factor model.®Share turnover over the
last 6 months.”Residual variance of the CAPM for the past 21 days.®Dollar volume volatility over the past 6 months.’Realized return
volatility for the past 21 days in place of variance.
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assets
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be_me -

betabab_1260d -

A regularized instrumented principal components analysis

-0.05-0.1 0.15-0.05-0.08;

cash_at 4 -0.410.06 -0,27—035-0.260,15-
cf 4 -0.17-0.270.24-0.02-0.23-0.08 0.04
ocf me 4 0.4 -0.470.28 0.37 0.33-0.07-0.26
at_turnover 4 -0.1 0.04-0.21 -0.1-0.05-0.06 0.2 0.07
d2a 4 -0.03-0.39-0.060.08-0.020.07-0.11-0.040.21 0.12
divl2m_me 4 0.15 0.03 0.34 0.06 0.11-0.21-0.190.16 0.23 »0.07—01)5-

ppeinv_grla 4 -0.120.15 0.07 -0.1 -0.1-0.01-0.13-0.19-0.03 0.08 0.11-0.04]
ni_me 4 0.07 0.34 0.27 0.13 0.09 -0.2-0.140.33 0.38 0.17-0.15 0.3 0.16|
fc2y 4 -0.37-0.02-0.39-0.28-0.250.16 0.42-0.08-0.36-0.010.03-0.29 -0.1 -0.33
ivol_ff3_21d 4 0.09 -0.1 :0.570.14 0.13 0.23 0.16-0.28-0.160.07 0.09-0.38-0.05-0.340.27
at_grl 4 -0.240.29 0.09-0.23-0.23-0.010.05 0 -0.1 0.07-0.18-0.08] 0.26-0.05-0.1 -
lev 4 0.46-0.270.36 0.29 0.03 0.02-0.46-0.010.21-0.110.05 0.12 0.04 0.01-0.27-0.09-0.0:
Ime 4 -0.260.02@—0,34-04370.16»0 08 0.3 0.1 -0.16-0.040.28 0.12 0.24 -0.2 0.19 0.15
ret_60_12 4 -0.340.21 0.21-0.27-0.33-0.070.01 0.18-0.030.07-0.130.07 0.3 0.31-0.12-0.280.39-0.08 0.36,

turnover_126d

-0.18-0.060.31-0.16-0.240.49 0.11 0.03-0.04-0.020.04-0.130.11-0.030.09 0.01 0.15 0.08 0.39 0.13

beta_60m - -0.03-0.06-0.05-0.02-0.06, 0.18 -0.1 -0.1-0.020.04-0.27-0.02-0.18 0.2 0.25 »0.01-0.02-003-0.090,31-
chesho_12m 4 -0.08 -0 -0.21-0.14-0.090.11 0.07-0.26-0.24 -0.1 0.01-0.190.11-0.260.14 0.24 0.2 0.01-0.15-0.020.14 0.15
noa_grla 4 -0.170.43 0.06-0.17-0.14-0.02-0.09-0.21 -0.2 0.04-0.12-0.06) 0.23 -0.04—0.07@0401 0.13 0.34 0.1 -0.010.15

oaccruals_at

-0.01] 07-0.030.01 -0.1-0.04-0.23-0.41 0.03-0.440.07 0.14 0.37-0.11-0.13 0.3 -0.030.07 0.21-0.04-0.07-0.010.45'

