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Abstract

Peer-based aggression following social rejection is a costly and prevalent problem for which 

existing treatments have had little success. This may be because aggression is a complex process 

influenced by current states of attention and arousal, which are difficult to measure on a moment 

to moment basis via self report. It is therefore crucial to identify nonverbal behavioral indices 

of attention and arousal that predict subsequent aggression. We used Support Vector Machines 

(SVMs) and eye gaze duration and pupillary response features, measured during positive and 

negative peer-based social interactions, to predict subsequent aggressive behavior towards those 

same peers. We found that eye gaze and pupillary reactivity not only predicted aggressive 

behavior, but performed better than models that included information about the participant’s 

exposure to harsh parenting or trait aggression. Eye gaze and pupillary reactivity models also 

performed equally as well as those that included information about peer reputation (e.g. whether 

the peer was rejecting or accepting). This is the first study to decode nonverbal eye behavior 

during social interaction to predict social rejection-elicited aggression.

I. INTRODUCTION

Each year, violence around the world exacts a staggering personal and financial cost 

[1][2][3]. This burden is disproportionately born by adolescents and young adults, for 

whom homicide linked to peer-based rejection (e.g., bullying, romantic relationship failures) 

remains a leading cause of death [4][5]. One catalyst for this surge in rejection-related 

aggression may be a developmentally normative increase in the desire for social status and 

acceptance during adolescence [6][7][8][9][10]. In fact, 87 percent of US school shooters 

felt rejected by their peers - a better predictor of violence than mental illness, interest in 

weapons, or a fascination with death [11].

Given the common and costly nature of aggression, novel, empirically derived prevention 

programs are needed. Traditional intervention programs that target those at risk for 

perpetrating aggression based on self-report questionnaires measuring aggressive traits and 

exposure to harsh parenting have had only limited success [26]. This may be because 

aggression is the product of a complex decision-making process influenced by current states 

of attention and arousal [27]. An essential first step in understanding these complexities is 

HHS Public Access
Author manuscript
Proc Int Conf Autom Face Gesture Recognit. Author manuscript; available in PMC 2021 
December 29.

Published in final edited form as:
Proc Int Conf Autom Face Gesture Recognit. 2020 November ; 2020: 557–561. doi:10.1109/
fg47880.2020.00111.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



to isolate patterns of attention and arousal that reliably predict forthcoming rejection-elicited 

aggression. Eye gaze and pupillary response are strong candidates given that they are 

well-established indices of attention and arousal states [12][13]. Yet, the few studies that 

demonstrate more avoidant gaze [14] and pupillary reactivity [15][16] to social rejection 

than acceptance did not attempt to link these behaviors to subsequent peer-based aggression.

Despite the relatively common use of eye gaze and pupillary measures to quantify responses 

to affect-eliciting stimuli [12][18][19], several constraints have hampered their measurement 

during social rejection. First, computer-based paradigms are needed for accurate gaze and 

pupillary recording, yet laboratory-based social rejection is commonly elicited with face-to-

face interactions [20][21]. Second, most computer-based social rejection paradigms include 

visuospa-tial confounds. For example, a ‘cyber-ball’ task [22][23] where participants are 

excluded from a ball tossing game, is poorly suited for measuring rejection-related gaze 

patterns because ball movements capture visual attention.

In this paper, we show that nonverbal behavior elicited during an ecologically valid peer 

interaction paradigm is predictive of subsequent peer-based physical aggression. More 

specifically, we provide empirical evidence that patterns of eye gaze duration and pupillary 

response engaged during social rejection and aggression-based decision-making can be used 

to predict subsequent aggression. To the best of our knowledge, ours is the first work that 

predicts aggression based on nonverbal behaviours observed prior to its expression. This 

ability to predict peer-based aggression could inform the development of interventions in 

which individuals are trained to prevent aggression by interceding the moment its behavioral 

precursors are detected.

II. RELATED WORK

Eye tracking data has been used extensively as a measure of human behavior in a variety 

of contexts. For example, [37] showed a sudden increase in pupil size 400ms from the 

onset of both negative and positive auditory stimuli versus neutral stimuli. [36] studied the 

effect of different video types on pupil diameter, gaze distance, blink rate, blink length and 

length of longest blink. They found that the average blink rate was higher in calmer videos 

while the maximum blink length was higher for unpleasant videos. [35] and [36] found eye 

tracking data predicted arousal and valance classifications of a video. Eye tracking data has 

also been used to predict consumer behavior. [30] and [32] found consumer decisions were 

predicted by dwell time and number of fixations. These and other prior studies demonstrate 

that eye gaze and pupillary response patterns are predictive of both their affect and behavior. 

