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ABSTRACT

Standardized, granular measurement of autistic behaviors, such as social gaze during 

interactions, is needed for a range of clinical applications including diagnosis and detecting 

clinical change. Computational approaches show promise in automatically measuring social 

behaviors within natural settings. This study aims to automatically measure social gaze features 

from videos of dyadic conversations, characterize autism-related differences, and perform 

individual-level diagnostic classification. 46 autistic Participants and 36 neurotypical 

Participants, aged 8-29 years, engaged in a brief video-recorded conversation with a research 

staff member (Partner). A deep learning AI model trained to detect whether each partner was 

looking at the other achieved 89% cross-validated accuracy. Comparing these automatic gaze 

measurements, autistic Participants spent less time looking at Partners and engaging in mutual 

gaze than neurotypical Participants did. They also initiated mutual gaze less frequently and had 

shorter mutual gaze episodes, but did not differ in mutual gaze counts. An AI-derived social gaze 

summary score correlated specifically with ADOS-2 Social Affect scores and not Restricted and 

Repetitive Behavior scores. Cross-validated machine learning using gaze features predicted 

diagnostic group with 73% accuracy. This study provides a framework for automatically 

quantifying social gaze behaviors, with potential for enhancing diagnostic precision and tracking 

therapeutic progress in autism.
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BACKGROUND

There is a pressing need for scalable biomarkers of autism spectrum disorder (AUT) for 

diagnosis, monitoring developmental or treatment-related change, parsing heterogeneity, and 

understanding genetic variants.  One promising path forward is to use computational approaches 

such as artificial intelligence (AI) for automatically and precisely measuring social behaviors 

within natural, everyday settings where difficulties associated with autism are most salient. One 

key social behavior that is particularly ripe for AI approaches is eye gaze (Hou et al., 2024; 

Keehn et al., 2024; Riddiford et al., 2022; Wei et al., 2023). Differences in eye contact are part of 

core diagnostic criteria (American Psychiatric Association, 2013), and atypical social gaze 

patterns are among the most widely studied behavioral biomarkers of AUT across the lifespan. 

Autistic children and adults exhibit atypical social gaze patterns cross-culturally (Ma et al., 

2021), including delayed development of joint attention (Koegel et al., 2009), fixation on the 

nose and mouth rather than the eyes (Klin et al., 2002; Senju & Johnson, 2009; Vacas et al., 

2021), reduced fixation on eye regions (Frazier et al., 2017; Papagiannopoulou et al., 2014), and 

active or unconscious avoidance of eye contact (Kliemann et al., 2012; Madipakkam et al., 2017; 

Schultz et al., 2000). Differences in social gaze are also one of the earliest signs of autism. In 

children with elevated familial likelihood for autism, reduced eye contact emerges as early as 6 

months (Jones & Klin, 2013; Ozonoff et al., 2014). A fully automated eye-tracking device 

recently demonstrated sensitivities and specificities of 71-90% in predicting AUT in clinic-based 

samples of toddlers referred for evaluation (Jones, Klaiman, Richardson, Aoki, et al., 2023; 

Jones, Klaiman, Richardson, Lambha, et al., 2023), highlighting the potential utility of social 

gaze as a diagnostic biomarker integrated into clinical practice. 



In the lives of autistic people, differences in social gaze are more nuanced and variable 

than a global reduction in eye contact and unfold within real-world social interactions. Prior 

studies using wearable eye-tracking devices have demonstrated high accuracy in measuring 

moment-by-moment eye gaze during semi-naturalistic interactions (Celiktutan et al., 2023; 

Chong et al., 2020; Li et al., 2018; Shell et al., 2004; Ye et al., 2012, 2015), but such equipment 

might alter the nature of the interaction while also limiting data collection to a single interaction 

partner (i.e., the participant). Although bidirectional social gaze can be collected using Zoom-

like online conversation paradigms (Ross et al., 2023), it is not yet known whether this would be 

generalizable to real-life face-to-face interactions, so methods to accurately quantify social gaze 

in such naturalistic interactions are needed.

Recent developments in AI, specifically in computer vision (Chong et al., 2020), promise 

the development of noninvasive and scalable approaches for tracking social gaze during face-to-

face social interactions that can be used with individuals who cannot tolerate wearables (Alvari 

et al., 2021; Guo et al., 2021, 2024). Several studies using cameras capturing a side view of 

interactions have estimated social gaze using computer vision, based primarily on head pose and 

orientation. These estimates have shown relationships with social ability (Alvari et al., 2021), 

experimental task(Guo et al., 2024), therapist-coded social gaze behavior(Guo et al., 2021), 

clinically meaningful subgroups (Alvari et al., 2021), and autism diagnosis (Celiktutan et al., 

2023). While head-based estimates have proven useful, incorporating eye movement information 

is crucial for improving the accuracy and validity of social gaze estimations. 

