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ABSTRACT: The optimal fingerprinting approach is central to detecting and attributing climate change. It utilizes a re-
gression model with covariates that have measurement errors, linked by a shared covariance matrix with the regression er-
ror up to a known scale. The inferences about the regression coefficients are vital for making reliable detection and
attribution statements, as well as for quantifying uncertainties in outcomes like attributable warming. Traditionally, this
has involved the total least squares (TLS) method, which depends on accurately estimating the covariance matrix of the re-
gression error. However, inaccuracies in this matrix’s estimation can lead to skewed scaling factor estimators and overly op-
timistic confidence intervals, potentially misrepresenting the accuracy of detection and attribution statements. The recent
advent of an estimating equations approach, which offers more efficient point estimation with smaller possible variance
and precise uncertainty quantification, prompts a critical reassessment of past climate change detection and attribution
analyses. By applying this advanced method to HadCRUTS observational data and CMIP6 multimodel simulations, our
study reevaluates temperature detection and attribution at global and regional levels, strengthens the existing detection
and attribution conclusions at the global scale, and provides evidence of the effect of anthropogenic forcings in various
regions.

SIGNIFICANCE STATEMENT: Optimal fingerprinting plays an essential role in quantifying human impacts on cli-
mate change by facilitating the statistical analysis of estimated scaling factors, which is fundamental for detecting and
attributing climate change to external forces. A well-acknowledged challenge in this process is the estimation of the co-
variance matrix of the regression error, which is critical in correcting the bias due to errors in variables and quantifying
the uncertainty of the resulting estimator. The challenge remained unsolved until the recent advancement of an estimat-
ing equations approach, which ensures efficient unbiased point estimators and reliable confidence intervals. Using this
method, this work reassesses the previous climate change detection and attribution studies with the latest datasets,
HadCRUTS and CMIP6. This reevaluation confirms earlier findings on the global scale and unveils human impacts in
various regions.

KEYWORDS: Climate change; Error analysis; Numerical analysis/modeling; Anthropogenic effects/forcing

1. Introduction the GLS setting does not apply because the covariance matrix
of the regression error is estimated (Li et al. 2023b), the term
“optimal fingerprinting” continues to be used in the literature
for historical reasons. We refer to it as simply fingerprinting
for accuracy.

The regression model in fingerprinting has two special fea-
tures that differentiate it from standard regressions. First,
the regressors—fingerprints of external forcings—are not ob-
served but estimated from climate model simulations, leading
to an errors-in-variables (EIV) problem that can affect the ac-
curacy of regression coefficients and the reliability of confi-
dence intervals. The total least squares (TLS) method, as
proposed in Allen and Stott (2003), addresses this by
“prewhitening” both response and predictors with the regres-
sion error’s covariance matrix, separately estimated from pre-
industrial simulations (e.g., Ribes et al. 2013; Hannart et al.
2014). Second, the regression error’s covariance matrix, cru-
cial for prewhitening in TLS, exhibits spatiotemporal depen-
dence. Accurately estimating this matrix is challenging due to
Corresponding author: Tianying Wang, tianying. wang@colostate.edu  the sparse availability of climate model simulations relative to

Optimal fingerprinting stands as the predominant technique
for climate change detection and attribution (e.g., Hasselmann
1997; Allen and Stott 2003; Hegerl et al. 2010). This method
involves a regression analysis where the observed climate vari-
able of interest is regressed on expected changes of the climate
system, known as “fingerprints,” in response to certain exter-
nal forcings. The essence of this approach depends on infer-
ences about the regression coefficients, often termed scaling
factors, which adapt the climate-model-predicted fingerprints
to align with the observed climate changes. The term
“optimal” originally referred to the application of generalized
least squares (GLS), optimized when the weight matrix is
chosen to be the precision matrix of the regression error to
yield minimum variance of the scaling factor estimator. Al-
though it has become clear that optimal is a misnomer since
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the matrix’s high dimensionality. Techniques have evolved
from projecting data onto empirical orthogonal functions
(EOFs) (Hegerl et al. 1996; Allen and Tett 1999) to employ-
ing regularized optimal fingerprinting (ROF) with a linear
shrinkage estimator for the covariance matrix estimation
(Ribes et al. 2009; Ledoit and Wolf 2004), significantly en-
hancing the method’s precision (Ribes et al. 2013).

Recent investigations have revealed the detrimental effects
of relying on estimated, often imprecise, error covariance
matrices for scaling factor estimations in fingerprinting. The
resulting point estimators are not optimal in terms of mean-
square error (Li et al. 2023b). The confidence intervals are
overly narrow to cover the true scaling factors with their nom-
inal confidence levels (DelSole et al. 2019; Li et al. 2021).
While the integrated optimal fingerprinting method (Hannart
2016) addresses EIV and covariance matrix uncertainties with
an inverse-Wishart prior, it is not practical due to the highly
informative prior. The parametric bootstrap method for im-
proved confidence interval coverage (Li et al. 2021) shows
constrained effectiveness with sparse data. Conversely, the es-
timating equations (EE) method introduced by Ma et al.
(2023) presents a novel solution, offering unbiased estimators
that adjust for EIV bias and utilize the error covariance
matrix structure for more precise weight construction. This
method, assuming temporal stationarity in climate variability,
incorporates a pseudobootstrap algorithm for interval estima-
tion, yielding estimators and confidence intervals with enhanced
efficiency and closer-to-nominal coverage rates, surpassing the
ROF’s performance.

