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Individual differences in face recognition abilities are characterized as heritable and resilient to change. 
However, this work is largely based on inter-individual differences, tends to include participants with 
extreme behavior (e.g., prosopagnosia, super-recognizers), and does not accommodate patterns 
of bias in intra-individual recognition behavior. Here, we investigated the continuity and stability 
of intra-individual differences in face recognition behavior among emerging adults using two tasks 
of unfamiliar face recognition that differ in the gender of the faces to be recognized. Although the 
estimate of stability is high (0.71) across the sample, there are instabilities in the behavior of many 
individual participants. For example, approximately 16.7% of the sample exhibited a discrepancy 
between tasks that was larger than 1 SD. Also, stability was more characteristic of extreme behavior. 
This is a bit surprising given the potential for close generalization of performance across these two 
tasks (identical structure and similar stimuli). Inter-individual differences in participant characteristics 
(i.e., gender, age, social skills) do not explain this variability. These findings are difficult to 
accommodate into current models of individual differences in face recognition behavior.
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Individuals vary in their ability to recognize faces1, which is especially apparent for those who exhibit extreme 
faculties. For example, those diagnosed with developmental prosopagnosia2 (i.e., face blindness) often cannot 
recognize their own children, and those who never seem to forget a face (i.e., the super-recognizers3) excel far 
beyond typical recognizers. Researchers argue that these individual differences in face recognition abilities are 
heritable and resilient to change4–6. They have searched for social antecedents of these individual differences, 
like extraversion7,8 and hometown size9,10 and have generated important questions about social sequalae of these 
individual differences, making face recognition skills targets for intervention11–13.

There are three important caveats regarding our understanding of individual differences in face recognition 
abilities based on the current literature. First, many studies of individual differences include participants with 
extreme behavior (e.g., super-recognizers, prosopagnosics) together with those in the more typical range of 
performance11,14–16. This approach assumes that individual differences within the typical range parallel individual 
differences in the atypical range. However, this is an empirical question17.

Second, most studies of individual differences in face recognition abilities are cross-sectional, evaluating 
between-subjects data. In other words, findings overwhelmingly reflect inter-individual differences (e.g., 
heritability differences between monozygotic and dizygotic twins5, association between face recognition 
behavior and social network size18). Importantly, claims about the strength and stability of individual differences 
in behavior need to consider intra-individual differences as well (i.e., how the same individual performs on 
multiple tests). This can be addressed by distinguishing between continuity and stability in behavior over time19. 
Continuity reflects the consistency or inconsistency (i.e., relative change) in a group mean-level characteristic 
over time19. A relevant example of continuity in this field is that individuals diagnosed with prosopagnosia 
consistently perform worse as a group than “normal” face recognizers on multiple tests of unfamiliar face 
recognition over time20,21. On the other hand, stability measures the consistency in relative ordering of individuals 
on a characteristic over time19. Stability in face recognition abilities of individual prosopagnosic participants can 
be observed when their scores consistently fall in the lowest tail of the distribution of scores across multiple 
tests22. Instability is reflected in a change in the relative order, standing, or rank of individuals in a group on 
a characteristic over time19. Importantly, across tasks of face recognition, there is often instability in the rank 
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ordering of individuals’ performance23,24. Therefore, it is an open question whether intra-individual differences 
in face recognition are stable.

Finally, the Cambridge Face Memory Test (CFMT20) is typically used to assess individual differences in 
face recognition abilities. Critically, the CFMT only tests recognition of unfamiliar young adult White male 
faces. There are alternative forms of this task, including the CFMT-Australian (CFMT-Aus25), CFMT-Chinese 
(CFMT-C26), and most recently, the CFMT-Malaysian (CFMT-MY27). These tasks also exclusively use male 
faces and have been developed, in part, to evaluate potential discontinuities in face recognition behavior (e.g., 
own-race bias). Importantly, using multiple versions of the same task that test recognition for different kinds of 
faces provides a critical opportunity to understand whether and how continuity and stability in face recognition 
behavior interact. For example, one study28 employed the standard CFMT and the CFMT-C to evaluate whether 
White participants who score at the lower end of the CFMT are more likely to score in the prosopagnosia range 
on the CFMT-C. They evaluated the relative stability of low face recognition scores in the context of two face 
processing tasks that produce discontinuous behavior (i.e., White > Chinese recognition in White participants).

In this work, we begin to address these issues by evaluating the stability and continuity of intra-individual 
differences in face recognition abilities for White male and female faces. We do so across the full spectrum 
of face recognition abilities and in the absence of extreme behavior. We also evaluate how well participant 
characteristics (gender, social skills, age) contribute to discontinuities in face recognition behavior. What follows 
is a brief overview of the literature on intra-individual differences in face recognition behavior and findings 
relating participant characteristics to face recognition behavior.

Intra-individual differences in face recognition behavior
Table 1 provides a representative sampling of studies that evaluate intra-individual differences in face recognition 
abilities using some version of the CFMT. The standard test of intra-individual differences in performance 
involves a test–retest reliability analysis, which is typically measured with a Pearson’s correlation. Across the 
existing literature, studies employing versions of the CFMT have reported a wide range of test–retest reliability 
correlations that vary from 0.67 to 0.925,22,25,29,30. A handful of studies compared performance of the same 

Study Task(s) N Estimate Test Estimate Distribution M (SD), [Range] Notes

Current study

M-CFMT, 
F-CFMT 126 Pearson’s r

Spearman’s rho
0.70 [0.60, 0.78]
0.68 [0.56, 0.77]

M-CFMT: 55.7 (8.8) items [29–71]
F-CFMT: 63.0 (7.4) items [38–72]

M-CFMT + , 
F-CFMT +  126 Pearson’s r

Spearman’s rho
0.71 [0.61, 0.79]
0.72 [0.61, 0.80]

M-CFMT + : 68.4 (11.2) items [36–95]
F-CFMT + : 81.6 (11.4) items [48–100]

Test–retest

Wilmer et al. (2010) CFMT 389 Pearson’s r 0.70 [0.64, 0.74] Test: 76.9% (12.9)
Retest: 83.2% (12.9)

Stantić et al. (2022) CFMT 69 Pearson’s r 0.67 [0.52, 0.78] Test: 56.7 (10.2) items
Retest: 55.5 (10.6) items 61% women

McKone et al. (2011) CFMT-Aus
75 Pearson’s r 0.84 [0.76, 0.90]

Test: 57.7 (7.34) items [40–70]

Baseline + short delay, ages 18–66 years, 55% 
women

75 Pearson’s r 0.84 [0.76, 0.90] Baseline with long delay, ages 18–66 years, 55%
women

Murray & Bate (2020) CFMT 70 Spearman’s rho 0.68 DP participants, 76% women

Petersen & Leue (2022) CFMT +  89 Spearman’s rho 0.89 Test: 84.2 (11.06) items [52–101]
Retest: 88.7 (11.30) items [50–101]