In this study, we used a dyadic data collection paradigm that can capture the social gaze 

behavior of each interaction partner separately using standard cameras facing each person. By 

leveraging an advanced AI model to predict social gaze, we demonstrate, for the first time, that it 



is possible to automatically and unobtrusively quantify dyadic patterns in social gaze behavior in 

naturalistic face-to-face interactions. We test how social gaze differed between autistic (AUT) 

and neurotypical (NT) 8–29-year-olds to characterize the manifestation of social gaze differences 

associated with AUT at a level of detail and granularity not previously possible.  Finally, we use 

aspects of social gaze alone to classify diagnostic status (AUT versus NT) in a cross-validated 

framework.

METHODS

Participants

Participants (AUT n = 46 [39 male]; NT n = 36 [21 male]) were drawn from a larger 

sample who participated in studies at [details omitted for double-anonymized peer review]. 

Groups were matched on age, sex ratio, and IQ. Demographic data is presented in Table 1. 

Autism diagnoses were confirmed through the best clinical judgment of a licensed psychologist 

using all available information, including administration of the Autism Diagnostic Observation 

Schedule (ADOS-2), Module 3 or 4 (Lord et al., 2012). Inclusion and exclusion criteria are 

provided in Supplementary Methods.

[TABLE-1]

Study Procedure

Participants completed the Contextual Assessment of Social Skills(Ratto et al., 2011), a 

brief 3-4 minute semi-structured “get-to-know-you” conversation with a member of the research 

staff (“Partner”). Partners were research assistants or students from the lab, assigned based on 

availability, whom the Participant had not previously met. Participants and Partners were seated 

across from each other with two video cameras placed in between to record synchronized videos 

of each person at 30 frames per second (see Figure 1A). Partners were instructed to appear 



interested and engaged but not carry the conversation (i.e., speak no more than 50% of the time 

and wait 5 seconds to re-initiate the conversation after a lapse). After the conversation, the 

Partner completed a conversation rating scale, which included an item rating the Participant’s 

eye contact on a 1-7 scale (“The other person made appropriate eye contact with me during 

conversation”). 

[FIGURE 1]

Annotation of Gaze

Human coders blind to Participant diagnosis annotated social gaze from the videos to 

create a ground-truth labeled dataset for training the AI algorithm. Each video recording was 

segmented into 1-second clips, and the last frame of each clip was annotated (see Supplementary 

Figure 1 for a screenshot of the annotation platform, which raters viewed in a web browser on a 

monitor). Each clip showed the frontal images of the Participant and Partner side-by-side and 

was played in a continuous loop with the last frame frozen for one second. Two raters made a 

yes/no judgment of whether each member of the dyad was looking at the other person, with 

disagreements resolved by a third rater. We operationalize this as ‘social gaze’ and not eye 

contact, as raters were not asked to judge whether the person was looking specifically at the 

other person’s eyes. Reliability between the first two ratings was excellent for both Participants 

(κ = 0.80) and Partners (κ = 0.83). 

Gaze Detection Algorithm

We used a convolutional neural network (CNN) model originally developed for deciding 

whether the person in a photo is looking at the camera or not (Zhang et al., 2022). The model 

automatically detects the eye region within an image and learns patterns of interactions between 

the eye region and other regions of the image. We used the same architecture to detect social 



gaze by training the model with the gold-standard human annotations (see Supplementary 

Methods for full details). Notably, the algorithm incorporates information about both head 

orientation and eye gaze direction; see Figure 1B and C for an example of detection. The 

performance of the algorithm was computed using ten-fold cross-validation where folds were 

defined with respect to people, not frames; that is, all frames of a person were used only in 

training or testing, but not both. The trained algorithm was then used to detect “gaze” at every 

frame of the video recordings, including non-annotated frames, yielding frame-by-frame binary 

(yes/no) social gaze data for the Participant and Partner, which were used to calculate variables 

of interest.

Social Gaze Features

Using the AI-generated frame-by-frame binary social gaze data, we defined 18 social 

gaze features (see Table 2 for definitions, Supplementary Methods for full details). Four were 

proportions: Participant gaze (proportion of time the Participant is gazing at the Partner), Partner 

gaze (proportion of time the Partner is gazing at the Participant), mutual gaze (proportion of time 

both are gazing at each other), and neither gaze (proportion of time neither are gazing at the 

other). Discrete mutual gaze events were defined, from which we calculated mutual gaze 

number, proportion of Participant initiations, and the minimum, maximum, mean, and standard 

deviation of: mutual gaze duration, delay to return gaze, and wait time. Group differences were 

assessed for each of these features (using only the mean value for the latter three), yielding nine 

variables. For the machine learning analysis, we used feature selection on all 18 features (plus 

conversation length) to eliminate redundant features (correlation ≥ 0.7 between features), 

yielding nine non-redundant variables (see Supplementary Methods and Supplementary Table 1).



A summary social gaze score was calculated from the nine non-redundant variables using 

the PUNCH algorithm (Tunc et al., 2014) to represent overall social gaze behavior associated 

with AUT. PUNCH is a decision-level fusion algorithm that assigns interpretable weights to a set 

of scores (here, the nine variables) to best discriminate between two groups (here, AUT and NT). 

The feature weights produced by PUNCH are then applied to create a social gaze summary 

score.

