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Abstract Understanding the relationships between internal variability and forced climate feedbacks is key
for using observations to constrain future climate change. Here we probe and interpret the differences in these
relationships between the climate change projections provided by the CMIP5 and CMIP6 experiment
ensembles. We find that internal variability feedbacks better predict forced feedbacks in CMIP6 relative to
CMIP5 by over 50%, and that the increased predictability derives primarily from the slow (>20 years) response
to climate change. A key novel result is that the increased predictability is consistent with the higher
resemblance between the patterns of internal and forced temperature changes in CMIP6, which suggests
temperature pattern effects play a key role in predicting forced climate feedbacks. Despite the increased
predictability, emergent constraints provided by observed internal variability are weak and largely unchanged
from CMIP5 to CMIP6 due to the shortness of the observational record.

Plain Language Summary A key goal in climate change research is to use observed, internal climate
feedbacks to constrain the forced feedbacks that govern climate change. Here the authors explore the differences
in the relationships between internal and forced climate feedbacks in simulations run under the auspices of the
two recent IPCC reports: The CMIP5 and CMIP6 simulations. They find notable increases in the relationships
between internal and forced feedbacks between CMIP5 and CMIP6, and attribute these increases at least

partially to the patterns of temperature variability associated with internal climate variability and forced climate
change. However, they argue that the increases do not lead to improvements in our ability to constrain future
climate change based on observations due to the uncertainty in the observed, internal climate feedbacks.

1. Introduction

A common approach to reducing uncertainty in climate change projections is to use observed internal variability
to constrain the model-simulated feedbacks that govern the forced response to increasing greenhouse gas con-
centrations (e.g., Caldwell et al., 2018; Hall et al., 2019; Hall & Qu, 2006; He et al., 2021; Qu et al., 2018; Uribe
et al., 2022, 2024; Williamson et al., 2021). Here we are motivated by the notable differences in climate change
projections between the CMIP5 and CMIP6 experiments (e.g., Zelinka et al., 2020) to explore whether—and how
—constraints imposed by the climate feedbacks associated with internal variability have likewise changed be-
tween the two sets of simulations (e.g., Rugenstein et al., 2023). We are interested in quantifying the changes in
the relationships between internal climate feedbacks and forced climate feedbacks, the physical reasons for the
changes, and the resulting implications for our ability to use observed internal variability to constrain climate
change predictions. The results build on and extend several other studies that have probed internal climate
feedbacks in the CMIP3, CMIP5, and CMIP6 ensembles individually (Colman & Hanson, 2013, 2017; Colman &
Power, 2010, 2018; Dalton & Shell, 2013; Dessler, 2010, 2013; Dessler & Forster, 2018; He et al., 2021; Lutsko &
Takahashi, 2018; Myers & Norris, 2015, 2016; Tsuchida et al., 2023a, Tsuchida, Mochizuki, Kawamura, &
Kawano, 2023; Uribe et al., 2022, 2024; Zhou et al., 2015).

Throughout this study, we define §,; as the linear relationship between (a) the amplitude of a given climate
feedback 4 in an unforced simulation of pre-industrial climate variability and (b) the amplitude of the same
feedback in a forced simulation of abruptly quadrupled CO, concentrations by the same climate model. The study
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is framed around five guiding questions regarding the relationship f, between internal variability and forced
climate feedbacks:

1. How does f, change between the climate models used in CMIP5 and CMIP6?

2. Does g, change between the early response (years 1-20) and late response (years 21-150) to idealized CO,
forcing?

3. What feedback processes govern the differences in 3, between the CMIP5 and CMIP6 simulations, and be-
tween the early and late responses to abrupt 4 X CO, forcing?

4. Is p, linked to the resemblance between the patterns of internal temperature variability and forced temperature
change (i.e., is it influenced by temperature patterns effects)?

5. Do the differences in f; between the CMIP5 and CMIP6 simulations influence emergent constraints on future
climate change—and thus our confidence in predictions—when observations are used to estimate the internal
climate feedbacks?

Section 2 outlines the numerical models and methodology used in the study. Section 3 addresses the five guiding
questions outlined above. In Section 4 we return to the above questions and discuss the implications of the results.

