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1 Introduction

Humans are inherently social beings who interact daily in various contexts, such as work, commuting, and shopping, to
communicate intentions, emotions, and needs. Social interaction extends beyond individual needs [60] and influences
broader societal behavior. A key aspect of positive social interaction is "prosocial behavior," defined as “[a] broad range
of actions intended to benefit one or more people other than oneself – behaviors such as helping, comforting, sharing,

cooperation, philanthropy, and community service” [5, p. 243]. Traffic is one domain where social interactions frequently
occur. While traffic rules provide structured guidance, unwritten norms shape many social interactions, such as yielding
the right of way or using gestures of appreciation. In traffic, prosocial behavior is defined as “driving behaviors that
potentially protect the well-being of passengers, other drivers, and pedestrians, and that promote effective cooperation

with others in the driving environment” [21]. This includes both physical safety and psychological comfort, influencing
factors like traffic flow and emissions. The emergence of automated vehicles (AVs) will alter social interactions in
traffic, introducing mixed traffic environments with varying levels of automation [52]. While research has explored AV
interactions with vulnerable road users (VRUs) [12, 23], fewer studies, such as Sadeghian et al. [51], have examined AV
prosociality. Current traffic behavior metrics prioritize objective safety measures (e.g., time to collision), whereas social
behaviors like courtesy and compromise remain challenging to quantify.

The goal of this study is to develop and validate a situational scale to measure social behavior perceptions of both
human and automated road users in diverse traffic scenarios. We introduce SPAT (Situational Prosocial and Aggressive
Behavior in Traffic Scale), a standardized questionnaire quantifying prosocial behavior in traffic interactions. We then
test SPAT’s usability in an AV-manual driver interaction scenario, demonstrating its external validity beyond human-to-
human interactions. SPAT enables researchers to classify prosociality and aggression across diverse traffic contexts,
aiding scenario development for AVs and analyzing driver behavior impacts. While several prosocial behavior scales
exist, the unique contribution of our scale lies in its situational assessment approach, which captures context-specific
variations in prosocial decision-making. Hence, in this study, we address a gap in the literature by developing a scale to
measure social perception in traffic with a focus on situational specificity. Additionally, our research extends beyond
human road users to include the social perception of automated vehicles, such as driverless cars and delivery robots,
within mixed-traffic environments. Thus, our second objective is to create a versatile scale that evaluates the social
behavior of both human and automated road users. The research questions explored in this work are: 1- How can we
develop a reliable and valid scale to measure social perception in various traffic situations? 2- How can we develop an
effective scale that measures the social behavior perception of both humans and automated vehicles?

2 Related Work

This section provides background on relevant research regarding the essentials of prosocial behavior in general and in
the traffic context, followed by former approaches to measuring social behavior in traffic with self-assessment tools.
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Prosocial Behavior in Traffic. Prosocial behavior involves interpersonal dynamics and various forms of helping acts [56].
Situational context and the recipient’s perception shape prosocial behavior [13]. The empathy-altruism hypothesis [4]
suggests that empathy triggers prosocial actions, with higher perceived need increasing helping likelihood. Alternatively,
the arousal: cost–reward model [41] proposes that distress prompts prosocial acts, with individuals weighing the costs
and benefits of helping. Lower costs of helping and higher perceived consequences of inaction increase prosocial
behavior.

Prosocial behavior in traffic prioritizes the well-being and convenience of others. Examples include yielding to VRUs,
allowing vehicles to merge, or pedestrians minimizing drivers’ wait times at crossings. Previous research has explored
prosocial and aggressive traffic behaviors [27]. Harris et al. [21] defined prosocial driving as actions that enhance safety
and cooperation among road users. Eckoldt et al. [14] identified yielding to pedestrians as a common prosocial act,
while Sikkenk and Terken [61] found that personal driving styles and recipient vulnerability influence right-of-way
decisions. Efforts to promote prosocial driving have included storytelling and norm-activation [58]. Knobel et al. [29]
introduced a character to encourage prosocial driving, while Wang et al. [68] proposed using like/dislike icons for driver
feedback. Sadeghian et al. [51] investigated AV prosociality, showing that communication cues influence perceptions.
Lanzer et al. [30] found polite AV communication increased trust across cultures. Colley et al. [9] showed bidirectional
AV-pedestrian communication, such as thanking gestures, improved perceived intelligence.

Recent studies further highlight the role of prosocial behavior in traffic. Scott-Sharoni et al. [59] found post-ride
feedback improved e-scooter rider interactions. Kim et al. [28] showed prosocial/asocial experiences affect micromobility
users’ well-being and behavior. Haué and Merlhiot [22] revealed that addressing uncivil AV behaviors enhances traffic
flow. Escher et al. [16] examined Shared Automated Vehicles, suggesting passenger presence may trigger psychological
effects like the bystander effect, influencing prosocial behavior.