Statistical Analysis and Machine Learning

Conversation length between diagnostic groups and looking time of Partners versus 

Participants were compared using Wilcoxon rank sum and signed rank tests to account for non-

normality. We examined diagnostic differences in social gaze using a linear or generalized linear 

model for each of the nine variables, using a systematic model-building approach (see 

Supplementary Methods for details). The final models are presented in Table 2. All models 

included the main effects of diagnosis (AUT or NT) and age. Although the diagnostic groups 

were matched on sex ratio and IQ, these were included as nuisance covariates in all models to 

ensure they did not drive results. All models also controlled for conversation length and Partner 

gaze (except the model predicting Partner gaze). False Discovery Rate correction used the 

Benjamini-Hochberg procedure (Benjamini & Hochberg, 1995) across the nine models. 

 A Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel (Han et 

al., 2012) was used for classification. We used nested ten-fold cross-validation to train and test 

the algorithm, with all model parameters for SVM (C and γ) optimized within the inner cross-

validation only using the training data (additional details in Supplementary Methods).

RESULTS

Automated Detection of Social Gaze



Our AI-based automated social gaze detection algorithm achieved high cross-validated 

performance in detecting gaze annotations with 89% accuracy, 87% specificity, 89% sensitivity, 

77% negative predictive value (NPV), and 94% positive predictive value (PPV).  Partner ratings 

of Participant eye contact (AUT n = 32, M = 3.97, SD = 2.04; NT n = 21, M = 5.86, SD = 1.11) 

provided after the conversation were correlated with the AI-detected proportion of time that the 

Participant engaged in social gaze (r = 0.43, p < 0.01), but were not correlated with the time the 

Partner engaged in social gaze (r = -0.08, p = 0.58). 

[FIGURE 2]

Individual Social Gaze Behavior of Participants and Partners 

The conversation length did not differ significantly between autistic and neurotypical 

Participants (Wilcoxon rank sum W = 895.5, p = 0.53). Partners, on average, spent a higher 

proportion of time looking at Participants than Participants looked at Partners (Wilcoxon signed-

rank test V = 3006, p < 0.001), with a mean proportion of 0.86 vs. 0.61, likely reflecting the 

Partners’ instruction to appear interested and engaged. Partner social gaze, on average, was lower 

during conversations with autistic Participants than with neurotypical Participants (Cohen’s d 

(unadjusted for covariates) = -0.37, q < 0.05, see Table 2, Figure 2A). Autistic Participants’ 

proportion of time engaged in a social gaze toward Partners was significantly lower compared to 

NT Participants (d = -0.66, q < 0.01, Figure 2B). 

Mutual Social Gaze Patterns

Consistent with individual gaze behavior, the proportion of time in mutual social gaze 

was lower in dyads with an autistic Participant (d = -0.88, q < 0.01, Figure 2C). Conversely, the 

proportion of time in which neither person was gazing at the other was, on average, higher with 

autistic Participants (d = 0.55, q < 0.01, Figure 2D). The number of mutual social gaze episodes 



did not significantly differ between autistic and neurotypical Participants (d = -0.11, q = 0.26, 

Figure 2E), but mutual social gaze episodes were, on average, shorter with autistic Participants 

(d = -0.79, q < 0.01, Figure 2F). Either the Participant or Partner can initiate a mutual social 

gaze; autistic Participants initiated a lower proportion of mutual gaze episodes than neurotypical 

Participants (d = -0.28, q < 0.01, Figure 2G). When the Partner initiated mutual gaze, the average 

delay before the Participant joined the gaze was longer for autistic Participants (d = -0.28, q < 

0.01, Figure 2H). When the Participant initiated mutual gaze, the delay before the Partner joined 

was similar for autistic and NT Participants (d = 0.25, q = 0.66, Figure 2I).

Machine Learning Classification of Diagnosis 

A ten-fold cross-validated SVM classifier trained on social gaze features achieved 73% 

accuracy in predicting diagnostic labels (AUT versus NT). The model achieved 85% sensitivity, 

58% specificity, 72% PPV, and 75% NPV.

Social Gaze Summary Score

Within the AUT group, the social gaze summary score was positively correlated with the 

ADOS-2 Social Affect Calibrated Severity Scores (CSS) (r = 0.47, p < 0.01, Supplementary 

Figure 2). In contrast, there was no relationship between the social gaze summary score and 

ADOS-2 Restricted and Repetitive Behavior CSS (r = 0.12, p = 0.54), indicating the social gaze 

summary score is specifically related to social skills rather than repetitive behaviors. 

[TABLE 2]

Developmental Changes in Social Gaze

Unique age-related differences were observed across different features of social gaze 

(Figure 3). An age-by-diagnosis interaction was significant for the number of mutual gaze 

episodes, with NT Participants showing more mutual gaze episodes with age, while AUT 



Participants did not show age-related changes. Across the full sample, the number of mutual gaze 

episodes initiated by the Participant showed a quadratic relationship with age, increasing across 

the teen years until its peak at 20.8 years and decreasing thereafter. Partner gaze showed a linear 

decrease with Participant age, with Partners spending less time looking at older Participants. To 

explore whether the association between Partner gaze and Participant age was driven by the 

nonsignificant increase in Participant gaze with age, Participant gaze was added as a predictor in 

the Partner gaze model. Both Participant gaze and Participant age were significant predictors of 

Partner gaze, suggesting that each has a unique effect in reducing Partner gaze. 

