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Significance 

Every day, millions of people 
navigate crowded transit hubs, 
where small routing decision 
biases can amplify into congestion 
or safety risks. While spatial 
constraints, crowding, social 
groups (e.g., friends, families) 
have been studied, the role of 
stranger-to-stranger interactions 
remain largely unknown. 
Using high-resolution trajectory 
data from a busy train station, 
combined with statistical analysis 
and theoretical modeling, we 
reveal a robust stranger-following 
effect: pedestrians often copy 
the route of the stranger directly 
ahead, triggering cascades 
of aligned choices that shape 
crowd flows. Integrating this 
tendency toward imitation into 
a routing model greatly improves 
predictive accuracy, highlighting 
a previously overlooked 
mechanism of crowd dynamics 
and offering opportunities 
for safer transit design, 
real-time crowd management. 

Pedestrian routing choices play a crucial role in shaping collective crowd dynamics, yet 
the influence of interactions among unfamiliar individuals remains poorly understood. 
In this study, we analyze real-world pedestrian behavior at a route split within a busy 
train station using high-resolution trajectory data collected over a three-year time frame. 
We disclose a striking tendency for individuals to follow the same path as the person 
directly in front of them, even in the absence of social ties and even when such a choice 
leads to a longer travel time. This tendency leads to bursty dynamics, where sequences 
of pedestrians make identical decisions in succession, leading to strong patterns in 
collective movement. We employ a stochastic model that includes route costs, random-
ness, and social imitation to accurately reproduce the observed behavior, highlighting 
that local imitation behavior is the dominant driver of collective routing choices. These 
findings highlight how brief, low-level interactions between strangers can scale up to 
influence large-scale pedestrian movement, with strong implications for crowd manage-
ment, urban design, and the broader understanding of social behavior in public spaces. 

pedestrian dynamics | route choice | stranger-following effect | avalanche 

Pedestrian dynamics in crowded spaces emerge from individuals navigating toward 
defined goals and from their adaptive behavior as they interact with one another 
and with their physical surroundings. These local interactions give rise to emergent 
collective behaviors such as lane formation, stop-and-go waves, and bottlenecks, 
which can significantly impact the efficiency and safety of movement through public 
infrastructure (1–4). From this point of view, routing choice is particularly consequential: 
although seemingly simple and straightforward, it emerges from a subtle and often 
competing interplay of travel time, path length, crowd density, directional changes, and 
perceived comfort (5–11). Understanding how individuals make such decisions in real-
world settings is therefore essential for the design and operation of transportation hubs, 
public buildings, and evacuation procedures. 

Quantitatively, routing choice is often formalized through cost-minimization models, 
where individuals are assumed to select paths that minimize a perceived travel cost 
function. These models successfully reproduce aggregate routing patterns under few 
specific configurations (12–14), but typically treat pedestrians as independent decision-
makers, unless they belong to predefined social groups (15, 16). However, growing 
empirical and theoretical evidence shows that local interactions, particularly imitation 
and social influence, significantly affect the collective crowd dynamics. For instance, 
herding tendencies at bottlenecks and junctions have been observed in both laboratory 
and real-life scenarios (17–20), and can be modeled effectively by introducing imitation 
rules into routing frameworks (19, 20). 

Within this scenario, recent research has highlighted the follow-the-leader (L-F) effect, 
where individuals (followers) tend to align with those who first initiate movement 
(leaders) (21–23), as a key behavioral mechanism. Experiments have also shown 
that individuals are more likely to follow nearby individuals than distant “opinion 
leaders” (24), and that the characteristics of leaders, such as their speed, direction, and 
location relative to followers, can significantly impact crowd movement and evacuation 
efficiency in emergency drills (21, 25, 26). Recent work has further explored dynamic 
L-F interactions, wherein leader–follower roles emerge spontaneously and adaptively, 
allowing individuals to switch whom they follow based on evolving spatial-temporal 
context (27, 28). 