White participants, ages 21-69 years, 68% 
women

Alternate-forms

Wilmer et al. (2010) CFMT, CFMT3 42 Pearson’s r 0.76 [0.59, 0.86] CFMT: 72.0% (16.4)
CFMT3: 78.6% (16.3)

McKone et al. (2011) CFMT, CFMT-
Aus 74 Pearson’s r 0.61 [0.44, 0.74] White participants, ages 18–66 years, 55% 

women

Robertson et al. (2020) CFMT, CFMT-C 111 Pearson’s r 0.65 [0.53, 0.75] CFMT: 76.0% (12.0) [49–100]
CFMT-C: 71.0% (11.0) [43–100]

White participants, ages 18–53 years, 84% 
women

DeGutis et al. (2013) CFMT, CFMT-C 53 Pearson’s r 0.79 [0.66, 0.87] CFMT: 81.6% (11.8)
CFMT-C: 75.6% (12.1) White participants, 54% women

Wan et al. (2017) CFMT-Aus, 
CFMT-C

268 Pearson’s r 0.65 [0.58, 0.71] White participants, ages 17–49 years, 66% 
women

176 Pearson’s r 0.63 [0.53, 0.71] Asian participants, ages 17-32 years, 70% 
women

Kho et al. (2024) CFMT-C, 
CFMT-MY 124 Pearson’s r 0.59 [0.46, 0.69] CFMT-C: 79% (12)

CFMT-MY: 83% (10)
Chinese Malaysian participants, ages 
18–66 years, 69% women

Murray & Bate (2020) CFMT, CFMT-
Aus 46 Spearman’s rho 0.58 DP participants

Table 1.  Representative sample of findings evaluating reliability of the CFMT. DP developmental 
prosopagnosia participants, CFMT Cambridge Face Memory Test with 3 blocks, CFMT + Cambridge Face 
Memory Test with 4 blocks, CFMT-Aus Cambridge Face Memory Test-Australian, CFMT-C Cambridge 
Face Memory Test-Chinese, CFMT-MY Cambridge Face Memory Test-Malaysian, CFMT3 Cambridge Face 
Memory Test with computer generated faces. Demographics for each study are reported as available.
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participants on different versions of the CFMT to generate an alternative-forms reliability estimate (see Table 
1). Across the existing studies, the alternative-forms reliability estimates range from 0.58 to 0.795,22,25,27,28,31,32, 
which is overlapping but notably lower than the range of test–retest reliability estimates.

Critically, it is important to note that reliability estimates quantify the reproducibility of the measurement 
when participants are stable in performance33. Furthermore, Pearson’s correlation is influenced by outlier scores. 
The less homogenous the sample, the larger the magnitude of Pearson’s correlation33. Therefore, it is important to 
evaluate how these reliability estimates are influenced by extreme scores and to specifically measure the stability 
of participant scores across tests. There are only two studies that measured the stability of participant scores over 
time/measures using with the CFMT paradigm and Spearman’s rho22,29, which measures stability via continuity 
in rank ordering. These studies revealed vastly different estimates (see Table 1).

Therefore, rather than assume that there is (or is not) stability of both typical and extreme face recognition 
performance, we argue that it is important to investigate this as an empirical question. For example, people 
with prosopagnosia could have consistently poor face recognition skills across all contexts and tests34, while 
super-recognizers’ abilities might be fine-tuned towards the faces that they experience most often (i.e., in-group 
faces23,35). Therefore, we evaluated the stability of performance in the presence and absence of these extreme 
scores and separately for the extreme performers.

Personal characteristics that may influence stability in face recognition behavior
In addition to extreme behavior, there are many inter-individual characteristics that potentially contribute to 
instabilities in face identity recognition behavior. Some of the most prominent characteristics include participant 
gender, social skills, and age. The original CFMT was designed with male faces to avoid potential gender 
differences in recognition behavior20 given reports that women may excel at recognizing female compared to 
male faces via the own gender bias36 (OGB). The OGB is less consistently reported in male participants37,38. 
There are numerous confounds involving the task/stimulus design and inclusion criteria for participants in 
much of the existing work evaluating the OGB39. In recent work that addressed these confounds, there is no 
evidence of an OGB in the behavior or neural network activation for women or men39. With the availability 
of the new F-CFMT+, we can evaluate the potential contribution of stimulus gender and observer gender to 
potential instabilities in face recognition skills across individuals.

Inter-individual differences in face identity recognition are also associated with social behavior. For example, 
face recognition abilities are reportedly positively associated with extraversion7,8, empathy40,41, and social 
network properties42, and negatively associated with narcissism43. There are also reports that people with more 
autism-like social traits in their personality perform worse on the CFMT44–46 and other tasks of face identity 
recognition47. Therefore, we can evaluate the potential contribution of variations in social skills to the stability 
of behavior across multiple tasks of face recognition behavior (e.g., maybe people with worse social skills exhibit 
instability across face recognition tasks).

Finally, research has also indicated that individual differences in face recognition abilities are related to 
participant age, even in early adulthood48,49. Indeed, performance in the original CFMT reportedly peaks at 
age 3048 and declines across established adulthood50. Therefore, we can evaluate the potential contribution of 
variations in age to the stability of face recognition behavior (e.g., maybe older individuals have more stable 
performance across tasks).

Current study
Here, we explore these questions by investigating the stability of face recognition behavior in a large sample of 
typically developing emerging adults51 (18–25 years of age) across the M-CFMT+3 and F-CFMT+52. These tasks 
include a fourth task block that was specifically designed to elicit inter-individual differences in performance. 
The M-CFMT + is particularly good for identifying extreme recognition behavior on the superior end of the 
continuum (i.e., super-recognizers3,53). The recently developed F-CFMT + is comparable to the M-CFMT + in 
all task parameters, but uses young adult, White, female faces as stimuli52. The psychometric properties of these 
tasks are highly similar, including the internal reliability, convergent and divergent validity, making them good 
tests for evaluating the stability of intra-individual differences in face recognition behavior52.

This work was guided by five goals. First, to connect with the existing literature, we determined the alternative-
forms reliability for face recognition when the face stimuli differ by gender. Second, we determined the stability 
of performance between the two tasks by computing the Spearman’s rho rank coefficient. Third, we assessed 
whether stability of performance is contingent upon extreme scores. Fourth, we tested patterns of stability for 
extreme performance. Lastly, we evaluated whether person characteristics (gender, age, social skills) predict 
instabilities in face recognition behavior in response to male and female faces (e.g., more consistent performance 
in male than female participants).