[FIGURE 3]

DISCUSSION

This study demonstrates the promise of automated, validated measurement of social gaze 

patterns during naturalistic conversations and its clinical relevance as a potential biomarker for 

AUT. Our novel approach derived detailed gaze metrics from both conversation partners, which 

accurately predicted human coding of gaze and correlated with perceptions of eye contact by the 

conversation Partner. Our approach detected widely reported reductions in social gaze in autism 

(Frazier et al., 2017; Papagiannopoulou et al., 2014; Riddiford et al., 2022), showed a reduction 

in the mutual social gaze shared by both members of the interacting dyad when the Participant 

was autistic, and provided new insights into the precise nature of social gaze reductions, 

including that they are driven by shorter durations of mutual gazes rather than fewer instances of 

mutual gazes.

AI-derived social gaze features predicted individual diagnostic status with 73% accuracy, 

which is comparable to studies that have established eye gaze-based biomarkers of autism in 

toddlers using specialized eye-tracking devices (Jones, Klaiman, Richardson, Aoki, et al., 2023; 



Jones, Klaiman, Richardson, Lambha, et al., 2023). Notably, the accuracy of this single marker is 

also in the range of community diagnoses confirmed by gold standard evaluation (47-77%) 

(Duvall et al., 2024; Hausman-Kedem et al., 2018). Our social gaze features showed higher 

sensitivity (0.85) than specificity (0.58) for classifying autism, demonstrating that this marker is 

more useful for identifying AUT when it is present than for correctly ruling it out in neurotypical 

individuals. This pattern – higher sensitivity and lower specificity – is desirable in a biomarker 

for screening or triaging in specialty care clinics to identify as many potential cases as possible, 

in combination with other measures. An important next step will be to determine how well this 

approach can distinguish autism from other conditions for the clinical task of differential 

diagnosis, and to extend this approach to infants and toddlers to explore the utility of social gaze 

as an early biomarker of autism that can be targeted for early autism screening. 

The ability to automatically quantify moment-by-moment social gaze revealed nuanced 

differences in social patterns associated with AUT, which would have been difficult to observe 

using more traditional methods. For example, while reduced mutual social gaze was observed in 

the AUT group, the number of discrete instances of mutual gazes was similar between groups. 

Clinically, this suggests that a diagnostic approach of counting instances of eye contact would 

not be fruitful in this context; rather, attending to the duration of mutual gaze episodes and the 

number of times an individual initiates mutual gaze may be more informative. Future work will 

harness other important advantages of AI, namely the ability to capture detailed temporal 

dynamics and multimodal integration to analyze the dynamics of social gaze over the course of 

the conversation and in relation to other modalities (e.g., speech, facial expressions, gestures). 

Social gaze is an inherently dyadic behavior, and these results demonstrate the 

importance of observing social gaze in the context of a dyadic interaction. Notably, Partners 



looked less at autistic Participants despite instructions to appear engaged in all conversations. 

This finding, as well as the one mentioned previously – that autistic and NT Participants engaged 

in a similar number of mutual gaze episodes with Partners – could not be observed in a task in 

which participants do not have a live interactor who responds to their behavior. The ability to 

extract nuanced features from naturalistic, interactive scenarios using AI-based approaches is an 

important complement to more tightly controlled paradigms such as eye-tracking performed 

during computerized tasks (Frazier et al., 2017; Jones, Klaiman, Richardson, Aoki, et al., 2023; 

Jones & Klin, 2013).

The specific correlation between the “social gaze score,” derived from the AI-based 

measures, and the ADOS-2 Social Affect (but not RRB) calibrated severity score is a clear 

indicator that our AI approach can yield a simple, interpretable score that aligns with well-

established measures, thereby increasing the likelihood of clinical translation. A lack of this type 

of interpretability and clear relatability to clinical tools is one common criticism of novel AI 

tools purported to have utility for healthcare. The highly interpretable features produced by our 

AI approach – both the nuanced social gaze features and the social gaze summary score – hold 

promise for characterizing heterogeneity within autistic adolescents, which would have 

applications for precision medicine. 

This cross-sectional study revealed nuanced and, in some cases, non-linear associations 

between social gaze and age, which warrant further exploration. It is notable that the number of 

mutual gaze episodes – one of the few social gaze features not to show a diagnostic effect – 

showed a diagnosis-by-age interaction, suggesting that while the number of mutual social gaze 

episodes may not differ in autism in childhood, differences may emerge by early adulthood due 

to more mutual gaze episodes among NT adults. 



