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Abstract

The Reading the Mind in the Eyes Test (RMET) is widely used in clinical and non-clinical research. However, the structural
properties of RMET scores have yet to be rigorously examined. We analyzed the structural properties of RMET scores in
nine existing datasets comprising non-clinical samples ranging from 558 to 9,267 (median = I, 12) participants each. We used
confirmatory factor analysis to assess two theoretically derived factor models, exploratory factor analysis to identify possi-
ble alternative factor models, and reliability estimates to assess internal consistency. Neither of the theoretically derived
models was a good fit for any of the nine datasets, and we were unable to identify any better fitting multidimensional models.
Internal consistency metrics were acceptable in six of the nine datasets, but these metrics are difficult to interpret given the
uncertain factor structures. Our findings contribute to a growing body of evidence questioning the reliability and validity of

RMET scores.
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The Reading the Mind in the Eyes Test (RMET; Baron-
Cohen et al., 2001) is one of the most widely used mea-
sures of social cognitive ability. It includes 36 items, each
of which comprises a black and white photograph of a
person’s eyes and four mental state descriptors (see
Figure 1). The task is to select which of the four mental
state descriptors best describes what the person in the
photograph is thinking or feeling. Under the original
coding scheme, a single sum score from 0 to 36 is calcu-
lated based on the total number of correct responses,
with higher scores indicating greater social cognitive abil-
ity. Additionally, at least 170 studies have calculated sub-
scores based on the valence of the test items (that is,
“positive,” “negative,” or “neutral”; Higgins et al., 2024).

The RMET has been used in more than 1,500 empiri-
cal studies, translated into at least 39 different lan-
guages, and administered to samples from more than 75
different clinical populations (Higgins et al., 2024). The
RMET is also endorsed by the United States’ National
Institute of Mental Health’s Research Domain Criteria
Initiative as a “current best option” for assessing the
ability to understand mental states. Nonetheless, sub-
stantial concerns have been raised about the validity of
RMET scores (Higgins et al., 2024, 2025; Higgins, Ross,

et al., 2023; Higgins, Savalei, et al., 2023; Johnston et al.,
2008; Oakley et al.,, 2016; Olderbak et al., 2015;
Silverman, 2022; cf., Murphy & Hall, 2024).

In the most comprehensive examination of the valid-
ity of RMET scores to date, Higgins et al. (2024) con-
ducted a systematic scoping review of quantitative
validity evidence for RMET scores across 1,461 studies.
Six categories of validity evidence were coded (internal
consistency, test-retest reliability, factor structure,
known group validity, convergent validity, and discrimi-
nant validity), revealing two striking findings. First,
validity evidence for RMET scores was infrequently
reported, with only 37% of studies reporting evidence
from at least one of the six coded categories of evidence.
Second, when validity evidence was reported, results fre-
quently indicated low levels of validity.
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aghast baffled

distrustful terrified

Figure I. Sample RMET Item.

Note. The target response for this item is “distrustful.” The RMET is freely
available from https://www.autismresearchcentre.com/tests/. RMET =
Reading the Mind in the Eyes Test.

The lack of validity evidence reported in the RMET
literature stands in stark contrast to best practice guide-
lines from the American Psychological Association,
which state that, where possible, validity evidence
should be provided in every empirical study and should
be based on the data analyzed within a given study (i.e.,
evidence should be sample-specific; Appelbaum et al.,
2018). Sample-specific evidence is important because the
properties of test scores, including factor structure and
internal consistency, can vary across samples.
Therefore, without sample-specific validity evidence,
consumers of research studies lack crucial information
needed to evaluate the validity of test scores or research
findings based on those scores (Flake & Fried, 2020;
Flake et al., 2017), with serious implications for the
interpretability of the vast RMET literature.

The structural properties of RMET scores are of par-
ticular concern because only 13 (0.01%) of the 1,461
studies surveyed by Higgins et al. (2024) examined the
factor structure of RMET scores, and all 13 of them
failed to report key information required to assess model
fit, reported evidence of unacceptable model fit for
tested models, or both (see Higgins et al., 2024 for
details). While internal consistency metrics were
reported more frequently, with 157 (10.7%) of the sur-
veyed studies reporting a measure of internal consis-
tency, the paucity of evidence for acceptable model fit
impacts the interpretability of these internal consistency
metrics because knowledge of the factor structure of test
scores is necessary to correctly calculate and interpret
internal consistency metrics.' Moreover, only 120 (40%)
of the 201 reported estimates of internal consistency
met conventionally accepted minimal thresholds.

The lack of information about the factor structure
and internal consistency of RMET scores constitutes a
substantial gap in the validity evidence for RMET
scores. This is because RMET sum scores are almost
always interpreted as measurements of social cognitive
ability (Higgins et al., 2024), and interpreting sum scores
as a measurement of a specific psychological attribute
requires evidence that the scores are unidimensional and
reliable (McNeish, 2024; Slaney, 2017, Widaman &
Revelle, 2023).? Information about the structural prop-
erties of RMET scores is also critical when interpreting
external sources of validity evidence that are based on
RMET sum scores, such as known group, convergent,
and discriminant validity evidence, and the structural
properties of RMET scores should be assessed prior to
interpreting these types of validity evidence (Slaney &
Maraun, 2008).

Concerns have also been raised about the way in
which the “correct” responses for RMET items were
established (Higgins et al., 2024, 2025; Johnston et al.,
2008; Kim et al., 2024). The RMET photographs were
taken from magazines, and the associated mental state
descriptors were generated by the test’s creators (i.c.,
Baron-Cohen et al., 2001) and then validated in small
groups (for a more detailed critique of the test construc-
tion process for the RMET see Higgins et al., 2024).
Forty candidate RMET test items (and their “correct”
responses) were then administered to a group of 225 par-
ticipants to verify that the following two consensus cri-
teria were met: (a) at least 50% of participants selected
the “correct” mental state descriptor and (b) no more
than 25% of participants selected the same “incorrect”
mental state descriptor. The 36 items that met both cri-
teria make up the RMET.

Given that the “correct” RMET responses were veri-
fied via consensus in a single study conducted using con-
venience samples in the United Kingdom, it is open to
question whether the target responses should be consid-
ered correct in samples where these consensus criteria
are not met (Higgins et al., 2024). Item-level data have
rarely been reported in subsequent studies; moreover,
where reported, a subset of items frequently failed to
pass at least one of the two consensus criteria from the
original study (Higgins et al., 2024; Higgins, Ross,
Langdon, et al., 2023). In fact, in one study conducted in
China, an “incorrect” response was recoded as the “cor-
rect” response because it was selected by more than 60%
of participants, while less than 30% of participants
selected the target response (Zhang et al., 2016). Issues
such as these suggest that the “correct” responses do not
always generalize across samples, making it important
for studies to examine the distribution of responses to
individual items before interpreting RMET scores.
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In the current paper, we examine the structural prop-
erties of the RMET in nine large, pre-existing datasets,
with a focus on evaluating the factor structure and inter-
nal consistency of RMET scores. While these nine data-
sets are all drawn from previously published studies,
factor analyses using these datasets have not been pub-
lished, and internal reliability metrics have only been
reported for three of them. For each dataset, we perform
five analyses on RMET data. First, using confirmatory
factor analysis (CFA), we test a single-factor model
because the RMET was designed to be a unidimensional
test that produces a single sum score (Baron-Cohen
et al., 2001). Second, again using CFA, we assess a
three-factor model based on the valence subscales pro-
posed by Harkness et al. (2005), which is the most widely
used, theoretically derived model for generating RMET
subscores (Hudson et al., 2020). Third, using explora-
tory factor analysis (EFA), we attempt to identify alter-
native data-driven factor models that might fit the data
better than the theoretically derived models. Fourth,
using alpha and omega reliability estimates, we examine
the internal consistency of RMET scores. Fifth, for each
RMET item, we calculate the percentage of participants
that selected each of the four response options and com-
pare these percentages with the consensus criteria set out
by Baron-Cohen et al. (2001).