2. Models and Methodology

We use output from pre-industrial control and 4 X CO, experiments run on 30 models from CMIPS5 and 59 models
from CMIP6 (Supporting Tables S1, S2 in Supporting Information S1). The CMIP5 and CMIP6 pre-industrial
experiments use constant radiative forcing agents representative of the period prior to the industrial revolution
(Eyring et al., 2016; Taylor et al., 2012); the abrupt 4 X CO, experiments were branched from the pre-industrial
experiments with an instantaneous, uniformly quadrupled CO, perturbation (Eyring et al., 2016; Taylor
et al., 2012). All output is mapped onto a standard 5° X 5° longitude-latitude grid using an area-conservative
weighting scheme (Hanke et al., 2016).

We refer repeatedly to four principal quantities throughout the paper.

A!: The internal climate feedbacks derived from the pre-industrial experiments.

AF: The forced climate feedbacks derived from the abrupt 4 X CO, experiments.

B,: The inter-model linear relationship between A and AF for a given CMIP ensemble.
Al The internal climate feedbacks estimated from detrended observations.

The model feedbacks are estimated using the regression methodology introduced by Gregory et al. (2004).
Global-mean climate feedback parameters are found by regressing global-mean radiative flux anomalies (R) onto
global-mean surface temperature anomalies (7):

RT

1= (1)

where R and T represent departures from the pre-industrial monthly climatology, overbars denote time-means,
and primes denote deviations from the time-means. Spatially varying feedback parameters are found in a similar
manner by regressing local radiative flux anomalies R, against global average temperature anomalies T (e.g.,
Andrews et al., 2015; Hedemann et al., 2022):

A= )

For each model, the internal variability feedbacks A’ are estimated from the first ensemble member of each pre-
industrial experiment, and the forced feedbacks A are estimated from the first ensemble member of each abrupt
4 x CO, experiment. We also calculate fast and slow components of the forced feedbacks by dividing the 150-
year 4 X CO, experiments into early (years 1-20) and late (years 21-150) periods (Andrews et al., 2015; Geoffroy
et al., 2013; Held et al., 2010). For the forced climate feedbacks, we use annual-average anomalies in order to
avoid non-linearities arising from the strong projection of the forced response onto the seasonal cycle (not shown).
For the internal variability feedbacks, in order to match the methodology required for observations, we (a) use
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averages of 11 successive 292-month (x24-year) regressions from the first 150 years of each simulation
(overlapping periods by 12 years, and with each period starting in March), and (b) use monthly anomalies formed
by subtracting monthly 24-year climatologies from each regression period. Results based on single 150-year
regressions and/or 150-year climatologies are qualitatively similar (not shown; see also Dalton & Shell, 2013).
The relationships f; between A and A are found by regressing the model-dependent (time invariant) values of A*
onto the corresponding model-dependent values of A7, that is:

B [ﬂ,p*),l*]
p, = @] 3)

where brackets denote weighted multi-model averages across the CMIP5 or CMIP6 model simulations (see
below), and asterisks denote departures from the multi-model averages.

In the case of observations, the internal climate feedbacks A are estimated by applying the regression method-
ology in Equation 1 to (a) global-average CERES EBAF top-of-the-atmosphere (TOA) radiative flux anomalies R
(Loeb et al., 2018) and (b) global-average HadCRUTS surface temperature anomalies 7 (Morice et al., 2021) over
the period March 2000 to June 2024. In order to reduce the regression uncertainty, we use monthly anomalies
instead of annual anomalies. We form the R and T anomalies by (a) subtracting their 24-year monthly clima-
tologies then (b) removing the long-term linear trend from each result (in order to minimize the signals of
radiative forcing and forced climate change in the observational record). In practice, similar results are obtained if
we subtract from the CERES TOA radiative flux an explicit, annually resolved estimate of the historical radiative
forcing (Dessler & Forster, 2018). The regression uncertainty of the observational feedbacks represents the
uncertainty due to internal variability. Notably, the regression uncertainty of the 24-year feedbacks from each pre-
industrial simulation is similar in magnitude and significantly correlated with the spread of the feedback estimates
across successive 24-year periods (not shown).