Methods
Study design
This study analyzed data that were previously used to evaluate the psychometric properties of the M-CFMT + and 
F-CFMT +52. Importantly, none of the previously published analyses investigated individual differences in 
performance. The study uses a within-subjects design, such that each participant completed both the M-CFMT +3 
and the F-CFMT +52 in the same testing session. Participants also completed two additional recognition tasks 
that have been described in our previous work52,54 but are not the focus of the current study.
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Participants
Recruitment and screening
Participants were recruited via the Psychology Department Subject Pool and from flyers posted around campus. 
Recruitment materials did not advertise a study about face recognition. Instead, they described the goal of the 
study “to learn more about how perception and brain function vary in typically developing adults, particularly 
in the way they look at pictures of human faces.” Participants indicated their interest in the study by sending an 
email to the research team, who then provided an email link to the screening materials, or by scanning a QR code 
that linked them to the online Qualtrics screening materials.

The online materials included a screening consent form and several questions to assess the likelihood that 
the potential participant would meet the initial inclusion criteria. This recruitment strategy allowed us to quickly 
and efficiently eliminate potential participants who were unlikely to meet the eligibility criteria of the study. 
Approximately 50% of potential participants were screened out due to being outside the target age range, having 
active psychiatric or neurological conditions, being non-native English speakers, and providing incomplete 
forms. Participants whose responses indicated that they were likely to be eligible for the study were invited to the 
Laboratory of Developmental Neuroscience for consenting, assessment of full eligibility, and behavioral testing.

Inclusion and exclusion criteria
Participants had to be (1) between the ages of 18–25 years; (2) capable of cooperating with the study procedures; 
(3) native English speakers; (4) free of neurologic disorders currently and in the past based on a neurologic 
history obtained with a questionnaire; (5) free of psychiatric disorders currently and in the past on the basis 
of a semi-structured interview designed to ascertain present episode and lifetime history of psychiatric illness 
according to DSM-IV criteria55; and to have (6) a negative family history in first degree relatives of affective 
and anxiety disorders and other major psychiatric disorder; (7) no historical evidence of significant difficulty 
during the pregnancy, labor, delivery, or immediate neonatal period or abnormal developmental milestones as 
determined by questionnaire; (8) no history of loss of consciousness; (9) no sensory impairments such as vision 
or hearing loss that persist without correction; and (10) Autism Quotient56 total score < 145.

Autism Quotient56 scores greater than 145 and ongoing psychopathology may indicate conditions that are 
associated with atypical face processing behavior57,58. These exclusion criteria were designed to help improve 
accuracy of estimating the potential influence of gender on face recognition abilities by reducing unrelated 
variability (e.g., due to mental illness symptoms) that likely exists between men and women in the population at 
large59,60. Notably, participants were neither recruited nor included in the final sample based on their perceived 
or actual face recognition performance.

The final sample included 126 typically developing emerging adults (range 18–25 years, see Table 2). Written 
informed consent was obtained using procedures approved by the Internal Review Board of the Pennsylvania 
State University. Assessments for full eligibility were only administered after consent was obtained. Participants 
who met the final eligibility criteria were invited to continue with the behavioral testing session. The data were 
collected between January 2018 and March 2020.

All actors in stimuli images and videos signed an informed consent to use the photos.

Power analysis
The study was originally designed to include 150 participants based on an a priori power analysis52; however, the 
COVID-19 pandemic forced us to truncate data collection in March 2020. The original analysis was designed 
to power a moderately sized within-subjects fixed effect of task at α = 0.01 separately in male and female 
participants. For these analyses, we computed a priori power to detect a large correlation (r = 0.70, see Table 1) 

Total sample Men Women

Demographics

N 126 59 67

Age in years (SD) 19.6 (1.6) 19.6 (1.6) 19.6 (1.6)

Proportion white 81.0% 86.4% 76.1%

AQ total (SD) 104.3 (12.1) 107.4 (14.4)* 101.5 (8.8)

Performance

M-CFMT 77.3% (12.2) 75.3% (12.8) 79.1% (11.5)

M-CFMT +  67.0% (11.0) 67.0% (11.5) 68.8% (10.3)

F-CFMT 87.6% (10.3) 84.5% (11.5)* 90.3% (8.2)

F-CFMT +  80.0% (11.2) 77.0% (12.4)* 82.7% (9.4)

Own gender bias 0.1 (0.8) 0.1 (0.8) 0.1 (0.7)

Table 2.  Demographic and performance characteristics of sample. Cells contain M (SD). Scores for the 
M-CFMT + and F-CFMT + are reported in accuracy (percent correct). The own-gender bias is calculated by 
first z-scoring the M-CFMT + and F-CFMT + distributions, then subtracting other-gender recognition from 
own-gender recognition for each participant. *Significant difference between gender groups at the level of 
p < 0.01.
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for the reliability and sensitivity analyses. The sample size of N = 126 was sufficient to detect a large correlation 
with a power of 0.95, and an α = 0.05.

Measures and assessments
Questionnaires
Adult Self-Report Inventory-4 (ASRI-4)  The ASRI-4 is a 136-item, DSM-IV-referenced rating scale55. Partic-
ipants rate how frequently they experience a behavior described within multiple symptom scales. In this study, 
participants rated behaviors in the anxiety, mood disorders, ADHD, and personality scales. Scales were scored 
using the Symptom Severity method55. Participants who reached a screening cut-off score55 for any of these 
scales were excluded from participating in the study.

Autism-spectrum quotient  The Autism-Spectrum Quotient Test56 (AQ) is a 50-item self-report questionnaire 
that measures autistic-like traits (ALT) on a 4-point Likert scale (1 = Definitely Agree, 4 = Definitely Disagree). 
We used the Hoekstra scoring method61 to compute a total range of scores between 50 and 200 such that higher 
scores indicate the presence of more ALTs. Any individual who failed to answer more than four items was ex-
cluded from the study because the AQ score could not be computed. In this sample, Cronbach’s alpha indicated 
good reliability for the test (α = 0.75), which is comparable to existing reports in the literature57.

Face recognition tasks
Male Cambridge face memory test-long form (M-CFMT +)  The M-CFMT + is a test of unfamiliar face recog-
nition using White young adult male faces3,20. It captures a broad range of face recognition abilities3,62. The task 
is divided into four blocks that increase in difficulty (Fig. 1a). In Block 1, participants study six target faces with 
no hair and neutral expressions in each of three viewpoints. During recognition trials, participants identify tar-
get faces by button press in a three-alternative forced choice paradigm under conditions of increasing difficulty. 
Participants have an unlimited amount of time to respond on each trial; however, they were instructed to “go as 
fast as you can without making mistakes.” The blocks increase in difficulty by including noise, altered lighting, 
novel images of the target and distractor faces, and the introduction of emotional expressions and varied context. 
There are a total of 102 trials that are presented in a fixed order for all participants. The task can take ~ 20–30 min 
to complete. There are formal breaks built in between blocks. There is strong reliability and internal consistency 
(Cronbach’s α = 0.87) as well as convergent and divergent task validity52 for this task.