Method

Transparency and Openness

This project, including our plan for choosing which
datasets to re-analyze and how we would re-analyze
them, was pre-registered (https://osf.io/5dx8t). Since the
time of pre-registration, the project acquired an addi-
tional collaborator, Victoria Savalei, who brought sta-
tistical expertise to the project. In addition, we read
more deeply on best practices for conducting factor
analysis and computing internal consistency estimates.
As a result, we have made several deviations from the
pre-registration to ensure that all analyses are consistent
with current best practices. We clearly identify all devia-
tions as they are introduced and provide justifications
for each of them.

Using data from Higgins et al.’s (2024) scoping
review, we identified all studies that met our inclusion
criteria of administering the unabbreviated, English lan-
guage version of the RMET to a non-clinical sample.
Following our pre-registration, we contacted the
authors of the 15 studies with the largest sample sizes
that met these criteria (these studies are demarcated by
an asterisk [*] in the reference list).* In two cases, we
were unable to make contact with the author in posses-
sion of the data (De Paoli et al., 2020; Weisman et al.,

2015), and one research group declined to share their
data due to the ongoing nature of their research project
(Carroll et al., 2021). Additionally, a subset of the identi-
fied studies used overlapping datasets (Dodell-Feder
et al.,, 2020; Germine et al., 2015; Hartshorne &
Germine, 2015; Pearce et al., 2019a, 2019b), and in these
instances, we analyzed the version of the dataset used in
the most recently published study. In total, we analyzed
nine independent datasets, each of which we refer to
using the first author’s last name. Anonymized data and
analysis code are available via the project’s OSF page
(https://osf.io/cytém/).?

Participants

Table 1 reports properties of each dataset, including
summary statistics for participants’ demographic infor-
mation and sample sizes. Participants were recruited at
science festivals and a museum (Pearce et al., 2019b); via
the online participant pool platforms MTurk
(Almaatouq et al., 2021; Floyd & Woo, 2020; Panero
et al., 2016) and TurkPrime (Schmalor & Heine, 2021);
via university student participant pools (Nahal et al.,
2021; Vonk et al., 2015); and via self-selection through
the Testmybrain.org website (Dodell-Feder et al., 2020)
and a link in a New York Times article (Kidd &
Castano, 2017).

Sample sizes for the nine datasets as analyzed in the
original studies ranged from 757 to 9,271 (median =
1,118). With the exception of the Floyd dataset, the
majority of participants in each dataset were women
(range 47%-82%, median = 62%). In the six studies
that reported ethnicity, participants were predominantly
White (range 74%-100%, median = 80%). Mean age
ranged from 19 to 44 (median = 37). In preparing the
datasets for analysis, we applied the same exclusion cri-
teria as the original studies with the following excep-
tions: as per our pre-registration, we excluded from our
analyses any participants who did not provide a
response to all 36 RMET items. The number of partici-
pants excluded for missing RMET data ranged from 0
to 131 (median = 19). We also excluded the data associ-
ated one participant ID in the Dodell-Feder dataset
because the participant ID appeared four times. After
participant exclusions, sample sizes used for analysis
ranged from 558° to 9,267 (median = 1,016).

Measures

All studies administered the 36-item RMET in its origi-
nal English language format. None of the studies con-
ducted factor analysis on RMET scores, while three
studies reported alpha as a measure of internal consis-
tency (see Table 1).’
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Original Study and Sample Characteristics.

Table I.

Specific response

Reported reliability
estimate—original study

to each
item available®

Attention

Data collection

Recruitment

Sample size—  Demographics—  Age mean (range)

Sample size—

check/s

Compensation

method method

original study

original study

current analyses

original study

Study

None

Yes

Up to Yes

Online via MTurk

MTurk

1,181

1,200

Almaatouq et al. (2021)

US $17.00

No

56% Women
84% White

Alpha=.7I

Yes

No

Online via

TestmyBrain.org

30 (10-70)®

9,267

9,271

Dodell-Feder et al. (2020)

TestmyBrain.org
Online via MTurk

63% Women
75% White

None

Yes Yes

US $2.50

MTurk Master Workers

39 (18-74)

1,016

1,118

Floyd and Woo (2020)

47% Women
83% White

Alpha=.56

Yes

No No

Link in a New York Online

44

1,112

1,243

Kidd and Castano (2017)

Times article
University student participant pool

72% Women

None

Unclear No No

Pen and paper test

19 (17-54)

1,168

1,168

Nahal et al. (2021)

in Canada

MTurk

62% Women

None

US $2.00 No® Yes

Online via MTurk

35 (18-76)

558

792

Panero et al. (2016)

51% Women
100% White
56% Women
74% White

None

Unclear No No

An iPad on location

Science festivals and

Men: 43 (18-75)

709

757

Pearce et al. (2019b)

a museum in the UK

TurkPrime

Women: 38 (18-74)

37

Alpha=.73

Unclear Yes Yes

Online via TurkPrime

972

972

Schmalor & Heine (2021)

62% Women
76% White

None

No No

Course credit

Online via Survey

University student participant pool

868

901

Vonk et al (2015)

Monkey

in United States

82% Women

*This column indicates whether datasets coded which of the four possible responses were selected for each RMET item, or whether responses were only coded as correct/incorrect.

“This age range refers to a larger dataset, and the study does not report the mean age or age range specific to the RMET.

“While no attention checks were included, participants who took too much or too little time reading a passage of text required for the survey were excluded as this was taken to indicate that they had not read the passage.

Statistical Analysis

Statistical analyses were run in R (version, 4.3.1.; R
Core Team, 2022) using RStudio (version 2023.9.1.494;
Posit Team, 2023).

We calculated item-level RMET responses for each
dataset. The specific response to each item (as opposed
to correct/incorrect coding) was available for six of the
nine datasets (see Table 1), and in these instances, we
calculated the percentage of participants who selected
each of the four response options. For the three datasets
for which this information was not available, we were
only able to calculate the percentage of participants
selecting the correct response. We compared response
percentages with the criteria set out in Baron-Cohen
et al. (2001) for items to be included in the final version
of the RMET: at least 50% of participants select the tar-
get response, and no more than 25% of participants
select the same incorrect response.