All inter-model statistics are calculated using an “institutional democracy” scheme which treats each group of
model results from the same institute as an independent sample (Abramowitz et al., 2019; Leduc et al., 2016;
Masson & Knutti, 2011). This approach reduces double counting biases, where the degrees of freedom on inter-
model statistics are overestimated due to giving similar results from models with more published variants higher
weight (Leduc et al., 2016; see also Supporting Text S2 in Supporting Information S1). This effect is particularly
strong in CMIP6, where several institutes publish as many as four or five model variants (Table S2 in Supporting
Information S1). We applied institutional democracy by weighting the results in our multi-model averages and
inter-model regressions by the number of models available from their respective institutes (e.g.,
[1] = Zw;4,/Zw;, where w; = 1/n; are the model weights and n; is the model count for the parent institute of
model i; see Tables S1, S2 in Supporting Information S1). In practice, the most notable effect of using institutional
democracy rather than model democracy is to increase the uncertainty of the regression estimators; the regression
coefficients themselves are qualitatively similar (not shown).

3. Results
3.1. Differences Between Internal and Forced Feedbacks in CMIP5 and CMIP6 Climate Models

Figure 1 shows the regression coefficients from linear regressions of forced climate feedbacks (17) against in-
ternal variability feedbacks (47) across each of the CMIP5 (light shading) and CMIP6 (dark shading) multi-model
ensembles. The individual feedbacks and their consistency with previous work are documented in Supporting
Text S1 and Supporting Figures S1-S2 in Supporting Information S1. The line fits associated with the regression
coefficients in Figure 1 are shown in Supporting Figures S3—S5 in Supporting Information S1. The first column of
Figure 1a shows results for the net feedbacks. In the case of the CMIP5 models, the amplitude of the relationship
between the net internal and forced feedbacks is §, = 0.20Wm2K~!/Wm™K™!, the fit explains 12%
(r = 0.35) of the inter-model dispersion in the forced feedbacks, and the regression coefficient is not statistically
significant at the 95% level (see also Supporting Figure S3 in Supporting Information S1). In the CMIP6 models,
the relationship between the internal and forced feedbacks is more robust. The amplitude of the relationship is
more than twice as large as in the CMIP5 models (8, = 0.36), the fit explains 26% (r = 0.51) of the inter-model
dispersion in the forced feedbacks, and the regression coefficient is statistically significant at the 95% level. This
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Figure 1. Relationships between forced and unforced climate feedbacks. Each background shading zone corresponds to
the feedback component indicated on the x-axis. Bars indicate (institute-weighted) inter-model linear regression coefficients.
Pale and dark shading indicate inter-model regressions across the CMIP5 and CMIP6 ensembles, respectively. Gray, blue,
and pink shading indicate inter-model regressions against internal variability feedbacks using the full forced response (years
1-150), early forced response (years 1-20), and late forced response (years 21-150), respectively. Thin whiskers (thick
whiskers) indicate the 95% (50%) uncertainty bounds for the regression coefficients according to two-sided student's 7-tests.

contrasts notably with many other constraints on the forced response, which generally exhibit decreased strength
in CMIP6 (Schlund et al., 2020).

The last four columns in Figure 1a decompose the results into components related to (a) clear-sky feedbacks A
(calculated by regressing clear-sky radiative flux Rcg against surface temperature 7') and (b) net, shortwave, and
longwave cloud feedbacks Acgg (calculated by regressing the cloud radiative effect CRE = R — Ry against
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surface temperature 7'). The component 3, values represent inter-model regressions of each forced feedback term
(i.e., /I'ZS, lgRE) against each internal variability counterpart (i.e., /IICS, AICRE). We also estimated masking-adjusted
cloud feedbacks using radiative kernels (Soden et al., 2008; Soden & Held, 2006), and the resulting 3, coefficients
were very similar to the results for cloud feedbacks without masking adjustments (Supporting Figure S6 in
Supporting Information S1; see also Supporting Text S3 in Supporting Information S1). Thus, in order to simplify
comparisons with observations, we use CRE to estimate cloud feedbacks for the rest of this paper. Note that the
decompositions shown in Figure 1 are not linear; that is, in general, j s #p es T s \cxe since inter-model re-

gressions of the feedback components Aygr = Acs + Acgp introduce cross terms (e.g., /125 -/1'CRE) into the
calculation of the regression coefficient in Equation 3. Nevertheless, the decomposition highlights (a) the climate
feedback processes that are most closely related across internal and forced climate changes; and (b) the climate
feedback processes that drive the largest differences in , between CMIP5 and CMIP6.

