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A B S T R A C T

Understanding exit choice behavior during evacuations is critical for enhancing safety and efficiency in real-life 
emergencies. Individual, social and environmental factors can significantly influence group decision-making 
during evacuations. While a substantial amount of research has focused on individual exit choice behaviors, 
very few studies have investigated how group decision-making is affected by various factors during emergencies, 
especially when group splitting occurs. This study investigates the impacts of individual, social, and environ
mental factors on both individual and group exit choice decision-making, using a multi-user virtual reality (VR) 
setup that simulates fire evacuation scenarios. We conducted experiments with 127 participants, organized in 
groups ranging from 1 to 4 group members. We observed a clear tendency for 2-, 3-, and 4-person groups to split 
into smaller units during evacuations, with 2-person subgroups being the most common and larger groups 
showing a higher likelihood of splitting. Then, a discrete choice model was used to analyze the effects of various 
social, individual and environmental factors on the participants’ exit choices. The results showed that partici
pants were not only influenced by the factors significant in individual decision-making, such as distance to exits, 
familiarity with exits, and smoke, but also by the choices of other group members, demonstrating a strong social 
influence. Additionally, the impact of smoke was more pronounced in subgroup settings. This research highlights 
the significant differences between decision-making at the individual and subgroup levels during fire evacua
tions, providing insights for developing more sophisticated evacuation simulation models and building safety 
management protocols.

1. Introduction

Fire evacuation is a crucial aspect of public safety, where the 
decision-making process of choosing an exit can greatly impact evacu
ation efficiency and safety (Haghani et al., 2020; Lovreglio et al., 2014). 
Understanding human exit choice behavior during emergencies is 
fundamental to improving safety protocols and infrastructure in built 
environments (Chen et al., 2021; Kuligowski, 2016). Previous studies 
have explored various factors influencing evacuees’ exit choice, 
including familiarity, social influence, building geometry, and harmful 
conditions within the environment (e.g., smoke) (Kinateder et al., 2018; 
Lovreglio et al., 2022; Ren-Yong & Hai-Jun 2010).

Many of these studies have utilized physical and virtual experiments. 

For instance, Benthorn & Frantzich (1999) observed that evacuees 
prefer familiar exits, even when they are farther than the nearest exit, 
although emergency exits become more attractive if visible and acces
sible. Similar findings in real fire events (Fridolf et al., 2013; Gros
shandler et al., 2005) and evacuation drills (Rahouti et al., 2021) 
highlight this preference for familiar exits. Kinateder et al. (2018)
further confirmed this in virtual experiments, showing that evacuees 
disproportionately favor familiar exits, especially when influenced by 
neighbors’ behavior. Bode & Codling (2013) investigated the role of 
social influence in virtual crowd evacuations, revealing that evacuees 
are more likely to follow the crowd, which can lead to less optimal exit 
choices. Kinateder & Warren (2021) explored how social influence and 
building geometry interact, showing that in smaller crowds, evacuees 
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are more likely to follow the majority, while in larger crowds, they avoid 
congested exits if the doors are narrow but are less concerned when the 
doors are wide. Additionally, virtual experiment studies have shown 
that environmental conditions like smoke significantly reduce the like
lihood of evacuees choosing certain exits (Gao et al., 2022; Lovreglio 
et al., 2022). These studies have provided insights into individual exit 
choice behaviors during evacuations. For a more comprehensive review 
on exit choice experiments, readers are invited to the detailed reviews 
by Feng et al. (2021b) and Haghani & Sarvi (2018).

Despite the contributions of these individual-focused studies, three 
explicit gaps and limitations persist in the current literature, which 
hinder the development of comprehensive group evacuation theories 
and practical safety strategies. First, most existing group evacuation 
research prioritizes “evacuation dynamics” (e.g., evacuation time, 
movement speed) over “exit choice decisions”, which is the foundational 
step that directly determines whether evacuees can reach safety effi
ciently. For example, Bode et al. (2015) and Lu et al. (2017) only 
analyzed how social groups affect evacuation time in crowds, while 
Zhang et al. (2018) focused on movement speed differences between 
individuals and small groups in stairwells; none of these studies 
addressed how groups select exits, especially when their cohesion 
breaks. Second, the limited number of studies examining group exit 
choices (e.g., Haghani et al., 2019) enforce artificial group cohesion, 
requiring all members to evacuate together and only simulating sce
narios with strong social ties (e.g., families). This design fails to reflect 
real emergencies, where groups with weaker social ties (e.g., casual 
friends, colleagues) often split into smaller units (Cornwell & Ho, 2022; 
Felicianiet al., 2023), leaving the exit choice mechanisms of subgroups 
and individuals post-splitting entirely unstudied. Third, discrete choice 
models widely used to quantify individual exit choice factors (Lovreglio 
et al., 2022; Duives & Mahmassani, 2012) have not been applied to 
compare the trade-off processes between subgroups and individuals 
after a split. This lack of quantitative analysis means we cannot deter
mine how key factors (e.g., smoke, social influence) differentially impact 
these two decision-making entities, a critical gap for calibrating accurate 
evacuation simulation models.

Based on the three critical gaps identified earlier: (1) existing group 
evacuation research focuses on “evacuation dynamics” (e.g., time, 
speed) rather than “exit choice of subgroups/individuals post-splitting”, 
(2) artificial mandatory group cohesion ignores natural splitting of 
weak-tie groups, and (3) discrete choice models have not been used to 
compare trade-off processes between subgroups and individuals, this 
study aims to advance the field not by reintroducing the phenomenon of 
group splitting (a known occurrence), but by directly addressing these 
unmet needs through targeted, method-driven design. In doing so, this 
work makes three interrelated contributions:

To tackle the first gap (missing data on post-splitting exit choice), we 
shift the research focus from group movement dynamics to the core 
decision of exit selection, collecting empirical data on how subgroups 
and individuals choose exits after splitting—data that has been absent in 
prior work. For the second gap (lack of natural weak-tie group simula
tion), we abandon the constraint of forced cohesion; instead, we simu
late realistic weak-tie groups (e.g., acquaintances, colleagues, as noted 
in Wu & Zheng, 2024; Xia et al., 2024) by encouraging pre-experiment 
socialization among 140 participants (randomly assigned to groups of 
1–4 people) to establish weak social ties, allowing natural splitting 
behavior to emerge during evacuations. To fill the third gap (unexam
ined trade-off processes via modeling), we extend the application of 
discrete choice models by building on and modifying an existing VR 
environment (Lovreglio et al., 2022) to incorporate key influencing 
factors (familiarity, crowding, proximity, and smoke-impacted visibil
ity) and to quantitatively analyze and compare how these factors 
differentially impact the exit choices of individuals and subgroups. This 
integrated approach not only captures the dynamic decision-making of 
split groups but also provides actionable parameters for evacuation 
model optimization, ultimately filling the critical gap between 

“documenting group splitting” and “understanding the underlying split- 
group exit choice mechanisms.”

The rest of the paper is organized as follows: Section 2 provides 
detailed descriptions of the methodologies, including the construction of 
a multi-user VR evacuation environment and the theoretical framework 
of the discrete choice model. Section 3 presents the results in terms of 
the group splitting pattern, exit choice model, and participants’ re
sponses to subjective questionnaires. Finally, Section 4 discusses and 
concludes the paper, summarizing key findings and outlining directions 
for future research.

2. Methodology

This section outlines the VR experimental design (Section 2.1), the 
multi-user VR system (Section 2.2), the experimental procedure (Section 
2.3), the participants (Section 2.4), the measurements (Section 2.5), and 
the discrete choice modeling (Section 2.6).