We assessed the suitability of each dataset for factor
analysis via the Kaiser—Meyer—Olkin measures of sam-
pling adequacy (MSA) test, the Bartlett’s test of spheri-
city, and the test of the independence model. We
calculated the MSA and Bartlett’s test using the
FACTORABILITY function in the FEFA.dimensions
package (version 1.7.9; O’Connor, 2023). Because the
test uses binary scoring (i.e., each item is scored as cor-
rect or incorrect), we specified the use of a tetrachoric
correlation matrix. MSA values range from 0 to 1, with
higher values indicating increased suitability of the data
for factor analysis. A value less than .50 is considered
“unacceptable,” while values above .80 are considered
“meritorious” (Hair, 2019; Kaiser, 1974). Bartlett’s test
assesses the null hypothesis that the correlation matrix
does not differ from the identity matrix, and this null
hypothesis should be rejected (Bartlett, 1954; Hair et al.,
2010). While not pre-registered, we also report the test
of the independence model, which was calculated using
the lavaan package (version 6.16; Rosseel, 2012). The
test of the independence model assesses the same null
hypothesis as Bartlett’s test but using the correct sam-
pling distribution for the matrix of tetrachoric correla-
tions, and thus, it will be more accurate than the result
from the EFA.dimensions package.®

We conducted EFA and CFA using the efa and
¢fa functions in the lavaan package.” Because the data
are binary, we specified all indicators as ordered catego-
rical (in lavaan, ordered = TRUE), which triggers the
diagonally weighted least squares estimator with robust
standard errors and mean and variance adjusted test
statistic (i.e., estimator = “WLSMV”). We tested two
theoretically derived CFA models (i.e., single-factor and
three-factor valence-based models). We report the
results of these CFA models analyzed within the full
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sample for each dataset. This is a deviation from the
pre-registration where we specified that all models
would be tested using half of each dataset. However,
these two CFA models are both theoretically derived,
and no data-driven modifications would be performed.
As such, we realized in retrospect that there is no statisti-
cal reason not to run these two CFA analyses in the full
datasets, and doing so would allow us to obtain more
stable estimates. In contrast, for the EFA analyses, we
split each dataset in half so that we could conduct EFA
in one half of each dataset and then conduct additional
CFAs in the other half if we identified promising statisti-
cally derived factor models.

For the EFA analyses, datasets were divided using
the data.partition function in the datawizard package
(version 9.0; Patil et al., 2022). We used the scree func-
tion in the psych package (version 2.3.9; Revelle, 2023)
to plot the eigenvalues of the tetrachoric correlation
matrix in each dataset, and based our decisions about
the number of factors to extract primarily on the visual
inspection of the resulting scree plots.'® Specifically, we
looked for an “elbow” in each scree plot, where the dis-
tance between neighboring eigenvalues becomes drama-
tically smaller, and retained the number of factors above
the elbow. Because a single-factor EFA model is equiva-
lent to a single-factor CFA model, we did not run EFA
for single-factor models. Instead, we conducted EFA
analyses on datasets where scree plots suggested more
than one factor. In these datasets, we extracted the num-
ber of factors suggested by the scree plot. While not pre-
registered, we also always considered a three-factor
model in these datasets because this dimensionality
aligns with the practice of calculating valence-based sub-
scores. For all EFA analyses, we used geomin rotation
with lavaan’s default settings. In supplementary materi-
als, we also report factor loadings based on oblimin
rotation because different rotation methods can produce
more interpretable factor loading patterns.

We evaluated CFA models based on model fit indices
(described below), the matrix of residual correlations,
and factor loadings. We evaluated EFA models based
on factor correlations, factor loadings, communalities,
simplicity of the structure (where the simplest structure
is defined as the structure with the least number of items
that load onto more than one factor), the conceptual fit
of the model based on theoretical considerations related
to social cognition, and model fit indices. When consid-
ering model fit indices in the context of EFA, it is impor-
tant to note that good fit is a necessary, but not
sufficient, condition for accepting an EFA model.
Unlike CFA, where the model specifies which items are
to load onto which factors, EFA allows all items to load
onto all factors. As such, EFA models can fit the data
better even when they do not result in an interpretable

Table 2. Traditional Cutoff Values for Fit Indices.

Category Traditional
Fit index of index cutoff
Chi-square (x?) test of exact fit Exact p>.05
Comparative fit index Relative >95
Tucker—Lewis index Relative >95
Root-mean-square error of Absolute <.08 suggests

approximation acceptable fit
<.05 suggests
good fit

Root mean square of residuals Absolute <.08

Note. Traditional cutoffs are taken from Bandalos and Finney (2018) and
Kline (2023).

pattern of factor loadings. This makes it critical to con-
sider the theoretical appropriateness and interpretability
of EFA models. For both CFA and EFA, if a model did
not converge, it was taken as evidence that the model
was not an appropriate representation of the data, and
the model was rejected.

Following best practices (Appelbaum et al., 2018;
Kline, 2023), we report the chi-square test of exact fit;
however, due to the sensitivity of the chi-square test to
sample size (Bergh, 2015; Kline, 2023), we base model
evaluation primarily on the following approximate fit
indices: the comparative fit index (CFI), the Tucker—
Lewis index (TLI), the root mean square of residuals
(SRMR), and the root-mean-square error of approxi-
mation (RMSEA)."" CFI and TLI are relative fit
indices, which compare model fit to an independence
model. Higher values indicate better model fit (see Table
2 for traditional cutoff values for each fit index).'? In
contrast, SRMR and RMSEA are absolute fit measures,
which compare the correlation matrix from the observed
data with the correlation matrix implied by the factor
model (Bandalos & Finney, 2018). Lower values indicate
better model fit for both SRMR and RMSEA. We
assessed fit indices against the cutoff values outlined in
Table 2; however, we note that the use of fixed cutoffs
can be problematic, making it important to also con-
sider the factor loadings, residual correlations, and theo-
retical support for each model (Kline, 2023; Marsh
et al., 2004; McNeish & Wolf, 2023; Stanton et al.,
2023). For all models, we also made attempts to identify
the largest sources of the model misfit by examining the
largest residual correlations, with residuals >.20 taken
as indicators of possible local misfit of the model.

Lavaan prints both weighted least square mean and
variance adjusted (WLSMV)-based fit indices (denoted
by “scaled” in lavaan output), which are commonly
reported for categorical data, as well as the new normal-
theory maximum-likelihood-based fit indices (ML;
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denoted as “robust” in lavaan output), recommended by
Savalei (2021). Where available in the lavaan output, we
include both sets of indices in tables; however, we base
our model assessments on the ML-based indices where
available. ML-based indices tend to be more accurate
for binary data because they approximate what the fit
index value would have been had the data been continu-
ous, allowing for reference against the commonly used
ML fit index cutoffs (see Table 2), while WLSMYV fit
indices have different population values and tend to
overestimate model fit for categorical data when judged
against traditional cutoffs (Savalei, 2021). A disadvan-
tage of the ML-based fit indices is that they cannot be
obtained (or they will produce poor results) when the
input correlation matrix is not positive definite, which
can happen with categorical data. Unless otherwise
specified, in the main test, we refer to the ML-based fit
indices.

Factor loadings of at least 0.30 are considered accep-
table for interpreting the structure of an EFA model
(Hair, 2019). However, a loading of 0.30 means that the
factor only accounts for approximately 10% of the
variability in the indicator (i.e., RMET item). As such,
Hair (2019) suggested that to be “practically significant”
(p- 151), loadings should be at least 0.50, meaning that
the factor accounts for approximately 25% of variance
in the indicator. Because our primary aim in this paper
is to identify the factor structure of RMET scores, for
EFA models, items were considered to load onto a par-
ticular factor if the corresponding loading was at least
0.30. In cases where an item had loadings of at least 0.30
on multiple factors, the item was interpreted as loading
onto the factor with the highest loading, unless there
was a clear theoretical motivation to favor the weaker
loading or to allow cross loadings. For CFA models,
factor loadings were also deemed acceptable if they were
at least 0.30. For EFA models, we also report the com-
munalities for each item, which is the proportion of each
item’s variance that can be explained by the extracted
factors. Values range from 0 to 1, and the higher the
value, the more of the item’s variance can be explained
by the factors.