Measuring Social Behavior in Traffic. Existing self-evaluation tools measure social behavior in traffic, primarily
focusing on drivers. The Driver Behavior Questionnaire (DBQ) [43] assesses aberrant driving behaviors but lacks
coverage of attitudes and emotions [64]. The Multidimensional Driving Style Inventory (MDSI) [66] extends this scope
but remains centered on errors. Other scales, such as the Driver’s Stress Profile (DSP) [31], Driving Behavior Inventory
(DBI) [17, 19], and Aggressive Driving Behavior Scale (ADBS) [24], predominantly capture negative driving traits.
To address this gap, Özkan and Lajunen [38] introduced the Positive Driver Behavior Scale (PDBS), which includes
prosocial acts like politeness and environmental care. Some tools evaluate both prosocial and aggressive behaviors.
The Prosocial and Aggressive Driving Inventory (PADI) [21] measures these dimensions separately, while Ward et al.
[69] developed a similar scale focused on driver behavior toward cyclists. Pedestrian behavior has also been studied,
often adapting driver-focused models [67]. The Pedestrian Behavior Scale (PBS) [18] and its derivative, the Pedestrian
Behavior Questionnaire (PBQ) [11], have been widely used across various countries. Beyond self-assessment tools,
researchers have explored social behavior perception in traffic using alternative frameworks. Sadeghian et al. [51]
employed the Traffic Climate questionnaire [55], while Schwarting et al. [57] used the Social Value Orientation (SVO)
Questionnaire [36] to analyze AVs’ social behavior. However, most existing tools focus on general behaviors rather
than situational specificity, limiting their application in dynamic traffic interactions [40]. As these scales do not assess
how individuals perceive others’ social behavior in specific scenarios—including interactions with AVs—we developed
SPAT, exceeding these limitations. While initially designed to quantify AV perception, SPAT offers broad applicability
across diverse road user interactions (e.g., cyclist-delivery robot, driver-e-scooter rider, or pedestrian-cyclist) and can
facilitate self-evaluation in various situational contexts.
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3 Study A: Creation of Situational Prosocial and Aggressive Behavior in Traffic Scale

The development and evaluation of SPAT followed a structured multistep process, incorporating expert input, pre-
studies, and statistical validation We adhered to the guidelines by Boateng et al. [6] for scale creation and evaluation.
We began with item development through workshops and linguist meetings to define the domain, generate items, and
ensure content validity. Next, during scale development, we pre-tested questions for clarity and validated ground truth
scenarios with 11 participants. A large online survey followed, involving item reduction and factor extraction with
statistical expert input. For scale evaluation, we conducted confirmatory factor analysis to assess factorial validity.
Finally, we tested external validity across different experimental conditions to ensure SPAT’s applicability beyond the
tested scenarios. Further details are provided in the following sections.

Pre-Survey Steps. A workshop by Sahin et al. [53] explored prosocial behavior in traffic, key characteristics, new
interaction paradigms, and prosocial AV behavior. Eight AV researchers participated, highlighting the need for a
quantifiable measure of situational prosocial behavior in traffic. Based on the workshop, SPAT was developed through a
multistep approach. First, a group meeting defined prosociality, collecting related words rated for relevance (1–7 scale).
Words scoring below 4 were excluded. To ensure versatility, semantic differentials were adopted (e.g., "mindless" vs.
"mindful") rather than specific behaviors, enabling the scale to assess diverse road users and contexts, including AVs.
The first author pre-clustered words into positive-negative adjective pairs, which were reviewed by a linguist with 13
years of expertise. After removing redundancies, 23 respondents rated the item pairs for relevance to prosocial and
aggressive traffic behavior. Items scoring 4+ were refined further with expert input, reducing the list to 32 semantic
differential items (e.g., "cautious — reckless"). Next, reference scenarios were defined and tested in a pre-study with 11
participants (𝑀age = 26.24, 𝑆𝐷 = 5.32; driving experience:𝑀 = 5.82 years, 𝑆𝐷 = 4.81). Participants evaluated road user
behavior using the pilot survey and were interviewed on clarity. No issues were reported. They also rated scenarios for
prosocial/aggressive perception and suggested refinements. The finalized ground truth scenarios included pedestrian-
driver and driver-pedestrian interactions with both prosocial and aggressive behaviors (Figure 1, Appendix A ). These
scenarios ensured that item loadings reflected prosocial or aggressive behavior. After the pre-survey steps, we conducted
an online vignette [1, 2] study with 318 participants from prolific.co that were pre-selected from the US to control the
effect of cultural biases into a single culture. Finally, we validated SPAT in broader experimental conditions, including
AV-human interactions, to test its sensitivity in diverse contexts (Section 4).

Vignette Survey Overview. An online within-subject vignette survey was conducted to evaluate SPAT, measuring
perceived social behavior across all road users, including pedestrians, drivers, cyclists, and AVs. Ethical approval for
both the online survey and the test track validation study was granted by the host institution’s ethics committee. The
study aimed to identify suitable items for prosocial and aggressive behavior and establish the scale’s factorial structure.
Given the absence of predefined facets, an exploratory factor analysis was conducted. Participants evaluated fictional
situations using a within-subjects design, in other words, all participants rated all of the traffic scenarios.

Sample. A total of 318 participants from the USA (Age:𝑀 = 41.6, 𝑆𝐷 = 14.2, range: [19, 80]; Gender: 154 F, 153 M, 10
Non-binary, 1 Prefer not to tell) participated in the online survey. On average, they had a driving license for 11.10 years
(𝑆𝐷 = 15.65) and spent 2.48 hours daily on travel (SD = 6.07), including walking, cycling, driving, and public transport.
Most drove their cars daily or multiple times a week. All participants had a high English proficiency (B2 = 4, C1 = 12,
C2 = 302) and were recruited via Prolific, matching the study’s demographic criteria.
Manuscript submitted to ACM
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Fig. 1. Scenarios categorized as prosocial and aggressive on the horizontal axis. Participant perspectives are divided on the vertical
axis. Scenario 1: Prosocial Driver yielding the right of way to the participant from the pedestrians’ perspective. Scenario 2: Aggressive
driver taking the right of way of the participant at a pedestrian crossing. Scenario 3: A prosocial pedestrian yielding the right of way
to the participant in the driver’s perspective. Scenario 4: An aggressive pedestrian attempting to annoy the participant in the driver’s
perspective.