2.1. VR experimental design

This section details the design of the VR experiment, including the 
virtual environment setup, exit characteristic configurations considering 
key factors influencing participants’ decisions, and scenario design. The 
virtual environment featured a waiting room and a meeting room. 
Participants began VR experience in the waiting room at a designated 
Starting Point and moved toward the Initial Point in the meeting room, 
marked by a red square in Fig. 1. As depicted in Fig. 1, the meeting room 
had a few pieces of furniture and three exits labeled A, B, and C. The 
positions of exits B and C varied with changing scenarios, representing 
different distances participants had to cover to reach the doors during an 
evacuation. These variations are detailed in Table 1. Above each exit, 
signs clearly marked them as available evacuation paths. In the exper
iment, each available exit was designed with distinct characteristics in 
terms of environmental, social, and individual factors. The environ
mental aspect was highlighted by the varying distances of the exits from 
the participant’s initial point, coupled with the presence or absence of 
smoke emerging near some exits. In the social aspect, the choice of exits 
was influenced by the decisions of non-player characters (NPCs) chosen 
specific exits and group members who opted for these exits prior to the 
participants’ decision-making. In the individual aspect people are more 
likely to choose familiar exits during an evacuation (Kinateder et al., 
2018). In our experiment, we designated Exit A as the familiar exit for 
the participants. As illustrated in Fig. 1, Exit A, strategically positioned 
along the participants’ path from the Starting point to the Initial Point, 
was presumed to be more familiar to participants compared to other 
exits.

In summary, the participants’ choice of exits could be influenced by 
five variables in the experimental settings: NP (NPCs using the exit), 
DIST (distance to the exit), SMOKE (presence of smoke), FAM (famil
iarity with exit), and GM (group members’ decisions). These variables 
fall into different aspects: DIST and SMOKE are environmental factors; 
FAM is an individual factor; NP and GM are social factors. Except for the 
GM factor, which was coded based on the participants’ behavior during 
the experiment, all other variables were predetermined during the 
experimental design, as shown in Table 1. These variables are summa
rized below.

NP: This variable captures the social aspect of evacuation, varying in 
levels from 0 to 10 evacuees NPCs per exit. This range aligns with our 
goal of maintaining crowd density below the critical threshold of 0.54 
persons/m2 as per SFPE guidelines (Gwynne & Rosenbaum, 2016), 
ensuring realistic evacuation dynamics without overcrowding impacts.

DIST: This variable measures the participant’s proximity to each exit. 
Exit A is consistently at a 6 m distance from the initial point. Exits B and 
C, however, shift in position, with Exit B being either 3.6 or 5.6 m away, 
and Exit C at 3 or 4.6 m, as depicted in Fig. 1.

SMOKE: This variable adds a layer of complexity to the decision- 
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making process, with smoke being present (1) or absent (0) at the exits, 
influencing the perceived safety and navigability.

FAM: In line with our experimental design, familiarity is specific to 
Exit A, given that participants used it before evacuation. Exit A is 
deemed as familiar (1), while other exits are marked as unfamiliar (0).

Our scenario design is based on previous single-person experiments. 
With four variables, three exits, and their various dimensions, our study 
initially has 2048 possible scenarios (calculated as 4^3 NP × 2^2 
DIST × 2^3 SMOKE × 1^3 FAM). By using the Ngene software, we 
applied an efficient design approach to select the eight most informative 
scenarios for our experiments (Institute of Transport and Logistics 
Studies, 2007; SÁndor and Wedel, 2001). These scenarios are detailed in 
Table 2.

In the experiment, four group sizes were tested: 1, 2, 3, and 4 per
sons. Participants belonging to the same group were group members, 
who were distinguished from NPCs by wearing blue clothing in the 
virtual environment. As a variable reflecting the social factor of group 

members, GM is defined as follows:
GM: This represents the number of group members who evacuated 

through certain exit before the participant in an evacuation trial. For 
each exit, GM reflects the influence of group members on the individual 
or subgroup’s decision, ranging from 0 to 3.

To eliminate ambiguity in data collection and analysis, core terms 
related to group dynamics are explicitly defined based on pedestrian 
behavior research conventions (Wu & Zheng, 2024; Feliciani et al., 
2023) and the specific experimental context:

Individuals post-splitting: Participants who act independently after 
group splitting, defined by two criteria: (1) being separated from all 
other original group members by an Euclidean distance >1.5 m (a 
threshold reflecting “non-cohesion” in pedestrian group studies); (2) 
maintaining this separation with any other participant.

Subgroups: Small cohesive units formed after group splitting, 
meeting three mutually inclusive conditions: (1) Minimum size: ≥2 
participants (consistent with the most prevalent unit observed in pilot 
experiments and prior literature). (2) Spatial proximity: For any 
participant, the distance to the nearest participant within the same unit 
does no exceeed 1.5 m (to reflect intentional cohesion).

2.2. Multi-user VR system

Our experiments were based on a multi-user VR system developed by 
the Urban Resilience Lab at the Department of Construction Manage
ment, Tsinghua University. As shown in Fig. 2, this system utilizes 
Photon PUN2 network architecture, which is a client–server framework 
supporting cross-platform VR experiences and multi-user access (Photon 

Fig. 1. Virtual environment: (a) geometry of the virtual environment, (b) waiting room view (Starting Point), (c) meeting room view (Initial Point).

Table 1 
Definition of all independent variables.

Variable Levels (values)

Exit A Exit B Exit C

NPC 4 (0,1,5,10) 4 (0,1,5,10) 4 (0,1,5,10)
DIST 1 (6.0 m) 2 (3.6 m, 5.6 m) 2(3.0 m, 4.6 m)
SMOKE 2 (1, 0) 2 (1, 0) 2 (1, 0)
FAM 1 (1) 1 (0) 1 (0)

Note: The values of each variable are in the parentheses.

Table 2 
Eight scenarios selected by efficient design approach using Ngene.

Scenario Exit A Exit B Exit C

NP DIST SMOKE NP DIST SMOKE NP DIST SMOKE

1 0 6 m 0 10 3.6 m 1 5 4.6 m 1
2 5 6 m 1 0 3.6 m 1 10 3.0 m 0
3 1 6 m 1 1 3.6 m 0 10 3.0 m 0
4 10 6 m 0 0 3.6 m 0 1 4.6 m 1
5 10 6 m 0 1 3.6 m 1 0 4.6 m 0
6 5 6 m 1 10 3.6 m 0 0 3.0 m 1
7 1 6 m 1 5 3.6 m 0 1 3.0 m 0
8 0 6 m 0 5 3.6 m 1 5 4.6 m 1
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Pun2 Engine, 2018). Built upon Unity version 2021.3.16f1 (Unity, 
2022), the system includes six modules: a Login Module, a Mapping 
Module, an Avatar Module, a User Database Module, Quality Setting 
Module, and a Physics Module. The Login Module handles user logins 
and authorization, linked directly to the User Database. The Mapping 
Module manages virtual maps within the VR environment and features 
room creation, customization, and scene transitions. The Mapping 
Module manages two maps created in Unity, designed for familiariza
tion and experimental stages respectively. The Avatar Module, devel
oped with the Unity packages Final IK and UMA 2, provides 
customizable virtual avatars and supports full-body movement anima
tion based on controller and headset positioning. Final IK is a key 
component for avatar movement control, while UMA 2 serves as a 
comprehensive avatar skinning library. This module also facilitates in- 
world voice communication by integrating features such as voice stor
age, stereo sound, and noise suppression, enabling participants to 
interact audibly within the VR environment. The User Database Module 
stores user-related data, including login credentials, voice, and tracking 
data. The Quality Setting Module allows users to adjust graphics and 
performance to enhance their experience, including resolution, texture 
details, shadows, and anti-aliasing. Lastly, the Physics Module simulates 
physical laws, including collision handling, to enhance user immersion. 
Overall, the system has the necessary functions to provide an immersive, 
customizable multi-user VR experience to participants and collect 
essential behavioral data from them.