To assess the internal consistency of RMET scores
based on a single-factor model, we calculated alpha
based on the tetrachoric correlation matrix (which esti-
mates the reliability of a hypothetical total score
obtained by summing the underlying continuous items)
and a categorical version of omega, which gives the
reliability of the total score obtained by summing cate-
gorical items (rather than a hypothetical total score
obtained by summing the underlying continuous items;
Green & Yang, 2009). These versions of alpha and
omega were calculated using the compRelSEM function
in the semTools package (version 5-6; Jorgensen et al.,

2022), using the /lavaan object representing our specified
single-factor CFA model as input."® Alpha and omega
values above .70 were interpreted as the minimum
acceptable levels of internal consistency, with values
above .80 being preferrable (Clark & Watson, 2019).
Critically, the interpretation of alpha and omega relies
on knowledge of the factor structure of the data. In par-
ticular, alpha assumes unidimensionality and approxi-
mately equal factor loadings for each item (Flora, 2020).
Omega reliability estimates can be computed based on
any factor model; however, they are only meaningful
when computed based on models that are appropriate
for the data (Savalei & Reise, 2019) and, thus, were only
calculated if an appropriate multidimensional model
was identified.

We also calculate the mean interitem correlation for
each dataset. This statistic is important to consider when
evaluating factor structure and internal consistency
because fit indices, factor loadings, alpha, and omega
are all sensitive to the strength of interitem correlations.
It has been shown that the chi-square test rapidly loses
power with lower correlations among the variables, and
therefore absolute indices of fit (SRMR, RMSEA) will
have lower sensitivity to misspecification when correla-
tions are low as well (Miles & Shevlin, 2007; Saris et al.,
2009; Savalei, 2012; Steiger, 2000). CFI and TLI have
also been shown to be affected by interitem correlations
(Miles & Shevlin, 2007). Because reliability indices are
functions of interitem correlations, a lower mean interi-
tem correlation will also result in lower values for alpha
and omega. For a unidimensional model, a mean interi-
tem correlation of less than .15 is considered low (Clark
& Watson, 2019).

Results

Mean RMET scores for each dataset ranged from 24.5
to 27.7 (median = 26.5; see Table S1). All datasets met
the cutoff of at least 0.5 for the Keiser—Meyer—Olkin
test, and the null hypothesis that the variables are uncor-
related was rejected by both Bartlett’s test as implemen-
ted in the EFA.dimensions package and the chi-square
test for the independence model in the lavaan package.
Mean interitem tetrachoric correlations ranged from .07
to .26 (median = .12), with the mean interitem correla-
tion falling below .15 in seven of the nine datasets.
Moreover, eight of the nine datasets also included at
least one negative interitem correlation, with the total
number of negative interitem correlations ranging from
0 to 130 (20.6%; median = 46 [7.3%]; the tetrachoric
correlation matrices are available on the project’s OSF
page). All correlation matrices were positive definite in
the full datasets.



Table 3. Table of Fit Indices and Reliability Estimates for Single-Factor CFA Model.
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0.957 0.955 0.023 (0.020, 0.026) 0.059

0.766 0.752 0.040 (0.039, 0.042)
0.859 0.850 0.052 (0.046, 0.058)

915, p <.001

X* (594, n=1,016)

Floyd

0.279 (0.096-0.410) 24 (67%)

0.55

0.56

0.736 0.018(0.015,0.021) 0.062

0.578 0.552 0.042 (0.036, 0.048)

0.751

808, p <.001
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weighted least square mean

standardized root mean square residual; WLSMV

root-mean-square error of approximation; SRMR

Tucker—Lewis index; RMSEA =

maximum likelihood.

Note. CFl = comparative fit index; TLI

and variance adjusted; ML

Item-level response rates are presented in Table S2.
We compared these response rates to Baron-Cohen
et al.’s (2001) criteria for item retention when developing
the RMET (i.e., first criterion: at least 50% select the tar-
get response; second criterion: no more than 25% select
the same incorrect response). In four of the nine datasets,
at least one item failed the first criterion (range: 1-3). In
all six of the datasets where we could assess the second
criterion, multiple items failed this criterion (range: 2—4).
Furthermore, five items failed one or both criteria across
multiple datasets (Items 19 and 25 failed at least one cri-
terion in two datasets; Item 23 in four datasets; Item 17
in five datasets; and Item 10 in six datasets).

Single-Factor Model CFA in Full Datasets

Unsurprisingly given the large sample sizes, all single-
factor models failed the chi-square test of exact fit. The
results based on approximate fit indices were mixed (see
Table 3). In all datasets, CFI (range: 0.46-0.86) was
below the recommended level of >0.95. In contrast,
apart from the Panero and Pearce datasets, the absolute
fit indices indicated acceptable model fit (i.e., RMSEA
and SRMR <0.08). The WLSMYV fit indices, which are
reported in Table 3, produced better values, as expected
due to their known bias towards model acceptance;
however, the general pattern of results was the same
(i.e., CFI was generally unacceptable, while RMSEA
was generally acceptable).

The number of residual correlations with absolute
values =.20 in each dataset ranged from 0 (Dodell-
Feder dataset) to 16 (Panero dataset). Residual correla-
tions above .20 suggest local model misfit. For example,
the residual correlation between items 1 and 20 was
greater than .20 across three datasets, suggesting that
this pair of items may tend to covary independent of the
modeled factor (see OSF page for table of all residual
correlations).

Factor loadings were generally weak (see Table 3 and
Table S3). The number of items within each dataset with
loadings below 0.3 ranged from 1 to 24 (median = 12).
Weak factor loadings indicate a weak relationship
between items and the latent factor.

In combination, the weak factor loadings and low CFI
values suggest that a single-factor model does not account
well for RMET performance in any of the datasets,
despite RMSEA and SRMR values falling within the
range traditionally taken to indicate acceptable model fit.

Alpha and omega values for RMET scores based on
the single-factor model are reported in Table 3. Within
each dataset, the alpha and omega values were highly
similar. Values indicated unacceptable levels of internal
consistency in three datasets (i.e., <0.70), acceptable
levels of internal consistency in four datasets (i.e.,
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Table 4. Table of Fit Indices, Factor Correlations, and Factor Loadings for Three-Factor CFA Model.

Items (%) with

Mean factor
loading (range)

Positive~ Negative~

neutral (SE)

Positive~
negative (SE)

loading <0.3

neutral (SE)

RMSEA (90% Cl)  SRMR

TLI

CFl

Chi-square (x?)