Female Cambridge face memory test (F-CFMT +)  The F-CFMT + was developed to match all the parameters 
of the M-CFMT + at both the block and trial levels52 (Fig. 1b). The stimuli include high-resolution images of 
individual White women in the age range of 20–30 years old. The instructions, task structure, and task timing 
are the same as the M-CFMT + . The reliability and internal consistency (Cronbach’s α = 0.91) are strong, as are 
convergent and divergent task validity52 for this task.

Procedure
The lab visit took between 1.5 and 2  h, including the eligibility evaluation, behavioral testing, and breaks. 
Participants were invited to take a break (~ 10 min) after completing the consenting and eligibility assessment so 
that the measures could be scored and the eligibly decision could be determined. Eligible participants completed 
both Cambridge face recognition tasks (FCFMT + , M-CFMT +) on a laptop computer in a single lab session. 

Fig. 1.  Male and female face recognition tasks. Task outlines of the (a) male (figure adapted from Russell et 
al., 2009) and (b) female (Arrington et al., 2022) versions of the CFMT + (images of female faces are published 
with permission from the Rafd and KDEF databases and include images AF16NES, AF19NES, and AF29NES). 
In these tasks, participants view target identities at multiple viewing angles and then must recognize the target 
faces among distractors with increasing levels of difficulty across blocks, which add noise with changes in 
lighting and viewpoint (Block 2), visual noise (Block 3), hair, affect, and repeating distractors (Block 4).
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The order of the tasks was counterbalanced separately for male and female participants. A researcher sat in 
the lab next to the participant as they completed the tasks. This procedure allowed the researcher to address 
any questions or technical difficulties and to ensure that participants attended to the task. Participants were 
permitted to take breaks as needed between blocks of the tasks and between tasks. Participants were either paid 
$20 or received course credit if they were part of the Psychology Department Subject Pool.

Data analysis
All analyses were conducted using R software using the R Studio interface63,64. R packages included tidyverse65, 
lme466, lmerTest67, psych68, rstatix69, interactions70, MASS71, car72, ggpubr73, emmeans74, effectsize75, ordinal76, 
jmv77, and statspsych78. Accuracy was the dependent measure in the analyses. Prior to analyses, the raw scores 
were examined for violations of normality and used to assess potential differences in variance across tasks. No 
participants performed at or below chance (i.e., 33% accuracy) on either task. Based on prior recommendations52, 
we z-scored raw accuracy when comparing performance across tasks.

Results
Sample characteristics
The demographic characteristics and performance of the sample are provided in Table 2 as a function of gender. 
Men and women were matched in age, t(124) = 0.03, p = 0.978, d = 0.00. Men reported more autistic-like traits 
than women, t(124) = −  2.80, p = 0.006, d = 0.12, which is consistent with prior research56,61. The sample was 
predominantly White, not Hispanic or Latino (81.0%). In total, 96 individuals self-identified as “White”, 4 as 
“Black”, 15 as “Asian”, 2 as “Hispanic”, 7 as “Multiracial”, and 2 as “Other”. Because of concerns that non-White 
participants might exhibit a disproportionate reduction in recognition of White faces due to an own-race 
bias79, we compared performance of the White and non-White participants across both tasks; these groups did 
not differ in face recognition performance on either test, or in demographic variables (all p’s > 0.050). This is 
consistent with reports in the literature that in the United States, non-White participants often do not exhibit an 
own race bias80.

Task characteristics
The distributions of accuracy scores on both face recognition tests exhibited normal skew [− 1, 1] and kurtosis 
[− 3, 3]. Raw scores from the M-CFMT+ were normally distributed as determined by the Shapiro-Wilkes test 
of normality, W = 0.99, p = 0.325. However, the scores from the F-CFMT+ were not, W = 0.95, p < 0.001 (Fig. 
2a). This is likely related to slight negative skew in these data, which is common across studies29,81 using these 
tasks. Therefore, we used the Fligner-Killeen test to evaluate homogeneity of variances, which is robust against 
deviations from normality. The variances from the two tasks were not different, Χ2 (1) = 0.17, p = 0.678.

To evaluate possible task order effects, we submitted raw accuracy to a repeated-measures ANOVA with 
task (within-persons) and task order (between-persons) as predictors. There was no main effect of order, 
F(1,122) = 0.48, p = 0.489, η2

G = 0.003, and no task × order interaction, F(1,122) = 0.02, p = 0.893, η2
G < 0.001.

Although reaction time (RT) is not typically reported for these tasks because of the unlimited response time 
for each trial, we determined that there were no differences in RT between the tasks, t(125) = 1.86, p = 0.065, 
using a two-way paired-samples t-test. Also, average RT did not predict accuracy for either task (p’s > 0.80: see 
Supplementary Materials).

What is the alternative-forms reliability of these two face recognition tasks?
To connect with the existing literature, we evaluated the reliability in performance across the M-CFMT + and 
F + CFMT + . Importantly, reliability analyses evaluate the consistency of the measurement tool over time/forms. 
We used Pearson’s correlation to assess alternate-forms reliability. We interpreted this result in the context of 
the upper bound correlation for the two tasks25,82. In addition, we evaluated potential differences between the 
observed correlation and those reported in the prior literature (see Table 1).

The Pearson’s correlation analysis indicated that there is strong reliability in performance across these tasks, 
r(126) = 0.71, p < 0.001, 95% CI [0.61, 0.79] . However, the upper bound correlation for these two tasks is 0.89, 
which indicates that the observed estimate of alternate-forms reliability is not at ceiling. Also, there is ~ 49% 
(1 − r2) variance in scores unaccounted for by this estimate. We compared this correlation to those reported in 
previous work by using Fisher’s transformation to conduct two-tailed t-tests. Our reliability estimate was not 
different from the alternate-forms reliability of the CFMT as reported in previous work5,22,25,27,28,31,32, all p > 0.10.

What is the stability for face recognition abilities when the face stimuli differ by gender?
We evaluated the stability of performance across the M-CFMT + and F-CFMT +. Stability analyses determine 
whether consistencies in performance across these two tasks reflect persistence of the underlying characteristic 
within participants—namely, their relative ability to recognize faces (not of the tasks to elicit such behavior as 
in reliability). Instability in scores across these two tasks would indicate that face recognition abilities vary as a 
function of the gender of faces.

The Spearman’s rho analysis indicated stability across the full sample: ρ(126) = 0.72, p < 0.001, 95% CI 
[0.61, 0.80]. However, a closer look reveals instabilities in scores. To visualize these instabilities, we computed 
difference scores between the two standardized recognition scores for each participant (zM-CFMT+ − zF-CFMT+). 
Figure 2b plots the difference scores from – 2 to + 2. A score of 0 represents perfect stability in performance 
across the two tasks. A score of + 2 indicates that the participant scored 2 SD better on the M-CFMT + . Of note, 
16.67% of the sample exhibited a difference of more than 1.0 SD, and only 31.74% had a difference of 0.25 SD or 
less (Fig. 3). The range of difference scores between tasks was broad [− 1.93, 2.13]. Given that differences of 1.0 
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SD between participants (within tasks) are clinically meaningful57, we pursued a more fine-grained analysis to 
evaluate stability (or lack thereof) in performance.