During our experiments, we utilized a local server equipped with 
Windows 11, an Intel Core i7-13700K processor, NVIDIA GeForce RTX 
4090 graphics card, and 64 GB RAM. VR experiences were provided 
using Meta Quest series headsets and controllers. Movement was 
controlled via the joysticks on the VR controllers, while helmet rotation 
was tracked to synchronize the participants’ direction in the VR envi
ronment. All behavioral data, including participants’ location, orienta
tion, trajectory, and choice of exits, were automatically recorded by the 
system. Additionally, we utilized EV capture, a screen recording tool, to 
document the entire experimental process on the server side. This 
allowed us to monitor participants’ movements and orientations in real- 
time from a top view, facilitating the analysis of group behaviors among 
participants.

2.3. Experimental procedure

The ethical approval for the research project was granted by the 
Tsinghua University Ethics Committee on Humanities, Social Sciences, 
and Engineering, under approval number THU-09-2023-04. As shown in 
Fig. 3, prior to the experiment, participants were randomly assigned by 
the experiment administrators to one of the experimental configurations 
(group sizes of 1, 2, 3, or 4). For group sizes of 2 to 4, participants arrived 
and participated in the experiment as a group, rather than individually. 
Upon their arrival at the testing area, participants were presented with 
information sheets about the study and signed consent forms to confirm 

Fig. 2. Architecture of the multi-user VR system for evacuation behavior research.
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their voluntary participation. Subsequently, the experimenter equipped 
the participants with VR headsets, after which they entered a virtual 
room together. In this room, participants familiarized themselves with 
the VR equipment. To mitigate potential confounding effects from 
varying levels of VR proficiency (as reported in Table 3), all participants 
were required to complete a comprehensive operational training and 
practice session. This session was designed to minimize the impact of 
prior operational skill on the experimental outcomes, ensuring all par
ticipants had achieved a baseline level of competence with the naviga
tion tasks (e.g., walking, turning). Following the familiarization with the 
VR equipment, participants assigned to the single-participant configu
ration (group size 1) did not undergo any additional familiarization 
process, as they participated individually. For groups of 2 to 4 partici
pants, a structured familiarization process was conducted to encourage 
socialization and enhance group cohesion. Specifically, they first 
engaged in a common task within a designated familiarization envi
ronment, where they explored the virtual space together and familiar
ized themselves with their peers’ virtual avatars. Such joint activity has 

been shown to effectively promote cooperation and interaction among 
group members and enhance group cohesion (Moreland & Levine, 
2002). Second, each participant gave a brief self-introduction, including 
their name, hometown, and hobbies, which helped them quickly get to 
know each other and establish initial familiarity (Mcgrath, 1991). Third, 
participants engaged in topic discussions where they shared their views 
on three topics, including music, movies, and sports. Such discussions 
are known to further bond group members by fostering interaction 
(Fisher, 1970). In the experiment, we did not explicitly tell the partici
pants to evacuate as a team or individual, so as not to affect their 
decision-making. After this familiarization phase, participants were 
asked to complete the pretest questionnaire, which collected informa
tion on their demographics, previous experience (e.g., frequency of 
practicing in fire drills, frequency of playing video games, and experi
ence with VR) and level of familiarity with group members. After 
completing the questionnaire, participants donned the VR headsets.

Each group of participants was then required to complete an initial 
practice session to familiarize themselves with certain environments. 
The activity area included the indoor area shown in Fig. 4, with par
ticipants starting from the Starting Point in the waiting room and 
moving towards the Initial Point, in the meeting room. As shown in 
Fig. 4(a), upon reaching the Initial Point, each group was tasked with 
familiarizing themselves with the entire room’s environment. After 
becoming fully acquainted with the surroundings, participants were 
instructed to return to the Starting Point via Exit A, a step designed to 
familiarize them with Exit A and its adjacent environment. Consistent 
with previous studies (Kinateder et al., 2018; Lovreglio et al., 2022), our 
experiment employed this method to ensure participants were familiar 
with Exit A before the evacuation scenario. As shown in Fig. 4(b), par
ticipants then experienced all eight fire evacuation scenarios listed in 
Table 2 in a random order. Each evacuation scenario began with an 
alarm trigger, signaling the onset of the evacuation. After the alarm 
sounded, NPCs in the environment began their evacuation, creating a 
dynamic evacuation atmosphere. Specific exits, were intermittently fil
led with smoke to simulate visibility reduction and increased urgency. 
During evacuation, pedestrians may split into subgroups (blue, evacu
ating toward the middle exit) and individuals (red, evacuating toward 
the bottom exit), as shown in Fig. 4(b). Evacuation succeeds and the 
scenario is completed when both subgroups and individuals reach the 
exit. After completing all eight scenarios, they filled out a post- 
experiment questionnaire, which included subjective feedback on their 
virtual experience. Following the questionnaire, participants took a 3- 
minute break and were observed to ensure they did not experience 
any discomfort before leaving (Lu et al., 2022).

2.4. Participants

A total of 140 participants were recruited through flyers and posters 
distributed in Tsinghua University to take part in the experiment, with 
most of them being university students and staff. All participants were 
randomly allocated to one of the four experimental configurations 

Fig. 3. Experiment procedure diagram.

Table 3 
The demographics of the participants.

Group size 
1

Group size 
2

Group size 
3

Group size 
4

Group numbers 15 10 12 14

Gender
Female 6 (40.0%) 10 (50.0%) 22 (61.1%) 26 (46.4%)
Male 9 (60.0%) 10 (50.0%) 14 (38.9%) 30 (53.6%)
Age 23.6 23.8 23.4 22.7

Frequency of practicing in a fire drill
Never 0 (0.0%) 0 (0.0%) 1 (2.8%) 3 (5.4%)
Less than once a year 6 (40.0%) 11 (55.0%) 22 (61.1%) 28 (50.0%)
Once a year 5 (33.3%) 5 (25.0%) 4 (11.1%) 10 (17.9%)
Twice a year 4 (26.7%) 3 (15.0%) 4 (11.1%) 5 (8.9%)
More than twice a 

year
0 (0.0%) 1 (5.0%) 2 (5.6%) 7 (12.5%)

Unsure 0 (0.0%) 0 (0.0%) 1 (2.8%) 3 (5.4%)

Frequency of playing video games
Everyday 5 (33.3%) 6 (28.6%) 12 (35.3%) 28 (44.4%)
Several days a week 2 (13.3%) 4 (19.0%) 6 (17.6%) 8 (12.7%)
At least once a 

month
3 (20.0%) 4 (19.0%) 6 (17.6%) 10 (15.9%)

Less than once a year 1 (6.7%) 5 (23.8%) 6 (17.6%) 12 (19.0%)
Never 4 (26.7%) 2 (9.5%) 4 (11.8%) 5 (7.9%)

Experience with VR
Everyday 0 (0.0%) 0 (0.0%) 1 (2.8%) 1 (1.8%)
Several days a week 0 (0.0%) 0 (0.0%) 3 (8.3%) 0 (0.0%)
At least once a 

month
6 (40.0%) 1 (5.0%) 6 (16.7%) 9 (16.1%)

Less than once a year 8 (53.3%) 11 (55.0%) 18 (50.0%) 29 (51.8%)
Never 1 (6.7%) 8 (40.0%) 8 (22.2%) 17 (30.4%)
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(group size 1, group size 2, group size 3 or group size 4). Due to network 
disconnections, the data points from ten participants were invalid. A 
posttest attention-check question filtered out another three data points. 
As a result, the final sample size consisted of 127 participants, 6 were 
staff members, and the rest were university students. They were orga
nized into 51 groups, all of which were valid for data analysis. Specif
ically, the distribution was as follows: 15 participants were allocated to 
the group size 1 configuration, 20 to group size 2, 36 to group size 3, and 
56 to group size 4. Table 3 outlines the demographics of the valid par
ticipants for each group size.