With the advent of the estimating equations approach, a
reassessment of previous climate change detection and attri-
bution findings derived from potentially imprecise methodol-
ogies becomes imperative. As the analyses and conclusions in
the recent IPCC assessment report (Eyring et al. 2021) were
obtained based on ROF, an urgent and pertinent question
then emerges: How would the use of refined confidence inter-
vals from the EE approach impact the conclusions of existing
detection and attribution studies? From the substantive cli-
mate science aspect, we applied the EE approach, which ad-
dresses the limitations of prevailing approaches in the existing
literature, to systematically evaluate the evidence of human
influence on surface temperature at both the global and re-
gional scales with the latest HadCRUTS observational data
(Morice et al. 2021) and CMIP6 multimodel simulations
(Eyring et al. 2016). At the global scale, we reexamined the
analyses of global mean temperature conducted by Gillett
et al. (2021), which used ROF and a multimodel mean ap-
proach, and assessed the results in comparison with those
from the EE approach. To differentiate human impacts on cli-
mate across different regions, we carried out both two-signal
and three-signal analyses at multiple regional scales as defined
in the latest IPCC Sixth Assessment Report (AR6) (Iturbide
et al. 2020), and such systematic regional analysis was not
available at the time of the AR6 assessment (Gutiérrez et al.
2021). Our analysis benefits the detection and attribution
community with the reevaluation of existing results using the
latest methods and data, strengthens the existing detection
and attribution conclusions at the global scale, and provides
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evidence of the effect of anthropogenic forcings at various
regions.

The remainder of this paper is structured as follows.
Section 2 provides an overview of the EE approach, with
more specifics available in the appendix. In section 3, we de-
tail the data utilized in our study, encompassing observational
data, outputs from climate models under external forcings,
and preindustrial control runs. Our findings, in comparison
with the recent study of Gillett et al. (2021), are presented in
section 4, followed by a discussion in section 5. Additionally,
for practical application, we have made the implementation
of both the EE and ROF approaches accessible through the
open-source R package dacc (Li et al. 2023a).

2. Method overview

We consider the data with T time periods and § spatial re-
gions or sites. At the time period t = 1, ..., T and site s =
1, ..., S, we denote the observed climate variable as Y, the
unobserved expected climate response to the jth external forc-
ing as X, for j = 1, ..., J, and the observed climate response
under the jth external forcing, which is the average of m; cli-
mate model simulations, as X s+ FOr ease of representation,
we denote Y, =(Y,,....Y, ) €R’, X, =(X,.... X,)  €R’,

» 4 s
and X, = (X .,X,S‘)T € RS. For a time point ¢, the optimal

X gsj
fingerprinting takes the form of a linear regression with errors

in variables (Ribes et al. 2013):

J
n:;%@+@

X, =X+t

1)
j=1,..1,

where ; is the unknown scaling factor to the jth external forc-
ing, €= (e[l,...,e[s)T is the vector of regression errors, and
v; = (V) ..., Vis;) is the vector of measurement error in esti-
mating X,; with X 4 at the time period ¢. No intercept is pre-
sent because the outcome and the signals are both centered
on the same reference level.

The internal variation of the climate system and the
variation of the climate model simulations are reflected in the
covariance matrix of the regression error and the measure-
ment error in model (1). Let €= (€]....e}) € RST and

v, = (vfj,...,vT)T cRST for j = 1, ..., J. The errors e and
vy, ..., vyare assumed to be mutually independent, with zero

mean and covariance matrices %, €, ..., and €, respec-
tively. Since the climate models are assumed to reflect the
same internal variability as the climate system, we have
Q; = 3/my, where m; is the number of available runs for the
jth forcing. In the EE approach proposed by Ma et al. (2023),
this assumption is relaxed to allow climate model simulations
to have the same pattern but a different scale than the inter-
nal climate system variability (i.e., ; = aX/m;; see assump-
tion 2 of Ma et al. 2023). A more detailed discussion about
the scale parameter a, related model assessments, and poten-
tial future improvements is provided in section 5.

The true 3, is typically unknown with a spatially and tempo-
rally dependent structure and needs to be estimated by utiliz-
ing a set of independent control runs of size L that reflects the
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climate’s natural internal variability, denoted as {e, ..., ).
A reliable estimate of the matrix ¥ requires the size L to be
much greater than § X 7. The reality is, however, that the
sample size is often very small relative to the dimension, in
which case, the sample covariance is not even of full rank and
thus not invertible. Various methods have been proposed to
improve the estimation, including the use of a regularized esti-
mator to ensure the positive definiteness of the weight matrix
(Ribes et al. 2013). The point estimation of the parameter of
interest B; in Eq. (1) is then commonly estimated from ROF
with the estimated regularized weight matrix. The correspond-
ing confidence intervals can be constructed from the normal
approximation (Ribes et al. 2013; DelSole et al. 2019; Li et al.
2021) or bootstrap approach (Pesta 2013; DelSole et al. 2019).

To tackle the point and interval estimations for the scaling
factors in the optimal fingerprinting regression with an un-
known covariance matrix, Ma et al. (2023) recently proposed
an efficient, bias-corrected EE approach with less restrictive
model assumptions on the structure of true covariance matri-
ces % and Q; than the ROF approach with TLS, which has
been proven to provide valid and efficient confidence inter-
vals for the scaling factors with close-to-nominal coverage
rates.

More specifically, the EE method incorporates a scale pa-
rameter in the covariance matrices to account for the propor-
tion of variances among different climate simulation models.
That is, it is assumed that there is a scale parameter a > 0
such that Q; = a%/m;,J =1, ..., J, and the shared covariance
matrix of the control runs €%s is W = 43. The point estimator
and confidence intervals for a are also provided for model di-
agnostics, detailed in Ma et al. (2023). Typical ROF-
approach-based applications usually assume a = 1 and use a
residual consistency test for validation. By adding an extra
scale, the EE approach provides additional flexibility and is ca-
pable of handling more general cases of detection and attribu-
tion analysis. Moreover, in the case studies of the HadCRUT4
(Morice et al. 2012) and CanESMS5 (Swart et al. 2019) data of
Ma et al. (2023), the estimated scale parameter a varies across
different sites, and rigorous hypothesis testing suggests that
the common assumption required in OF (i.e., Hy: a = 1) is in-
valid in many regions.