Limitations

In this work, we defined social gaze broadly as looking at the other person, without 

distinguishing between looking at the other person’s mouth versus their eyes, which prior 

research has shown to differ in AUT (Klin et al., 2002; Senju & Johnson, 2009; Vacas et al., 

2021). It is theoretically possible for a computer vision algorithm to detect true eye contact from 

these videos. However, generating gold-standard labels for training and validation presents a 

significant challenge without the inclusion of eye-tracking data, which was not collected in our 

sample. Notably, our approach was able to detect between-group and individual-level differences 

even without this level of facial region specificity, reflecting the large effect size of social gaze 

differences in autism and the fact that general social orienting and looking toward the face are 

clinically meaningful behavioral features. Another limitation is reliance on a specific data 

collection set-up (two people seated with cameras directly between them). Further study will be 

necessary to understand how robust this approach is to minor deviations in camera or seat 

placement and to develop computer vision methods that are more robust to such differences. An 

important next step will be to validate these results on interactions conducted over video 

conferencing, which would maximize scalability. Finally, we acknowledge the limitations of our 

sample, including the small sample size and exclusion of nonverbal Participants and non-English 

speakers. Future work will investigate how AI-derived gaze features differ in other age ranges 

(including toddlers) and in comparison with other clinical groups. 

Conclusions

An AI approach applied to standard videos can accurately detect social gaze from each of 

two conversation partners, allowing for automatic and granular quantification of social gaze 

behavior in naturalistic contexts without specialized equipment. This approach advances 



understanding of the nature of social gaze differences in autism. Accurate cross-validated 

prediction of diagnostic labels using social gaze features demonstrates the potential of this 

approach as a scalable biobehavioral marker of autism. 
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Table 1. Sample characteristics. The NT group includes one set of three siblings.

 
AUT
(N=46)

NT
(N=36)

P-value

Age

Mean (SD) 14.4 (5.80) 16.0 (6.53) 0.261

Median [Min, Max] 12.2 [8.07, 26.4] 13.9 [8.16, 28.2]

Sex

Female 17 (37.0%) 15 (41.7%) 0.837

Male 29 (63.0%) 21 (58.3%)

IQ

Mean (SD) 104 (17.4) 107 (12.4) 0.261

Median [Min, Max] 103 [73.0, 137] 108 [86.0, 136]

ADOS-2 SA CSS

Mean (SD) 7.30 (2.07) 1.62 (0.805) <0.001

Median [Min, Max] 8.00 [2.00, 10.0] 1.00 [1.00, 3.00]

Missing 19 (41.3%) 15 (41.7%)

ADOS-2 RRB CSS

Mean (SD) 6.67 (1.88) 1.29 (1.31) <0.001

Median [Min, Max] 7.00 [1.00, 10.0] 1.00 [1.00, 7.00]

Missing 19 (41.3%) 15 (41.7%)

Race

Asian 0 (0%) 3 (8.3%) 0.107

Biracial 3 (6.5%) 1 (2.8%)

Black 3 (6.5%) 5 (13.9%)

White 23 (50.0%) 12 (33.3%)

Other 1 (2.2%) 0 (0%)

Missing 16 (34.8%) 15 (41.7%)

Table 2. Model parameters for the nine main variables examined. FDR correction was applied only to 
terms of interest, across all models.

Outcome Description
Model 
Type

Family 
and Link

Term Estimate
Std. 
Error

p-
value

q-
value

Partner 
Gaze

Proportion of 
frames research 
Partner gazed at 
Participant

glm
Quasi-
binomial 
logit

Intercept 2.442 1.632 0.139

AUT -0.291 0.124 0.022 0.045

Age -0.067 0.014 <0.001 <0.001

Age^2 - - -

AUT*Age - - -

Male Sex 0.151 0.178 0.4

IQ 0.007 0.005 0.222

Length -0.002 0.008 0.837



Partner Gaze - - -

Participant 
Gaze

Proportion of 
frames 
Participant gazed 
at research 
Partner

lm -

Intercept 1.881 0.469 <0.001

AUT -0.123 0.032 <0.001 0.001

Age 0.009 0.004 0.044 0.074

Age^2 - - -

AUT*Age - - -

Male Sex -0.04 0.045 0.383

IQ 0 0.001 0.917

Length -0.003 0.002 0.131

Partner Gaze -0.894 0.248 0.001

Mutual 
Gaze

Proportion of 
frames 
Participant and 
Partner both 
gazed at each 
other

lm -

Intercept 1.093 0.425 0.012

AUT -0.109 0.029 <0.001 0.001

Age 0.007 0.004 0.088 0.125

Age^2 - - -

AUT*Age - - -

Male Sex -0.043 0.041 0.298

IQ 0 0.001 0.98

Length -0.003 0.002 0.119

Partner Gaze -0.115 0.225 0.61

Neither 
Gaze

Proportion of 
frames neither 
Participant nor 
Partner gazed at 
the other person

lm -

Intercept -1.093 0.425 0.012

AUT 0.109 0.029 <0.001 0.001

Age -0.007 0.004 0.088 0.125

Age^2 - - -

AUT*Age - - -

Male Sex 0.043 0.041 0.298

IQ 0 0.001 0.98

Length 0.003 0.002 0.119

Partner Gaze 1.115 0.225 <0.001

Number of 
Mutual 
Gazes

Number of 
discrete episodes 
of mutual gaze

lm -

Intercept 47.022
23.70

7 0.051

AUT 6.312 4.112 0.129 0.161

Age 0.31 0.211 0.146 0.171

Age^2 - - -

AUT*Age -0.573 0.253 0.026 0.048

Male Sex -0.349 2.263 0.878

IQ -0.155 0.071 0.033

Length 0.351 0.103 0.001

Partner Gaze -67.055
12.41

7 <0.001

Duration 
Mutual 

Mean duration 
(seconds) of 

glm Gamma 
inverse

Intercept 0.305 0.407 0.457

AUT 0.092 0.028 0.001 0.004



Gazes episodes of 
mutual gaze

Age -0.002 0.003 0.465 0.517

Age^2 - - -

AUT*Age - - -

Male Sex 0.038 0.038 0.329

IQ -0.002 0.001 0.222

Length 0.004 0.002 0.019

Partner Gaze -0.556 0.235 0.021

Participant 
Initiation

Proportion of 
mutual gaze 
episodes in 
which the 
Participant gazed 
at the Partner 
before the 
Partner gazed at 
the Participant