Since the assumption of a Chi-square test (at least 80% of the cells 
had an expected count larger than five) was violated, Fisher-Freeman- 
Halton exact tests were employed and confirmed that there was no 
significant difference among the three groups in terms of frequency of 
practice in a fire drill (p = 0.24), frequency of playing video games 
(p = 0.80), and experience with VR (p = 0.07).

The sample used in this work allows for the collection of 1016 ob
servations. This number of observations is well above the minimum 
required when using the Hsieh method for power analysis. In fact, when 
assuming an alpha of 0.05, a power of 0.8, a sample proportion and ρ2 of 
0.5, the required number of observations to detect a small effect size 
(OF = 1.2) is 306 (Chow et al., 2007; Hsieh et al., 1998). We chose to 
exceed this minimum sample size to ensure greater statistical reliability 
and robustness in our findings. By increasing the sample size, we could 
better capture potential variability within the data and reduce the 
margin of error, thus enhancing the validity of the conclusions drawn 

from our analysis.

2.5. Measurements

To ensure consistency in data collection and analysis, the core terms 
related to group dynamics (i.e., individuals post-splitting and sub
groups) were applied as defined in Section 2.1.

A standardized, data-driven protocol was developed to objectively 
identify group splitting events, using behavioral data recorded by two 
complementary systems (Section 2.2): the VR system’s automatic tra
jectory recorder (sampling rate: 1 Hz, capturing real-time coordinates of 
participants) and EV Capture (top-view screen recordings, enabling vi
sual verification). Two mutually exclusive criteria were applied to cover 
all potential splitting scenarios: 

Criterion 1: Exit choice divergence: For an initial group, if members 
selected different evacuation exits (labeled A, B, C in Fig. 1) during a 
trial, the group was deemed to have split.
Criterion 2: Trajectory separation: For members who did not exhibit 
exit choice divergence, splitting was determined by real-time 
Euclidean distance between original group members. If the dis
tance between any two members reached ≥1.5 m and persisted until 
reaching the exit, the group was classified as split.

To minimize subjective bias, two independent researchers were 
trained to annotate splitting events using the EV Capture recordings and 

Fig. 4. Experimental procedure of evacuation including initial practice and exit choice sessions.
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trajectory data. Discrepancies (e.g., ambiguous separation duration) 
were resolved through joint review of the raw recordings. Inter-rater 
reliability was quantified using Cohen’s kappa coefficient (κ = 0.89, 
p < 0.001), indicating high consistency and validating the protocol’s 
objectivity.

Several clusters of items were employed to collect information from 
the participants regarding: (1) Demographics. (2) Previous Experience 
(e.g., frequency of practicing in fire drills, frequency of playing video 
games, and experience with VR). (3) Level of familiarity. (4) Level of 
realism. (5) Level of urgency.(6) Validity. The pretest questionnaire 
encompasses clusters 1–3. The posttest questionnaire encompasses 
clusters 3–6 These clusters of items are described in more detail as 
follows.

The demographics cluster includes two items to collect participants’ 
characteristics: gender and age. This information is gathered to ensure 
comparability among groups with different group sizes.

The previous experience cluster consists of four items that gather 
data on participants’ past fire drill experiences and familiarity with 
video games and VR. This information is collected to ensure that 
different groups have comparable previous experiences, thereby mini
mizing any potential experience bias.

The familiarity cluster includes five items to assess the degree of 
familiarity among group members, drawing on methods from (Adams 
et al., 2005; Carlson & Zmud, 1999). The familiarity questions comprise 
the following four yes/no questions and one rating question, with the 
yes/no questions designed to reduce subjectivity and bias in the rating 
question: (1) Do you know the code names of all your companions? (2) 
Are you familiar with the virtual avatars of all your companions? (3) Do 
you know the hometowns of all your companions? (4) Are you familiar 
with the hobbies and interests of all your companions? and (5) Please 
rate your level of familiarity with your companions. Ratings are 
collected using a 7-point Likert scale (1 = “strongly disagree”, 7 =
“strongly agree”), and answers are averaged to form the final score for 
each participant in a group.

The realism cluster includes three items to assess the realism of the 
VR experience. It is measured using the items used by (Lovreglio et al., 
2022). The realism questions include: (1) The virtual room was accu
rate/realistic. (2) The virtual smoke was accurate/realistic. (3) The 
virtual people were accurate /realistic.

The urgency cluster consists of one item used to assess participants’ 
subjective perception of the urgency level during the VR emergency. It is 
measured using the items used by (Lovreglio et al., 2022). The urgency 
question is: (1) I felt the urgency to act/do something during the virtual 
emergency.

The validity cluster includes one item designed to assess the simi
larity between participants’ behaviors in the VR emergency and their 
behaviors in real-life situations. It is measured using the items used by 
(Lovreglio et al., 2022). The validity question is: 1) I would act the same 
way in real life during the evacuation emergency.

2.6. Discrete choice modelling

The use of discrete choice models is well established in evacuation 
research to model exit choices due to its simplicity and effectiveness 
(Lovreglio, 2016). This model assumes that decision makers select the 
option that maximizes their perceived utility, which can be represented 
as a linear combination of relevant factors, such as exit distance and 
environmental conditions. Numerous studies have successfully applied 
MNL to study exit choices exit choice behavior during emergencies 
(Haghani & Sarvi, 2017; Kinateder et al., 2018; Gao et al., 2023; Zhu 
et al., 2023).

These models are grounded in the assumption that each decision- 
maker q assigns a utility Uq,i to each available choice alternative i. The 
utility consists of a measurable component Vq,i and a random component 
εq,i, as shown in Eq. (1) (Hensher et al., 2015; Ortúzar & Willumsen, 

2011): 

Uq,i = Vq,i + εq,i (1) 

This formulation accounts for two important aspects: first, that in
dividuals with identical characteristics facing the same set of choices 
may select different alternatives; and second, that some individuals may 
not always choose what seems to be the most optimal option.

The measurable component is typically assumed to be a linear 
function of the factors Xq,i,j perceived by the decision-maker q that affect 
the choice of alternative i. This is expressed in Eq. (2): 

Vq,i =
∑

j
βi,jXq,i,j (2) 

where Xq,i,j are the known values of the factors j perceived by the 
decision-maker q affecting the choice for the alternative i. The βi,j are 
parameters weighting the preferences of the decision-makers related to 
the factors j. βi,j are the parameters to estimate.