opex_at 4 -0.06-0.03-0.32 -0.05-0.02-0.010.07 -O.OZMOAIZ-O.IZ-(].(M 0.01 0.09 0.18-0.12-0.13-0.29-0.07-0.05 0.03 -0.06-0.09-0.05
ope_be 1 -0.19-0.050.37 0.03-0.37-0.06-0.17 0.35 0.3 0.18 0.2 0.2 -0.25-0.360.22 0.21 0.43 0.37 0.13-0.11-0.240.16 0.04 0.1 -
pem o -0.320.02-0.01-0.43-0.240.03 0.19 0.16-0.04-0.220.11-0.050.05 0.03 -0.040.11-0.110.13 0.11 0.1 0.03 -0 0.09-0.04-0.320.18
ebit_sale 4 -0.190.17 0.44-0.35-0.21-0.13 -0.1 0.43 0.25-0.22-0.130.27 0.17 -0.29-0.450.29 0.07 0.41 0.08-0.18-0.180.22 0.19-0.44. 041
cop_atll 4 -0.4 -0.4 0.08-0.19-0.360.07 0.12 0.35 0.22 0.38-0.030.17 0.1 0.12-0.11 0.2 -0.110.24 0.23 0.18 0.02-0.060.03 -0.470.06 0.37 0.37
QA ﬁ0.0G-0.0] WOAOS 0.14 0.18-0.320.06 0.07-0.110.19-0.060.24-0.140.26-0.140.35 0.36 0.21 0.01 0.1 0.22 0 -0.010.31 0.31 0.29 0.41-
ret 3_1 4 -0.15-0.010.04-0.11-0.17-0.03 0 0.08-0.040.02 -0 -0.01-0.01-0.02-0.02-0.120.01 -0 0.11 0.02 0.02-0.02-0.03-0.01 -0 0 0.06 0.02 0.06 0.05 0,17-
ret_12_1 4 -0.320.03 0.07-0.23-0.36 -0.1 0.02 0.2 -0.040.06-0.03-0.02-0.010.07-0.06-0.190.11-0.030.22 0.02 0.06-0.070.03 0 0.03 -0 0.18 0.050.18 0.13 0.35 0.4
ret_12_7 4 -0.210.05 0.06-0.15-0.23-0.060.02 0.15-0.010.05-0.04-0.010.02 0.11-0.05-0.120.14-0.03 0.16 0.02 0.05-0.04.0.06 0.04 0.05-0.010.16 0.05 0.16 0.11 0.22 0.03
ret_36_12 4 -0.3 0.220.13-0.23-0.3 -0.1 0.03 0.15-0.040.08-0.120.03 0.26 0.3 -0.09-0.210.38-0.08 0.26, 0.1 -0.060.04 0.32 0.22-0.040.33 0.1 0.350.19 0.32 0.01

pre_highpre_252d

resid_var -
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ni_be 4 -0.32 0.3 0.3 -0.13-0.36-0.12-0.02, 0.19 0.25-0.12 0.2 0.18 -0.2-0.380.35-0.030.42 0.47 0.09-0.14-0.250.27 0.33 0.05 0.18 0.34 0.35 0.07 0.22 0.2 0.43 0.32-0.39(UR:<NVVE ]
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Figure Al. Characteristic correlation.

Notes: The figure above depicts the correlation matrix of 46 characteristics used in the analysis. Colours range from ice blue to red and
represent the direction of the correlation coefficient. An absolute correlation of above 80% is present in 12 pairs of characteristics. Some
characteristics are correlated due to their computational structure (e.g. oaccurals_at and oacc share the same numerator), while others
have similar origin (resid_var and ivol_ff£3_214d are residuals estimated using CAPM and FF3, respectively). Hence, the high
correlations of certain characteristics, without regularization, may lead to multicollinearity issues in least squares optimization.
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Figure A2. Stock count.

Notes: The figure presents the sample size comparison between Kelly et al. (2019), and Chen et al. (2024) and the current analysis dataset, on
the overlapping dates. As evident, Kelly et al. (2019) utilize a more diverse set of stocks for testing, however, the number of characteristics
in their analysis is only 36, compared to Chen et al. (2024) and the current study’s 46. Furthermore, Kelly er al. (2019) replace missing
characteristics with cross sectional medians, hence, the current dataset is best compared to Chen et al. (2024), who claim to possess the most
complete sample available. As such, the current dataset lacks observations for the first 10 years in comparison to Chen ez al. (2024), although
after 5 years the gap shrinks by half with future yearly stock count being above 2000 units. Overall, the current sample is diverse for robust
in-sample estimation as well as out-of-sample pricing.

Table A2. Correlation of created portfolios with original portfolios.