Across both CMIP5 and CMIP6, the strength of the relationship between unforced internal variability and forced
climate change is greater for cloud processes than for clear-sky processes (Figure 1a). Both processes lead to
larger f3, values in CMIP6 than in CMIP5: The inter-model regression coefficient increases from f, = 0.47 to
0.57 for cloud processes, and from zero to #;, = 0.19 for clear-sky processes (see also Supporting Figure S3 in
Supporting Information S1). The changes in cloud processes between CMIP5 and CMIP6 are much clearer when
they are decomposed into their shortwave and longwave components. The shortwave cloud feedback regression
coefficient nearly doubles from CMIP5 to CMIP6 (5, = 0.36 to 0.63; Figure 1a), and the variance explained by
internal variability more than doubles from 24% to 53% (Supporting Figure S3 in Supporting Information S1).
The longwave cloud feedback constraint is effectively zero in CMIPS but is a notable #; = 0.60 in CMIP6, with
36% of the variance in the CMIP6 longwave cloud response explained by internal variability.

3.2. Differences Between Early and Late Feedbacks

We next decompose the differences in f; between the CMIP5 and CMIP6 ensembles into components driven by
the early (fast) and late (slow) responses to the 4 X CO, perturbation, estimated by calculating forced feedbacks
separately for years 1-20 and years 21-150 of the simulations (respectively). The gray and black bars in
Figures 1b and 1c are reproduced from Figure 1a (respectively); the blue bars show results for the early period;
and the red bars results for the late period. Across both CMIP5 and CMIP6, the late forced cloud feedbacks are
more closely related to the internal variability feedbacks than the early forced cloud feedbacks (Figures 1b and 1c,
center). That is, the internal variability of each model provides more information about its far-future cloud-
radiative response to increasing CO, than its near-future response. The stronger f, relationships in CMIP6
relative to CMIP5 are also apparent for both the early and late periods (compare Figures 1b and 1c). The dif-
ferences in 8, between the CMIP5 and CMIP6 ensembles are generally more pronounced in the late response than
the early response (see also Supporting Figures S4, S5 in Supporting Information S1). While the clear-sky
feedbacks in CMIP5 are a notable exception (Figure 1b, center-left), this is partly due to the comparatively
low inter-model spread of clear-sky feedbacks combined with the impact of two outlier models (see Supporting
Figures S4-S5, B in Supporting Information S1).

3.3. Spatial Structure of the Relationships Between Internal and Forced Feedbacks

The results in Figure 1 indicate that the cloud component of the response to increasing CO, is more closely related
to internal variability than the clear-sky response, with the individual shortwave and longwave components
exhibiting much stronger inter-model relationships in CMIP6 compared to CMIPS5. In Figure 2, we probe the
spatial structures that underlie the differences in §; ,  between the CMIP5 and CMIP6 simulations (e.g., Caldwell
et al., 2018). Results are again decomposed into the early and late responses to 4 X CO, perturbations. We first
perform spatial decompositions of f; by regressing local contributions to the global-mean forced cloud
feedbacks (found using Equation 2) against the global-mean internal variability feedbacks shown in Figure la.
The first two rows of Figure 2 show the resulting spatial patterns. Note that the global average of each pattern is
equivalent to a bar shown in Figure 1 (e.g., the global-mean of Figure 2a is equivalent to the blue bar labeled cloud
effect in Figure 1b). The key results of the decomposition are that (a) the positive inter-model regression co-
efficients f3, . in Figure 1 derive mainly from tropical Pacific processes (Figures 2a-2b and 2d-2e, red shading);
(b) the differences in f, ,, between CMIP5 and CMIP6 are most pronounced during the late period (consistent
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Local cloud effect feedback inter-model regressions
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Figure 2. Local contributions to inter-model cloud feedback regressions and surface temperature change. The first and
second columns indicate results for the CMIPS5 and CMIP6 ensembles, respectively. The third column shows zonal-average
differences between the first two columns. The upper panels indicate spatial decompositions of the cloud radiative effect
feedback regression coefficients from Figure 1. Global averages of the upper first column (a, d) and the upper second column
(b, e) are equivalent to bars from Figures 1B and 1C (respectively). The first and second rows show decompositions for the
early (year 0-20) and late (year 21-150) forced responses to quadrupled CO,, respectively. The lower panels indicate
(institute-weighted) average surface temperature change. The third row shows local temperature departures associated with
internal variability in global-average temperature (g, h). The fourth and fifth rows show local temperature departures from
the global-average early (i, j) and late (k, 1) forced responses, respectively. Stippling indicates regions excluded from the
spatial projections (see text).