In this study, the Multinomial Logit Model was employed, as it is a 
widely used discrete choice model known for its simplicity and practi
cality (Bourguignon et al., 2007; Darwish et al., 2024). To estimate the 
MNL model parameters, this study employed Maximum Likelihood 
Estimation (MLE), a standard and robust technique for discrete choice 
models. MLE identifies the set of βi,j values that maximize the “likeli
hood” of observing the actual exit choices made by participants in the 
experiment—i.e., the probability that the model, given a set of param
eters, would reproduce the observed data. The foundation of MLE for 
MNL models lies in the closed-form solution for the probability Pq,i that 
decision-maker q chooses exit i, which is derived under the assumption 
that the random component εq,i follows an independent and identically 
distributed (i.i.d.) extreme value Type I distribution. This probability is: 

Pq,i =
exp

(
Vq,i

)

∑
kexp

(
Vq,k

) (3) 

This equation can be employed to build a likelihood function, which 
is then utilized to estimate the βi,j parameters by identifying the 
parameter combination that maximises the likelihood function under 
the assumption of constant parameter (or random parameters in the case 
of a mixed logit model). MLE optimization was performed in R Studio 
using the mlogit package (Croissant, 2008), which employs the BFGS 
algorithm to iteratively adjust βi,j (starting from 0) until convergence 
(tolerance = 10− 6).

The dataset for MLE included 1016 valid observations (127 partici
pants × 8 scenarios), with variables defined and captured objectively via 
the multi-user VR system to avoid subjective bias. The dependent vari
able (exit choice of decision-maker q) was automatically recorded by the 
VR system as the exit through which the individual or all members of a 
subgroup crossed the virtual boundary and completed evacuation—this 
operationalization defines the “exit decision moment” as the instant of 
evacuation completion. For independent variables: (1) NP (number of 
NPCs using the exit), DIST (distance to the exit), SMOKE (presence of 
smoke), and FAM (familiarity with the exit) were developed using a 
statistical Efficient Design as referenced in related work (Lovreglio et al., 
2022). These predefined values were loaded automatically by the VR 
system to ensure consistency across trials; (2) GM (number of group 
members who chose the exit) was computed by the VR system in real 
time, counting how many original group members had already 
completed evacuation through the same exit before the current decision- 
maker.

It is important to address the Independence of Irrelevant Alternatives 
(IIA) assumption inherent in the multinomial logit model. As founda
tional literature explains, this property is a consequence of the 
assumption that the unobserved utility components (the error terms, εq,i) 
are independent and identically distributed (Train, 2009; Hensher et al., 
2015). A common concern about IIA violation emerges when 
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unobserved factors (e.g., interdependencies between exit choices driven 
by social interactions) are embedded in the error terms, leading to 
spurious correlations between alternatives. However, this risk is signif
icantly mitigated in our study through explicit modeling of key inter
dependent factors.

As outlined in Section 2.1 (Table 1) and reflected in the utility 
function (Eqs. (5)–(8), we incorporated two critical variables to capture 
social interaction effects: (1) GM (number of group members who have 
chosen the exit), which quantifies the influence of real peers’ decisions; 
and (2) NP (number of NPCs using the exit), which captures crowd- 
induced herding behavior. These variables directly target the “interde
pendence between pedestrian choices and others’ decisions”—the core 
source of potential IIA violation highlighted in theoretical discussions. 
By quantifying these effects in the systematic utility component (Vq,i) via 
estimated parameters (e.g., βgmG = 0.805, Table 4), we ensure that 
social interaction-driven interdependence is not hidden in the error 
terms.

Furthermore, environmental (DIST, SMOKE) and individual (FAM) 
factors are fully included to cover non-social sources of exit choice in
fluence, leaving minimal unobserved variation in εq,i. This design en
sures that the remaining error terms are unlikely to introduce significant 
interdependence across exit alternatives, supporting the validity of the 
MNL model in our study.

3. Results

Multifold analyses of the experimental results are conducted and 
reported in this section. Section 3.1 examines the group splitting pat
terns observed during the experiment. Section 3.2 presents the results of 
the exit choice model developed in this study, followed by Section 3.3, 

which provides a detailed sensitivity analysis of the key parameters 
influencing the exit decisions. Finally, Section 3.4 highlights the par
ticipants’ feedback on the virtual experience, including their percep
tions of realism and ecological validity.

3.1. Group splitting

Groups of 2–4 individuals typically maintain cohesion in normal 

situations. However, in emergency scenarios, weak social bonds may be 
insufficient to maintain cohesion, leading to group splitting (Wu & 
Zheng, 2024). In our study, we classify those separated after a group 
split as either individuals or subgroups. Group splitting pattern refers to 
the specific arrangement of individuals and subgroups that emerge after 
a group splits such as forming smaller units with mixed sizes. After a 
split, various group splitting patterns may emerge, including groups that 
remain intact. The tendencies of a group to split into smaller subgroups 
or remain as a single group were analyzed, as shown in Fig. 5.

Our experimental results revealed distinct patterns of splitting 
behavior across groups of different sizes. As shown in Fig. 5, these 
percentages represent the likelihood of each splitting pattern occurring 
within groups of a specific size across all evacuation trials (i.e., occur
rences calculated based on total group number * trials). Specifically, 
two-person groups exhibited a strong tendency to split, with 71.25% 
(n = 57) of the groups splitting into two individuals during the evacu
ation. Only 28.75% (n = 23) of the two-person groups remained 
together. The three-person groups also showed a tendency to split into 
smaller units. The most frequent outcome was a split into a “1 two- 
person subgroup & 1 individual” configuration, occurring in 39.58% 
of the cases (n = 38). Only 28.75% (n = 23) of the three-person groups 
remained together. The four-person groups exhibited diverse splitting 
patterns. The most frequent outcome was a split into a “1 two-person 
subgroup & 2 individuals” configuration, occurring in 50.45% of the 
cases (n = 56), indicating that individuals often formed pairs. In 24.32% 
(n = 27) of the instances, the four-person groups were completely split 
into independent individuals, while only in 1.80% (n = 2) of the in
stances the groups remained intact throughout the evacuation. Other 
notable configurations included a “1 three-person subgroup & 1 indi
vidual” split (18.02%, n = 20) and a “2 two-person subgroup” split 
(5.41%, n = 6).

We tested whether participants’ prior VR experience confounded our 
key behavioral dependent variable: group splitting. A chi-square test of 
independence was performed between VR usage frequency (Table 3) 
and the incidence of group splitting. The result was not statistically 
significant, χ2 = 1.676, p = 0.195, indicating that prior VR proficiency 
did not have a significant association with group splitting behavior.

3.2. Exit choice model

In this study, we proposed a multinomial logit model formulation 
using the 1016 choice observations collected from the experiment. The 
model specification is illustrated in Eq. (4). We estimated the parameters 
βi,j weighting the impact of NP (NPCs using the exit), DIST (distance to 
exit), SMOKE (presence of smoke), FAM (familiarity with exit), and GM 
(groupmates’ decisions). The parameters were all treated as generic 
across the three exits, meaning that we did not estimate alternative- 
specific parameters (Lovreglio et al., 2022).  

To investigate the impact of participants’ initial unawareness of the 
fire evacuation, we compared their behavior during the first trial to 
those during subsequent trials. We also sought to determine whether 
group or individual dynamics influenced their repeated decisions. To 
achieve these, we developed discrete choice models based on Eq. (4). 
Specifically, for individual decisions during the first evacuation, we set 

Table 4 
Estimated parameters for Eq. (4).