In addition, the EE method assumes that the internal cli-
mate variability does not change over time; i.e., it is tempo-
rally stationary, which is not a typical assumption in ROF in
an explicit way. Nonetheless, in practice, the estimation of ¥
does not consider temporal changes, and there is no evidence
that the variance changes on the time and space scales. There-
fore, the EE only utilizes dlagonal blocks of the estimated
covariance matrices ¥ and € in the point estimator of the
scaling factor without specifying the off-diagonal blocks that
capture the temporal dependence across time. In other words,
no assumptions of parametric forms are imposed on the off-
diagonal blocks, which are not necessarily zero but do not
need to be estimated. The temporal stationarity assumption
greatly reduces the number of parameters in 3. This assump-
tion implies that the covariance matrix € and €, depend only
on the time lag |r — ¢'|. Consequently, the TS X TS covariance
matrix of the stacked error vector € is block Toeplitz. The

3rought to you
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point estimation uses only the diagonal blocks, discarding the
information in the off-diagonal blocks. In Ma et al. (2023), it
has been shown to be more efficient than the TLS approach.
This can be explained by the fact that, while the EE method
loses some efficiency in point estimation by not estimating the
temporal correlation, it gains efficiency by providing a much
more reliable estimator of a suboptimal weight matrix. In
contrast, traditional fingerprinting methods use the full space—
time covariance for the highest efficiency but can be compromised
by the large uncertainty in estimating this high-dimensional co-
variance. When constructing the confidence intervals for the
scaling factor of interest, a pseudobootstrap algorithm, which
uses control runs to create pseudocopies of residuals, has been
developed to properly account for the unspecified temporal
dependency. More details of the pseudobootstrap method are
presented in the appendix.

3. Data preparation

In this study, we undertook a detection and attribution
analysis of annual-mean near-surface air temperatures on
both global and regional scales for the period 1951-2020. The
analyses utilized the latest HadCRUTS observational data
(Morice et al. 2021) and CMIP6 multimodel simulations
(Eyring et al. 2016). On the regional scale, the analyses were
done on the 43 subcontinental regions as defined in the Working
Group 1 (WGI) contribution to the IPCC Sixth Assessment Re-
port (Tturbide et al. 2020), illustrated in Fig. 1. However, due to
extensive missing observations, the East Antarctica (EAN) and
West Antarctica (WAN) regions were excluded. Additionally,
three South American regions such as southern South America
(SSA), southwestern South America (SWS), and northwest
South America (NWS) were omitted owing to unstable estima-
tion results in these areas.

For each analysis, model (1) requires three components:
(i) the vector of observed mean temperatures denoted as
Y = (Y{...Y])"; (ii) the estimated fingerprints X, = (X7,...X7)",
derived from climate model simulations under the ]th external forc-
ing, J = 1, ..., J; and (iii) control runs, represented by ®
€. from climate model simulations, which are crucial for estimat-
ing the covariance matrix 3. Detailed descriptions of the data for
each of these components are provided as follows.

a. Observed temperature anomalies

While the analysis conducted by Gillett et al. (2021) chose
the global mean temperature anomalies from HadCRUT4
relative to the preindustrial base period 1850-1900, we ob-
tained the annual means of observed temperature anomalies
from the latest HadCRUTS datasets (Morice et al. 2021)
for the period of 1951-2020. Compared to the HadCRUT4,
the HadCRUTS dataset is expected to be around 0.1°
warmer for much of the past 50 years, and up to 0.2° in re-
cent years due to corrections of bias in measurement techni-
ques, which is confirmed in our later analysis of attributable
warming.

The raw data were monthly temperature anomalies relative to
the average over a 1961-90 reference period in near-surface air
temperature from January 1850, measured across 5° X 5° grid
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2 NWN N.W.North-America 24 WAF Western-Africa 44 CAU C.Australia
3 NEN N.E.North-America 25 CAF Central-Africa 45 EAU E.Australia
4 WNA W.North-America 26 NEAF N.Eastern-Africa 46 SAU S.Australia
5 CNA C.North-America 27 SEAF S.Eastern-Africa 47 NZ New-Zealand
6 ENA E.North-America 28 WSAF W.Southern-Africa 48 EAN E.Antarctica
7 NCA N.Central-America 29 ESAF E.Southern-Africa 49 WAN W.Antarctica
8 SCA S.Central-America 30 MDG Madagascar 50 ARO Arctic-Ocean
9-10 CAR Caribbean 31 RAR Russian-Arctic 51 NPO N.Pacific-Ocean
11 NWS N.W.South-America 32 WSB W.Siberia 52 EPO Equatorial.Pacific-Ocean
12 NSA N.South-America 33 ESB E.Siberia 53 SPO S.Pacific-Ocean
13 NES N.E.South-America 34 RFE Russian-Far-East 54 NAO N.Atlantic-Ocean
14 SAM South-American-Monsoon 35 WCA W.CAsia 55 EAO Equatorial.Atlantic-Ocean
15 SWS S.W.South-America 36 ECA E.C.Asia 56 SAO S.Atlantic-Ocean
16 SES S.E.South-America 37 TIB Tibetan-Plateau 57 ARS Arabian-Sea
17 SSA S.South-America 38 EAS E.Asia 58 BOB Bay-of-Bengal
18 NEU N.Europe 39 ARP Arabian-Peninsula 59 EIO Equatorial.Indic-Ocean
19 WCE Western&Central-Europe 40 SAS S.Asia 60 SIO S.Indic-Ocean
20 EEU E.Europe 41-42 SEA S.E.Asia 61 SOO Southern-Ocean
21-22 MED Mediterranean

FI1G. 1. Boundaries of IPCC AR6 WGI reference regions sourced from Iturbide et al. (2020).