with Figures 1b and lc, center); and (c) the differences in f,  during the late period arise from both the tropics
(Figure 2f and 30°S to 10°N) and the Southern Ocean (Figure 2f and 60°S to 30°S; compare Figures 2d and 2e).

The differences in the regression patterns between the early response (Figures 2a and 2b) and the late response
(Figures 2d and 2¢) suggest a possible role for sea-surface temperature pattern effects in driving changes in §, .
The last three rows of Figure 2 explore this role. The first of these rows shows the (institute-weighted) multi-
model average relationships between local and global-mean temperature change in the unforced CMIP5 and
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CMIP6 simulations (Figures 2g and 2h). That is, it shows the patterns of temperature change associated with
internal variability in global-mean temperature. The results are formed from each control simulation by (a)
subtracting the global-mean temperature anomaly T from every time step to form the departure field T, which is a
function of grid point and time step and—by construction—has a spatial-mean of zero at each time step, then (b)

projecting the departure time series 7y onto the global-mean time series 7, that is: <T; T) where the overbar
I

denotes the time mean, the subscript / denotes internal variability, and 7 = T/o; denotes the anomalous global-
mean temperature normalized by its standard deviation o;. Across both CMIP5 and CMIP6, unforced variations in
T are dominated by the eastern tropical Pacific. The bottom two rows show (institute-weighted) multi-model
averages of the same temperature pattern metric calculated from the early (Figures 2i and 2j) and late
(Figures 2k and 21) components of the forced response to quadrupled CO,. That is, they indicate the patterns of
temperature change associated with forced changes in global-mean temperature. Here the results are formed by
(a) subtracting the global-mean forced temperature response T at each time step to form the spatially varying

component of the response 77 , then (b) projecting 7 onto the global-mean response 7, that is: (Tj T) where
F

now the subscript F denotes the forced response and 7' = T/ denotes the global-mean response normalized by
its standard deviation o. Note this metric is similar to the relative warming metric (W)F/a% used in other
studies of time-evolving climate feedback processes (e.g., Andrews et al., 2018, 2022; Armour et al., 2013).
Replacing our projection metrics with the relative warming metrics (7,T),/o7 and (T, T),/ o7 yields qualitatively

similar results (not shown).

We are interested in the similarities between (a) the unforced patterns of temperature variability (Figures 2g—2h)
and (b) the forced patterns of temperature change (Figures 2i—21). We are primarily concerned with similarities in
the tropical Pacific, where the patterns of f; exhibit the largest differences between CMIP5 and CMIP6
(Figures 2a-2f). The early patterns of forced temperature change (Figures 2i and 2j) exhibit little structure in the
tropical Pacific and thus bear little resemblance to the patterns of unforced temperature variability (Figures 2g and
2h). In contrast, the /ate forced patterns (Figures 2k and 21) exhibit more distinct eastern tropical Pacific warming
(see also Andrews et al., 2015, 2022) and thus bear greater resemblance to the unforced patterns.