171P 25SBM 25SM

Portfolio ) Portfolio 1) Portfolio P
Food 0.982 SMLL 0.943 SMLL 0.953
Mines 0.855 SMLM1 0.927 SMLMI1 0.937
Oil 0.993 SMLM2 0.941 SMLM2 0.922
Clths 0.973 SMLM3 0.953 SMLM3 0.92
Durbl 0.916 SMLH 0.958 SMLH 0.922
Chems 0.971 MEDMI1 0.951 MEDMI1 0.935
Cnsum 0.984 MEDM?2 0.952 MEDM?2 0.945
Cnstr 0.986 MEDM3 0.965 MEDM3 0.948
Steel 0.898 MEDM4 0.954 MEDM4 0.939
FabPr 0.933 MEDMS5 0.946 MEDMS5 0.892
Machn 0.983 MEDMG6 0.952 MEDM6 0.894
Cars 0.963 MEDM7 0.964 MEDM7 0.949
Trans 0.978 MEDMS8 0.961 MEDMS8 0.937
Utils 0.989 MEDM9 0.942 MEDM9 0.928
Rtail 0.982 MEDM10 0.929 MEDM10 0.879
Finan 0.93 MEDMI11 0.967 MEDMI11 0.9
Other 0.969 MEDM12 0.974 MEDM12 0.935

MEDM13 0.948 MEDM13 0.955
MEDM14 0.951 MEDM14 0.944
MEDM15 0.914 MEDM15 0.845

BGL 0.985 BGL 0.837
BGM1 0.972 BGM1 0.925
BGM2 0.93 BGM2 0.951
BGM3 0.907 BGM3 0.945
BGH 0.827 BGH 0.833
Max 0.993 0.985 0.955
Min 0.855 0.827 0.833
u 0.958 0.945 0.919

Notes: The table below presents correlations (p) of created portfolios with orig-
inals from French (2021) library. These are 17 Fama-French industry portfolios,
25 Size and Book-to-Market and 25 Size and Momentum portfolios. Overall,
considering the smaller dataset used in the portfolio formation, there is a con-
siderably high correlation between these portfolios and the originals, generally
within the 90% + range and rarely falling below 85%.
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Table A3. Descriptive statistics of common risk factors.
RMRF SMB(1) SMB(2) HML RMW CMA WML

u 0.008*** 0.002 0.002 0.001 0.003** 0.002 0.004*

(3.368) (1.024) (1.160) (0.535) (2.258) (1.579) (1.770)
Min —0.172 —0.168 —0.149 —0.140 —0.185 —0.069 —0.344
Max 0.136 0.212 0.181 0.126 0.134 0.096 0.184
o 0.043 0.032 0.031 0.031 0.026 0.020 0.048
3 —0.615 0.619 0.375 0.096 —0.412 0.639 —1.430
4 1.440 7.182 4.264 2.749 10.881 2.475 10.450
JB — st. 59.200 285.340 32.414 1.505 941.804 28.614 955.295
p(JB) 0.000 0.000 0.000 0.471 0.000 0.000 0.000
T 360
RMRF 1.000
SMB(1) 0.244 1.000
SMB(2) 0.241 0.977 1.000
HML —0.101 —0.224 —0.042 1.000
RMW —0.381 —0.543 —0.452 0.366 1.000
CMA —0.337 —0.145 —0.042 0.638 0.250 1.000
WML —0.282 0.014 —0.040 —0.221 0.066 0.011 1.000

Notes: This table illustrates factor descriptive statistics. RMRF is the excess value-weighted market return. SMB(1)
and HML are Fama and French (1993) size and growth proxies, while SMB(2) is the revised size proxy (Fama and
French 2015). RMW, and CMA are Fama and French (2015) profitability and investment factors. WML is the
Carhart (1997) momentum factor. u is the average proxy return, while its z-statistic is in parenthesis. Min and
Max are the lowest and highest observation in the sample, respectively. o, 13 and ji4 represent standard deviation,
skewness, and kurtosis of the data. JB — st. is the Jarque and Bera (1987) normality distribution test wile p(JB)
is its p-value. *, ** *** represent values that are statistically significant at 10%, 5%, and 1% significance level,

respectively.
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Table A4. Descriptive statistics of 25 size and book-to-market portfolios.