Type of fit index

Dataset

6 (17%)

0.067 0.584 (0.056) 0.809 (0.048) 0.930 (0.038) 0.39 (0.18-0.92)

0.844 0.834 0.023 (0.020, 0.025)
0.724 0.706 0.054 (0.048, 0.060)

0.886

949, p <.001

1,182) =

x> (591, n

WLSMV

Almaatouq

1 (31%)

0.039 0619 (0.022) 0.731 (0.019) 0.929 (0.013) 0.38 (0.17-0.56)

(
(
(
(
(
(
(

0.878 0.869 0.049 (0.042, 0.055)

0.762

0.022 (0.021, 0.023)

0.879

9,267)=3.210, p <.001

x> (591, n

Dodell-Feder

0.057 0.774 (0.042) 0.813 (0.035) 0.977 (0.016) 0.52 (0.23-0.73) 2 (6%)

0.018, 0.025)

0.797 0.784 0.038 (0.036, 0.039)
0.960 0.022

0.963

869, p <.001

1,016)=

x> (591, n

Floyd

24 (67%)

0.062 0.621 (0.060) 0.883 (0.084) 0.953 (0.084) 0.29 (0.16-0.45)

0.747 0.018 (0.014, 0.021)

0.570%

795, p < .00

=1,112)

x> (591, n

Kidd

0.596*

0.041 (0.035, 0.047)*

1 (31%)

0.665 (0.060) 0.751 (0.051) 0.960 (0.036) 0.38 (0.17-0.60)

0.061

0.878 0.870 0.021 (0.018, 0.024)
0.764 0.749 0.043 (0.037, 0.048)

0914 0.909

0.673

894, p <.001

1,168)=

x> (591, n

Nabhal

I (3%)

0.080 0.721 (0.050) 0.861 (0.038) 0.965 (0.024) 0.54 (0.21-0.77)

16 (44%)

0.082 0.556 (0.101) 0.819 (0.104) 0.884 (0.072) 0.32 (0.06-0.59)

0.054, 0.068)

10 (28%)

0.068 0.673 (0.054) 0.776 (0.057) 0.942 (0.032) 0.40 (0.15-0.67)

15 (42%)

0.064 0.641 (0.077) 0.615(0.062) 0.936 (0.050) 0.36 (0.10-0.64)

(
(
(
(
(
(
(
(
(

0.030 (0.026, 0.034)
0.854 0.844 0.026 (0.023, 0.029)

0.097 (0.089, 0.104)
0.620  0.025 (0.021, 0.028)

0.651

558) =883, p <.001

x> (591, n

Panero

0.643

709) =849, p <.001

x> (591, n

Pearce

0.440 0.061

0.475

972)=972, p <.001

x> (591, n

Schmalor

0.690 0.669

0.865

0.056 (0.050, 0.061)
0.856 0.019 (0.016, 0.023)

0.048 (0.042, 0.054)

0.684 0.663

868) =785, p <.001

x> (591, n

Vonk

root-mean-square error of approximation; SRMR = standardized root mean square

Tucker—Lewis index; RMSEA =

maximum likelihood.

*The tetrachoric correlation matrix was not positive definite, so the ML-based estimates may be less accurate.

comparative fit index; TLI

confidence interval; CFl
weighted least square mean and variance adjusted; ML

Note. SE = standard error; Cl

residual; WLSMV

between 0.70 and 0.80), and high levels of internal con-
sistency (i.e., >0.80) in two datasets. However, these val-
ues should be interpreted with caution given the
uncertain fit of the single-factor models.

Three-Factor Valence-Based CFA Model
in Full Datasets

With the exception of the Kidd dataset, the tetrachoric
correlation matrix was positive definite. Model fit
indices were marginally better for a three-factor model
versus a single-factor model in all datasets (see Table 4).
However, model fit will often improve when additional
factors are added (Stanton et al., 2023), and the overall
pattern or results remained very similar to the single-
factor model. In particular, the chi-square test was sig-
nificant for all datasets. All approximate fit indices sug-
gested poor model fit for the Panero dataset, while the
other eight datasets had acceptable values for RMSEA
and SRMR. In contrast, CFI values were below recom-
mended levels by both the ML and WLSMYV estimates
for all datasets other than the Floyd dataset, where the
WLSMYV CFI value was 0.96. The number of residual
correlations with an absolute value greater than .20,
which capture the difference between each sample corre-
lation and its value reproduced under the model, ranged
from 0 to 16. The correlations between the factors were
high across datasets, potentially indicating redundant
factors (see Table 4).

Similar to the single-factor models, factor loadings
were generally low for the three-factor models (see Table
4 and Table S4), with the number of items with loadings
below 0.3 ranging from | to 24 (median = 11). Thus,
extracting more factors did not produce stronger load-
ing patterns.

EFA in Split Datasets

After dividing each dataset in half, sample sizes ranged
from 279 to 4,634 participants (median: 508). The data-
sets used for the EFA analyses had similar mean RMET
scores (range: 24.5-27.4; median: 26.6) and mean interi-
tem correlations (range: .07—.29, median: .12) to the full
samples (see Table S1). The tetrachoric correlation
matrix was not positive definite for three of the split
datasets (Almaatouq, Panero, and Pearce datasets). We
forced lavaan to calculate ML-based fit indices for these
models; however, these values are likely to be less
accurate.

Figure S1 contains scree plots for each divided data-
set. Eight of the nine scree plots are suggestive of a
single-factor model, although in four of these cases, a
two-factor model is also worth considering. The scree
plot for the ninth dataset (Pearce dataset) most strongly
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suggests a two-factor model. Since we had already evalu-
ated a single-factor model via CFA in all datasets, we
conducted EFA with two factors in the five datasets
where the scree plot indicated a two-factor model may
be plausible (i.e., Almaatouq, Dodell-Feder, Nahal,
Panero, and Pearce datasets).

A clear two-factor structure did not emerge from the
five tested datasets, although the pattern of loadings
across datasets was somewhat suggestive of a division
between items with positive versus negative target
responses (see Table 5). However, there were multiple
inconsistencies. For example, item 2 (“upset”) only had
a clear loading on the negative factor in two of the five
datasets, while item 14 (“accusing”) loaded onto the
“positive” factor in two datasets, the “negative” factor
in two datasets, and neither in the fifth tested dataset.
Moreover, while cross loadings were infrequent (four
items had cross loadings in the Panero dataset and a sin-
gle item had a cross loading in the Almaatouq and
Pearce datasets), the number of items failing to load
onto either factor ranged from 4 (11%) to 12 (33%),
median: 10 (28%). Additionally, communalities, which
indicate the proportion of each item’s variance that can
be explained by all extracted factors, were generally low
(see Table 5). As an exploratory analysis, we also ran the
analyses using the oblimin rotation method, but this did
not improve the pattern of factor loadings (see Table
S5). Given the inconsistency among datasets in terms of
which items loaded onto each of the two factors, the
presence of multiple items in each dataset that had weak
loadings on both factors, and the better theoretical fit of
a single-factor model, we did not conduct CFA for two-
factor models in any datasets. We report fit indices for
the two-factor models in Table S6 for completeness, but
these fit indices are not meaningful given that no clear
two-factor structure emerged.

We also conducted EFAs for a three-factor model
in the five datasets where the scree plots indicated the
possibility of a multifactorial structure. However, no
interpretable three-factor models emerged in any of
the five datasets. We report the factor loadings for
three-factor models in Table S7 (additionally, we
report factor loadings based on oblimin rotation in
Table S8). Communalities remained low for the three-
factor model (see Table S9).