Procedure. The online survey was implemented via LimeSurvey and prolific.co. Participants could participate in the
study through a computer, laptop, or tablet. Initially, they received a welcome message with details on the survey’s
duration and methodology. After providing consent, they completed demographic questions to confirm eligibility.
Next, they were introduced to the general setting and the definition of prosocial behavior based on Harris et al. [21]
(Appendix B).

Participants viewed four traffic scenarios in a pseudo-randomized order, each accompanied by descriptive images
(see Figure 1). They responded to survey items presented in a pseudo-randomized order, evaluating the behavior of
the other traffic participant from their perspective. Responses were recorded on a 7-point semantic differential scale
(see Appendix B in Appendix for SPAT presentation and final set of items). Eight attention checks were included, and
participants could provide open feedback for each situation and at the end. The survey, conducted in English, lasted
about 15 minutes, and participants were compensated at a rate of $7.25 per hour.

Data Analysis. Content analysis and statistical methods were used to carefully select items. An exploratory factor
analysis (EFA) was conducted on 50% of the sample, which was randomly split, to identify the number of dimensions.
A confirmatory factor analysis (CFA) cross-validated the factorial structure using the second half of the sample.
Additionally, a test track experiment in a bottleneck traffic scenario evaluated the external validity of the scale (see
Section 4). Data analysis was performed with R 4.2.3 using up-to-date packages: EFATools version 0.4.4 [62], psych
version 2.3.3 [48], and eRm version 1.0-2 [34]. Oblimin rotation was applied for factor interpretation [7], CFA was
conducted with the lavaan package version 0.6-16 [49], and results were visualized with semPlot version 1.1.6 [15].

3.1 Study A Results

The results of the exploratory and confirmatory factor analyses are discussed in separate subsections below.
Manuscript submitted to ACM
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3.1.1 Exploratory Factor Analysis. First, all inverted items were reverted by multiplying the answers by -1 and adding
8. This reverse-coding step ensured consistent contribution to the overall score; for example, inverted items such as
unexpected - expected were adjusted to align with the regular format (expected - unexpected). Each scenario evaluation
was then randomly split into two samples: exploration and confirmation. The analyses confirmed the data’s suitability
for factor analysis (Kaiser–Meyer–Olkin (KMO = .89) and Bartlett’s test of sphericity (𝜒2(496) = 3597.50, p<.001) [65].
Scree tests and parallel analysis using weighted least squares revealed the factor structure for each scenario: Scenario 1
(prosocial driver) had two factors, Scenario 2 (aggressive driver) had four, Scenario 3 (prosocial pedestrian) had three,
and Scenario 4 (aggressive pedestrian) had three.

Upon inspection, the four-factor scenario had only one item loading onto one factor, leading to the conclusion that a
three-factor structure was most consistent. Factor analysis was performed with oblimin rotation, as correlations among
dimensions were expected [32], and polychoric correlations were used for ordinal data. A factor loading threshold of
0.45 was applied [10, 20]. The three-factor model demonstrated high internal consistency across scenarios (Total Sn1
𝜔 = 0.95, Sn2 𝜔 = 0.78, Sn3 𝜔 = 0.94, Sn4 𝜔 = 0.92). Recurring items across scenarios were prioritized for robustness,
leading to the finalized factor structure (see Table 1). Without predefined expectations, factors were identified and
named Socialness (S), Awareness (A), and Predictability (P) based on item content.

Table 1. Final Set of Items and Their Factor Loading Values (Pattern Matrices) on Each Scenario

Sn1 Sn2 Sn3 Sn4

Item F1 F2 F3 F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 Cooperative - Competitive 0.972 0.598 0.123 -0.541 0.596 0.376 -0.164 0.740 -0.216
S2 Helpful - Unhelpful 0.564 0.432 0.948 -0.125 0.871 0.909
S3 Courteous - Impolite 0.775 0.150 0.933 -0.171 0.616 0.261 0.942 -0.178
S4 Prosocial - Antisocial 0.880 0.705 -0.197 0.600 0.296 -0.121 0.890 -0.203
A5 Trustworthy Untrustworthy 0.349 0.560 0.750 0.160 0.759 0.358 0.709 0.194 0.106
A6 Mindless - Mindful (i) 0.605 0.282 0.184 0.226 0.603 0.351 0.694 0.122 0.234 0.536 0.321
A7 Ungrateful - Thankful (i) 0.219 0.410 0.119 0.385 0.567 0.159 0.484 0.551 0.753 0.122
A8 Aware - Unaware 0.449 0.440 -0.375 0.670 0.895 -0.212 0.831
A9 Inattentive - Attentive (i) 0.562 0.299 0.802 0.781 0.130 -0.141 0.810
A10 Acknowledging - Ignoring 0.899 -0.235 -0.108 0.841 -0.124 0.553 0.259 -0.138 0.219 0.700
P11 Unexpected - Expected (i) 1.006 0.329 0.141 0.246 -0.159 0.716 0.536
P12 Predictable - Unpredictable -0.172 0.388 0.562 0.227 0.203 0.228 0.196 0.590 0.158 0.173 0.574

(i) inverted item, retained items are marked in bold. Sn1: Prosocial driver, Sn2: Antisocial driver, Sn3: Prosocial pedestrian, Sn4: Antisocial pedestrian.
Factor 1: Socialness, Factor 2: Awareness, Factor 3: Predictability