While these studies underscore the importance of local imitation, they also face several 
critical limitations: i) participants in controlled experiments are often aware of the study 
purpose, introducing subjective bias; ii) laboratory settings are highly confined and 
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simplified, lacking the spatial complexity of real facilities; iii) 
sample sizes are typically on the order of a few dozen to 
a hundred individuals, limiting statistical robustness; and iv) 
most experiments focus on emergency scenarios, offering limited 
insight into everyday navigation. 
Most importantly, previous studies have rarely distinguished 

between following behavior among socially connected individuals 
(e.g. friends, families) and those among complete strangers. 
This distinction is crucial: it remains unclear whether, and to 
what extent, strangers influence each other’s routing decisions in 
nonemergency, real-life conditions. Addressing this question is 
challenging due to the difficulty of observing spontaneous inter-
actions in realistic settings with natural flow, spatial complexity, 
and no experimental manipulation. 

Progress is further constrained by the technical challenge 
of obtaining long-term, high-resolution measurements in real-
life facilities. Consequently, most research on crowd dynamics 
(29) relies heavily on qualitative simulations (30, 31) based on 
microscopic (32–36) or macroscopic models (37–40), or on 
controlled experiments (3, 41, 42) and pedestrian interviews 
(12, 43, 44), all of which inevitably alter the natural dynamics un-
der observation. Consequently, the effect of stranger interactions 
on pedestrian routing decisions, which is an essential component 
for understanding the variability and unpredictability of real-
world crowd flows, remains largely unexplored. 
In this study, we bridge these gaps by leveraging a large-scale, 

high-resolution dataset collected at Eindhoven Centraal Railway 
Station (The Netherlands), thanks to the advances in overhead 
depth sensing which provides precise, continuous monitoring 
of pedestrian movements in (even high density) real-world 
settings without compromising privacy (45–49). Over a period 
from March of 2021 to March of 2024, individual trajectories 
occurring on the station platform were recorded with millimeter 
accuracy using a commercial overhead tracking system. From 
this dataset, approximately 100,000 passengers who exited the 
train through specific door locations were selected for analysis 
(see Materials and Methods for experimental campaign details). 
This remarkable, high-statistics dataset enables the reconstruction 
of pedestrian movements with high temporal (≈0.1 s) and 
spatial (≈0.001 m) resolution, offering a real-world statistical 
foundation that goes far beyond laboratory-scale experiments. 

In this framework, we focus on a subset of pedestrian 
trajectories, where individuals, after deboarding a train, face 
a binary routing choice between a direct, shorter path and a 
longer path that involves circumventing a kiosk in the middle 
of the platform. This simple scenario serves as a foundational 
model for studying pedestrian routing behavior. Through our 
high-resolution trajectory measurements, statistical analysis, and 
stochastic routing modeling, we uncover a strong “stranger-
following effect:” even when traveling alone (i.e., not part of 
a social group), pedestrians show a strong tendency to select the 
same path as the person immediately ahead of them. 

These dynamics exhibit burstiness and temporal clustering: 
once a path becomes locally favored, subsequent individuals 
disproportionately follow it, leading to temporary flow imbal-
ances. Notably, this behavior does not optimize throughput 
or individual efficiency. While system-wide throughput would 
be maximized if pedestrians were to split evenly between the 
two paths, we find that imitation-driven choices often create 
suboptimal routing distributions, both for individuals and for 
the collective. 
By incorporating an imitation mechanism into a routing 

model, we show that stranger-following dominates over classical 

factors such as herding and walking-speed variability, providing 
an explanation for how microscopic fluctuations scale into 
macroscopic flow patterns. Unlike classical leader-following 
behavior, where individuals intentionally follow a designated or 
knowledgeable leader (e.g., trained personnel or visibly informed 
agents), the imitation observed here occurs among anonymous 
pedestrians with no social hierarchy or communication. In our 
setting, pedestrians lack prior knowledge of which route is 
preferable, and thus face decision uncertainty. This inference 
is transient and purely local, yet it leads to stranger-to-stranger 
imitation that differs fundamentally from leader-driven following 
and can still create collective route-choice cascades. 
Our study revises the standard picture of pedestrian routing 

choice by identifying stranger influences as a robust and quan-
tifiable driver of crowd collective dynamics, highlighting how 
spontaneous imitation can prevent the system from achieving 
either the individual or the facility-optimal travel times, with im-
plications for real-time crowd management, emergency planning, 
and urban design. 