glm
Quasi-
binomial 
logit

Intercept 4.102 1.734 0.021

AUT -0.431 0.109 <0.001 0.001

Age 0.244 0.088 0.007 0.018

Age^2 -0.006 0.003 0.022 0.045

AUT*Age - - -

Male Sex 0.144 0.154 0.352

IQ 0.005 0.005 0.316

Length -0.005 0.007 0.436

Partner Gaze -7.693 0.848 <0.001

Delay to 
Return 
Gaze

Mean time 
(seconds) 
between Partner 
gazing at 
Participant and 
Participant 
gazing at Partner, 
of Partner-
initiated episodes

glm
Gamma 
inverse

Intercept 2.942 0.633 <0.001

AUT -0.136 0.04 0.001 0.003

Age 0.002 0.006 0.709 0.709

Age^2 - - -

AUT*Age - - -

Male Sex -0.063 0.051 0.222

IQ -0.001 0.002 0.584

Length -0.003 0.003 0.293

Partner Gaze -1.99 0.38 <0.001

Wait Time

Mean time 
(seconds) 
between 
Participant 
gazing at Parner 
and Partner 
gazing at 
Partnicipant, of 
Participant-
initiated episodes 

glm
Gamma 
inverse

Intercept -0.594 0.86 0.492

AUT -0.027 0.062 0.66 0.695

Age -0.012 0.008 0.114 0.153

Age^2 - - -

AUT*Age - - -

Male Sex -0.038 0.087 0.665

IQ 0.001 0.003 0.588

Length 0.003 0.004 0.418

Partner Gaze 1.428 0.415 0.001



Figure 1. (A) Recording set-up, with Participant and Partner seated facing one another with two 
synchronized cameras between them. Participants were seated approximately 29 inches from the 
camera, which was adjusted to approximately chest level, and asked to stay seated in their chair 
facing forward and to ignore the camera as much as possible. The trained social gaze detection 
algorithm leverages head, face, and eye information and successfully distinguishes not looking 
(B, D) from looking (C), even when the head pose is identical and only the eyes have moved (C 
and D). Images have been cropped vertically for presentation, see Supplementary Figure 1 for 
full image used for annotation.



Figure 2. Violin plots of main variables. The solid lines represent the mean and dashed lines represent 
median values. *FDR-corrected q < 0.05, **q < 0.01 from models presented in Table 1. Cohen’s d values 
are not adjusted for covariates.



Figure 3. Developmental changes in social gaze patterns. Age-by-diagnosis interaction was 
observed only for the number of mutual gaze episodes. A quadratic effect was observed for 
number of mutual gaze episodes initiated by the Participant. Partner looking decreased with 
Participant age. 
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Sample

The full possible sample included 114 participants (57 AUT, 57 NT, age = 7-49 years) who 

participated in studies at the Center for Autism Research at the Children’s Hospital of Philadelphia 

which included the CASS task. We created the subsample used in this analysis by restricting the 

age to 8-29 years, the most densely and uniformly represented range in our sample (i.e., younger 

or older age bins were very sparsely represented), to increase the robustness of our findings. The 

inclusion of younger or older participants negatively affected the fitness of outcome variables to 

standard distributions due to sparse representations and, possibly, significant age effects. The final 

sample was created by matching AUT and NT groups on age, sex ratio, and IQ. This sample 

includes one set of three siblings (all NT). Autism diagnoses were confirmed through the best 

clinical  judgment  of  a  licensed  psychologist  using  all  available  information,  including 

administration of the Autism Diagnostic Observation Schedule (ADOS-2), Module 3 or 4, parent- 

and self-report questionnaires, and brief unstructured interviews. 

Inclusion criteria for the larger study included English as a primary language. Exclusion 

criteria included a known disorder, injury, or medication use which affects motor functioning. For 

the present study, additional selection criteria included the availability of videos of acceptable 

quality (i.e., working video/audio for both participant and partner) and compatibility with the 

automated method (i.e., both individuals positioned appropriately, directly facing the camera, and 

seated at an appropriate distance).  

Annotation of Social Gaze

We segmented each video recording into 1-second clips. Human coders blind to participant 

diagnosis annotated social gaze for the last frame of each clip. Thus, for a video recording with a  



length  of  three  minutes  (180  seconds,  5400  frames),  180  frames  were  annotated,  with  the 

remaining 5220 not annotated. 