Therefore, the utility of nonverbal behaviors to predict individual behavioral responses has 

been well-established. However, these methods have not been applied to predict aggressive 

behavior following social rejection. It is important to address this gap as objective and 

empirically-derived predictors of aggressive behavior are sorely needed to inform the design 

of novel interventions. Thus, for the first time, we utilize these well-established predictive 

methods to predict aggressive behavior following social rejection.
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III. METHODS

A. Participants

College students (n = 95; females = 70.8%) over the age of 18 (M = 20.76; SD = 2.56) 

were recruited through an online database (SONA systems). Informed written consent was 

obtained prior to participation, and all procedures were approved by the Institutional Review 

Board at Stony Brook University.

B. Procedures

1) Questionnaires: Because we aimed to compare the predictive ability of our 

nonverbal behavioral model to known psychosocial predictors of aggression, we collected 

self-report questionnaire data which measured 1) experience with harsh parenting (Parenting 

Styles and Dimensions Questionnaire [29]), and 2) trait aggression (Buss Perry Aggression 

Questionnaire [28]).

2) Behavioral Tasks: Upon arrival at the study visit, participants were told that they 

would be the “freshman” in a Virtual University and interact with six other students online. 

They first answered questions about themselves and created an avatar so that their peers 

could get to know them. They then learned the reputation of the other peers (2 nice, 2 

mean, 2 unpredictable) using “Yelp-like” reviews purportedly left by previous participants. 

During the Virtual University (VU) task (Fig. 1A), participants entered twelve classrooms 

populated by the purported peers. Each peer interacted with the participant twelve times 

(24 interactions per peer type). Order of interactions were randomized to remove potential 

order effects that may influence aggressive behavior. Peer avatars were randomly assigned to 

different reputations and seating locations. Each trial included four temporal epochs. First, 

the participant viewed a classroom with each of the six peers they would be interacting with 

(Fig. 1A1). Next, the participant was cued to which peer was about to give them feedback 

by a yellow box (Fig 1A2). Third, the participant received social feedback, which was either 

positive or negative (Fig 1A3). Finally, the participant had the opportunity to respond to 

that peer by selecting one of several pre-programmed responses (Fig 1A4). After the VU 

task, participants completed a novel variant of the Taylor Aggression Paradigm [24][25], the 

Reaction Time (RT) task (Fig. 1B). The average level of aversive noise blast delivered to 

other peers by the participant was used to quantify aggressive behavior. Prior to the RT task, 

participants heard a noise blast characterized as moderately loud to ensure all participants 

had the same frame of reference. In this task, participants played a game against the 

purported peers they just interacted with. Each trial had five temporal epochs. Participants 

first viewed the same 6 peers they just interacted with (Fig 1B1), then were cued to which 

peer they were to set the volume (noise blast scale ranged from 1 to 24) of an aversive noise 

blast (Fig 1B2). They then decided how aggressive to be towards each peer as indexed by the 

volume of the white noise blast they chose deliver to each peer (Fig 1B3). They then had 5 

sec to press a button as many times as they could (Fig 1B4); whoever had the most presses 

won the round and had the opportunity to aggress against losing peers. Finally, they learned 

if they won or lost the game (Fig 1B5). To increase believability, participants always won 

6 rounds of the game (order randomized). On winning rounds, participants believed their 

purported peers heard the noise blasts they chose. Participants completed 12 rounds of this 
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game, resulting in 72 instances of contemplated retribution and enacted aggression (24 per 

reputation type).

3) Eye gaze and pupillary response: Eye gaze data was captured during the VU and 

RT paradigms. Eye position and pupil dilation were sampled at 1000 Hz using an Eye-link 

1000 eye tracker (SR Research, Mississauga, Ontario, Canada). This table-mounted tracker 

consists of a video camera and infrared light source pointed that tracks the location and size 

of the pupil.

Although eye gaze and pupillary reactivity data were collected throughout both tasks, some 

data loss occurred due to participants looking away from the screen. Participants who were 

missing more than 5 trials of data (N=6) were excluded. Thus, we utilized 6165 data points 

across 89 subjects.

C. Data Analysis

In this paper, we aim to predict the level of participants’ aggressive behavior (indexed by 

level of noise blast they chose to deliver to each peer) from their fixation duration and 

pupil size. For simplicity, we binned the noise blast scale to operationalize four classes of 

aggression: 1) none (1); 2) low (2-11); 3) medium (12); and 4) high (13-24).