Discussion

We analyzed the factor structure of RMET scores in
nine large, predominantly White, non-clinical samples
and found evidence of weak structural properties in all
of them. We assessed two theoretically derived CFA
models: a single-factor model and a three-factor
valence-based model. In all nine datasets, we found

evidence of poor model fit for both tested models.
Moreover, we did not identify better fitting alternative
factor models via EFA in any of the datasets. Given that
(a) a single-factor model is the most theoretically appro-
priate for the RMET due to it being designed to measure
a single construct and (b) scree plots were most sugges-
tive of a single-factor model in eight of the nine datasets,
we provisionally conclude that a single-factor model is
the most appropriate model for RMET scores in these
datasets. However, the weak factor loadings and weak
interitem correlations should be considered when inter-
preting RMET sum scores in these datasets. Moreover,
the low CFI values suggest that the single-factor model
does not fit the data sufficiently better than the indepen-
dence model, which is not surprising given the weak
interitem correlations. Previous research has rarely
examined the factor structure of RMET scores, and
those few studies that have done so lacked key informa-
tion required to assess model fit, found evidence of
unacceptable model fit, or both (Higgins et al., 2024).
Consequently, our finding that RMET scores demon-
strated weak structural properties in a// datasets that we
analyzed provides important evidence that RMET
scores frequently have weak structural properties in non-
clinical samples.

The weak structural properties of RMET scores have
serious implications for the interpretation of the vast
and growing literature that uses RMET scores as mea-
surements of social cognitive ability. Weak factor load-
ings suggest a weak relationship between the modeled
factor and the test items. Moreover, mean interitem tet-
rachoric correlations were also weak in seven of the nine
datasets. Low interitem correlations indicate that per-
formance on one RMET item is only weakly predictive
of performance on other RMET items, which is incon-
sistent with a single ability being primarily responsible
for performance on all items. Thus, even if we were to
accept a single-factor model and interpret the latent fac-
tor as social cognitive ability, the relationship between
social cognitive ability and item responses would be so
weak that the usefulness of the RMET for research
would be open to question.

It is possible that test items are influenced by social
cognitive ability, but that items also have a lot of mea-
surement error and specific variance. In such a case, a
very long test would be required to measure the con-
struct with adequate precision for psychological
research. However, at 36 items, the RMET is already a
long test. Nonetheless, internal consistency estimates
were below the conventionally accepted minimum value
of 0.70 in three datasets and only just reached the bot-
tom of the acceptable range in three others. This sug-
gests that, even if items are influenced by social
cognitive ability, the levels of unique variance in RMET



SONI[BUNWIWOD = 4

*J012®) 4310 dY1 0IUO PEO| 01 dsuodsau 1391100 padudjeA A|9AnIsod YlIm swall pue 1012k} SUO OIUO Peo| 01 3suodsad 109400 padus|eA A[2ANESaU B YlIM SWa) o) ADuspusl & aq 01 paJeadde
343U ‘SI9SEIEP SSO.UDE PaSIaWa 94NIDNIS J0IDBJ-OM]I JUSISISUOD OU B[IYAA "2UO) P|oq Ul paauasaad ade (Qg'0 “o°1) J0IDB) B OIUC PEO| O WI)I U J0Oj P|OYsayl wnwiuiw sy 3unssw ssuipeoT 10N

ol 14 Cl S I 0£°0< Sulpeo| ou Yyum sway)

910 FAN 810 910 0co 9JUBJIBA DANEB|NWIND [BIO]

600 £0°0 L1°0 610 £0°0 olo 900 olo 600 110 aduelseA uonaodouy

600 670 S00 S50  0F0 90 ST0 000 0s°0 €1'0  S00 veo 800 IT0 S0 snopidsns—9¢y
£1'0 oF°0 ¥0'0 LEO  610— 89°0 0C0 800— Lvy'0 S1'0 £00— 1¥°0 0l'0  £00— €€°0 SNOAIBU—GEY
070 9%¥°0 €00— L£0 SIO 5°0 €10 10 670 91’0 L00 9¢€0 wo 100 Ly0 InpsnIsip—4 €Y
¥00 SlI0 600 €€0 LEO 670 £00 TIO0 0z'0 800 TCO 600 110 €10 LT0 pauJaduodI—gey
1T0 €00— 90 670 TE0 1€°0 £00 TTO 800 61'0 T€0 610 €10 £10 970 snolRs—T ey
1IT0 SO00— 90 870 090 81'°0— 800 6C0 €00— O0lI'0 Tg€o 000 SI'0  8€0 €00 JUdpYUod—| £y
1T0 900 11 40)] 890 690 o S€0 890 200 90 T¥0 L1°0 790 8S0 8€'0 snoneMI—OeY
€00 100 £1°0 &0 T90 900 €00 810 00— £L00 STO €00 870 9S50 11'0— dAND|JRI—6TY
870 TS0 00 ¥20 910 6€°0 I€0  +¥10 6v°0 1IT0 £00 €0 SI'0 800 S€'0 pa3isaJLiul—gTy
LI'0  TFO0 €00— 0€0 $00-— LSO 610 €10 LEO 61’0 SlI0 9€0 0€0 olo 15°0 snonnes>—/ 7y
SI'0 LTO o 61’0 IO (AN} 0€0 LTO 6€°0 vI'0 800 veo S00 900-— €70 d1soy—9y
01’0 600— €0 €0 090 800— 0C0 8¥0 LT0— 01'0 S€0 800— 810 Sb'0 81'0— pa3isaaLiul—gTy
670 600— SS°0 750 8¥0 veo 0c0 070 €€°0 1IT0 Z10 9€0 1T0 6T0 970 aAIsuad—p 7y
£0'0  STO S00 L¥'0  TO00 L9°0 61'0 S00 1¥°0 11'"0 900— S€0 SI'0 910— 1¥°0 eyap—ETY
070 T¥o olo €90 6€0 £140] o Z10 70 610 910 veo LT0  #T0 8€0 paidna303.ud—77y
o 100 90 €€0 790 o— TTo  9¢€0 610 SI'0 9€0 S00 91’0 9€0 600 Buiziseauej—| 7y
970 870 LEO 6¥'0  ¥S°0 ST0 ¥1I'0  9¢€0 €00 0€0 8¥°0 ¥1'0 o 1o 1T0 Ajpualy—ozy
800 670 100— 800 T00— 670 ¥T0 €70 9¢€'0 ¥I'0 700 9€°0 900 +00 €70 dAIIRIUI—6 | Y
SI'o 910 €€°0 1o Tlo 870 SI'0 900 9€°0 vI'0 100— 8€0 €10 110 1€°0 SAISIPp—g | Y
vI'o  TE€o LT0—  ¥EO0 TTO-— 99°0 €0 0€0-— 0s'0 (AN TA b 9¢€0 YAV AN By €5°0 Inpqnop—/ 1Y
S00 0T0 900 €€0  9¥'0 810 800 II0 €70 110 810 (440} €0 6€0 0€0 Inpy3noyp—9 |1y
¥T0 0S°0 900— TE0 1T0 13 40) 9¢0 1T0 ov'0 8C0 II0 Ly0 o 670 870 aAne|dwauod—g Y
€0 1T0 6€°0 950 100 vLO L1I'0  TEO0 810 ¥Co 700 8v°0 vi'o  +¥70 1T0 Buisnooe— |y
11'0  €€°0 cIo— 190  STO 950 ¥1'0 170 ¥T0 SI'0  Tlo €0 €10 120 €70 Sunedpnue—¢ |y
070 9%0 600— 1¥'0 810 €5°0 €0 ZI0 6€°0 070 €00-— 90 ¥1I'0 600 veo [eondeds—z |y
070 8€0 £1°0 &0 8€0 LEO €0 910— 1S°0 ¥1'0  800— 1¥°0 0z0 €l'0— Ly'0 Iny2.82.—| |y
olI'o Tg€o £00— 1o €10 ST0 £00  S1'0— LT0 SI'0  1T0—- o 11'0 200 €€°0 snonne>—Q |y
91’0  8€0 900 LS50  6¥°0 8¢€'0 ST0  ¥E0 LT0 €0 STO0 €0 9€0 SS°0 4N patdnadoaud—e0y
81’0 S€0 £1°0 &0 8€0 LEO ¥iI'o 170 €70 £1'0 €10 veo 6¥'0 970 LSO uspuodsap—g0y
8l'0 T€0 S€0— S€0  ¥I0-— 9°0 wo  vl0o— 0s'0 vI'0  TTOo— o €0 810— 15°0 Aseaun—/0y
S00 I1'0— €70 8€0 ¥9°0 900— 0€0 SS°0 1000— 1IT0 LVO €00— O¥0 990 10— Buiziseaue}—90y
1T0 Ss¥'0 €00 ¥S0  LEO Ly0 £00 0I0 o 800 €00 970 1T0 #00— Ly0 pauJom—G0Y
o0 €l 900 LT0  100— €5°0 o 11— LEO vI'0  STO-— 1¥°0 070 000 yro 3unsisu—40y
o L00 11 400] 60 €90 100— 810 T¥o €00 070 S€0 91’0 L1'0 00 €00 aJ1sap—¢€0Y
670 SO0 €5°0 110 TIo ST0 800 170 4N S00  £00 810 €10 100 €0 19sdn—70Yy
€00 600 vio LT0 80 900 o LEO 0l'0— 110 Tgo 100 £00  LT0 000 Inykejd—| 0y
M PAusod  sAnESdN Yy dADIsOd  2AneSON Y dADISOd  2AneSSN Y BAISOd  9AneSSN Y 9AMISOd  dAneSsN 1084B3—Wa|
ERNEEN oisueyg eyEN iPpoa BroyeeuTy 19se1eq