Raters used a web app that we built in-house, specialized for behavioral annotations of 

video recordings. When raters log in to the system, a random clip not annotated by them is shown 

for annotation. Each clip showed the frontal images of the participant and partner side by side and 

was played in a continuous loop with the last frame frozen for one second. eFigure1 shows a 

screenshot from the web app. Two raters made a yes/no judgment of whether each member of the 

dyad was looking at the other person, with disagreements resolved by a third rater. Reliability 

between the first two ratings was excellent for both Participants (κ = 0.80) and Partners (κ = 

0.83).

Training for the annotation task was minimal, and raters were simply instructed to indicate whether 

the individual was “looking at the other person.” The task was intentionally kept broad to maximize 

reliability between raters, as it was deemed unlikely that raters would be able to determine where, 

specifically, the individual was looking (e.g., to distinguish between looking at the other person’s 

eyes versus mouth). This choice, however, prevented us from knowing what part of the face the 

person was looking at. For that reason, we refer to these annotations as “social gaze” and not “eye 

contact”. For both the Participant and Partner, the final annotation labels were determined by the 

majority vote of the two or three ratings and used for training and testing our AI algorithm.

Gaze Detection Algorithm

We used a deep learning architecture that has been developed for detecting whether an 

individual  in  a  photo is  looking at  the  camera or  not(Zhang et  al.,  2021).  The method was 

developed to work effectively with unconstrained “in the wild” images (i.e., no restrictions on 

where, when, and how the photos were taken). It uses a sophisticated convolutional neural network 



(CNN) architecture that automatically detects the eye region in the photo and then processes both 

the eye region and the remaining parts (“context”) through two separate streams and, finally, 

merges the learned representations of  the two to model  the interactions between them. This 

architecture allowed us to model both the eye behavior and the context (in our case, face and head 

behavior) together to make the final decision on whether the person was looking at the other person 

or not. This is a clear novelty compared to earlier works that used solely head and body posture to 

make a similar decision.

To adapt the model to our needs, we re-trained the system using data from our video 

recordings and human annotations. That is, the system learned to detect social gaze, not looking at 

the camera. Video frames to include only the head region in training and testing, following the 

specifications of the original model.  

The performance of the algorithm was computed using ten-fold cross-validation where 

folds were defined with respect to individuals, not frames; that is, all frames of an individual were 

used only in training or testing, but not both. For each fold, the algorithm was trained with a 

balanced subsample including the same amount of looking and not looking instances, selected 

randomly.  Therefore,  reported  sensitivity,  specificity,  PPV,  and NPV stats  reflect  the  cross-

validated performance of a perfectly balanced training sample. After the performance of the model 

was computed using cross-validation, we used all annotated data to train the algorithm for a final  

time and used it to detect social gaze at every single frame of the video recordings, including both 

frames that were annotated and not annotated, yielding frame-by-frame binary (yes/no) social gaze 

data for the whole video recordings of the Participant and Partner.

Social Gaze Events



To define social gaze events, we applied noise removal over the binary social gaze data 

(i.e.,  time series  of  looking/not  looking)  to  eliminate  possible  false  positives  and negatives. 

Specifically, we split the binary time series into “looking” and “not looking” blocks by simply 

splitting  at  transition  points.  For  example,  if  the  original  time  series  was 

000000011111000001100111, then the blocks were “0000000”, “11111”, “00000”, “11”, “00”, 

“111”. We then assumed that a person would not change their looking state faster than one-third 

of a second (i.e., ten frames), and we merged any blocks of “looking” or “not looking” with its 

surrounding blocks to get a smoothed time series. We used simple heuristics to make the merger 

decisions instead of using, for instance, a Gaussian smoothing kernel or a median-based smoothing 

since such methods cannot guarantee the minimum block size of the output and may result in 

overly smoothed outputs. After noise removal, the binary social gaze data for the Participant and 

Partner were merged. “Mutual gaze” events were defined where both individuals had 1 values, and 

“neither gaze” events were defined where both individuals had 0 values. It is also possible to define 

events where only the Participant or only the Partner was looking, but these events were not  

directly analyzed in this study. 

Statistical Analysis

We used a linear or generalized linear model for each of the nine primary variables of 

interest (see eTable 1), using a systematic model building approach. First, a linear model was 

constructed. All models included the main effects of diagnosis (AUT or NT) and age. Although 

the diagnostic groups were matched on sex ratio and IQ (as well as age), these two variables were 

included as nuisance covariates in all models to ensure they did not drive results. All models were 

also controlled for conversation length and Partner looking (except the model predicting Partner 

looking). A quadratic term for age and an age-by-diagnosis interaction term were then added to 



the models, and subsequently retained in the final model if they significantly improved model fit 

as assessed by a likelihood-ratio test. A Shapiro-Wilks test was then applied to the residuals; if 

they were not normally distributed, a generalized linear model was constructed instead using the 

same model building approach described above, with either a quasinomial family and logit link 

function (proportion variables) or Gamma family and inverse link function. False Discovery Rate 

correction using the Benjamini-Hochberg procedure was applied to the terms of interest (i.e., not 

nuisance covariates) study-wide across the nine models. Final models are presented in Table 2 in 

the main text. 