3.1.2 Confirmatory Factor Analysis. Twelve items met the exploratory factor analysis criteria (Table 1) and were
examined in the confirmation sample (Table 3). Following Mair [33] (Section 4.3.2.), the Partial Credit Model (PCM)
was applied to assess item fit. PCM was run per factor in each scenario, with items removed if they had low p-values
in at least three scenarios and infit/outfit t-values beyond ±2. No items were excluded, resulting in a 12-item SPAT
scale comprising four Socialness, six Awareness, and two Predictability items (Figure 5 in the appendix). A confirmatory
factor analysis validated the three-factor model (Figure 2, Figure 6, Figure 7, Figure 8). Predictability item loadings were
constrained for stability. For clarity, only Figure 2 (prosocial driver) is included in the main text, while others are in the
appendix. Path diagrams display standardized factor loadings, latent variable correlations, and error variances.

Factor loadings in the prosocial driver scenario (Scenario 1) were strong (0.63 ≤ 𝜆 ≤ 0.93), with high correlation
between Socialness and Awareness (𝜆 = 0.96) but weaker correlations with Predictability and Socialness (𝜆 = 0.23) and
Predictability and Awareness (𝜆 = 0.43). The aggressive driver scenario (Scenario 2) also showed strong item-factor
relationships, except for A8 (𝜆 = 0.45). Socialness and Awareness correlated moderately (𝜆 = 0.63), while Awareness and
Manuscript submitted to ACM
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Predictability (𝜆 = 0.48), and Socialness and Predictability (𝜆 = 0.36) were weaker. In the prosocial pedestrian scenario
(Scenario 3), factor loadings were strong (0.67 ≤ 𝜆 ≤ 0.92), with an almost perfect correlation between Socialness and
Awareness (𝜆 = 0.99). Weaker correlations between Awareness and Predictability (𝜆 = 0.22), as well as Socialness and
Predictability (𝜆 = 0.10) were observed. The aggressive pedestrian scenario (Scenario 4) mirrored Scenario 2, with A8
showing a weaker loading (𝜆 = 0.45) and moderate Socialness-Awareness correlation (𝜆 = 0.73). Weaker correlations
were further observed between latent factors Awareness and Predictability (𝜆 = 0.51), and Socialness and Predictability
(𝜆 = 0.53).

Model fit was assessed using 𝜒2, CFI (≥ 0.95), RMSEA (upper ≤ 0.10, lower ≤ 0.05), and SRMR (≤ 0.08) (Table 4), per
Mair [33] (Section 2.4.1., p. 44). Prosocial scenarios (Sn. 1 and 3) demonstrated strong fit (CFI ≥ 0.997, RMSEA upper ≤
0.083, lower ≤ 0.031, SRMR ≤ 0.073). Aggressive scenarios (Sn. 2 and 4) showed poorer fit (CFI ≤ 0.935, RMSEA lower ≥
0.136, upper ≥ 0.175, SRMR ≥ 0.136). Modification indices indicated that adding residual covariances (A8-A9, A9-A10)
improved fit (Table 4). McDonald’s Omega confirmed internal consistency (Table 2). Socialness showed the highest
reliability in Scenario 1 and remained strong across scenarios. Awareness had consistently high values, particularly in
Scenarios 1 and 3. Predictability varied, peaking in Scenario 2 but maintaining generally good reliability.

Table 2. Summary of Mcdonald’s Omega (𝜔) Values by Scenario and Factors for Internal Consistency

Scenarios Socialness Awareness Predictability

Sn1 0.869 0.875 0.799
Sn2 0.708 0.689 0.773
Sn3 0.839 0.878 0.697
Sn4 0.783 0.739 0.757

Lastly, to examine factor correlations across scenarios, we analyzed the full sample and estimated a model for each
factor across all scenarios (Figure 3, Figure 9, Figure 10). For readability, Figure 3 (Socialness path diagram) is included
in the main text, while the other two appear in the appendix. Correlations between Socialness across scenarios were
weak (-0.17 ≤ 𝜆 ≤ 0.15). Similarly, Awareness correlations were weak (-0.10 ≤ 𝜆 ≤ 0.04), as were those for Predictability
(-0.10 ≤ 𝜆 ≤ 0.20). These results indicate the situation specificity of the scale, effectively capturing social perception
variations across the surveyed traffic scenarios.

Table 3. Descriptive statistics of survey scenarios for overall and sub-dimensions scores

Scenarios Composite Average Socialness Awareness Predictability

Sn1 6.07 (1.58) 6.69 (0.87) 6.46 (1.06) 3.66 (1.75)
Sn2 2.03 (1.65) 1.26 (0.77) 2.54 (1.96) 2.05 (1.32)
Sn3 6.03 (1.55) 6.63 (0.79) 6.46 (0.96) 3.56 (1.71)
Sn4 2.52 (1.75) 1.59 (0.99) 3.07 (1.97) 2.74 (1.47)

Average scores and standard deviations in parentheses.
Sn1: Prosocial driver, Sn2: Antisocial driver, Sn3: Prosocial pedestrian, Sn4: Antisocial pedestrian.