Parameter Estimate SD Z-value p-value

βnp 0.007 0.012 0.657 0.511
βdist − 0.341 0.059 − 5.799 < 0.001
βsm − 1.549 0.132 − 11.773 < 0.001
βfam 0.790 0.159 4.979 < 0.001
βgm 0.014 0.085 0.164 0.869
βnp1 0.064 0.028 2.311 0.021
βdist1 0.519 0.149 3.480 0.001
βsm1 1.055 0.252 4.190 < 0.001
βfam1 − 0.617 0.349 − 1.768 0.077
βgm1 0.392 0.214 1.832 0.067
βnpG 0.026 0.020 1.291 0.197
βdistG − 0.044 0.105 − 0.423 0.673
βsmG − 1.326 0.247 − 5.358 < 0.001
βfamG − 0.183 0.278 − 0.659 0.510
βgmG 0.805 0.238 3.389 < 0.001

Ui = (βnp + C1 × βnp1 + C2 × βnpG)NPi + (βdist + C1 × βdist1 + C2 × βdistG)DISTi
+(βsm + C1 × βsm1 + C2 × βsmG)SMOKEi + (βfam + C1 × βfam1 + C2 × βfamG)FAM

+(βgm + C1 × βtgm1 + C2 × βgmG)GMi
i = A,B,C

(4) 
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C1 = 1 and C2 = 0. For subgroup decisions during the first evacuation, 
we set C1 = 1 and C2 = 1. For later evacuation trials, we set C1 = 0 and 
C2 = 0 for individual decisions, and C1 = 0 and C2 = 1 for subgroup 
decisions. Additionally, the parameters βi,j1 represent the weights for 
individual decisions in the first trial, while βi,jG denote the weights for 
group decisions.

The estimated parameters for Eq. (4) are listed in Table 4. Only pa
rameters with a p-value <0.05, indicating a significant effect on par
ticipants’ decisions, were included in the calculations of the detailed 
formulas for the four scenarios—individual decision (first trial), sub
group decision (first trial), individual decision (subsequent trial), and 
subgroup decision (subsequent trial)—corresponding to Eqs. (5)–(8).

Individual decision (first trial): 

U = 0.064np+ 0.178dist − 0.494sm+ 0.790fam (5) 

Subgroup decision (first trial): 

U = 0.064np+ 0.178dist − 1.82sm+0.790fam+ 0.805gm (6) 

Individual decision (subsequent trial): 

U = − 0.341dist − 1.549sm+0.790fam (7) 

Subgroup decision (subsequent trial): 

U = − 0.341dist − 2.875sm+0.790fam+0.805gm (8) 

According to Eqs. (5)–(8), we observed that in individual decision- 
making, smoke, familiarity, and distance significantly influenced par
ticipants’ exit decisions. In contrast, in subgroup decision-making, in 
addition to smoke, familiarity, and distance, decisions were also 
significantly influenced by the choices of other group members, exhib
iting a tendency of the participants to follow others. Among all decision 
factors, smoke was the most significant, with a more pronounced impact 
than individual decision. Finally, comparing the first individual or 
subgroup decision with subsequent evacuation decisions, it is evident 
that during the first decision, both individual and subgroup decisions 
were significantly influenced by the choices of NPCs in the scenario, 
demonstrating a conformity effect. This conformity effect refers to par
ticipants aligning their decisions with others, likely due to uncertainty or 
the assumption that following others leads to safer outcomes, especially 
in high-pressure situations.

3.3. Sensitivity analysis

Sensitivity testing was conducted to examine the influence of various 
factors on the probability of selecting an exit during evacuation, as 
shown in Fig. 6. This analysis built upon the discrete choice model 
outlined in Equation (1), focusing on key parameters such as the number 
of people at an exit, familiarity with the exit, group decision-making, 
and whether the decision was the initial choice. To simplify the anal
ysis, we considered only two possible exits, assuming both exits were 
equidistant from the evacuees, with five individuals initially choosing 
Exit 1. Fig. 6 depicts the probability of selecting Exit 2 across various 
scenarios, with NP ranging from 0 to 10 at Exit 2. The conditions 
included a baseline condition without specific influences (green line), a 
first-choice condition (black line), a condition where smoke was present 
at Exit 1 during the first choice (red line), a group decision condition 
(orange line), and a condition where evacuees were familiar with Exit 1 
(blue line).

The results showed a distinct trend: as the number of people at Exit 2 
increases, so does the probability of evacuees choosing Exit 2 increased 
across all conditions. Compared to the baseline condition (green line), 
the first-choice condition (black line) showed a preference for more 
populated exits, highlighting a tendency to follow others during emer
gencies. The presence of smoke at Exit 1 during the first decision (red 

Fig. 5. The distribution of group splitting patterns for group sizes of 2–4.

Fig. 6. Sensitive analysis of the proposed model.
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line) increased the probability of choosing Exit 2 by approximately 20% 
compared to the baseline condition (black line), emphasizing the sig
nificant role of environmental factors. Conversely, familiarity with Exit 
1 (blue line) reduced the probability of selecting Exit 2 by approximately 
23% compared to the condition where Exit 1 was unfamiliar (black line). 
The subgroup decision condition (orange line) exhibits a unique pattern, 
with a sharp increase in the likelihood of choosing Exit 2 as NP ap
proaches 10, demonstrating the significant influence of social influence 
on exit selection during evacuation.

3.4. Subjective questionnaires

In our experiment, we assessed group members’ familiarity with and 
participants’ perceptions of the VR system’s realism, urgency, and val
idity. Familiarity impacts group exit choice decision making, while re
alism and urgency measure the simulation’s accuracy in reflecting real- 
life conditions. Validity ensures that participants’ actions in the simu
lation mirror potential real-world behavior.

Familiarity was a controlled variable. A one-way ANOVA analysis 
was used to investigate the effects of group size on the level of familiarity 
within each group. The results, illustrated in Fig. 7, revealed no signif
icant differences in familiarity across groups of sizes 2, 3 and 4.

After VR experiment, participants provided feedback on the system 
and the realism of the experience using a 7-point Likert scale. The re
sults, shown in Fig. 8, gauge participants’ perceptions of the realism of 
the virtual environment, smoke, and people (Realism1, Realism2, Re
alism3), the urgency felt during the virtual emergency (Urgency), and 
the validity of their actions as reflective of how they would respond in a 
real evacuation (Validity). For the realism of the virtual room, smoke, 
and people (Realism1, Realism2, Realism3), the median responses were 
above the midpoint of the scale, suggesting that participants found the 
VR simulation to be relatively realistic. It is interesting to note that the 
responses for the realism of the virtual environment (Realism1) had a 
slightly higher median value than the other two realism dimensions. 
Regarding the urgency, the median response was slightly lower but still 
above the scale’s midpoint, indicating that participants felt a moderate 
sense of urgency to act during the VR emergency. For the validity of their 
actions, the participants’ responses indicate that they believed their 
actions in the virtual scenario were similar to those they would take 
should they be caught in a real fire emergency. Overall, these results 
suggested that the VR simulation provided a comprehensive immersive 
experience that effectively elicited a sense of urgency.

4. Discussion

This study extends previous research on exit choice during evacua
tions by exploring decision-making among multiple participants within 
a VR environment, allowing group members a choice to evacuate 
together or individually. This flexible design better reflects real-world 

dynamics, where social bonds influence, but do not entirely dictate, 
evacuation behavior. The findings offer critical insights into the 
decision-making processes of both individuals and subgroup, high
lighting the complex interplay between social influences and individual 
judgement.

To our knowledge, this is the first study to implement multi-user VR 
experiments to explore exit choices during evacuation, introducing a 
new approach to studying crowd dynamics and behavior. Prior studies 
have relied on field experiments, which, while insightful, face signifi
cant ethical and safety limitations. Additionally, single-user VR studies 
often fail to capture the complex dynamics and social aspect of crowd 
behavior. By introducing a multi-user VR simulation paradigm, our 
study overcomes these limitations, offering a cost-efficient and ecolog
ically valid platform for systematically studying group evacuation dy
namics. As noted by Haghani (2023), while field studies offer high 
realism, controlled experiments (like VR) are essential for establishing 
causal relationships—such as the specific impact of smoke or social in
fluence on subgroup decisions—which are often impossible to isolate in 
uncontrolled natural settings.