Next, we determined the quartile ranges of scores separately for each task. Using this approach allowed us to 
determine sample-specific criteria for extreme performance, rather than evaluating several different criteria used 
to identify face blind and super-recognizer behavior3,20,23,83–87. While these existing criteria have been used in 
several studies, there is no consensus or standardized criterion, and none of the criteria have been tested in the 
F-CFMT + . Therefore, we used a quartile approach to divide all participants scores into one of four groups (low, 
low-medium, high-medium, and high ability) for each task (see Table 3). The boundaries of the quartile ranges 
overlapped especially for the lowest and highest quartiles. At the same time, there were differences in these 
boundaries that we evaluated more rigorously.

Next, we evaluated how scores on one task predict quartile membership on the other task using an ordinal 
regression. We extracted predicted probabilities of membership in each quartile from the regression, allowing 
us to determine stability in quartile placement across tasks. We predicted that if participants are largely stable 
in performance across the full spectrum of scores, the quartile placements would closely align across all four 
quartiles. Results indicated that F-CFMT + scores significantly predicted quartile placement on the M-CFMT + , 
OR = 5.82, p < 0.001, 95% CI [3.66, 9.73]). Similarly, M-CFMT + scores significantly predicted quartile placement 
in the F-CFMT + , OR = 7.40, p < 0.001, 95% CI [4.59, 12.56].

To understand whether different parts of the spectrum of scores are contributing to the overall stability 
in performance, we identified nine standardized scores across the full spectrum of responses (i.e., between 
− 2 and 2) at intervals of 0.5. We examined the predicted probabilities of quartile placement for each score on 

Fig. 2.  Score distribution across tasks. (a) Kernel-smoothed probability density plot for each task. Y-axis 
values represent the probability density function of the standardized scores. The individual task distributions 
are plotted on top in blue (M-CFMT +) and on bottom in gold (F-CFMT +). (b) Difference scores between 
performance on each task. Each bar represents one of the 126 participants in this sample. The magnitude and 
direction of the bar corresponds to the size of the difference between standardized scores on the two tests. 
Positive differences (i.e., participants who performed better on the M-CFMT +) are increasingly blue, and 
negative differences (i.e., participants who performed better on the F-CFMT +) are increasingly orange. Note 
that there are many participants who exhibit difference scores at or beyond 1 full SD.
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the alternative task (see Table 4). Note that chance levels of stability between quartiles is 25%. For both tasks, 
scores that fall in the lowest or highest quartiles predict placement in the corresponding quartile of the other 
task extremely well (MProbability = 71.38%). However, scores that fall in the two medium quartiles are much less 
predictive of quartile placement in the alternative task (MProbability = 39.11%). If a participant produces a score 
that falls in one of the medium quartiles on one task, their score on the other task is relatively unlikely to be in 
the corresponding quartile on the other task. A simulation study confirmed that these results were unexpected 
based on the properties of the two distributions (see Supplemental Materials).

To follow up on this result, we assessed whether participants in the extreme quartiles produced more stable 
performance than participants closer to the mean. To do so, we identified the individuals whose performance was 
in the lowest quartiles for both tasks (N = 20) or in the highest quartiles for both tasks (N = 21). When excluding 
the lowest performers, stability in the remaining sample was reduced, ρ(106) = 0.59, p < 0.001, 95% CI [0.43, 
0.71]. Stability was also reduced when excluding only the highest performers, ρ(105) = 0.58, p < 0.001, 95% CI 
[0.42, 0.70]. Importantly, the largest reduction in stability came when excluding both sets of extreme performers 
to evaluate stability in the typical range of performance, ρ(85) = 0.33, p = 0.002, 95% CI [0.12, 0.51]. In contrast, 
stability among all the extreme performers (high and low) was especially strong, ρ(41) = 0.82, p < 0.001, 95% CI 
[0.66, 0.91]. In other words, stability is much weaker for participants who exhibit face recognition behavior in 
the more typical range.

Do person characteristics predict stability in performance across tasks?
Finally, we evaluated the possibility that person characteristics influence stability in task performance. Recall 
that stability reflects the relative rank-ordering across multiple measures19. Given previous work, we focused on 
participant gender88,89, AQ Total score44,45, and age49. We ran separate linear mixed effect models that examined 
task × characteristic interactions. We included participant as a random effect and task as a repeated measure. 
The interaction term indicated whether each characteristic predicted instabilities in recognition behavior. We 
evaluated interactions by testing the simple slopes. All analyses used the z-scores to assess rank order between 
participants. Scores for women in the F-CFMT + were treated as the reference.

M-CFMT + F-CFMT +

Z-range Items-range N Z-range Items-range N

Low [− 2.89, − 0.72] [36, 60] 32 [− 2.95, − 0.65] [48, 74] 32

Low–medium [− 0.71, − 0.03] [60, 68] 33 [− 0.64, 0.21] [74, 84] 36

High–medium [− 0.02, 0.78] [68, 77] 33 [0.22, 0.74] [84, 90] 28

High [0.79, 2.40] [77, 95] 28 [0.75, 1.61] [90, 100] 30

Table 3.  Quartile ranges of performance for each task. Ranges reported in z-scores and in the number of items 
scored as correct.

 

Fig. 3.  Stability in participant performance by task. Figure shows a spaghetti plot of standardized scores in 
the M-CFMT + and the F-CFMT + . Lines in dark blue represent individuals with difference scores less than or 
equal to 0.25 SD, lines in light blue are individuals with a difference score less than or equal to 0.5 SD, lines in 
gold are individuals with a difference less than or equal to 1 SD, lines in orange are individuals with a difference 
less than or equal to 2 SD, finally, lines in black are individuals with a difference greater than 2 SD. Brackets 
indicate the ranges of scores for each quartile in the M-CFMT + (left axis) and the F-CFMT + (right axis). Note 
that 45% of the sample exhibited difference scores greater than 0.5 SD, which is a clinically relevant difference 
(Griffin et al., 2021).
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Gender
We found a significant main effect of participant gender for the F-CFMT + , b = − 0.50, p = 0.005, 95% CI [− 0.85, 
− 0.16]. Women consistently performed better in the task (M = 0.24, SD = 0.84) compared to men (M = − 0.27, 
SD = 1.10). There was no main effect of task for women, b = −  0.07, p = 0.427. There was no gender × task 
interaction, b = 0.16, p = 0.246. Simple slope analysis conducted separately for each group indicated that men 
were consistent across tasks, b = 0.08, p = 0.397, 95% CI [− 0.11, 0.28].