boxes. At each grid box, annual-mean temperatures were com-
puted from these monthly temperatures provided at least
9 months of data were in a given year; otherwise, the annual
mean for that year was marked as missing. Subsequently, in the
same practice as Gillett et al. (2021), 5-yr averages were com-
puted, requiring no more than two annual averages to be missing.
This yielded up to 14 values of 5-yr averages per grid box. For
the analysis on the global scale, the 5° X 5° grid boxes were ag-
gregated with area weighting into larger 40° X 30° grid boxes to
reduce the spatial dimension (Zhang et al. 2006). That is, the re-
gional mean over all available 5° grid boxes was computed
for each of the 40° X 30° grid boxes. It is important to note
that the EE method does not strictly require such dimen-
sion reduction; analyses can be performed directly on the
original 5° grid boxes. However, doing so increases the esti-
mation variance and decreases the efficiency of the EE ap-
proach, as well as any other methods with an estimated
prewhitening matrix. In fact, traditional fingerprinting tech-
niques, which rely on estimating the full spatiotemporal co-
variance, would be further compromised by the enlarged
dimension of the covariance matrix. The regional analyses
were done on the original 5° X 5° grid boxes defined by the
HadCRUTS dataset. Table 1 presents a summary of the
spatiotemporal dimensions, specifically the number of grid
boxes and time steps, as well as the total count of observations
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retained after the exclusion of missing values for both global
and regional analyses.

b. Climate model simulations under external forcings

Three external forcings were considered using outputs from
CMIP6 models for the selected period of 1951-2020, encom-
passing simulations for hist-GHG (driven exclusively by
changes in well-mixed greenhouse gas concentrations), hist-aer
(driven exclusively by changes in anthropogenic aerosol emis-
sions and burdens), and hist-nat (driven exclusively by natural
forcings). The details of the climate model simulations are sum-
marized in Table 2. The hist-ALL (driven by changes in all an-
thropogenic and natural forcings) simulations from historical
ensembles are only available up to the year 2014 for the CMIP6
models listed in Table 2. Therefore, instead of using the
hist-ALL simulations for the regressions by model (1) and then
deriving the regression coefficients corresponding to anthropo-
genic or combined greenhouse gas forcings as in Allen and Tett
(1999) or Gillett et al. (2021), we first consider a three-signal re-
gression analysis to directly quantify the contribution of individ-
ual forcings, including aerosols (AERSs; inferred from hist-aer),
greenhouse gases (GHG; inferred from hist-GHG), and natural
(NAT) forcings (inferred from hist-nat).

In the three-signal regression analyses, each of the climate
model simulation outputs is treated in the same way as we
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TABLE 1. Summaries of names, ideal spatiotemporal
dimensions (S and 7 = 13), and dimension of observation N
after removing missing values of the 44 regions analyzed in the
study.
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TABLE 2. List of CMIP6 ensembles of simulations used to
estimate the fingerprint of external forcings. Total numbers for
the forcings are 43, 43, and 40 for GHG, AER, and NAT,
respectively.

Grid size
Acronym Regions 1x1) § N
GL Global 40 X 30 54 696
Subcontinental regions
ARP Arabian Peninsula 5X5 11 143
CAF Central Africa 5X5 14 182
CAU Central Australia 5X5 14 182
CNA Central North America 5X5 13 169
EAS East Asia 5X5 35 455
EAU East Australia 5X5 6 78
ECA Eastern central Asia 5X5 15 195
EEU East Europe 5X5 16 208
ENA Eastern North America 5X5 23 299
ESAF Eastern and southern Africa 5X5 14 182
ESB East Siberia 5X5 32 416
GIC Greenland/Iceland 5X5 57 741
MDG Madagascar 5X5 8 104
NAU North Australia 5X5 18 234
NCA North and Central America 5X5 11 143
NEAF Northeastern Africa 5X5 16 208
NEN Northeast North America 5X5 58 754
NES Northeast South America 5X5 12 156
NEU North Europe 5X5 40 520
NSA Northern South America 5X5 16 208
NWN Northwest North America 5X5 61 793
NZ New Zealand 5X5 20 260
RAR Russian Arctic 5X5 74 962
RFE Russian Far East 5X5 31 403
SAH Sahara 5X5 34 442
SAM South American monsoon 5X5 8 104
SAS South Asia 5X5 19 247
SAU South Australia 5X5 22 286
SCA South and Central America 5X5 13 169
SEAF Southeastern Africa 5X5 8§ 104
SES Southeast South America 5X5 19 247
TIB Tibetan Plateau 5X5 6 78
WAF Western Africa 5X5 15 195
WCA West and central Asia 5X5 23 299
WCE West and central Europe S5X5 20 260
WNA Western North America 5X5 13 169
WSAF West South Africa 5X5 15 195
WSB West Siberia 5X5 24 312

obtain the observed temperature anomalies from HadCRUTS.
The missing pattern in Y was used to mask the simulated data
to match the two. Then, in order to maintain the same spatio-
temporal structure, annual anomalies for each grid box were
computed by centering with the average of observed annual
temperatures over 1961-90, consistent with the procedure
used by HadCRUTS. The same procedure of 5-yr average and
gridbox aggregation used in preparing Y was applied to each
simulation run. The final estimated fingerprints X, were then
computed as averages over all available runs across all avail-
able models and ensemble members, giving equal weight to
each model. The climate model effects are discarded as in
Zhang et al. (2006) and Wan et al. (2019). This preprocessing
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Model Ensemble No. of runs
BCC-CSM2-MR hist-GHG 3
hist-aer 3
hist-nat 3
CanESM5 hist-GHG 10
hist-aer 10
hist-nat 10
CNRM hist-GHG 10
hist-aer 10
hist-nat 10
HadGEM3 hist-GHG 4
hist-nat 4
IPSL hist-GHG 10
hist-aer 10
hist-nat 10
MIROC6 hist-GHG 3
hist-aer 3
MRI-ESM2 hist-GHG 3
hist-aer 3
hist-nat 3
NorESM2 hist-aer 3

results in the same spatiotemporal dimensions for each regional
dataset.

As for the two-signal analysis of anthropogenic (ANT)
and NAT forcings, with the assumption of linear additivity
Xant = Xguc + Xagr (Tett et al. 2002; Zhang et al. 2006;
Wan et al. 2019), we obtain for each model the fingerprints of
ANT by combining fingerprints of the aerosols and green-
house gas forcings.