After grouping, the percent of trials in each class of aggression was as follows: 7% = none, 

33% = low, 34% = medium, and 26% = high. In all analyses, we aimed to classify these 

four classes of aggression. The learning algorithm we used was the Support Vector Machine 

(SVM) [39] and we used SVM [39], with an RBF kernel as the classifier. We compared 

several classifiers including Random Forest, linear SVM, and RBF SVM, and selected the 

classifier with the highest accuracy. To address the imbalance in classes of aggression, 

we weighted the classes as inversely proportional to class frequencies. Prior to training 

the classifier, we standardized features. We implemented the models using Python and the 

Scikit-learn library [38].

Reputation-agnostic model.—In each epoch of the VU task and in each of the first 

three epochs in the RT task, we measured the normalized averaged pupil size and cumulative 
fixation duration (defined below) of the participant on each peer. For each trial, the 

normalized averaged pupil size pea for peer a and epoch e ∈ {1,2,3,4} was calculated as 

follows:

pea =
∑i:Ai = a, Ei = e pi
i:Ai = a, Ei = e −

∑i:Ei = 1, L − 4 < i ≤ L pi
4 , (1)

In this equation, pi is the pupil diameter of the i-th fixation, Ei and Ai denotes the epoch of 

the i-th fixation and the reputation of the peer on which the i-th fixation lands, respectively. 

L is the number of fixations in the first epoch of either task (Fig 1A1 and Fig 1B1). In this 

first summation of Equation (1), i: Ai = a, Ei = e we only count the fixations which are in 

epoch e and on peer a. i:Ai = a, Ei = e  counts the number of fixations that are in epoch e 
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and on peer a. The second summation measures the pupil size baseline of the participant by 

averaging the last four fixations in the first epoch.

For each trial, the cumulative fixation duration (dwell time) de
a for peer a and epoch e is 

calculated as follows:

de
a = ∑

i:Ai = a, Ei = e
di, (2)

In this equation, di is the fixation duration of the i-th fixation. Equation (2) sums the dwell 

time the participant spent fixating on peer a in epoch e.

In summary, we obtained an 84-dimensional feature vector for each trial, each epoch (four 

epochs in the VU task and three in the RT task), and each of the six peers for our two 

nonverbal behavioral features (pupil size pea and dwell time de
a).

Reputation-aware model.—The above model was reputation agnostic in that it had no 

information about the reputation of the peers (e.g. mean, nice, unpredictable). However, 

in this study participants learned the reputation of each peer prior to their interaction. 

Therefore, to test whether information pertaining to reputation improved predictive value 

of non-verbal behavior, we also included the reputation in the features and then tested this 

reputation-aware model.

We represented the reputation of each peer using one-hot encoding (i.e., a 3D vector 

with value one at the index of the reputation and zeros elsewhere) and concatenated the 

reputation vectors of all six peers to the features used in the reputation-agnostic model. The 

reputation-aware model therefore included the original nonverbal 84-dimensional features 

plus an additional 18-dimensional reputation vector.

IV. RESULTS

In our evaluation, we performed 10-fold cross-validation and report the mean and standard 

deviation of the classification accuracy. Specifically, we tested two models: 1) a reputation-

agnostic model using eye gaze (dwell time) and pupillary reactivity (pupil size) as features; 

and 2) a reputation-aware model using eye gaze (dwell time) and pupillary reactivity (pupil 

size) features in addition to reputation of peer (mean, nice, unpredictable) as features. In 

addition to these two nonverbal models, we also created three questionnaire-based models, 

based on 1) participant experience with harsh parenting 2) participant self-reported trait 

aggression, and 3) both questionnaires combined. These questionnaires provide scalar values 

for each participant, which are used as features for classification. Table I presents the results 

from this model comparison. Both reputation-agnostic and reputation-aware nonverbal 

models solidly outperformed the questionnaire-based models. This is significant in that it 

shows that nonverbal features (i.e., dwell time and pupil size) are stronger predictors of 

aggressive behavior self report measures.

The previous comparison of reputation-agnostic and reputation-aware model performance 

collapsed across both the VU and RT tasks, and across epochs within each task. To compare 
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prediction success for the reputation-aware and reputation-agnostic models across each 

task and epoch, we built individual models for each epoch in each task. Table II shows 

each epoch model predictions, as well as the nonverbal model predictions from Table 

I labeled as ”All Epochs”. Although the reputation-aware models were more predictive 

than the reputation-agnostic models, at the epoch level this difference was small. Given 

that the reputation-aware model required extra information about the peer’s reputation, the 

reputation-agnostic model is more parsimonious and therefore, we believe, preferred.