4 Study B: External Validation of SPAT

While human-to-human interaction is a key traffic-related application of SPAT, the rise of AVs introduces a new
interaction context. Highly automated vehicles must share the road with manual drivers and VRUs, requiring appropriate
behavior and communication in ambiguous situations. To evaluate this, SPAT was tested in a controlled test track
experiment to assess its external and ecological validity. Further details and additional findings beyond SPAT are
available in Şahin İppoliti et al. [54].
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Fig. 2. Path diagram of Scenario 1. Participant from the pedestrian’s perspective encounters a prosocial driver. Items are presented as
squares with their associated error variances and latent variables as circles with their associated variances and covariance (edge). The
values on the arrows are the loadings.

Table 4. Confirmatory Factor Analysis Fit Measures on Each Scenario

Scenarios 𝜒2 df 𝑝 CFI RMSEA 90%𝐶𝐼 lower RMSEA 90%𝐶𝐼 upper SRMR

Sn1 79.03 51 0.007 0.997 0.031 0.083 0.073
Sn2 245.185 (167.784) 51 (50) 0 (0) 0.91 (0.945) 0.136 (0.102) 0.175 (0.143) 0.149 (0.115)
Sn3 62.981 51 0.121 0.999 0 0.067 0.064
Sn4 266.982 (114.07) 51 (50) 0 (0) 0.935 (0.981) 0.145 (0.068) 0.183 (0.112) 0.136 (0.085)

CFI: Comparative fit index, SRMR: Standardized root-mean-square residual, Sn1: Prosocial driver Sn2: Antisocial driver, Sn3: Prosocial pedestrian,
Sn4: Antisocial pedestrian. Values in parentheses show the results of the model specifying additional covariances between the residuals of A8 and A9, and A9 and A10.

Study Overview. Twenty-four participants (8 female, 16 male, age [20–67],𝑀 = 30.21, 𝑆𝐷 = 13.44 years) drove their
own cars through a naturally narrowed path with parked cars on both sides (Figure 4B). As they approached, a Wizard
of Oz AV, controlled by a hidden driver [50], simultaneously reached the opposite side (Figure 4D). An LED matrix
on the AV’s radiator grille (Figure 4A) remained off (baseline) or signaled deceleration/acceleration with moving bars
(Figure 4C). Since intuitiveness was not tested, participants were introduced to the interface beforehand. The ghost
driver matched the AV’s behavior to the displayed signal, maintaining an average speed of 12 km/h in the baseline
Manuscript submitted to ACM
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Fig. 3. Path diagram of factor Socialness and correlations of each scenario. Items are presented as squares with their associated
error variances and latent variables as circles with their associated variances and covariance (edge). The values on the arrows are the
loadings. Notation example: S1Sn1 indicates item S1 from Scenario 1.

unless adjusting to the participant’s speed. They also ensured sufficient time and space for participants to decide who
would cross first. After each of 9 pseudo-randomized encounters (3 repetitions per condition), participants rated the
AV’s perceived social characteristics using SPAT’s exploratory 32-item set on a tablet.

Data Analysis. SPAT evaluations of the AV across three conditions were analyzed using linear mixed-effects models
(LMM) with the lmer function in R package lme4 version 1.1-27.1 [3]. Composite SPAT scores and sub-dimensions were
used as outcome variables, where higher scores indicated perceiving the AV as more prosocial (with inverted items for
better interpretability). The results below are based on the 12 final items (Appendix B in Appendix). External interface
conditions (eHMI Acceleration, eHMI Deceleration, Baseline) were modeled as fixed effects, while within-subject
variance, sex, and age-related variability were included as random effect factors.
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Fig. 4. A: Wizard of Oz AV used in the study. The external Human-Machine Interface (eHMI) in the form of an LED matrix is attached
above the covered license plate. B: Participant perspective while approaching the bottleneck scenario. C: Acceleration and deceleration
intention cues. The white bar extends from the middle to the sides on acceleration, while it merges in the middle on deceleration
intention. D: Ghost driver hidden under a car seat costume.

Table 5. Driving choices and descriptive statistics of experimental conditions for each SPAT score

Conditions # of times passed/waited SPAT Composite Average Socialness Awareness Predictability

Baseline 32/40 4.86 (0.92) 4.84 (1.09) 4.93 (0.88) 4.69 (1.01)
eHMI Acceleration 19/53 5.14 (0.68) 5.03 (0.84) 5.13 (0.67) 5.40 (0.85)
eHMI Deceleration 64/8 5.37 (0.74) 5.53 (0.79) 5.29 (0.71) 5.28 (1.07)
Average scores and standard deviations in parentheses.

4.1 Study B Results

Indicating deceleration intention significantly increased the likelihood of the AV being perceived as prosocial compared
to the baseline condition (𝛽 = 5.87, 𝑡 (199.641) = 3.22, 𝑃𝑟 (> |𝑡 |) < .01). However, indicating acceleration intention did
not lead to a meaningful change in prosocial perception compared to baseline (𝛽 = 2.94, 𝑡 (199.641) = 1.61, 𝑃𝑟 (> |𝑡 |)
= .10). Consistent with the composite scores, the Socialness dimension of SPAT showed significantly higher social
perception scores when the AV indicated deceleration intention (𝛽 = 2.77, 𝑡 (199.607) = 3.95, 𝑃𝑟 (> |𝑡 |) < .001), while
no significant difference was observed in the acceleration condition compared to baseline (𝛽 = 0.76, 𝑡 (199.607) = 1.08,
𝑃𝑟 (> |𝑡 |) = .27). Compared to the baseline (no eHMI), an AV indicating deceleration via eHMI significantly increased
participants’ perception of the AV’s awareness (𝛽 = 2.16, 𝑡 (200.28) = 2.39, 𝑃𝑟 (> |𝑡 |) < .05). No significant difference was
found for the acceleration intention condition (𝛽 = 1.09, 𝑡 (200.28) = 1.21, 𝑃𝑟 (> |𝑡 |) = .22). The Predictability dimension
of SPAT indicated that participants found the AV’s behavior significantly more predictable in both the deceleration
eHMI condition (𝛽 = 1.18, 𝑡 (189.99) = 2.72, 𝑃𝑟 (> |𝑡 |) < .01) and the acceleration eHMI condition (𝛽 = 1.41, 𝑡 (189.99) =
3.26, 𝑃𝑟 (> |𝑡 |) < .01) (see Table 6).
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Table 6. Linear Mixed-Effects Model results of eHMI conditions on composite SPAT scores and SPAT sub-dimensions of Socialness,
Awareness, and Predictability