More specifically, for the fingerprint of ANT forcings, we
first consider each individual of the CMIP6 models listed in
Table 2. Within each model, if the model simulations for hist-
GHG and hist-aer are both presented and under the same
configurations, we compute the model averages for the re-
sponses to the two GHG and AER forcings and then combine
the calculated means to construct the responses for ANT forc-
ings of the corresponding model. For instance, for the Beijing
Climate Center (BCC) climate system model in Table 2, three
different simulation runs are obtained for both hist-GHG and
hist-aer indexed by ensemble extension rlilplfl, r2ilplfl,
and r3ilplfl, implying the same initialization, perturbation,
and forcing conditions across all members of ensemble. This
allows us to easily splice together the appropriate runs to con-
struct the climate responses to ANT forcings. Then, the final
estimated fingerprints for ANT X Ant Used in model (1) are
computed as the multimodel average. The equivalent sample
size mant is computed accordingly based on the number of
runs for GHG and AER forcings in each model and the total
number of models.

¢. Preindustrial control runs

Estimation of 3 was based on L = 181 runs of 70 years con-
structed from 29 preindustrial control simulations of various
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TABLE 3. List of CMIP6 control simulations used to estimate
the internal climate variability. Number of replicates indicates
the number of nonoverlapping blocks of 70-yr segments taken
from the model simulations.

Model

AWI-CM-1-1-MR
BCC-CSM2-MR
BCC-ESM1
CAMS-CSM1-0
CNRM-CM6-1
CNRM-ESM2-1
EC-EARTH3
EC-EARTH3-Veg
FIO-ESM-2-0

GFDL CM4
GFDL-ESM4
GISS-E2-1-G (r101)
GISS-E2-1-G (r102)
GISS-E2-1-G (rl1fl)
GISS-E2-1-G (rlf2)
GISS-E2.1-G (r1f3)
GISS-E2.1-G (r2f1)
GISS-E2.1-G-CC
GISS-E2.1-H
HadGEM3-GC3.1-LL
HadGEM3-GC3.1-MM
IPSL-CM6A-LR (rlil)
IPSL-CM6A-LR (rli2)
NorCPM1 (r1)
NorCPM1 (12)
NorCPM1 (r3)
NorESM1-F
NorESM2-LM
UKESMI1-0-LL

Total 181

No. of replicates

—_ —_ —_ —
PN IINWHININICONNP, P, EGNN I 0N00

lengths of years, obtained from global climate models partici-
pating in CMIP6 multimodel ensembles. The multimodel esti-
mate of X has lower sampling variability than individual
model estimates. The time periods of control simulations vary
from 100 to 1200 years. The long-term linear trend was re-
moved separately from the control simulations at each grid
point to remove model drift. As 3 is assumed to be stationary
over time, each control simulation was split into nonoverlap-
ping blocks of 70 years. Then, each 70-yr block was masked
by the same missing pattern as the HadCRUTS data to create
up to 14 5-yr averages at each grid box, resulting in 181 runs
to estimate . The number of simulations available from dif-
ferent preindustrial control simulations that are used in the
estimation of the 2, is summarized in Table 3.

4. Results

In this study, we first revisited the detection and attribution
analyses to assess the contributions of individual forcings to
the observed global temperature trend, following the process-
ing methodology outlined by Gillett et al. (2021), using the
latest HadCRUTS dataset and the CMIP6 multimodel simula-
tions. While our approach mirrored that of Gillett et al.
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(2021), who utilized the earlier HadCRUT4 dataset, we antic-
ipate that the findings from the current dataset will offer en-
hanced robustness and shed some new insights, stemming
from corrections for biases observed in recent years within
the HadCRUTS5 data.

Figure 2a presents the estimated scaling factors and their
90% confidence intervals for responses to ANT and NAT
forcings. We compare three sets of results: 1) those derived
from the EE approach; 2) results using the two-sample (TS)
ROF method with HadCRUTS data, as outlined by Gillett
et al. (2021); and 3) findings from Gillett et al. (2021) and the
ARG, based on HadCRUT4 data. The alignment of EE with
ARG results supports prior conclusions that the anthropogenic
response is detectable as the confidence interval of ANT is
above zero, and the anthropogenic response of the multimo-
del average is of realistic magnitude as observed in real-world
response by the fact of the estimated confidence interval be-
ing around unity 1. The NAT forcing remained undetected,
consistent with the findings of Gillett et al. (2021). Nonethe-
less, notable differences are observed in the point estimates
and confidence intervals of the scaling factors, suggesting vari-
ability across methodologies and datasets.

To exclude discrepancies from different HadCRUT data
versions and gridbox scales, we compared the EE and TS
method results using the same HadCRUTS dataset and
CMIP6 simulations, focusing on scaling factor consistency
across methodologies. The EE and TS methods yielded closely
aligned point estimates, suggesting robustness in the estimation
of scaling factors. A notable distinction, however, is in the
confidence intervals; the TS method produced consistently
narrower intervals across all forcings, even suggesting the de-
tectability of NAT forcings. This discrepancy could lead to
divergent conclusions, despite AR6’s consistent findings. The
findings, in line with Ma et al. (2023), reflect the classical ROF
and EE approach’s inherent characteristics, as elaborated in
Ma et al. (2023). Specifically, the TS ROF method is prone to
underestimation of the uncertainty of the scaling factor esti-
mates, which results in shorter confidence intervals with lower
confidence level, as indicated by the shorter confidence inter-
vals of the TS approach compared to those of the EE
approach. On the other hand, the TS ROF method has lower
efficiency than the EE method, i.e., significantly larger mean-
square error (MSE) in the estimation of the scaling factors,
which means the location of the confidence intervals has a
wider range than that of the EE method. The joint impacts of
underestimated uncertainty and less-efficient point estimators
may lead to divergent paradoxical outcomes: either correct de-
tection conclusions with less reliable uncertainty measures or
falsely detected external forcings.