"UoBIOY UIWOSD) I NESJ YUAA S[SPOIN V43 101084-0OM] 0} SaNI[BUNWIWOD) pue s3uIpeoT Jo1de{ °§ ajqel

10



Higgins et al.

items are so high that even a 36-item test is not long
enough to make sum scores interpretable.

We can think of three issues that might contribute to
the weak structural properties of RMET scores. The first
issue relates to the concerns about measurement error and
unique variance mentioned above. In particular, the social
cognitive construct that the RMET aims to measure might
be difficult to isolate using behavioral tasks (Yeung et al.,
2024)."* In this case, the reliability of RMET items might
be low due to sources of random error or unique variance.
This could result in weaker interitem correlations, weaker
factor loadings, and lower levels of internal consistency.
Given that fit indices are differentially sensitive to weak
interitem correlations and factor loadings (i.e., CFI and
TLI will be biased toward indicating poor fit, while
RMSEA and SRMR will be biased toward indicating good
fit; Lai & Green, 2016), this could also have contributed to
the mixed fit indices that we found in the datasets.
Increasing the number of test items can help filter out ran-
dom error and unique variance, increasing the overall relia-
bility of a test. However, as mentioned above, at 36 items,
the RMET is already a very long test. Of course, it is possi-
ble that the construct being measured is both difficult to
isolate and multidimensional. However, we did not identify
any promising multidimensional factor models in any of
the datasets via EFA, and our results did not support the
three-factor valence-based model that we tested, which sug-
gests that developing an even longer version of the RMET
or testing more factor models is unlikely to be productive.

A second issue that might contribute to the weak
structural properties of RMET scores is that some parti-
cipants might have put very little effort into the task
and, thus, provided poor quality data. Indeed, most sur-
vey data likely contain at least some level of careless
responding (Ward & Meade, 2023), which has been
demonstrated to have significant impacts on research
findings, including leading to spurious associations
between variables (Stosic et al., 2024; Sulik et al., 2023;
Ward & Meade, 2023; Zorowitz et al., 2023) and nega-
tively impacting estimates of internal consistency and
factor structure (Arias et al., 2020; Voss, 2024; Ward &
Meade, 2023; Zorowitz et al., 2023). Notably, only three
of the datasets that we analyzed (Almaatouq, Floyd,
and Schmalor datasets) used attention checks to identify
and exclude inattentive participants. Consequently, the
datasets that did not use attention checks may have
included a non-trivial proportion of participants who
responded inconsistently or even randomly, which might
have contributed to the weak structural properties of
RMET scores in those datasets. Indeed, the fact that
interitem correlations, CFI, factor loadings, and internal
consistency calculated based on a single-factor model
were higher for the Floyd dataset than the other datasets
could be taken as tentative evidence that excluding

inattentive participants may have improved data qual-
ity. However, structural properties for the Almaatouq
and Schmalor datasets, which also had inattentive parti-
cipants excluded, were not noticeably better than other
datasets. Moreover, inspection of item-level response
rates (see Table S2) reveals that there were eight easy
RMET items for which the correct response was selected
by over 75% of participants in each of the nine datasets.
This level of consistency across the datasets would be
unlikely if random responding were widespread. The
mean sum scores are also very similar across datasets
(range 24.5-27.5; see Table S1), which provides further
evidence against substantial differences in levels of atten-
tiveness across datasets. Overall, these patterns of results
suggest that, on its own, improving the attentiveness of
participants is not going to address the issue of weak
structural properties of RMET scores. Nonetheless,
research incorporating a variety of strategies to identify
and reduce careless responding would be needed to con-
firm this (see Ward & Meade, 2023 for a summary of
strategies for reducing careless responding).

A third issue that might contribute to the weak struc-
tural properties of RMET scores relates to potential lim-
itations of the RMET itself as a measure of social
cognition. The RMET is intended to measure some
dimension/s of social cognitive ability by assessing
whether people can identify complex mental states from
static images of people’s eyes (i.e., “read the mind in the
eyes”). However, as we have noted, the “correct”
response for each item was determined via consensus
among a small number of raters rather than being objec-
tively correct; and, where item-level data has been
reported for the RMET, a subset of RMET items gener-
ally fail to meet one or both of the consensus criteria
that were originally used to verify the “correct”
responses (Higgins et al., 2024; Higgins, Ross, Langdon,
et al., 2023). Consistent with these earlier findings, in the
current study we identified multiple items that failed to
meet at least one of the initial consensus criteria in seven
of the nine datasets. Moreover, for three of the datasets,
we were only able to assess the first criterion (i.e., that
greater than 50% of people selected the target response)
because items were coded as correct versus incorrect
rather than providing the specific response choice for
each participant. As such, in these three datasets, it is
possible that additional items would have failed the sec-
ond criterion (i.e., more than 25% of participants might
have selected the same incorrect response choice). In
addition to undermining the “correctness” of the target
responses for some RMET items, low levels of consen-
sus could well reflect idiosyncratic, and thus unreliable,
responding for some items.

Even in cases where the majority of participants con-
verge on a “correct” mental state for an RMET item,
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evidence strongly suggests that this consensus is likely to
be an artifact of the multiple-choice format of the
RMET (Betz et al., 2019; Higgins et al., 2024; Higgins
et al., 2025). For example, Betz et al. (2019) adminis-
tered a free response version of the task where the 36
photographs from the RMET were presented one at a
time without any mental state descriptors and partici-
pants were asked to generate their own responses.
Notably, less than 10% of participant-generated
responses were similar in meaning to the “correct”
response in the multiple-choice format of the test, and
only approximately 40% of participant-generated
responses even had the same valence as the target
response. These results strongly suggest that people do
not identify the “correct” complex mental states in the
RMET directly from the photographs of people’s eyes.
Rather, as Betz et al. (2019) argue, the words provide
additional context that guides responding.