Overview of Path Choices 

We first examine the overall patterns of pedestrian routing choice. 
Due to variability in train stopping positions, the relative 

location of each door to the exit varies from train to train. To 
capture the range of possible passenger disembarking positions, 
we focus on a scenario (Fig. 1A) in which passengers disembark 
from three representative door zones, L1, L2, and L3 (Materials 
and Methods). These locations span increasing distances from a 
bifurcation point where the platform path splits into two options 
for reaching the station exit: i) Path A: a direct, shorter route, 
and ii) Path B: a slightly longer route that loops around a central 
kiosk. For each pedestrian i, we record their routing choice 
Xi ∈ {A, B}, and their sequence index i, i.e. the relative order 
in which they exited the train. This setup provides a natural 
testbed for studying how individuals and crowds resolve routing 
choices in the presence of congestion, spatial heterogeneity, and 
local social dynamics, especially among strangers. 

Fig. 1B–D shows the resulting pedestrian flow fields. Density 
heatmaps reveal strong spatial heterogeneity across different 
door positions: trajectories from L1 and L2 are more strongly 
concentrated near Path A (Fig. 1B and C ), whereas flows from 
L3 exhibit broader dispersion and a more balanced usage of both 
paths (Fig. 1D). While spatial constraints and distance clearly 
play a role, these factors alone cannot explain why pedestrians 
arriving under similar conditions sometimes make different path 
choices. This raises a key question: to what extent are individual 
routing decisions shaped by the behavior of others, in particular 
by strangers? 

The Follow-the-Leader Effect: Beyond Social 
Groups 

A central focus of our study is whether pedestrians are influenced 
by the path choices of others, beyond the well-documented effect 
of traveling in groups (15, 50). 

To disentangle these effects, we classify each ith passenger 
disembarking from the train as either: an individual (Ii), a group 
leader (G(1)

i ), or group members (G(2)
i ). We assume that group 

members (one or many) follow the path choice of their leader. 
We define the order of the passenger based on ordered exit times 
measured within a two-meter detection zone around each door 
location (SI Appendix). 
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A

B

C

D

Fig. 1. Real-life measurement setup and pedestrian flow patterns at Eind-
hoven Centraal Railway Station (The Netherlands). (A) Experimental layout 
of the platform. Passenger trajectories are recorded using a commercial 
tracking system. Disembarking passengers from Track 4 exit the train via 
three door locations—L1, L2, and L3—and encounter a path bifurcation, 
choosing between Path A and Path B. A large indoor waiting area (Kiosk) is 
present on the platform, along with other marked elements such as elevators, 
staircases, and benches. Heat maps of pedestrian positions after exiting 
through doors (B) L1, (C) L2, and (D) L3, respectively. Colors represent the 
density of observed positions on a logarithmic scale based on a 2D count 
histogram. Overlaid streamlines show the mean velocity vector field (spatially 
binned), highlighting the most probable pedestrian trajectories. 

In order to quantify path-choice behavior, we introduce the 
definition of three types of probabilities: i) marginal probability 
P(Xi = �), giving the overall baseline likelihood that a pedestrian 
chooses path � ∈ {A, B}; ii) conditional probability P(Xi = � | 
Xi�1 = � ), measuring the tendency of a passenger to repeat 
the choice made by the immediately preceding one, thereby 
quantifying potential short-term social influence; iii) conditional 
probability excluding groups P(Xi = � | Xi�1 = � , ¬G

(2)
i ), 

which is restricted to the sole pedestrians not identified as group 
members, thus isolating stranger-to-stranger effects. 

Group Detection Methodology. To reliably distinguish true 
groups from independent pedestrians, we developed a group 
detection method based on three criteria: average coexistence 
distance 

 
di,j 

 
t (Materials and Methods and SI Appendix), speed 

covariance Cov(vi, vj), and directional alignment cos �t (� is 
the angle between vi and vj, where subscript i and j denote the 
ith and jth pedestrians, respectively), and ·t is the time average. 