Next, we conducted a three-signal analysis with GHG,
AER, and NAT forcings to assess their separate contribution
to observed temperature changes. The estimated scaling fac-
tors and their corresponding confidence intervals for this anal-
ysis are illustrated in Fig. 2b. The detection conclusions are
consistent with the findings of Gillett et al. (2021), and our
analysis of the EE approach also supports the detectability of
GHG and AER contributions, with both factors demonstrat-
ing realistic magnitudes, i.e., regression coefficients varying
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FIG. 2. Estimated signal scaling factors required to best

match observed 1950-2020 annual-mean temperature on a

global scale. (from left to right) The two panels show results for the two-signal and three-signal analyses, respectively.
The scaling factors and corresponding 90% confidence intervals are obtained from ROF method outputs from Gillett
et al. (2021) (AR®6), the same two-sample ROF method as in Gillett et al. (2021) (TS), and the newly proposed EE ap-
proach (EE) using the latest HadCRUTS5 and CMIP6 datasets.

around unity. Nonetheless, using the TS approach revealed
that the responses to AER forcings were significantly overes-
timated. The observed disparities in the lengths of confidence
intervals between the EE and TS approaches are consistent
with those noted in our two-signal analysis, further reinforcing
our claim that the existing detection and attribution analyses
might lead to paradoxical conclusions due to unreliable esti-
mates of confidence intervals. As for the noticeable discrep-
ancy between the outcomes derived from the TS and ARG, it
might be attributed to different CMIP6 model simulations.
Specifically, our analysis utilized responses from eight CMIP6
models, as detailed in Table 2, in contrast to AR6, which syn-
thesized results from an ensemble of 13 climate models.
Among these, several models demonstrated significantly
larger internal climate variability, leading to less reliable scal-
ing factor estimates with wide confidence intervals.

We have also quantified the attributable warming in the
global mean temperature in 2010-20 relative to the selected
year period 1850-1900 by mimicking the analysis of Gillett
et al. (2021). More specifically, the estimates of attributable
warming of different forcings were calculated in the following
steps. For each of the considered forcings, ANT, NAT, GHG,
and AER, we first compute the average over the year 2010-20
for the global mean near-surface air temperature responses to
the corresponding forcing; then, the temperature changes rel-
ative to the average of a preindustrial period 1850-1900 are
calculated for each of those forcings. We then multiply the
warming changes by the corresponding estimated regression
coefficients to get the attributable warming. The calculation
of attributable warming incorporates the uncertainties from
two main sources: the scaling factor estimates and the
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simulated responses to individual forcings in CMIP6 models.
Both types of uncertainties were rigorously considered in es-
tablishing the confidence ranges for the attributable warming,
adhering to the approach outlined by Gillett et al. (2021).

Our analysis showed that anthropogenic forcings have
contributed to 1.01°-1.25°C of warming in global mean near-
surface air temperature in recent years, relative to preindus-
trial levels. This finding is consistent with an observed warming
of 1.21°C. When compared to the range of 1.01°-1.40°C in at-
tributable warming of ANT forcings from Gillett et al. (2021)
using HadCRUTS5 and multimodel simulations, our estimated
range for anthropogenic warming suggests enhanced robust-
ness and reliability. This improvement can be attributed to
the efficiency and bias corrections implemented in the EE ap-
proach, in contrast to the classical ROF method. Further-
more, our three-signal analysis showed that the greenhouse
gases and aerosols contributed changes from 1.70° to
2.11°C and from —0.89° to —0.42°C, respectively, and natural
forcings contributed changes from —0.03° to 0.08°C. These re-
sults, from both two-signal and three-signal analyses, present
a comparable pattern of attributable warming by different
forcings than those reported in Gillett et al. (2021), under-
scoring the consistency of our findings with established re-
search while highlighting the precision brought forth by our
methodological enhancements.

We extended our detection and attribution analyses to vari-
ous ARG regions utilizing the EE approach for enhanced effi-
ciency and reliability. Our regional analysis, based on the
continental and subcontinental regions defined by Morice
et al. (2021), unveiled novel insights that have not been previ-
ously explored in the existing literature.
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FiG. 3. Estimated signal scaling factors required to best match observed 1950-2020 annual-
mean temperature for different regional domains. (from top to bottom) The two panels show re-
sults for the two-signal analysis. 90% confidence intervals are constructed from the EE approach.
The longest few intervals for the NAT scaling factor are cropped to improve visualization.

Figure 3 displays the results from the two-signal analysis as-
sessing the impacts of ANT and NAT forcings. An attribut-
able ANT forcing effect was consistently observed across a
wide range of regions. Notably, New Zealand (NZ) in Ocea-
nia emerged as an exception where this effect was not evident.
Additionally, the confidence intervals for the majority of re-
gions encompassed the value of unity (1), indicating that, on
an average scale, the simulated responses to ANT forcing
align with observed temperature patterns. In contrast, NAT
forcing remained largely undetected, except in specific regions
including North Central America (NCA) around Mexico, the
Sahara (SAH) region, and North Australia, highlighting re-
gional sensitivities to natural climatic variability.

However, it is noticeable that our results suggest that the
responses to ANT are significantly overestimated for regions,
including northeastern North America (NEN), South American
monsoon (SAM), Russian Arctic (RAR), and Tibetan Plateau
(TIB). Previous work suggested that those regions are sensitive
to large climate variability and the effect of extreme events
(Wang et al. 2022; Castellanos et al. 2022), and it is of great im-
portance to understand how well they are reproduced in CMIP
models. Our studies imply that, on an average level, the in-
cluded CMIP6 models failed to capture the realistic pattern in
those regions.

The three-signal analysis, which additionally considers
GHGs and AERs alongside NAT forcings, is displayed in
Fig. 4. The results showed a consistent attributable effect
from GHG across all regions, except for South America and
Oceania. Notably, several regions exhibited scaling factors
significantly below 1, indicating that the simulated response to
GHG might be overestimated when compared to the actual
observations. Meanwhile, AER and NAT forcings did not
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show detectable effects in most regions, aligning with observa-
tions by Gillett et al. (2021) that NAT forcing is less detect-
able in CMIP6 than in CMIP5 simulations. As for those
regions standing out in the two-signal analysis, specifically
NEN, SAM, RAR, and TIB, which are sensitive to climate
variability, the detection and attribution conclusions became
more unreliable in the three-signal study. Compared to the
two-signal analysis, the responses to external forcings GHG
and AER are less accurately captured. This is particularly evi-
dent in the SAM region, where none of the three forcings
were detected. These findings reaffirm that the model simula-
tions did not match the observed pattern of individual
forcings.