Predictors Composite Average Socialness Awareness Predictability

(Intercept) 26.92 *** 13.45 *** 15.53 *** 8.27 ***
eHMI Acceleration 2.94 0.76 1.10 1.42 **
eHMI Deceleration 5.87 ** 2.78 *** 2.17 * 1.18 **

Random Effects
𝜎2 119.43 17.76 29.52 6.78
𝜏00 ID 0.00 0.00 0.00 0.08
𝜏00 age 11.74 2.21 2.28 0.01
𝜏00 sex 0.00 0.00 0.00 0.33
𝑁 ID 24 24 24 24
𝑁 sex 2 2 2 2
𝑁 age 17 17 17 17
Observations 216 216 216 216
Marginal 𝑟 2 / Conditional 𝑟 2 0.046 / NA 0.072 / NA 0.026 / NA 0.051 / 0.106

*** p < .001, ** p < .01, * p < .05
Note: LMM Estimates and Random Effects are reported for composite average scores and Socialness, Awareness, and Predictability dimension scores of SPAT.

5 Discussion

This section discusses how SPAT addresses the need for an emerging evaluation tool, explores the impact of its sub-
dimensions on individuals’ judgments of prosocial and aggressive behavior, and provides further insights into construct
and external validity. Additionally, the limitations of the current study and directions for future research are considered.

5.1 Situational Prosocial and Aggressive and Behavior in Traffic Scale (SPAT)

Existing social behavior in traffic scales are predominantly tailored for drivers and their general road user characteristics
(e.g., PADI [21], DBQ [43], MDSI [66], DSP [31], DBI [19], ADBS [24]). Some scales have been developed for pedestrians
(e.g., PBS [18], PBQ [11], SBP [35]) and cyclists [69]. While these tools are specific and useful when applied to their
intended purpose, they have three key drawbacks that limit their ability to evaluate social behavior across different
traffic situations.

Firstly, these evaluation tools focus on self-assessing the general social behavior of traffic participants. When used in
experiments with different social conditions, they may not reveal situational differences across traffic conditions. For
example, if a person answers a self-assessment questionnaire about their general driving characteristics in different
traffic situations (e.g., highway driving or slow-moving traffic), they are likely to provide similar responses, as these tools
are designed to assess general driving tendencies. However, in specific situations (e.g., when in a hurry or encountering
road rage), individuals may deviate from their usual behavior. This limitation underscores the need for a situational
assessment of social behavior in traffic, as highlighted by researchers in this area [53]. SPAT was designed to fill this
gap by evaluating situational differences in how road users perceive social behavior in traffic, enabling an assessment
of individuals’ social receptivity to changes in behavior or vehicle design across different traffic scenarios. Secondly,
many existing scales, including the ones mentioned above, are self-assessment tools not designed to understand how
individuals perceive the behavior of other road users within a social context. SPAT, on the other hand, was intentionally
developed with semantic differential items (e.g., reckless – cautious), avoiding first-person statements such as “I find
cyclists reckless when they cut in front of me.” This design allows SPAT to assess how individuals perceive the prosocial
or aggressive behavior of other road users, rather than focusing solely on self-assessment. Thirdly, with the rise of
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micromobility, it is becoming increasingly important to expand the perspectives of traffic participants beyond just
drivers, pedestrians, and cyclists. An inclusive assessment tool that can be used from any road user’s perspective would
significantly enhance the current body of research on social behavior in traffic. By formulating the items as adjectives
rather than using specific statements (e.g., “Cyclists who cut in front of others are reckless”), SPAT remains versatile
and applicable to a wide range of road users. This flexibility even allows SPAT to assess how individuals perceive the
social behavior of non-human traffic participants, such as autonomous vehicles (AVs). The Situational Prosocial and
Aggressive Behavior in Traffic Scale (SPAT) we developed serves as a valuable tool for studies focused on prosocial
behaviors in traffic. By providing a standardized method for assessing such behaviors, it enables comparisons across
various research contexts and contributes to a common framework for understanding how different factors influence
prosocial and aggressive interactions in diverse traffic environments.

5.2 Key Ingredients for Prosocial Perception in Traffic: Socialness, Predictability, and Awareness

Upon closer inspection of the sources of perceptual differences regarding the social behavior of other road users, SPAT
revealed that the general social outlook of road users, the predictability of their behavior, and their awareness of the
impact of their actions on the situation help individuals form judgments about the prosocial and aggressive behavior of
others in traffic.

Socialness. Social qualities such as cooperation and helpfulness are key in traffic judgments, even in this formal,
regulated environment. Traffic, while governed by rules, is a social domain [8], where cues such as eye contact and
gestures emerge, especially in ambiguous situations [63]. Existing scales, such as PDBS [38], already incorporate
socialness by highlighting politeness and helpfulness in positive driving behavior. In any human environment, including
traffic, prosocial behavior is crucial for fostering cooperation. Therefore, cooperation, helpfulness, and courtesy shape
individuals’ prosocial perceptions of others. This factor was consistently effective in describing road users’ behavior
across various scenarios, making it a strong measure of social perception.