u Min Max o 3 o JB —st.  p(JB)
SMLL 0.011*** (2.619) —0250 0428 0.080 0494 3.157 15.025  0.001
SMLM1 0.014*** (3.905) —0219 0327 0.067 0308 2.749 6.653  0.036
SMLM2 0.014** (4.214) —0230 0251 0.062 —0.153 2.096 13.647  0.001
SMLM3 0.016™* (5.211) —0234 0292 0.059 —0.116 2.873 1.045  0.593
SMLH 0.019*** (5.245) —0.288 0323 0.068 0.261 3.688 11.184  0.004
MEDM1 0.011*** (3.108) —0.248 0300 0.068 —0.203 2.054 15.895  0.000
MEDM?2 0.013** (4.123) —0240 0.193 0.059 —0.613 2.129 33953  0.000
MEDM3 0.013*** (4.149) —0224 0245 0.057 —0.420 2.119 22.246  0.000
MEDM4 0.013*** (4.225) —0224 0221 0.056 —0.333 2.299 14.017  0.001
MEDM5 0.012*** (2.932) —0357 0436 0077 0301 6.020 142.263  0.000
MEDMG6 0.012*** (3.720) —0.248 0244 0.063 —0.346 1.810 28.431  0.000
MEDM7 0.013*** (4.688) —0219 0229 0.054 —0.448 2.262 20.187  0.000
MEDMS8 0.011*** (3.821) —0.222 0.248 0.056 —0.395 2.515 12.891 0.002
MEDM9 0.011** (3.664) —0.283 0.247 0.056 —0.336 3.642 12.947 0.002
MEDMI10  0.012*** (3.568) —0312 0296 0.062 —0.204 4.843 53.448  0.000
MEDMI11  0.012*** (3.996) —0219 0.190 0.056 —0.342 1.766 29.836  0.000
MEDM12 0.010*** (3.732) —0.220 0.208 0.051 —0.518 3.038 16.129 0.000
MEDM13 0.012*** (4.280) —0.258 0.232 0.054 —0.627 4.307 49.200 0.000
MEDM 14 0.011*** (3.593) —0.337 0.287 0.056 —0.724 7.451 328.685 0.000
MEDM15 0.011*** (3.205) —0.418 0.306 0.064 —0.422 8.086 398.688 0.000
BGL 0.011*** (4.397) —0.205 0.146 0.046 —0.482 1.889 32.452 0.000
BGM1 0.010*** (4.187) —0.202 0.134 0.046 —0.587 2.085 33.209 0.000
BGM2 0.011*** (4.362) —0217 0.161 0.048 —0.765 3.315 36.632  0.000
BGM3 0.009*** (3.595) —0.233 0.139 0.047 —0.638 2927 24.536  0.000
BGH 0.010*** (3.193) —0.293 0325 0.057 —0.199 6912 231971 0.000
T 360

Notes: The sample descriptive statistics illustrate the statistical properties of each of the 25 portfolios.
SML(small), MED(medium) and BG(large) refer to the portfolio size group while L(low), M(medium),
and H(high) represent book-to-market equity, with numbers from 1-15 indicating the lower to upper tier
of the middle group. Consequently, MEDM?7 is a medium size, medium book-to-market portfolio of tier
7. u is the average raw portfolio return for the period, while its t-statistic is in brackets. Min and Max are
the lowest and highest observation in the sample, respectively. o, i3, and fi4 are the second, third, and
fourth central moments of the sample, with represent standard deviation, skewness, and kurtosis of the
data. JB — st. is the Jarque and Bera (1987) normality distribution test with p(JB) representing its p-value.
* ek R represent values that are statistically significant at 10%, 5%, and 1% significance level, respec-
tively. Overall, only SMLM3 portfolio returns are normally distributed under the JB test at 99%, 95%
and 90% confidence intervals, while SMLMI1 returns are normally distributed only at 95% confidence.
All portfolios have a statistically significant mean at a 1% significance level with the majority also demon-
strating negative skewness, indicating at fatter left tails. Kurtosis varies noticeably between portfolios, with
leptokurtic, mesokurtic and platykurtic examples, however, it seems that small portfolios tend to be more
platykurtic-mesokurtic, while big portfolios go from being platykurtic to leptokurtic as book-to-market
value increases.
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Table AS. Descriptive statistics of 25 size and momentum portfolios.