5. Discussion

The reliability of detection and attribution analysis in cli-
mate science, especially when using optimal fingerprints,
heavily relies on the precision of the confidence intervals for
scaling factors. Recent studies, however, have raised concerns
about the adequacy of this method in providing confidence in-
tervals with desired coverage rates (DelSole et al. 2019;
Li et al. 2021). This shortcoming could potentially lead to erro-
neous conclusions in existing research. To address this, we ap-
plied the EE approach recently proposed by Ma et al. (2023)
to the latest HadCRUTS observational data and CMIP6
model simulations, performing detection and attribution anal-
yses at both global and regional scales. Here, we revisit the
conclusions drawn from previous detection and attribution
analyses on global temperature. Additionally, we also con-
ducted detection and attribution analyses of mean tempera-
ture on regional scales for all AR6 regions.
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FIG. 4. Estimated signal scaling factors required to best match observed 1950-2020 annual-
mean temperature for different regional domains. (from top to bottom) The three panels show
results for the three-signal analysis. 90% confidence intervals are constructed from the EE ap-
proach. The longest few intervals for the AER and NAT scaling factors are cropped to improve

visualization.

We confirmed that the main conclusions of Gillett et al.
(2021) on global temperature that was based on the ROF
method remain valid despite the undercoverage of the ROF
method. In our two-signal and three-signal analyses for the
global mean temperature, ANT, GHG, and AER forcings are
consistently detected, while natural forcing remains unde-
tected. We note, however, that the ROF-based detection
framework can be affected by the details of data analyses,
such as the dimensionality of data being used. Gillett et al.
(2021) only considered a temporal variation of the global
area-weighted 5-yr mean temperature, and their conclusions
are similar to ours, in which we also considered the spatial dis-
tribution of the mean temperature, but our ROF-based analy-
sis of global temperature also took both space and time into
consideration and produced different results from that of the
EE method. Thus, it appears that the underestimated uncer-
tainties and the lower efficiency of the method used in Gillett
et al. (2021) tune the length of the confidence interval in di-
vergent directions and may have played a crucial role in pro-
ducing seemingly proper conclusions but with less statistical
clarifications. One should note this is only one data analysis,
so we cannot conclude the confidence intervals from the EE
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approach are more accurate than the other approaches based on
the results solely. However, as elaborated in the extensive simula-
tion studies conducted by Ma et al. (2023), the results by the EE
approach are more reliable and efficient. Thus, we claim the con-
clusions from the EE approach should be more convincing.

Estimates of the human-induced forcings attributable to
warming relative to the preindustrial period are also of great
importance. It is notable that our 90% confidence intervals
for the contributions from the ANT, GHG, and AER forc-
ings, from 1.01° to 1.25°C, from 1.70° to 2.11°C, and from
—0.89° to —0.42°C, respectively, are substantially shorter than
their counterparts in Gillett et al. (2021) and IPCC ARG6. This
is probably due to the improved efficiency of the EE ap-
proach. Based on the characteristics of the ROF and the alter-
native EE framework, our results might give a more precise
and fair picture of the influences of human-induced changes
in greenhouse gases and aerosols.

The detection and attribution analyses using CMIP6 data
on different regional scales have not been explored in the pre-
vious literature. It is notable that our analyses reveal that
ANT forcing and GHG forcing are detected in most regions,
with the exception of regions like South Asia and Oceania.
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However, the AER and NAT forcings are less detectable on
the regional scales, which is consistent with the statement of
Gillett et al. (2021) that the aerosol and natural forcings are
hard to detect on CMIP6. Additionally, it is also notable that
in certain regional scales, such as northeastern (NE) North
America, Central America, and some regions in Asia, the
multimodel average tends to overestimate the response to the
GHG forcing with smaller estimated scaling factors compared
to unity, likely attributed to the large biases and uncertainties
in CMIP6 simulations for those regions. Further studies on
how well the climate model simulated the responses to indi-
vidual forcings at the relevant regions might be of interest.
Given the crucial role detection and attribution analyses
have played in the successive IPCC assessment reports, it is in-
teresting to ask if changes in global temperature could have
been detected and attributed to human influence at the time of
the IPCC assessment, with observational records, climate mod-
els, and statistical methodologies as advanced as available to-
day. Here, we conducted detection and attribution analyses
with the aim to separate the responses from ANT and NAT
forcings across different periods that start from 1951 and end in
the year of the assessments, using the HadCRUTS and CMIP6
model simulations with the EE approach and the TS approach.
The results are presented in Fig. 5. Notably, at the time of the
first assessment report that stated “the unequivocal detection
of the enhanced greenhouse effect from observations is not
likely” (IPCC 1990), the ANT signal was also not detectable
based on the EE approach. The approach marginally detected
the ANT signal at the time of the second assessment that stated
“the balance of evidence suggests a discernible human influ-
ence on global climate” (IPCC 1996). Starting from the time of
the third assessment report, with the increase in the sample
size and signal strength, the EE approach robustly detects the
ANT signal and attributes the observed changes in global tem-
perature to anthropogenic forcing, with ever-increasing confi-
dence as demonstrated by the reduced size of the confidence
interval of the scaling factor corresponding to successive assess-
ments. But, the response to NAT forcing was not detected for
any period due to its weak signals. If optimal fingerprinting
with a two-sample approach (i.e., TS approach) was applied on
identical datasets, we would robustly detect the ANT signal
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even for the early periods 1951-90 and 1951-95. Such a detec-
tion would be most likely an artifact of the analyses as the cov-
erage rate is greatly reduced with shorter time periods.
Additionally, the TS method would also detect the response to
NAT forcing, which could also be an artifact as the coverage
rate is very low for weak signals.