Next, we examined evidence for an OGB using a “bias” score39. The bias score was computed by subtracting 
each participants’ accuracy for other-gender faces from their accuracy for own-gender faces (zown  −  zother). 
A positive score indicates an OGB. We submitted the bias score to a linear regression model to evaluate the 
potential main effect of gender. The analysis of the OGB bias score indicated no main effect of gender, b = 0.01, 
p = 0.941 (see Fig.  4a). There was no evidence of an own-gender bias in either men (M = 0.08, SD = 0.84) or 
women (M = 0.07, SD = 0.68). Therefore, participant gender did not contribute to instability in performance.

Autism-like traits (ALTs)
Figure 4b plots the standardized face recognition scores as a function of task and AQ Total scores. AQ Total 
score was negatively associated with F-CFMT + scores, b = 0.01, p = 0.046, 95% CI [− 0.03, − 0.00], indicating 
that participants who self-reported more ALTs performed worse in F-CFMT + . Importantly, there was no task × 
AQ Total score interaction, t(124) = − 0.44, p = 0.658, indicating that the negative association between AQ Total 
scores and face recognition performance was consistent across both tasks. This was confirmed by the simple 
slope analysis of AQ Total scores on the M-CFMT + , b = − 0.02, p = 0.020, 95% CI [− 0.03, − 0.00].

Given the gender differences in both the AQ Total and face recognition scores in this sample, we investigated 
whether the relation between AQ Total score and face recognition holds when accounting for the effects of 
participant gender. We used a mixed effects linear model, with participant gender and AQ Total score as between-
participants variables, and task as a repeated measure. In this analysis, the relation between AQ Total scores and 
performance on the F-CFMT + was not significant, b = − 0.01, p = 0.390, 95% CI [− 0.04, 0.01]. Also, there were 
no two- or three-way interactions: AQ Total scores × task, b = 0.00, p = 0.950, 95% CI [− 0.02, 0.02], gender × AQ 
Total score × task, b = − 0.01, p = 0.577, 95% CI [− 0.03, 0.02]. Therefore, when we control for gender, social skills 
as indexed by AQ Total score do not explain inconsistencies in performance across tasks.

(a) M-CFMT + Quartile

F-CFMT + Score 
(Quartile) Low Low–medium High–medium High

− 2.0 L 88.05% [73.36, 95.17] 9.61% [3.98, 21.42] 1.91% [0.64, 5.58] 0.44% [0.12, 1.62]

− 1.5 L 75.33% [58.26, 86.98] 19.18% [10.38, 32.73] 4.43% [1.88, 10.10] 1.05% [0.36, 3.08]

− 1.0 L 55.87% [40.67, 70.04] 31.85% [21.50, 44.37] 9.77% [5.22, 17.56] 2.50% [1.05, 5.82]

− 0.5 LM 34.42% [23.98, 46.63] 40.34% [29.65, 52.03] 19.41% [12.66, 28.59] 5.83% [3.02, 10.95]

0.0 LM 17.87% [11.55, 26.63] 37.25% [27.32, 48.38] 31.89% [23.15, 42.13] 12.99% [8.03, 20.33]

0.5 HM 8.28% [4.64, 14.34] 25.46% [17.85, 34.94] 39.79% [29.53, 51.04] 26.47% [18.33, 36.60]

1.0 H 3.61% [1.67, 7.61] 13.83% [8.38, 21.97] 36.09% [26.04, 47.53] 46.47% [33.89, 59.52]

1.5 H 1.53% [0.57, 4.01] 6.52% [3.19, 12.86] 24.27% [14.92, 36.93] 67.68% [51.69, 80.39]

2.0 H 0.64% [0.19, 2.11] 2.86% [1.11, 7.17] 13.03% [6.21, 25.27] 83.47% [68.07, 92.29]

(b) F-CFMT + Quartile

M-CFMT + Score 
(Quartile) Low Low–medium High–medium High

− 2.0 L 90.05% [78.35, 95.77] 8.48% [3.67, 18.41] 1.19% [0.41, 3.46] 0.28% [0.07, 1.05]

− 1.5 L 76.86% [61.88, 87.21] 19.21% [10.77, 31.90] 3.15% [1.35, 7.17] 0.75% [0.25, 2.25]

− 1.0 L 55.01% [41.07, 68.21] 35.04% [24.39, 47.43] 7.93% [4.24, 14.33] 2.02% [0.84, 4.80]

− 0.5 LM 31.01% [21.54, 42.40] 45.88% [34.61, 57.59] 17.79% [11.42, 26.64] 5.31% [2.70, 10.18]

0.0 HM 14.18% [8.74, 22.18] 40.84% [30.42, 52.17] 31.73% [22.32, 42.91] 13.24% [8.02, 21.09]

0.5 HM 5.73% [2.96, 10.81] 25.30% [17.20, 35.58] 39.64% [28.44, 52.04] 29.34% [19.95, 40.88]

1.0 H 2.19% [0.91, 5.13] 12.01% [6.73, 20.50] 32.77% [22.26, 45.35] 53.04% [38.82, 66.78]

1.5 H 0.81% [0.27, 2.41] 4.92% [2.19, 10.69] 18.82% [10.48, 31.49] 75.44% [59.71, 86.42]

2.0 H 0.30% [0.08, 1.12] 1.89% [0.66, 5.27] 8.50% [3.66, 18.54] 89.31% [76.82, 95.47]

Table 4.  Predicted probabilities of standardized scores from ordinal regression. Leftmost column includes 
scores from the standardized distribution of the respective task and their corresponding quartile (L low; 
LM Low-medium; HM High-medium; H High). Percentages represent predicted probabilities of the score 
in each of the four quartiles for the other task, with confidence interval. (a) Predicting quartiles in the M- 
CFMT + based on score in the F-CFMT + . (b) Predicting quartiles in the F-CFMT + based on score in the 
M-CFMT + . Bolded cells indicate the predicted probabilities for overlapping quartile groups (e.g., low in 
F-CFMT + and low in M-CFMT +). Note that the most extreme scores (Low, High) on each task have the 
highest predicted probabilities for the corresponding quartile on the opposite task.
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Age
Figure 4c illustrates the performance on each task as a function of participant age. There was no main effect 
of age, b = 0.03, p = 0.582, and no age x task interaction, t(124) = −  0.32, p = 0.749. This indicates that among 
emerging adults (18–25 years), age does not explain instability in performance across these two tasks.