The role of temperature patterns in driving changes in , can be inferred by comparing spatial projections (i.e.,
cosine weighted inner products) of the patterns of forced temperature change onto the patterns of internal tem-
perature variability. We compute projections using the patterns from each individual model, then take (institute-
weighted) multi-model averages of the projections for each of the CMIP5 and CMIP6 ensembles. We also restrict
each projection to the tropical and extratropical Pacific (i.e., ocean grid cells within 50°S-0°S 150°E—70°W,
0°N-10°N 125°E—70°W, and 10°N-50°N 125°E—100°W; stippling in Figures 2g-21 indicates the regions
excluded). We denote P(I,Fy) as the spatial projections of early forced temperature patterns onto internal
variability temperature patterns; and P(/,F;) as the spatial projections of late forced patterns onto internal
variability patterns. The key results are as follows: (a) The spatial projection P(I,F;) is about 85% larger than
P(1, Fz) for the CMIP6 simulations, but only 12% larger for the CMIP5 simulations; and (b) The spatial projection
P(1,F;) is roughly 40% larger in CMIP6 than in CMIP5. The results are qualitatively similar when using (a)
spatial correlation coefficients instead of spatial projections or b) scaled relative warming patterns instead of local
temperature departures (see above). Quantitatively, the results thus indicate that the spatial similarities between
the patterns of internal and forced temperature change are (a) higher in both CMIP5 and CMIP6 for the late
period; and (b) larger in CMIP6 than CMIPS5 during the late period. That the similarity between the patterns of
internal and late forced temperature variability is more pronounced in CMIP6 suggests that the changes in f,
between the two ensembles derive at least in part from the more pronounced similarities between internal patterns
of temperature variability and forced patterns of temperature change over the key Pacific region.

3.4. Using the Relationships Between Internal and Forced Feedbacks as an Emergent Constraint

The relationships between internal and forced feedbacks can be combined with observational estimates of internal
climate feedbacks to provide emergent constraints on forced climate feedbacks as follows (e.g., He et al., 2021;
Lutsko et al., 2021; Lutsko & Takahashi, 2018; Uribe et al., 2022):

A =[]+ B (A = [21]) 4)
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Figure 3. Emergent constraints on forced climate feedbacks using observed internal variability. The top row indicates
constraints on the forced cloud radiative effect feedback. The bottom row indicates constraints on the total (net) forced
climate feedback. The columns indicate results for the CMIP5 and CMIP6 ensembles, respectively. Gray markers indicate
forced and internal climate feedbacks for individual models. Gray lines and shading indicate (institute-weighted) inter-model
linear regressions and their 95% uncertainty bounds. The size of each marker is proportional to its weight in the regression
(see text). Blue lines and shading indicate the mean and z-distributed 95% uncertainty bounds for the observational estimate
of the corresponding internal variability feedback (see text). Pink lines and shading indicate the mean and 95% uncertainty
bounds for the constrained estimate of the late forced climate feedback, accounting for both observational and regression
uncertainty (see text). Horizontal gray dotted and dashed lines indicate (respectively) the mean and #-distributed 95%
uncertainty bounds for the unconstrained forced feedbacks (i.e., y-coordinates of the gray markers). Lower right annotations
indicate the percentage of (institute-weighted) variance in the forced feedbacks explained by each regression (i.e., the
coefficient of determination ?). Upper left annotations indicate the amount that each emergent constraint reduces inter-
model spread in the response (i.e., the pink shading width minus the distance between the dashed gray lines). Positive values
indicate unsuccessful constraints and are highlighted with red. The darker bands of blue and pink shading indicate the
uncertainty associated with equivalent observational feedbacks derived from a hypothetical 50-year observing period instead of
the true 292-month (x24-year) period.
In the above, all parameters are as defined earlier, brackets indicate (institute-weighted) multi-model averages,
and AT is the observationally constrained forced climate feedback. Figure 3 shows the resulting emergent con-
straints on (A, B) the cloud component of the late forced climate feedback and (C, D) the net late climate feedback
for each of the CMIP5 and CMIP6 ensembles. Both the cloud feedback constraint AL, and the net constraint
Af,ET are estimated with a bootstrapping procedure. The constraint methodology can be understood from Figure 3
as follows:
DAVIS ET AL. 8 of 13
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o The vertical blue lines and shading indicate (a) 292-month (x~24-year) observational estimates for the internal
climate feedbacks A’, and (b) their 95% uncertainty bounds, calculated from the z-distributions of the
regression estimators (after replacing the degrees of freedom n — 2 with n, = n(1 — r;)/(1 + r;) — 2 to
account for serial correlation r; in the regression residuals; Dessler & Forster, 2018, Thompson et al., 2015,
Santer et al., 2000).