4.1. Group splitting characteristics

While previous studies have explored group decisions, they often 
assume groups remain intact throughout the evacuation process 
(Haghani et al., 2019). The possibility of group members splitting into 
temporary subgroups has largely been overlooked (Kerth, 2010). Our 
experiment addressed this gap by analyzing how groups with different 
sizes behave in evacuation scenarios, particularly focusing on the phe
nomenon of group splitting. The results revealed that group splitting was 
prevalent across all group sizes. It is important to note that the groups 
represented in this study were more akin to groups of friends or ac
quaintances, rather than tightly bonded family units. In evacuation 
scenarios involving friends or colleagues, the social ties are strong 
enough to influence behavior but not as rigid as in family groups, 
allowing for more flexibility in decision-making (Li et al., 2020; Sadri 
et al., 2021). Most notably, in three-person and four-person groups, two- 
person subgroups emerged as the dominant configuration. The observed 
high frequency of group splitting, especially into two-person subgroups, 
could be possibly due to the high costs of reaching a consensus under 
factors such time constraints, individual differences in information 
processing, or conflict among group members (Conradt & Roper, 2003, 
2005, 2009; Franks et al., 2003; Haghani et al., 2019). Group splits occur 
when the costs of achieving consensus outweigh the benefits of collec
tive action (Biro et al., 2006; Kerth, 2010). In larger groups, the increase 
in shared information enhances the groups’ collective interests, but the 
complexity of decision-making also rises, demanding more coordina
tion. This becomes even more pronounced during emergencies, when 
decisions must be made under pressure. As a result, splitting into smaller 
subgroups, particularly pairs, strikes a balance between maximizing Fig. 7. Participants’ scores on familiarity with group members.

Fig. 8. Participants’ scores on realism, urgency and validity.
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group benefits and minimizing the costs of reaching a consensus. In 
three-person and four-person groups, the formation of two-person sub
groups allows group members to retain some social benefits while 
reducing the difficulty of coordination.

However, in two-person groups, the advantages of shared informa
tion are more limited compared to larger groups, and reaching a 
consensus can be challenging. If the two members disagree, there is no 
majority to break the tie, which can lead to a stalemate. In such situa
tions, the perceived costs of maintaining group cohesion may outweigh 
the benefits, prompting individuals to act independently rather than 
risking delay. This likely explains the high likelihood (71.25%) of 
splitting in two-person groups, as individuals seek to maximize their 
chances of survival when consensus is unattainable.

4.2. Comparative analysis of exit choices

After group splitting, several key factors influenced the exit choice of 
participants, both within subgroup and when acting independently. Our 
study examined four primary factors: familiarity, number of NPCs using 
the exit, smoke, and exit distance. These factors have been identified in 
prior research as comprehensive and critical for understanding the 
trade-offs participants make during an evacuation (Lovreglio et al., 
2022).

Our analysis first examined the factors influencing individual 
decision-making following group splitting. Compared to previous 
studies (Duives & Mahmassani, 2012; Gao et al., 2022), our approach 
incorporates multiple factors influencing exit choice during fire evacu
ations. We found that individuals primarily considered smoke, famil
iarity, and exit distance, with smoke identified as the most significant 
factor. This finding aligns with previous research highlighting the strong 
influence of smoke on pedestrians’ exit choices during evacuations (Gao 
et al., 2022; Lovreglio et al., 2022). Familiarity also significantly 
impacted exilt selection, consistent with Sime’s affiliative model (Sime, 
1983) and supported by prior empirical studies (Fridolf et al., 2013; 
Kinateder et al., 2018). Additionally, participants showed a clear pref
erence for the nearest available exit, corroborating prior studies that 
emphasize minimizing travel distance and perceived risk in emergencies 
(Lovreglio et al., 2022). Notably, unlike earlier works (Feng et al., 
2021a; Lovreglio et al., 2022), we observed that once individuals split 
from a group, they were no longer influenced by NPCs using the exit. In 
other words, those who became independent after leaving a group dis
played less susceptibility to the “herding behavior” than individuals who 
were alone from the start, indicating a stronger sense of autonomy once 
they had separated.

Moreover, we contrast subgroup decision-making with individual 
choices, highlighting two key distinctions. Firstly, while both were 
influenced by the aforementioned factors, including familiarity, dis
tance, and smoke, subgroup decisions were additionally shaped by the 
influence of other group members’ choices. This behavior aligns with 
the Social Influence Theory (Asch, 1961) and Social Identity Theory 
(Tajfel & Turner, 2004), which suggest that participants are more likely 
to conform to social norms and align with the choices of others when in a 
cohesive group. According to Drury et al. (2009), this tendency is 
especially strong when maintaining group unity is prioritized, particu
larly in ambiguous or high-pressure situations. In contrast, when group 
members made individual decisions, they did not exhibit the same 
tendency to follow other group members. This divergence could be 
attributed to the urgency and life-threatening nature of a fire evacua
tion, where individuals may prioritize their safety over group unity. In 
such cases, individuals rely on personal judgment, particularly when 
group decisions could lead to overcrowding or when safer exits are 
available. This aligns with previous research, which suggests that in 
high-risk scenarios, personal safety often overrides the tendency to 
conform (Kinateder et al., 2014).

Furthermore, our findings diverge from those of Haghani et al. 
(2019) in their study on group exit choice, and this discrepancy 

originates from a core methodological distinction: enforced group 
cohesion versus natural splitting. Haghani et al. (2019) conducted a lab- 
in-the-field experiment that mandated all group members to evacuate 
collectively (enforced cohesion), with groups comprising individuals 
presumably with strong social ties (e.g., kinship ties). The intentional 
prevention of splitting in their design led to their conclusion that “the 
exit selection mechanisms of groups are largely similar to those of 
individuals.”In contrast, our multi-user VR experiment simulates weak- 
tie groups (i.e., acquaintances/colleagues; consistent with Wu & Zheng, 
2024) and eliminates the constraint of enforced cohesion—thereby 
enabling the emergence of natural splitting, an occurrence common in 
real-world emergencies (Cornwell & Ho, 2022; Feliciani et al., 2023).

This methodological difference has critical theoretical implications. 
By ignoring splitting, Haghani et al. (2019) could not observe the unique 
decision dynamics of post-split subgroups. Our study, however, finds 
that subgroups (unlike intact groups in Haghani et al.’s work) exhibit 
distinct patterns: (1) they are significantly influenced by peers’ choices 
(GM variable, β_GM = 0.805, Table 4), a social influence not observed in 
individual decision-making; (2) they are more sensitive to smoke (smoke 
coefficient: − 2.875 for subgroups vs. − 1.549 for individuals, Eqs. (7) 
and (8), a hazard awareness amplified by collective information pro
cessing. These findings extend Haghani et al.’s (2019) conclusion by 
showing that group exit-choice mechanisms are not universally similar 
to individuals—instead, they depend on whether groups remain intact 
or split, and on the strength of social ties (strong ties in Haghani et al. vs. 
weak ties in our study). This nuance is critical for evacuation theory, as it 
highlights the need to distinguish “intact group decision-making” from 
“split-group decision-making” when modeling crowd behavior.

Furthermore, our findings differ from Haghani’s earlier study on 
group exit choice (Haghani et al., 2019), which concluded that the exit 
selection mechanisms of groups are largely similar to those of in
dividuals. A likely explanation for this discrepancy is that Haghani’s 
study enforced group evacuation, thereby overlooking the possibility of 
group splitting. Understanding this duality is crucial for emergency 
management, as it highlights the need to differentiate between group 
influence and individual autonomy in evacuation scenarios. By dis
tinguishing this, emergency planners can design more effective in
terventions, such as targeted guidance systems and dynamic signage, 
that account for both subgroup decisions and individual responses.