Predictability. While traffic rules are essential, they don’t fully capture prosocial behavior in traffic. Scales such as
PADI [21] and DARQ [26] include rule-related items to assess self-evaluation of social driving. Predictable behavior is
a key factor in judging whether a road user’s actions are prosocial or aggressive. For example, feedback on the first
scenario highlighted that while yielding the right of way is prosocial, following the rules is expected and resolves
conflicts in a usual manner. Similarly, in the third scenario, a pedestrian giving way was seen as prosocial, but insisting
on the right of way, though lawful, wouldn’t be considered aggressive, as it’s within traffic rules.

Awareness. SPAT analysis shows that Awareness items have more impact in aggressive scenarios than in prosocial
ones. In prosocial behavior scenarios, Awareness and Socialness items are highly correlated, but this correlation doesn’t
harm model fit. However, item A9 (Attentive - Inattentive) loads onto Socialness in prosocial scenarios and onto
Awareness in aggressive ones, which affected the fit in the CFA of aggressive scenarios. By adding covariances between
A8, A9, and A10, we improved the model fit (Table 4). Awareness helps define aggressive behavior, but doesn’t seem
significant for prosocial behavior beyond general socialness. Consistent with Dovidio et al. [13], participants judged
behavior within its social context. Sometimes the participant’s intentions or the behavior’s outcome played a bigger
role in determining whether a road user was perceived as prosocial or aggressive. For example, participants noted that
a prosocial driver’s sudden stop could be hazardous, while an aggressive pedestrian, even when following rules, was
Manuscript submitted to ACM
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judged harshly due to their perceived intent. This suggests that both behavioral intentions and outcomes influence
social perception, with their importance varying by the situation.

5.3 Construct and External Validation of SPAT

We used four traffic scenarios with two perspectives and road user types to identify the best working items. Confirmatory
factor analysis showed good fit for prosocial scenarios. For aggressive scenarios, adding covariances between A8, A9,
and A10 improved fit, suggesting that removing item A9 (Inattentive - Attentive) could enhance the model, particularly
for aggressive scenarios. SPAT showed sensitivity to situation specificity, maintaining discriminative power across
different scenarios. We tested SPAT’s external validity in a controlled test track study with a game-of-chicken [42] or
bottleneck [44–47] scenario. In bottleneck situations, when the AV indicated deceleration via an external display, it was
perceived as more social, aware, and predictable. Acceleration intention signaling also made the AV more predictable.
In both cases, participants linked the AV’s intention cues to predictability and perceived it as aware during deceleration.
Deceleration, giving the human driver the right of way, was viewed as more prosocial, in line with Sadeghian et al. [51].
These results confirm that SPAT effectively detects prosocial perceptions of road users and is sensitive to situational
differences. Given that the tool is developed in the context of AV technology, it is important to acknowledge that
the underlying policies of AI agents can shape prosociality; situating our work within the broader HCI discourse on
designing prosocial AI enhances the contextual validity and potential generalizability of our scale [25, 39].

5.4 Limitations and Future Directions

While the set of scenarios in our study may appear orchestrated, they serve as a controlled foundation for initial valida-
tion; importantly, the situational format of our scale holds strong potential for real-world applications, complementing
recent advances in physiology-based prosociality assessment [37] by providing a structured yet adaptable tool for
context-sensitive evaluation. In the future, SPAT can be further validated by applying it to various traffic situations
and road user perspectives (e.g., AVs, e-scooter riders, delivery robots, pedestrians). An additional elicitation round
may be needed for future work. This study presents the first scale for assessing prosocial behavior in traffic, laying the
foundation for standardized traffic scales. While the validation was conducted outdoors with a real car, the ecological
validity may still be low. Future research should explore its use in more realistic traffic scenarios, involving participants
both inside and outside vehicles. SPAT was tested with a U.S. sample to avoid cultural bias, but testing in different
populations may yield different results. Thus, this scale is primarily suited for English speakers in the U.S. and requires
validation for other languages and regions. Furthermore, the cultural generalizability of the scale needs to be further
evaluated, since prosocial behavior may change according to the cultural differences. Broader cultural testing and more
realistic environments are needed for wider application.

6 Conclusion

We introduced SPAT, a new scale for measuring road users’ prosocial and aggressive behavior in urban traffic scenarios.
SPAT features semantically distinct items made of adjectives that capture various factors influencing the perception of
prosocial and non-prosocial behaviors. The scale’s factorial structure includes three dimensions: socialness, predictability,
and awareness. Confirmatory factor analysis confirmed its construct validity, and external validity was demonstrated
in an experimental study between drivers and a Wizard of Oz automated vehicle using a bottleneck scenario. SPAT
offers a useful tool for researchers in traffic psychology, social interaction in traffic, and the study of social interactions
with automated vehicles.
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A Scenario Descriptions

• Scenario 1: “Imagine you are a pedestrian, and you want to cross the street at a place where there aren’t any
traffic lights or a pedestrian crossing. It is raining heavily, and you are getting wet because you do not have
an umbrella. You need to run across the road to the shelter. However, you cannot immediately cross the road
because a car is approaching. There is no other traffic on the road, but you have to wait until the car - which has
the right of way - has passed. Yet, the driver of the car slows down, stops, and lets you cross the road first with a
smiling face.”
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• Scenario 2: “ Imagine you are a pedestrian and want to cross the street at a pedestrian crossing. You would have
the right of way. But an approaching car honks, revs its engines, and accelerates, even though the driver clearly
sees you, and prevents you from crossing the street. It is a very rainy day and the driver splashes you with a
puddle of muddy water. As the car passes by, you notice that the driver and the passenger look at you mockingly
as they enjoy the loud music in their car.”