o The gray lines and shading indicate the inter-model regressions 3, and their 95% uncertainty bounds (using the
regression degrees of freedom 71, = Z;w; — 2, where w; are the institutional democracy weights w;; see also
Equation 3, Supporting Figure S5 in Supporting Information S1).

e The horizontal pink lines and shading indicate the mean emergent constraints A" and their 95% uncertainty
bounds, arising from the propagation of the observational uncertainty (blue) through the regression uncer-
tainty (gray). We estimate this combined uncertainty by (a) drawing 107 random samples from the observed A’
t-distribution, (b) applying Equation 4 using a random inter-model regression coefficient drawn from the #-
distribution of f,, then (c) adding a random ¢-distributed error term scaled by the (institute-weighted) standard
error of the regression s (e.g., Simpson et al., 2021).

e The horizontal dotted and dashed lines indicate the mean unconstrained forced climate feedbacks and their
95% uncertainty bounds, defined using a ¢-distribution with the (institute-weighted) sample mean and standard
deviation from the y-coordinates of the markers.

Overall, the emergent constraints on forced climate feedbacks provided by A’ and g, are fairly weak (Figures 3a
and 3b). Using the entire March 2000-June 2024 CERES period of record, observed internal variability reduces
uncertainty in the forced cloud feedback AL, by ~13% for each of the CMIP5 and CMIP6 ensembles. The
CERES observations also reduce the uncertainty in the net forced feedback A* by ~7% for the CMIP6 ensemble,
while the constraint is unsuccessful in CMIP5 (i.e., AT is more uncertain than AT; Figures 3¢ and 3d). The modesty
of the constraints arises mainly from the large uncertainty associated with the short 24-year observational record
(see also Uribe et al., 2022). As indicated by the darker blue and pink shading in Figure 3, if the effective length of
the record is increased to 50 years (i.e., the degrees of freedom of the regression are roughly doubled), then the
observations reduce the uncertainty in the forced cloud feedback AL, by ~22% for both the CMIP5 and CMIP6
ensembles, and by ~11% for the net forced feedback A" in CMIP6.

The cloud feedback constraints in Figure 3 are somewhat weaker than those reported He et al. (2021). This is most
likely due to two steps in our observational methodology that were not used by He et al. (2021): (a) We detrend the
observed temperature time series 7 and cloud radiative effect time series CRE before calculating regressions of
CRE onto T; and (b) we account for serial correlation in the regression residual when estimating the degrees of
freedom n, used for our observational feedback uncertainty bounds. We prefer detrending the data in order to
minimize the influence of anthropogenic forcing on our feedback regressions and to more directly target the
internal variability component of the historical record. The fewer CMIP6 models available to He et al. (2021) at
the time of their study also contribute to the increased constraint strength by producing a slightly higher fxp
compared to the models in this study. We are able to approximately reproduce the strength of the He et al. (2021)
constraint after adopting the above methodological choices (Supporting Figure S8 in Supporting Information S1;
see also Supporting Text S4 in Supporting Information S1).

4. Conclusions

The observational record can be used to quantify the climate feedbacks associated with internal variability.
However, observations are of limited use for directly quantifying the climate feedbacks associated with
anthropogenic forcing, since (a) estimates of the forced feedback require an explicit estimate of historical radi-
ative forcing, which is itself uncertain (e.g., Raghuraman et al., 2023; Smith & Forster, 2021); and (b) the CERES
era provides only a single ~24-year realization of the forced response to climate change, with a warming pattern
that is notably distinct from model-simulated climate change (e.g., Marvel et al., 2018; Wills et al., 2022). As
such, understanding the relationships between internal variability and forced climate feedbacks is essential for
understanding the ability of observations to constrain future climate change.