u Min Max o 3 i JB—st.  p(JB)
SML 0.018*** (4.113) —0295 0437 0.081 0.642 3.987 39.327 0.000
SMLM1 0.016™* (5.254) —0221 0271 0.058 0.139 3.050 1.198 0.549
SMLM2 0.017** (5.831) —0240 0219 0.054 —0.411 3.125 10.363 0.006
SMLM3 0.015*** (5.330) —0.1839 0.178 0.053 —0.294 1.417 42.811 0.000
SMLH 0.013*** (3.805) —0257 0323 0.066 0.045 2.653 1.926 0.382
MEDM1 0.013** (2.817) —0335 0455 0.085 0.730 6.318 197.169 0.000
MEDM?2 0.012*** (3.924) —0267 0342 0.059 —0.159 5.015 62.434 0.000
MEDM3 0.013*** (4.698) —0226 0207 0.053 —0.505 2.267 23.378 0.000
MEDM4 0.012*** (4.583) —0216 0.171 0.051 —0.514 2.164 26.343 0.000
MEDM5 0.011*** (3.231) —0.234 0240 0.065 —0.307 1.508 39.026 0.000
MEDMG6 0.011** (2.489) —0352 0409 0.081 0.304 5.097 71.549 0.000
MEDM?7 0.012*** (4.048) —0275 0306 0.057 —0.237 5.412 90.640 0.000
MEDMS8 0.011*** (4.321) —0.204 0.241 0.050 —0.319 2.686 7.599 0.022
MEDM9 0.011%* (4.274) —0.194 0.189 0.051 —0.325 1.716 31.060 0.000
MEDMI10  0.014™* (4.453) —0.220 0.207 0.061 —0.411 1.312 52.844 0.000
MEDMI11 0.011** (2.497) —0418 0.392 0.083 —0.025 5.495 93.442 0.000
MEDM12 0.012*** (4.373) —0.265 0.244 0.054 —0.535 5.179 88.417 0.000
MEDM13 0.011%* (4.292) —0.219 0.220 0.047 —0.502 3.790 24.471 0.000
MEDM 14 0.011%* (4.398) —0.203 0.169 0.047 —0.448 2.460 16.400 0.000
MEDM15 0.011** (3.727) —0.237 0.218 0.058 —0.275 1.986 19.971 0.000
BGL 0.010** (2.238) —0.339 0.587 0.084 1.158 10.422  906.833 0.000
BGM1 0.010*** (3.685) —0.263 0.262 0.051 —0.202 5.192 74.507 0.000
BGM2 0.011*** (4.853) —0.186 0.162 0.042 —0.507 2.848 15.774 0.000
BGM3 0.011** (4.912) —0.169 0.137 0.041 —0.499 1.835 35.272 0.000
BGH 0.011** (3.952) —0.234  0.183 0.054 —0.503 2232 24.029 0.000
T 360

Notes: The sample descriptive statistics illustrate the statistical properties of each of the 25 portfolios.
SML(small), MED(medium) and BG(large) refer to the portfolio size group while L(low), M(medium),
and H(high) represent momentum, with numbers from 1-15 indicating the lower to upper tier of the mid-
dle group. Consequently, MEDM?7 reads as medium size, medium momentum portfolio of tier 7. u is the
average raw portfolio return for the period, while its t-statistic is in brackets. Min and Max are the lowest
and highest observation in the sample, respectively. o, i3, and ji4 are the second, third, and fourth central
moments of the sample, with represent standard deviation, skewness, and kurtosis of the data. JB — st. is
the Jarque and Bera (1987) normality distribution test with p(JB) representing its p-value. *, **, *** rep-
resent values that are statistically significant at 10%, 5%, and 1% significance level, respectively. Overall,
two portfolios—SMLM1 and SMLH are normally distributed under the JB test at 99%, 95% and 90% con-
fidence intervals, while MEDM11—under 95%. Most portfolios have a statistically significant mean at a
1% significance level, while MEDM6, MEDM 11 and BGL are only significant at 5% level. Most portfolios
demonstrate negative skewness, indicating at fatter left tails. Kurtosis varies noticeably between portfo-
lios, with leptokurtic, mesokurtic and platykurtic examples, however, it appears to be leptokurtic for most
portfolios.
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Table A6. Descriptive statistics of 17 industry portfolios.