• Scenario 3: ‘Imagine you are driving a car in a city center, stopping at a zebra crossing. As this street is crossed
by many people, you have already spent some time waiting. A single pedestrian approaches the crossing when
you finally thought you could continue driving. The pedestrian acknowledges that you have already waited,
gives you their right of way, and steps back to allow you to pass.”

• Scenario 4: “Imagine you are driving a car in a city center, stopping at a zebra crossing. As this street is crossed by
many people, you have already spent some time waiting. A single pedestrian approaches the crossing when you
finally thought you could continue driving. Although the pedestrian has seen you waiting for quite some time,
they insist on their right of way and crosses. They walk extra slowly with the clear intention of annoying you.”

B Definitions Provided in the Survey

Prosocial behavior in traffic is defined as acting by taking the well-being of other traffic participants
into account and promoting effective cooperation with others, such as drivers, passengers, pedestrians, and

cyclists. Acting prosocial in traffic benefits all traffic participants in positive ways. It also helps to resolve

traffic conflicts easily. This happens, for example, when searching for parking spaces, when merging lanes

on the highway, when letting pedestrians cross the road, or thanking someone. Aggressive or antisocial
behavior in traffic can be defined as opposite behavioral patterns, such as acting and driving offensively,
putting other people in danger, or acting selfishly in traffic.
In this part, we will provide you with some traffic scenarios. Please read each scenario from the beginning
until the end, as some of the scenarios are similarly structured.

Manuscript submitted to ACM



18 Şahin Ippoliti et al.

Please give your evaluations about the behavior of the other person as in the following example. If 

you think the behavior of the other person is good, then choose one of the points closer to good on 

the left side, depending on how good this behavior is for you.  

Good ⚪⚫⚪⚪⚪⚪⚪ Bad 

Similarly, if you think the behavior is rather bad, then choose a point closer to bad on the right side, 

depending on how bad you perceive it. 

Good ⚪⚪⚪⚪⚪⚪⚫ Bad 

If you think the behavior was rather neutral, then choose a point closer to the middle. 

Good ⚪⚪⚪⚫⚪⚪⚪ Bad 

 

 

 

I think the other traffic participant / the behavior of other traffic participant was 

Cooperative ⚪⚪⚪⚪⚪⚪⚪ Competitive 

  Helpful ⚪⚪⚪⚪⚪⚪⚪ Unhelpful 

Courteous ⚪⚪⚪⚪⚪⚪⚪ Impolite 

Prosocial ⚪⚪⚪⚪⚪⚪⚪ Antisocial 

Trustworthy ⚪⚪⚪⚪⚪⚪⚪ Untrustworthy 

Mindless ⚪⚪⚪⚪⚪⚪⚪ Mindful 

Ungrateful ⚪⚪⚪⚪⚪⚪⚪ Thankful 

Aware ⚪⚪⚪⚪⚪⚪⚪ Unaware 

Inattentive ⚪⚪⚪⚪⚪⚪⚪ Attentive 

Acknowledging ⚪⚪⚪⚪⚪⚪⚪ Ignoring 

Unexpected ⚪⚪⚪⚪⚪⚪⚪ Expected 

Predictable ⚪⚪⚪⚪⚪⚪⚪ Unpredictable 

Fig. 5. Presentation of SPAT
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Fig. 6. Path diagram of Scenario 2. Participant from the pedestrian’s perspective encounters an aggressive driver. Items are presented
as squares with their associated error variances and latent variables as circles with their associated variances and covariance (edge).
The values on the arrows are the loadings.
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Fig. 7. Path diagram of Scenario 3. Participant from the driver’s perspective encounters a prosocial pedestrian. Items are presented as
squares with their associated error variances and latent variables as circles with their associated variances and covariance (edge). The
values on the arrows are the loadings.
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Fig. 8. Path diagram of Scenario 4. Participant from the driver’s perspective encounters an aggressive pedestrian. Items are presented
as squares with their associated error variances and latent variables as circles with their associated variances and covariance (edge).
The values on the arrows are the loadings.

Manuscript submitted to ACM



22 Şahin Ippoliti et al.

−0.03

−0.04

0.07

0.07

−0.10

0.11

0.18

−0.20

0.26

0.33

0.34

0.48

0.61

0.63

0.72

0.82

0.86

0.88

0.91

0.96

1.00

1.00

1.00

1.00

2.00

P11Sn1

P12Sn1

P11Sn2

P12Sn2

P11Sn3

P12Sn3

P11Sn4

P12Sn4

Sn1

Sn2

Sn3

Sn4

Predictability

Fig. 9. Path diagram of factor Predictability and correlations of each scenario. Items are presented as squares with their associated
error variances and latent variables as circles with their associated variances and covariance (edge). The values on the arrows are the
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Fig. 10. Path diagram of factor Awareness and correlations of each scenario. Items are presented as squares with their associated
error variances and latent variables as circles with their associated variances and covariance (edge). The values on the arrows are the
loadings. Notation example: A5Sn1 indicates item A5 from Scenario 1.
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