Building on this critique, Higgins et al. (2025) argue
that for some RMET items, the cues in the photographs
are insufficient to isolate the target response as the “cor-
rect” response and that RMET performance likely relies
on abilities other than emotion recognition, such as
vocabulary, abductive reasoning, and problem-solving
skills (e.g., participants might use process of elimination
to rule out implausible options before guessing between
any remaining plausible options). If RMET perfor-
mance relies on a variety of abilities, it would impact
both the factor structure and internal consistency of
RMET scores. Interestingly, Higgins et al. (2025) also
observe that there was a high level of variability in the
participant-generated responses collected by Betz et al.
(2019) and argue that many “incorrect” participant-
generated responses were at least as plausible as the
“correct” responses in the multiple-choice RMET. Thus,
it is possible that people who respond “incorrectly” to
an RMET item may, nonetheless, be able to generate
plausible mental states based on the photographs for
that item, in which case RMET scores are unlikely to
measure the ability to recognize mental states.

Limitations

Our study has several limitations. First, as previously
mentioned, coding of the participants’ specific
response choices was not available for three of the nine
datasets. As such, we were not able to assess the second
inclusion criterion from the original validation study
in these datasets. Second, the datasets we reanalyzed
were drawn from convenience samples and comprise
participants who were predominantly White (when
ethnicity was specified) and from the United States,
the United Kingdom, and Canada, which raises con-
cerns about the generalizability of our results to other

populations (Henrich et al., 2010). The lack of racial
and ethnic diversity in our samples is particularly rele-
vant given that all 36 items in the RMET show White
eyes, which could well contribute to differences in the
structural properties of RMET scores when used with
participants from different ethnic and racial groups
(e.g., Van Staden & Callaghan, 2022). Third, while the
RMET is frequently used in clinical research (Higgins
et al., 2024), our study did not include any data from
clinical samples. Determining whether RMET scores
demonstrate acceptable structural properties in clinical
groups is vital for assessing the credibility of existing
clinical research based on RMET scores. Critically, if
the weak structural properties that we found in the
current study are the result of limitations of the
RMET itself as a measure of social cognitive ability,
then RMET scores may exhibit unacceptably weak
structural properties in other populations too, includ-
ing clinical populations.

Conclusion

We examined the structural properties of RMET scores
in nine large, non-clinical samples. We found that factor
analysis revealed inadequate support for all tested unidi-
mensional and multidimensional models; interitem cor-
relations were weak; internal consistency was difficult to
assess given the unclear factor structure; and five items
did not consistently meet the original consensus criteria
across datasets. Overall, these findings raise serious
doubts about the adequacy of the structural properties
of RMET sum scores and, thus, lend additional support
to the argument that RMET scores are unsubstantiated
as measurements of social cognitive ability (Higgins
et al., 2024, 2025).

More broadly, our findings underscore the impor-
tance of routinely reporting sample-specific evidence for
the structural properties of test scores (Appelbaum
et al., 2018), which provides a key source of information
for assessing the credibility of research findings. Our
study also provides an example of how structural prop-
erties can be examined retrospectively by re-analyzing
raw data from existing datasets. We hope that others
will follow our lead in assessing the adequacy of the
structural properties of scores from other widely used
psychological tests for which there is currently limited
structural validity evidence.
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Notes

1. Inrelation to this point, see Higgins, Savalei, et al.’s (2023)
commentary on Greenberg et al. (2023), which argues that,
despite a huge sample of more than 300,000 participants,
the omega reliability estimates reported by Greenberg and
colleagues are uninterpretable because no information is
provided about the factor model that was used to calculate
the omega estimates.

2. Some studies reported internal consistency metrics for more
than one sample and/or reported more than one type of esti-
mate for a sample. This is why the number of estimates and
numbers of studies reporting estimates are different.

3. The role of reliability is different when scores are used to
predict outcomes rather than to measure specific con-
structs. In the former case, low levels of internal consis-
tency can be acceptable (Revelle, 2024).

4. As noted in our pre-registration, we did not request data
from Warrier et al. (2018) or Warrier and Baron-Cohen
(2018), despite matching our inclusion criteria. This was
because the data were collected via 23andMe, which only
provides summary level data.

5. The data from Floyd and Woo (2020) and Vonk et al.
(2015) are not available on the project’s OSF page because
we were not granted permission to share them. Instead,
these datasets can be requested directly from the corre-
sponding authors of those studies.

6. Panero et al. (2016) analyzed data collected by three differ-
ent research groups. We were only able to obtain the data
from one of these research groups. Moreover, the data
from this research group contained RMET scores collected
from four separate studies. We have combined the data
from these four studies into a single dataset, matching what
was done in the original study (although the combined
dataset in the original study also included the RMET
scores collected by the other two research groups).

7. These alpha values are all within .01 of the values we calcu-
late in the current study (see Table 3).

8. In our pre-registration, we stated that we would assess the
degree of nonnormality in the distribution of RMET sum
scores by computing skew and kurtosis. However, this was
a mistake because items are binary, not continuous.
Consequently, we do not report this analysis.

9. When we pre-registered our study on July 2, 2022, the efa
function in the lavaan package had not been released (it
was released in version 6-13 on January 9, 2023). Despite
having pre-registered that we would conduct EFA using
the psych package, we deviated from our pre-registration
and used the efa function in the lavaan package. This func-
tion can conduct EFA with categorical data using
WLSMYV estimation, which allowed for consistency in esti-
mator choice between our CFA and EFA analyses.

10. We pre-registered the use of the n_factors function in the
parameters package (Liideck et al., 2020) to determine the
number of factors to retain. However, this was a mistake
because the n-factors function does not allow for the speci-
fication of data as categorical. As an alternative, we relied
on scree plots. We also used parallel analysis, which has
been recommended as one of the most accurate methods
for determining how many factors to retain (e.g.,
Auerswald & Moshagen, 2019). However, parallel analysis
can be less accurate when factor loadings are low
(Auerswald & Moshagen, 2019; Lim & Jahng, 2019) or
when data are binary rather than continuous (Tran &
Formann, 2009). Nonetheless, in all nine datasets, parallel
analysis and the screen plots led to very similar conclusions
about the number of factors to extract; see Figure S2.

11. Following the advice of Kline (2023), we did not calculate
the normed chi-square for factor models, despite pre-
registering that we would report it, because this statistic
has “little statistical or logical foundation” (p. 161).

12. We report both CFI and TLI in the tables of fit indices for
each model. However, we only discuss CFI because, as
noted by Kline (2023), the two indices produce very similar
results, which makes it redundant to discuss both.

13. The compRelSEM function replaces the now depreciated
reliability function, which we pre-registered an intention to
use. In our scripts on the project’s OSF page, we provide
code for calculating these versions of alpha and omega
using the depreciated reliability function in the semTools
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package. In all datasets, both functions returned the same
values for alpha and omega.

14. Social cognitive ability is generally considered to be multi-
faceted (Quesque et al., 2024; Schaafsma et al., 2015), and
the RMET, which focuses narrowly on the ability to recog-
nize mental states from static, decontextualized photo-
graphs, was not designed to capture all dimensions of
social cognitive ability (Baron-Cohen et al.,, 2001).
However, here, we are suggesting that the specific dimen-
sion of social cognitive ability that the RMET is intended
to measure may be difficult to isolate using behavioral
tasks.
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