u Min Max o 3 s JB—st. p(B)
Food 0.012*** (5.788) —0.139 0.143 0.039 —0.252 1.592 33.541 0.000
Mines 0.014*** (3.285) —0.343 0426 0.083 0.299 2.217 14.562 0.001
0Oil 0.010*** (3.076) —0.322 0320 0.064 0.139 4.465 33.365 0.000
Clths 0.017*** (5.338) —0.203 0.239 0.060 —0.127 1.534 33.201 0.000
Durbl 0.015*** (5.057) —0.220 0.295 0.057 —0.039 2.693 1.510 0.470
Chems  0.014** (4.565) —0.199 0269 0.060 0.106 2.146 11.616 0.003
Cnsum  0.013™* (6.110) —0.095 0.156 0.041 -—0.121 0216  117.154 0.000
Cnstr 0.016*** (5.273) —0.223 0203 0.059 —0.153 1.499 35.197 0.000
Steel 0.013*** (2.866) —0.353 0.289 0.089 —0.138 1.908 19.017 0.000
FabPr 0.016*** (5.441) —0.184 0242 0.057 —0.111 1.428 37.792 0.000
Machn  0.020™** (5.347) —0.267 0237 0.071 —-0.224 1.384 42.204 0.000
Cars 0.018*** (4.403) —0.246 0495 0.076 0.975 6.012 193.128 0.000
Trans 0.015*** (5.339) —0.190 0.178 0.052 —0.538 1.737 41.322 0.000
Utils 0.011** (5.441) —0.119 0.128 0.039 —0.450 0.684 92.571 0.000
Rtail 0.016™** (6.243) —0.126  0.192  0.048 0.068 0.902 66.274 0.000
Finan 0.016™** (5.617) —0.207 0206 0.055 —0.184 1.819 22.942 0.000
Other 0.016™** (6.469) —0.155 0.154 0.046 —0.110 0.965 62.863 0.000
T 360

Notes: The sample descriptive statistics illustrate the statistical properties of each of the 17 industry port-
folios. u is the average raw portfolio return for the period, while its t-statistic is in brackets. Min and Max
are the lowest and highest observation in the sample, respectively. o, fi3, and fi4 are the second, third,
and fourth central moments of the sample, with represent standard deviation, skewness, and kurtosis of
the data. JB — st. is the Jarque and Bera (1987) normality distribution test with p(JB) representing its
p-value. *, ** *** represent values that are statistically significant at 10%, 5%, and 1% significance level,
respectively. Overall, no portfolio is normally distributed under the JB test at any confidence intervals.
All portfolios have a statistically significant mean at a 1% significance level and the majority has nega-
tive skewness. Kurtosis varies noticeably between portfolios, with leptokurtic, mesokurtic and platykurtic
examples. ‘Durables’ are only normally distributed at 1% significance.
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A.3. Algorithms
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Algorithm 1: IPCA(SVR) model.

Input: R°,Z,R°,T,N,L,K,C,¢

Result: ', F

// Set the maximum number of iterations

p < 1000;

L"s{neZ:0<n<p+1};

K<« K+ 1;

T, < 0 e REXK,

fiy1 < 0¢€ REX1 andf,,, € Fy;

// Apply unstandardized principal components analysis to characteristic weighted

portfolios
RR° .
—1 = VLV,
| PR
fort < 1to7T — 1do
-1
‘ fonn < (0,4 ZiZTn) T Zirf s

end
// Fit T and F until convergence
while T, F, LN I.F do
fori < 1toN do
forz<—_1t0T—1do
if Ty = 0 then
‘ Srzip < VeC(([l,f;_H]/ ®2ziy)); // restricted model
else B
‘ fi1zie < vee((f14) ®2i1)); // unrestricted model
end
Si,t+1 <~ r2t+1 - Vec(rn)CftJr]zi,t;
Vec(f,,) < arg ming %Vec(l_")/vec(f') + CZ?]ZI th_ll max(0, |&; s+1] — €);

end

end
l_",, <« VCCZ}( (Vec(l_‘,l))/ and enforce orthogonality and enforce sign convension;

fort < 1to7 — 1do
Fuii1 < (rjgz;z,r,g)

_l ,
Ty

z; (er —ZTa):
end

F, < [1,F,]

end
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