Our analysis underscores the EE approach’s potential as an
effective alternative to ROF-based methods. Nevertheless,
this approach simplifies the multimodel average calculation
for external forcings’ responses and covariance matrices by
not accounting for variations among different climate models.
This simplification overlooks the distinct qualities inherent in
each model, as highlighted by Gillett et al. (2021) in their
single-model analyses. A more comprehensive model could in-
tegrate a random effect to reflect the heterogeneity in the simu-
lated fingerprints across various climate models, suggesting an
area for future enhancement of the EE approach. For future
analyses, the consideration of model-specific or forcing-specific
scale parameters, when multiple climate models are analyzed,
would improve the method’s applicability.
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APPENDIX

Review of EE Approach

The method of Ma et al. (2023) is developed based on es-
timation equation theory, which requires less distributional
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assumption and is more robust than the likelihood-based
methods. In this section, we adopt basic notations from Ma
et al. (2023) and illustrate the technical details of the EE

approach.
We consider a dataset with 7" time periods and S spatial
regions or sites. For time t = 1, ..., T and site s = 1, ...,

S, we denote the observed climate variable (e.g., annual
average temperature) as Y, the true but unobserved
fingerprint of external forcing j as X,y and its observed
contaminated version as X ; With m; being the number
of simulations in the ensemble. A set of control runs,
which will be used to estimate the pattern of internal cli-
mate variability, is denoted as {e(l), e e(L)}, each with di-
mension spatiotemporal (ST). Denote Y, =(Y,,....Y,)",
th =~(Xt1j""’XtSj)T’ and X, = (X, ..., Xy). The terms )?tj
and X, admit similar forms as X;; and X,. The linear regres-
sion model for OF is written as follows:
Y, =XpB+e€, and Xri = X[]. T v

where €, = (Ezp“'fxs)T-

Ma et al. (2023) assume that the regression error € and
measurement errors v, have mean zero and covariance ma-
trices ¥, and Q,, and Q, = a%,/m;, whereas traditional OF
assumes a = 1 and requires checking the residual consis-
tency (Allen and Tett 1999). The estimator of f is not af-
fected by the scale factor @ (Ma et al. 2023). However, a
does influence the construction of the confidence interval. Addi-
tionally, the variation among multiple models is not accounted
for in the current EE framework. Future research should focus
on modeling the discrepancies among different climate models
to enhance the robustness of the approach. A set of corrected
estimating equations has been constructed as follows:

1 Z

72 G B %) =0,

where G,(8; %,) = X3, (Y, — X,B) + aSdiag(m; ", ..., m;")B.
Then, an unbiased estimator of 8 can be obtained by solving
this equation with 3, being estimated from control runs
{e®, ..., éD)) under the assumption that the covariance of con-
trol runs shares the same structure as 3, with only scale differ-
ence a. That is, with ¥ , representing the pooled estimates of
W, values, the covariance matrix of the control runs g, is

O B S
Bp=-A, X XW¥.'Y, and
t=1

~|

-1
T
A = lZ)}j\ff;l)?thdiag(i ..... 1)} :

T
T3 m, m,

More details of obtaining ¥ + can be found in Ma et al
(2023, section 2b).

Based on the theory of estimating equations, BT is ap-
proximately unbiased with a large number of time points T;
more importantly, the method of Ma et al. (2023) does
not make any distributional assumptions, which makes it
more robust and adaptive. Further, one can construct the
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confidence interval for 8 based on the normal approximation
as T — oo

VT(B, — B) = N(0, ABAT),

where A =lim,_ A,

{T‘l/zztrzlG[(B; i+)}. In practice, A can be estimated by A,
whereas B is hard to estimate due to the unspecified temporal
dependence in the data. Thus, a pseudoresidual bootstrap is
proposed in Ma et al. (2023) in estimating B only, rather than
the entire asymptotic variance. This algorithm utilizes control
runs in place of bootstrapped residuals while preserving the spa-
tial and temporal dependence. We would like to emphasize that
the pseudobootstrap procedure employed in the EE approach
deviates from standard bootstrap methods. The primary chal-
lenge lies in generating bootstrap replicates of the data that pre-
serve temporal dependence, given that the off-diagonal blocks
of 3 are not explicitly specified. Although block bootstrap tech-
niques do not require a specification of temporal dependence,
they are unsuitable for our detection and attribution (D&A)
analysis due to the limited temporal dimension. The innovation
of our procedure exploits the fact that control runs exhibit the
same temporal structure, up to the scaling parameter a. By ap-
plying appropriate scaling, one can generate bootstrap replicates
of the residuals that maintain the temporal dependence present
in the control runs. Besides, Ma et al. (2023) also described di-
agnosis methods for the proposed method regarding the scale
parameter a. In the application to the annual-mean near-surface
air temperature at the global, continental, and subcontinental
scales based on the CanESMS5 climate model simulations, it has
been revealed that the scale parameter a is statistically different
from 1 in many regions, and the proposed method can provide
unbiased estimators and valid confidence intervals.

In this paper, we have also examined the scale parameter a
of the EE method. Both the two-signal and three-signal analy-
ses suggest that the scale parameter remains constant (a = 1)
across different ensembles with confidence intervals being
(0.73, 1.20) and (0.75, 1.21), respectively, which is consistent
with the common assumption of the optimal fingerprinting
method in Gillett et al. (2021). Since, on the global scale, differ-
ent climate ensemble models may have different scale parame-
ters, after taking the average, the effect of scale parameters
diminished, and the overall average scale parameters are equal
to 1. Nonetheless, for many of the continental and subcontinen-
tal scale analyses, especially for the continental regions South
America and Asia, where the responses to the detected forcings
are overestimated (the confidence intervals are statistically lower
than 1), the conclusions are consistent with the results of Ma
et al. (2023), and the scale parameter is statistically different
from 1, which suggests further investigations on the climate
model simulations of those regions are needed.

B=lm,__B,, and B, =cov
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