Machine Learning Classification

We trained a machine learning model to classify diagnostic labels (AUT versus NT) using 

all 18 variables plus the conversation length as potential features. Some of these features are highly 

correlated by design, and thus would be highly redundant if included together in a machine learning 

model. Therefore, we first applied a simple, unsupervised (i.e., without using any diagnostic labels) 

feature selection step. Correlations between all pairs of features were computed, and only one 

feature (randomly selected) was retained if the correlation was higher than 0.7. This procedure 

yielded a set of nine non-redundant variables, of which five were variables used in the main 

analysis (Partner Gaze, Participant Gaze, Neither Gaze, Number of Mutual Gazes, Wait Time), 

three additional gaze variables (Minimum Mutual Gaze Duration, Minimum Delay to Return Gaze, 

Minimum Wait  Time),  and conversation  length. It  is  acknowledged that  this  simple  feature 

selection approach does not account for potential multilinear relationships among features. Future 

research will explore more advanced feature selection methods to address this limitation.

We used a Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel for 

machine learning classification. We used nested ten-fold cross-validation to train and test the 



algorithm,  with  all  model  parameters  for  SVM (C and γ)  optimized within  the  inner  cross-

validation only using the training data. We used grid search for optimizing C and γ parameters 

using following ranges

C =  2k for k =  -5 , - 4 ,…,  4 ,  5

γ =  2k for k =  -5 , - 4 ,…,  4 ,  5

To account for the slight class imbalance in our sample, we used sample weights proportional to 

sample sizes (using class_weight='balanced' option in Python, Scikit-Learn library).

Supplementary Figure 1. A screenshot from the video annotation interface. Raters were instructed 

to indicate whether the person was looking at the other person or not, both for the Participant 

(always on the left of the screen) and the Partner (always on the right of the screen). After the rater 



logged into the platform, a random clip that the rater had not annotated before was shown, the rater 

provided both ratings and submitted, and a new random clip (from any participant, in any order) 

was shown. 

Supplementary Table 1. List of social gaze variables defined in the study. The second column 

indicates whether the variables were used in the main analysis or not. All variables were used in 

the machine learning model.

ID

Main 

Analysi

s

Selected for 

Machine 

Learning/

PUNCH

Variable Name Description

1 Yes Yes Partner Gaze
Proportion of frames research partner gazed at 

participant

2 Yes Yes Participant Gaze
Proportion of frames participant gazed at research 

partner

3 Yes No Mutual Gaze
Proportion of frames participant and partner both gazed 

at each other

4 Yes Yes Neither Gaze
Proportion of frames neither participant nor partner 

gazed at the other person

5 Yes Yes
Number of 

Mutual Gazes
Number of discrete episodes of mutual gaze

6 Yes No
Participant 

Initiation

Proportion of mutual gaze episodes in which the 

participant gazed at the partner before the partner gazed 

at the participant

7 Yes No
Mutual Gaze 

Mean duration (seconds) of episodes of mutual gaze



Duration

8 No Yes

Mutual Gaze 

Duration 

(Minimum)

Minimum duration (seconds) of episodes of mutual 

gaze

9 No No

Mutual Gaze 

Duration 

(Maximum)

Maximum duration (seconds) of episodes of mutual 

gaze

10 No No
Mutual Gaze 

Duration (SD)

Standard deviation of duration (seconds) of episodes of 

mutual gaze

11 Yes No
Delay to Return 

Gaze

Mean time (seconds) between partner gazing at 

participant and participant gazing at partner, of partner-

initiated episodes

12 No Yes

Delay to Return 

Gaze 

(Minimum)

Minimum time (seconds) between partner gazing at 

participant and participant gazing at partner, of partner-

initiated episodes

13 No No

Delay to Return 

Gaze 

(Maximum)

Maximum time (seconds) between partner gazing at 

participant and participant gazing at partner, of partner-

initiated episodes

14 No No
Delay to Return 

Gaze (SD)

Standard deviation of time (seconds) between partner 

gazing at participant and participant gazing at partner, 

of partner-initiated episodes

15 Yes Yes Wait Time

Mean time (seconds) between participant gazing at 

partner and partner gazing at participant, of participant-

initiated episodes 

16 No Yes
Wait Time 

(Minimum)

Minimum time (seconds) between participant gazing at 

partner and partner gazing at participant, of participant-



initiated episodes

17 No No
Wait Time 

(Maximum)

Maximum time (seconds) between participant gazing at 

partner and partner gazing at participant, of participant-

initiated episodes

18 No No Wait Time (SD)

Standard deviation of time (seconds) between 

participant gazing at partner and partner gazing at 

participant, of participant-initiated episodes

 

Supplementary Figure 2. Social gaze summary score and ADOS scores. Within the AUT group, 

the overall “social gaze summary score” derived from nine looking features was significantly 

associated with the ADOS-2 Social Affect Calibrated Severity Score, but not the Restricted and 

Repetitive Behavior Score. 



Supplementary References

Zhang, D., Wang, B., Wang, G., Zhang, Q., Zhang, J., Han, J., & You, Z. (2021). Onfocus 

Detection: Identifying Individual-Camera Eye Contact from Unconstrained Images (No. 

arXiv:2103.15307). arXiv. https://doi.org/10.48550/arXiv.2103.15307