Focusing on just the reputation-agnostic results from Table II, the best performing model 

used eye response patterns within first epoch of the VU task (Fig. 1A1). The second most 

predictive epoch was an analogous period in the RT task (Fig. 1B1). Models for these epochs 

were substantially more predictive than for other epochs, and even outperformed the model 

combining all epochs.

V. DISCUSSION

To our knowledge, this is the first study to show that eye gaze and pupillary response 

patterns during social interactions can predict subsequent aggressive behavior. Prior work 

examining nonverbal correlates of social rejection found that adolescents and young adults 

exhibit more avoidant gaze [14] and pupillary reactivity [15][16] in response to social 

rejection when compared to acceptance. This suggests that adolescents and young adults, 

for whom peer relationships are highly salient and important, exhibit differential eye gaze 

and pupillary reactivity when feeling rejected. However, no prior study has linked these 

nonverbal behaviors during social rejection to subsequent aggressive behavior.

We evaluated the prediction success of these nonverbal models both with and without 

features of peer reputation. We showed that models using nonverbal behavior features 

were more predictive of aggression than models based on self-report questionnaires of trait 

aggression and harsh parenting. We also found that models including the reputation of the 

peer (mean, nice, unpredictable) did not predict aggressive behavior better than eye gaze 

and pupillary patterns alone, suggesting that explicit knowledge of a peer’s reputation is not 

necessary to predict aggressive behavior.

Interestingly, we did not find eye gaze and pupillary response during receipt of the social 
rejection feedback (i.e. Fig. 1A3) to be most predictive of subsequent aggressive behavior. 

Rather, in a comparison of models trained on individual task epochs, we found that the 

epochs most predictive of aggressive behavior were those at the start of the tasks when 

attention was unconstrained. We speculate that when events during the task constrained 

participant attention (such as during the receipt of text-based social rejection, or the 

appearance of a box around a peer), nonverbal behaviors across participants were more 

similar. This would make predictions based on individual differences in nonverbal behavior 

difficult. However, participant attention in non-constrained epochs (similar to free viewing), 

may evoke more individual differences in eye gaze and pupillary reactivity patterns, thereby 

facilitating the prediction of forthcoming aggressive behavior. If true, this finding would 

further highlight the importance of utilizing naturalistic social interaction and aggression 

paradigms in which nonverbal behavioral patterns can be probed.
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Despite the many strengths of this study, there are some limitations that should be addressed 

in future work. First, we did not have a large enough sample to apply deep neural network 

analyses to these data. Furthermore, we did not have the power to examine if participant 

age, gender, or race influence patterns of nonverbal behaviors that predict aggression. 

Therefore, our results may not be generalizable to samples of different ages, ethnic, or 

racial backgrounds.

In summary, when participants are free to look at their peers with minimal constraints on 

their attention, their nonverbal behavior can be a more powerful predictor of aggressive 

behavior than information about the other peers or the participant’s self-reported aggressive 

traits and experience with harsh parenting.

Given the common and costly nature of aggression, novel, empirically derived prevention 

programs are needed. This study lays the groundwork to achieve this broader objective. 

Next, we will utilize similar methods to investigate the ability of other nonverbal behaviors, 

such as participants’ facial expressions during the tasks, to better predict aggressive 

behavior. Future studies could then potentially train people to recognize key nonverbal 

behaviors that our computational models found best predict aggression.
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Fig. 1: 
Experimental paradigm. (A) Virtual University (VU) task. (B) Reaction Time (RT) task. See 

text for details.
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TABLE II:

Classification results for reputation-agnostic and reputation-aware models for each epoch in the VU and RT 

tasks. Mean and standard deviation of 10-fold Cross-Validation results are reported.

Reputation-agnostic Reputation-aware

All Epochs 53.3 (+/−2.26) 57.7 (+/−2.42)

VU

Epoch 1 56.7 (+/−1.85) 57.3 (+/−1.65)

Epoch 2 52.0 (+/−2.26) 52.9 (+/−1.84)

Epoch 3 48.4 (+/−1.69) 53.8 (+/−1.61)

Epoch 4 47.5 (+/−2.11) 48.8 (+/−1.30)

RT

Epoch 1 54.8 (+/−2.02) 55.4 (+/−2.04)

Epoch 2 46.6 (+/−1.86) 48.6 (+/−1.44)

Epoch 3 51.6 (+/−1.34) 56.2 (+/−1.21)
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