Discussion
The study of individual differences in face recognition behavior has skyrocketed in the last 15 years. The field is 
working to identify the scope of these differences, understand specific antecedents and sequalae, and use them 
to elucidate broader scientific principles in the study of human cognition1. However, there are three limitations 
in the existing work. First, many studies include participants with extreme behavior together with those in the 
more typical range of performance11,14–16. This approach assumes that there is stability in individual differences 
throughout this full range of scores, which is an open question. Second, most of the existing work evaluates inter-
individual differences in face recognition abilities; further, work that does focus on intra-individual differences 
has largely focused on evaluating reliability of measurement tools (i.e., test–retest reliability, alternate-forms 
reliability). Much less is known about the stability (or lack thereof) of intra-individual differences across different 
sets of faces. Third, most of these studies employ the Cambridge Face Memory Test20. All the existing CFMT 
versions that have been used to evaluate continuities in face recognition only test recognition of White, male, 
young adult faces, which prevents a rigorous evaluation of potential gender biases in face recognition behavior.

Here, we started to address these gaps by investigating stability of intra-individual differences on two versions 
of the CFMT that differ in gender (but not race or age): the M-CFMT +3 and the F-CFMT +52. Our central 
questions are fundamentally informed by principles of developmental science, which distinguish between 
continuity and stability in behavior over time. Continuity reflects the consistency or inconsistency (i.e., relative 
change) in a group mean-level characteristic over time19. By contrast, stability reflects the consistency in relative 
ordering of individuals on a characteristic over time19. We investigated stability of individual differences across 

Fig. 4.  Stability of individual differences in face recognition as a function of participant characteristics. (a) 
Recognition performance as a function of participant gender and stimulus gender. Standardized performance 
scores are plotted separately for women (orange) and men (blue). Error bars represent ± 1 standard error. 
Overall, women performed more accurately than men. Neither group evinced an own gender bias in face 
recognition behavior; both men and women performed equally well on both tasks. Participant gender did 
not explain instabilities in task performance. (b) Association between Autism Quotient (AQ) Total scores 
and face recognition performance. AQ Total scores are plotted on the x-axis. Standardized face recognition 
performance is plotted on the y-axis. Regression lines are plotted in blue (M-CFMT +) and orange (F-CFMT +) 
with the respective 95% confidence intervals. For both tasks, AQ Total scores were negatively related to face 
recognition performance. There was no difference in the slopes. AQ scores did not explain instabilities in 
task performance. (c) Relation between age and face recognition performance. Age (in years) is plotted on 
the x-axis. Standardized face recognition scores are plotted on the y-axis. Regression lines are plotted in blue 
(M-CFMT +) and orange (F-CFMT +) with the respective 95% confidence intervals. Age did not explain 
instabilities in task performance.
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the full range of behavior and in the absence of extreme behavior. Finally, we investigated whether participant 
characteristics like gender, autism-like traits, and age influence stability in performance across tasks.

Stability of intra-individual differences in face recognition ability
To connect with the prior literature, we assessed the alternative forms reliability across the tasks. Even when 
the face stimuli vary by gender across the two tasks, there is strong reliability in performance. In other words, 
the tasks are similarly strong in their ability to test face recognition skills. This finding converges with other 
evaluations of alternative-forms reliability in the literature. However, our observed reliability estimate was much 
lower than the upper bound correlation, with ~ 49% of the variance left unexplained. These results led us to 
investigate stability in performance and whether it varies as a function of the extremity of the score.

Is there stability in behavior across the full spectrum of scores, or does it vary?
Stability in the full sample was of similar magnitude as the reliability estimate. However, we observed some 
interesting patterns in the scores. For example, there were 21 participants who exhibited differences in 
performance between tasks that approximated clinically relevant criteria (i.e., > 1 SD). These results motivated a 
more methodical analysis of stability between the tasks.

To investigate stability in a more fine-grained way, we tested stability within quartile ranges of scores for 
each task, across a range of scores within the quartiles, and in the absence of extreme scores. We observed two 
results. First, when the participants who exhibited stable behavior across the two tasks in these extreme quartiles 
were removed from the sample, the stability estimate was dramatically reduced (from 0.72 to 0.33). However, the 
stability among this group of extreme performers remained quite high (0.82).

Second, the ordinal regressions revealed that there was strong stability in scores in the highest and lowest 
quartiles of the tasks. Consider that the chance of a score aligning in a matched quartile across tasks is 25%. 
Scores from the F-CFMT + that fell in the lowest quartile were overwhelmingly likely (i.e., 2–3 times higher than 
chance, 55–90%) to align in the lowest quartile of the M-CFMT + as well. The same pattern was observed for 
scores from the M-CFMT + that fell in the lowest quartile. Similarly, scores from the highest quartiles of both 
tasks were also more likely (i.e., 46–89%) to align in the highest quartile for the corresponding task than any 
other quartile. However, stability was less characteristic of the behavior of individuals with the more typical 
range of performance (i.e., in the middle quartiles). For example, a score of -0.5 SD fell in the low medium 
quartile on the F-CFMT + had a predicted probability of 40% for the corresponding low medium quartile of 
the M-CFMT + , but also a 34% predicted probability of falling in the lowest quartile (i.e., higher than chance).

These findings suggest that stability in face recognition performance varies as a function of its position in the 
distribution of scores. The scores in the lowest and highest quartiles represent the most extreme behavior and are 
also most stable. The scores in the middle two quartiles fall in the more typical range of face recognition behavior 
and they are less stable. As a result, we suggest that considering the stability of behavior (i.e., rank ordering) 
across tasks and the full spectrum of inter-individual differences in performance (normal and abnormal ranges) 
is essential for determining the extent to which a behavior functions in a “trait-like” way. Specifically, the stability 
in behavior among poor recognizers might represent disorganized and perhaps inflexible face recognition 
systems given the levels of difficulty they experience. On the other hand, the relatively less stable behavior within 
the “normal” range might reflect face recognition systems that are dynamic and flexibly responsive to situational 
factors (e.g., kinds of faces to remember, social context of testing environment, level of anxiety experienced 
during testing).

Individual differences in person characteristics and stability in behavior
Given the relative instability of behavior in individual participants, we investigated whether multiple participant 
characteristics contribute to these instabilities in behavior across these face recognition tasks.

Participant and stimulus gender
There are mixed findings in the literature about the extent to which the gender of the observer and/or of the 
target faces influences recognition performance. Some work has argued for the presence of an own-gender bias 
(OGB), particularly for women20,36,88–93. Therefore, we investigated whether the gender of the observer or of 
the faces influenced the stability of performance. Importantly, both the M-CFMT + and the F-CFMT + train 
participants to recognize faces in the absence of hair or makeup, which can impact human face perception94 and 
recognition abilities95. Hair and facial expressions are added in Block 4, which is particularly hard and therefore, 
good at identifying super recognizers. Finally, the psychometric properties of the two tasks are similar52, which 
makes the evaluation of OGB here especially rigorous.