Secondly, smoke emerges as the most critical factor in subgroup 
decisions, with a more pronounced effect than in individual settings. 
This heightened sensitivity to smoke in group contexts may stem from 
the collective processing of information, where the visible threat am
plifies the group’s focus on safety. Previous research has shown that in 
high-risk situations, group members often prioritize clear and immedi
ate dangers, such as smoke, over other factors, due to shared discussions 
and heightened risk perception (Kinateder et al., 2014). This collective 
emphasis on the most apparent hazard likely drives the stronger influ
ence of smoke on group decision-making, as the group dynamic re
inforces the urgency to avoid the visible threat.

Based on the comparison between Eqs. (7) and (8) with 3 and 4, we 
also observed notable learning effect, similar to that reported in 
(Lovreglio et al., 2022), where participants’ decisions evolved as they 
became more familiar with the experiment. In the initial scenario, par
ticipants primarily relied on social cues, such as the presence of others, 
to guide their exit choices. However, as they progressed through sub
sequent scenarios, their focus shifted more towards smoke as a critical 
hazard, indicating an adaptation and refinement of their decision- 
making strategies. This learning effect highlights the dynamic nature 
of human behavior in emergency situations.

To address potential learning bias and clarify ecological validity, pre- 
training with neutral tasks was implemented in our study As part of the 
study’s “familiarization stage,” participants completed pre-training in a 
smoke-free virtual room: they practiced VR operation (controller use, 
avatar movement) and explored the experimental environment (waiting 
room +meeting room) without emergency cues or exit-choice demands. 
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This measure separated “equipment adaptation” from “emergency de
cision-making,” ensuring subsequent evacuation choices reflected 
genuine responses to emergency stimuli, not adaptation to VR operation.

4.3. Participants perceptions

Our results were further supported by participants’ subjective feed
back detailed in Section 3.4 and Fig. 8, which indicated a relatively high 
level of ecological validity for the VR simulation. Based on the Likert- 
scale ratings, participants perceived the environment and fire emer
gency as reasonably realistic and believed their actions reflected how 
they would behave in a real-life evacuation. While these perceptions 
were subjective, the quantitative survey data demonstrated the potential 
of VR as a robust tool for studying human behavior.

4.4. Limitations and future research

This study bears several limitations that should be acknowledged. 
Firstly, it is noteworthy that all participants in this experiment were 
students and university staff, which may limit the generalizability of the 
model. Certain behaviors observed might be specific to younger de
mographics, and further investigation is warranted in future research. 
Additionally, although we used subjective questionnaires to measure 
familiarity between group members and obtained relatively high fa
miliarity scores, it is crucial to recognize that the familiarity simulated in 
this experiment may not fully capture the strong, inherent social ties 
typical of family members. The groups in this study were designed to 
represent friends or acquaintances (reflecting weak-to-moderate social 
ties). This type of social bond inherently shapes their exit choice 
behavior. In contrast, groups with stronger social tie strength (e.g., 
families) are likely to exhibit distinct evacuation behaviors (e.g., 
reduced splitting, more collective decision-making)—a pattern consis
tent with prior work (Haghani et al., 2019). Thus, exploring how 
different levels and types of social tie strength modulate group splitting 
and exit choices remains a key direction for future research.

Furthermore, regarding the modeling approach, we employed the 
Multinomial Logit (MNL) model without random parameters. This 
choice was made for two primary reasons. First, it ensures methodo
logical consistency and direct comparability with foundational studies 
in this field, such as Haghani et al. (2019), which utilized a similar 
standard logit structure to provide robust and interpretable behavioral 
coefficients. Second, the MNL model’s closed-form equations are 
computationally efficient and straightforward to implement into agent- 
based evacuation simulation software, facilitating the practical appli
cation of our findings. While Mixed Logit models can account for un
observed individual heterogeneity, our primary focus was on capturing 
the average behavioral trade-offs between individuals and subgroups 
rather than assessing heterogeneity itself.

Moreover, while our study identified factors influencing individual 
and subgroup evacuation decisions, it did not quantitatively model and 
predict why individuals might choose to make decisions alone or 
participate in subgroup decision-making. Future research could inte
grate physiological data, such as heart rate and stress levels, to offer 
objective insights into how emotional and physical responses shape in
dividual versus subgroup decision-making in evacuation scenarios. This 
data could be used to develop models that explain the underlying rea
sons for these decision-making patterns under stress. Another limitation 
is that we barely observed group reorganization (e.g., scattered people 
re-forming small groups during evacuation). This is because the virtual 
experimental area was small—only a meeting room with exits 3.0–6.0 m 
away. Participants reached exits in about 10 s (per VR trajectory data), 
leaving no time for scattered people to re-group. To fix this, future 
studies will use larger, more complex virtual areas (e.g., office buildings, 
metro stations) with longer evacuation paths (≥20 m). This will let us 
better observe group reorganization and its patterns. Also, to make 
group splitting easier to understand, we added an evacuation video in 

the Appendix. The video shows typical evacuation trials (for 2-, 3-, 4- 
person groups) with simple labels—like colored avatars for group 
members and timestamps for when splitting starts—to clearly show how 
groups split.

5. Conclusion

In conclusion, this study employs multi-user VR and discrete choice 
models to address a critical underexplored gap in evacuation research: 
the exit choice dynamics of subgroups and individuals following group 
splitting. Unlike existing evacuation studies that either focus on indi
vidual behavior or enforce artificial group cohesion, this work delivers 
targeted contributions to theory, methodology, and practical emergency 
management.

Theoretically, this research advances evacuation decision-making 
theory by quantifying behavioral discrepancies between post-split sub
groups and individuals—a phenomenon previously noted but never 
systematically analyzed. Our findings confirm that group splitting is 
prevalent among weak-tie groups (e.g., acquaintances, colleagues), with 
distinct drivers of exit choice: individuals primarily rely on exit distance, 
familiarity with exits, and smoke presence; subgroups, by contrast, are 
additionally shaped by social influence from group members and exhibit 
heightened sensitivity to smoke. This nuance extends prior frameworks 
that treat “group behavior” as a homogeneous category, highlighting the 
necessity of distinguishing “intact group” from “split-group” dynamics 
in evacuation theory.

Methodologically, this research advances the field on two fronts. 
First, it pioneers the use of multi-user VR as a novel experimental plat
form for evacuation exit choice research, moving beyond its more 
established application as a training tool. Our platform’s specific design, 
which simulates natural group splitting (rather than forced cohesion), 
captures real-time interactions between subgroups and individuals to 
generate ecologically valid behavioral data. Second, we extend the 
application of discrete choice models to compare the trade-off processes 
of exit selection between post-split entities, providing quantitative pa
rameters critical for calibrating and refining evacuation simulation 
models.

Practically, these findings offer actionable guidance for emergency 
management and building safety design. Planners must account for the 
divergent decision patterns of post-split populations: individu
als—characterized by higher autonomy—require targeted guidance to 
mitigate risks of uncoordinated evacuation; subgroups—sensitive to 
both social cues and hazard signals—benefit from safety signage that 
balances social information (e.g., peer behavior) and clear hazard 
warnings. Furthermore, evacuation simulation models should integrate 
the phenomenon of group splitting and the distinct decision patterns of 
subgroups and individuals, rather than assuming groups remain intact, 
to improve the accuracy of safety risk predictions.
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