Here we have quantified and interpreted the relationships between internal variability and forced climate feed-
backs in the CMIP5 and CMIP6 experiment ensembles. A key novel result is that (a) the amplitude of the
relationship between internal variability and forced climate feedbacks is consistent with (b) the degree of
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resemblance between the patterns of internal and forced temperature changes. That is, the amplitude of the
relationship is linked to the temperature pattern effect. The role of the pattern effect is reminiscent of the
“fluctuation-dissipation” perspective of the climate response to external forcing (e.g., Leith, 1975). For example,
the atmospheric circulation response to external forcings—including those associated with climate change—
projects most strongly onto the patterns of internal atmospheric variability that have the longest decorrelation
times (Ring & Plumb, 2007, 2008). The patterns with the longest decorrelation times, in turn, arise as the leading
patterns of internal climate variability since they explain the largest fraction of the variability in the climate
system on monthly and longer timescales. The results shown here suggest that a similar mechanism acts to link the
patterns of internal and forced temperature changes. Importantly, the differences in 8, across time periods and
ensembles are due to differences in the forced response rather than aliasing of internal variability into the forced
signal; we obtain similar results if we explicitly remove interannual variations about the long-term trends from
each quadrupled-CO, time series before regressing R against 7' (Supporting Figure S7 in Supporting Informa-
tion S1; see also Supporting Text S3 in Supporting Information S1).

We close by addressing the five guiding questions outlined in the Introduction.
1. How does f, change between the climate models used in CMIP5 and CMIP6?

Internal variability feedbacks better predict forced feedbacks in CMIP6 relative to CMIPS. In terms of net
feedbacks, the relationship between internal variability and the forced response is ;, = 0.20 in CMIP5 but
B, = 0.36 in CMIP6 (Figure 1a). The inter-model variance explained by internal variability feedbacks is only
12% in CMIPS, but 26% in CMIP6 (Supporting Figure S3 in Supporting Information S1).

2. Does 3, change between the early response (years 1-20) and late response (years 21-150) to idealized CO,
forcing?

Yes: f, is generally larger for the late response (years 21-150) to abruptly quadrupled CO, concentrations.
Likewise, the increases in 3, between the CMIP5 and CMIP6 simulations derive primarily from the late period
(years 21-150) of the quadrupled CO, simulations.

3. What feedback processes govern the differences in 3, between the CMIP5 and CMIP6 simulations, and be-
tween the early and late responses to abrupt 4 X CO, forcing?

The larger amplitudes of f, in CMIP6 arise from both the cloud and clear-sky components of the net climate
feedback. Considered separately, both shortwave and especially longwave forced cloud feedbacks are much
better constrained by internal variability in CMIP6 than in CMIPS. Taken together, the improvement is less
striking due to compensation between shortwave and longwave feedbacks, but still reflects a modest increase
from 8, = 0.47 in CMIP5 to f; = 0.57 in CMIP6.

4. Is B, linked to the resemblance between the patterns of internal temperature variability and forced temperature
change (i.e., is it influenced by patterns effects)?

Yes: The patterns of forced temperature change (Tj T) bear greater resemblance to the patterns of internal
F

temperature variability (T;‘ T) in CMIP6 than in CMIPS5. The resemblance to internal variability is also stronger
I

in the late response than the early response. As such, the cloud feedbacks associated with the internal pattern
effect are expected to better inform the cloud feedbacks associated with the long-term forced pattern effect in
CMIP6.

5. Do the differences in 3, between the CMIP5 and CMIP6 simulations influence emergent constraints on future
climate change—and thus our confidence in predictions—when observations are used to estimate the internal
climate feedbacks?

No: Not within the range of observational uncertainty (see also Uribe et al., 2022). The relationships between
internal and forced cloud feedbacks (as given by f, ) reduce the uncertainty of the forced cloud feedbacks by
roughly 13%. However, there is no improvement in the constraint between CMIP5 and CMIP6 despite the modest
increases in f3; . The lack of improvement in the constraint arises from (a) the large uncertainty associated with
the limited ~24-year observational record and (b) the larger range of forced feedbacks in CMIP6. Interestingly:
Both the CMIP5 and CMIP6 cloud feedback constraints remain modest even if the length of the observational
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record is assumed increased to 50 years. The implication is that it may not prove possible for many decades to
constrain global forced feedbacks from observations of global internal variability using the emergent constraint
framework. Alternative approaches based on individual cloud feedback mechanisms and spatially resolved cloud
responses may instead prove more fruitful (e.g., Lutsko et al., 2021; Myers et al., 2021).
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