Women outperformed men across both tasks. This finding contributes to an inconsistent literature regarding 
the presence of observer gender differences in face recognition using the Cambridge tasks39,93,96–101. Critically, 
gender did not predict instabilities in performance across the two tasks. We found no evidence for the presence 
of an OGB in the face recognition performance of either men or women. While this result converges with 
existing findings using an earlier version of the F-CFMT +39 and an early meta-analysis37 of the literature, it 
does not replicate the finding of an OGB in women that has been reported previously36. In the current work, 
task-related factors on the tests using male and females faces are matched. This is evident in the similar levels of 
reliability, internal consistency, and convergent and divergent validity52. Also, the stimuli are well matched across 
the tasks. However, male and female participants performed better on the F-CFMT + than on the M-CFMT +, 
which we previously attributed mostly to performance in Block 4. Performance on Block 4 of the M-CFMT + is 
less reliable, and much more variable, than in the F-CFMT +52. Note that is a task design related issue, not 
instability in task performance related to gender. Also, we rigorously screened out participants who have a history 
of concussions and/or subclinical behaviors indicative of a potential psychiatric diagnosis. Concussions cause 
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widespread visual dysfunction102 and multiple aspects of face perception are disrupted in every social-emotional 
disorder (e.g., anxiety, depression, bipolar, schizophrenia, autism). Previous studies reporting gender differences 
in face recognition behavior do not screen participants for these conditions (as far as we can tell). Therefore, 
some of the effects that have been reported previously as gender differences may instead reflect differences in 
health histories or task design.

Autism-like traits (ATLs)
We also investigated whether variations in socioemotional behavior, as indexed by ALTs, contribute to instability 
in face recognition performance. Although we observed a negative association between face recognition behavior 
and ALTs, which replicates previous findings using the CFMT44–46, this effect was consistent across tasks. In 
other words, the magnitude of ALTs did not contribute to differences in stability of face recognition behavior.

Age
There is a large foundation of work that has reported age-related changes in face recognition abilities among 
youth and even older age groups using the CFMT48–50,103. In particular, previous research indicates that face 
recognition abilities increase throughout early adulthood, up to ~ 3048,103. Here, we evaluated whether age 
differences contributed to instabilities in face recognition performance. We did not observe an age-related 
change in performance overall or on either task (i.e., M-CFMT + , F-CFMT +) among the emerging adults (ages 
18–25 years). Therefore, differences in age of participants did not magnify or reduce stability in performance 
among participants. It is important to note the distribution of age within the sample was positively skewed 
(18–19 years old). Therefore, our ability to detect increasing stability with age may be underpowered in this 
sample. This finding may also reflect the demographic characteristics of the stimuli. The faces to be recognized 
in these tasks are peer-aged individuals relative to the sample (emerging adults 18–25 years). Given findings of 
peer biases in face recognition (i.e., superior recognition of peer-aged compared to other-aged faces) among this 
age group in the literature54,104, it is not surprising that we did not observe age-related changes in performance. 
In the future, evaluations of the role of age on the stability of performance might consider how both the age of 
the observer and the age of the faces to be recognized might influence behavior.

Limitations and future directions
Our study is not without limitations. Our sample consisted of a narrowly defined participant pool of largely 
White, cisgender, emerging adult, university students in the US. Although this sampling approach reduces 
“noise” and converges with existing research in individual differences of face recognition behavior, we think it 
is important for future research to investigate how participant characteristics (e.g., age, race/ethnicity, gender-
identity) and social contexts (e.g., alone, with social partner) influence the stability of behavior. In addition, the 
age-range included in this sample is narrow within the emerging adult range. Therefore, more work is needed to 
thoroughly test potential age and/or race/ethnicity effects using these tasks.

Although these Cambridge tasks have become “standardized”, we acknowledge that they are not optimized 
for recognition abilities of many people (especially children, older adults, potentially non-White, non-American 
individuals). Going forward, it is important to continue developing more Cambridge tests that include a broader 
range of face stimuli (i.e., gender, race, age, ethnicity) (e.g., CFMT-Aus, CFMT-C, CFMT-MY) especially those 
that include the most difficult Block 4 (only M-CFMT + and F-CFMT +). Testing participants with multiple 
tasks will allow for stronger conclusions about how these characteristics of face stimuli interact with participant 
characteristics to shape the stability (or lack thereof) of intra-individual differences in face recognition abilities. 
In addition, it is crucial to conduct these studies in samples that vary along the same parameters (age, gender, 
race/ethnicity).

It is also worth noting that we characterized extreme performance in this study by defining the quartile ranges 
of scores for each task. This allowed us to apply a sample-specific criterion to identifying extreme behavior (i.e., 
membership in both high quartiles, membership in both low quartiles). However, we acknowledge ongoing 
work3,20,23,83–87 seeking to evaluate specific criteria to identify extreme behavior. Importantly, none of these 
criteria have been applied to the F-CFMT + and they are not typically applied to standardized scores on the 
CFMT. The quartile analysis allowed us to focus our investigation on the characteristics of this sample rather than 
engaging in ongoing debate about how best to identify these conditions. Therefore, we propose that this should 
be the focus of future work highlighting the importance of using multiple tests to identify extreme behavior83.

Finally, it is important to consider that these conclusions may not generalize to characterize stability in 
familiar face recognition, which can be procedurally distinguished from unfamiliar face recognition105.

Conclusions
We evaluated stability of intra-individual differences in face recognition abilities of emerging adults who are 
primarily White and live in the United States. We used two tests with the same task parameters but different kinds 
of face stimuli (i.e., White young male and female faces). Despite the similar task parameters and psychometric 
properties, stability in performance varies. Extreme performance, particularly deficient performance, is more 
stable across tasks. However, stability varies in the “normal” range (i.e., ± 1 SD of the mean) of performance. 
This is a bit surprising given the potential for generalization of performance across these two tasks (identical 
structure and similar stimuli). These findings are difficult to accommodate into current models of individual 
differences in face recognition behavior that do not currently account for potential patterns of bias (i.e., gender, 
race, developmental group) in face recognition behavior.

Given these findings, we suggest that there are important discontinuities in the stability of face recognition 
behavior between normal and abnormal behavior. The relatively more stable behavior of the abnormal range 
might reflect inflexible systems that are less responsive to situational factors and participant characteristics. In 
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contrast, relatively less stable performance within the normal range may be more flexible to the goals of social 
information processing systems106. This hypothesis aligns with previous findings that centers contextual factors, 
like social motivation, as predictors of face recognition ability104,107. Going forward, we suggest that future 
studies of face recognition research evaluate intra-individual differences within samples that vary on meaningful 
social dimensions (e.g., gender, race, developmental group) as they recognize multiple kinds of faces that vary in 
social relevance (e.g., peers, potential romantic partners, in-group, out-group) to test these hypotheses.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request. The F-CFMT + task is available for experimental purposes on Testable.org (tstbl.
co/174-523) and via download on Databrary (Scherf, 2021; http://doi.o​rg/htt​ps://doi.org​/10.17910/b​7.1396).

Code availability
The code used in this study is freely available on GitHub upon reasonable request to enable reproduction.
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