The detected group ratio P(G) is generally robust to reasonable 
variations of the detection thresholds. When all three criteria are 
combined, P(G) remains stable across different door locations 
within a broad range of distance thresholds (0.5 to 2.0 m) which 
is reasonable because group composition is intrinsic and largely 
independent of exit door location, as illustrated in Fig. 2D 
for Cov(vi, vj) > 0.3 and cos �t > 0.9. The detected groups 
composed of one member and one leader are the most frequent 

(15). The group size distribution, detailed detection methods, 
and analyses of P(G) for each criterion are provided in SI 
Appendix. 

Experimental Evidence. With these definitions in place, we now 
examine the empirical results for passengers exiting from doors 
L1 (Fig. 2A), L2 (Fig. 2B), and L3 (Fig. 2C ). The results show a 
clear sequential dependence: the probability of selecting a path is 
systematically larger when the preceding pedestrian made the 
same choice, i.e. P(Xi = � | Xi�1 = �) > P(Xi = �). 
Importantly, this effect persists even when groups are excluded, 
with P(Xi = � | Xi�1 = � , ¬G

(2)
i ) ≈ P(Xi = � |Xi�1 = �)> 

P(Xi = �) and remains robust under all observed congestion 
levels on the shorter path (i.e., Path A). These observations 
demonstrate that routing choices are not independent: passengers 
tend to follow the decision of the person in front, even when no 
social ties are present. We refer to this as the stranger-following 
effect, revealing that even strangers exert measurable influence on 
each other’s path selection. 
For the conditional probabilities shown in Fig. 2A–C , group 

detection used thresholds 
 
di,j 

 
t = 1.5 [m], Cov(vi, vj) = 0.3, 

and cos �t = 0.9, based on which example trajectories 
of pedestrians identified as belonging to the same group are 
illustrated in Fig. 2E (same color, solid vs. dashed lines, indicates 
the same group). 
A natural question arises: does the stranger-following effect 

change with different group detection thresholds? To test this, 
we performed robustness checks by using two sets of thresholds: 
a reasonable set (light blue) and a deliberately lenient set (red), 
as shown in Fig. 2F –H . Across different door locations, the 
relation P(Xi=B | Xi�1=B, ¬G

(2)
i ) ≈ P(Xi=B | Xi�1=B) > 

P(Xi=B) persists, which confirms that the stranger-following 
effect is not an artifact of group misclassification. Even under 
deliberately lenient thresholds, the conditional probability re-
mains elevated, which again demonstrates that pedestrians tend to 
imitate the path of the person directly in front of them, reflecting 
a localized form of social influence on decision-making. 

Inferring Group Ratio from Path-Choice Statistics. An impor-
tant implication of the statistical characteristics shown in 
Fig. 2A–C is that the group ratio can be inferred directly from 
path-choice behavior. It can be shown (SI Appendix) that the 
probability of a pedestrian being group members, P(G

(2)
i ), can be 

estimated directly from the experimentally measured conditional 
path-choice probabilities. 
Specifically, the group ratio can be inferred as 

P(G) = 
 

�∈{A,B} 
2P(G

(2) 
i | Xi�1 = � ) · P(Xi = � ), [1] 

where P(Xi = �) are obtained from experimental results. The 
conditioned probability, P(G

(2) 
i | Xi�1 = � ) (circles in Fig. 2I ), 

can be directly measured from the experimental data (Fig. 2A–C ). 
As shown in Fig. 2J , the P(G) inferred from path-choice 

statistics (green stars) agrees remarkably well with that detected 
from trajectory-based group identification (red triangles), with a 
discrepancy below 0.05. This confirms that the group ratio can 
be reliably estimated from path-choice statistics. This establishes 
a quantitative link between microscopic path-choice correlations 
and macroscopic group composition. 
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A

B

C

F

G

H

D E I

Fig. 2. Statistical analysis of pedestrian path-choice behavior. (A–C) Path-choice probabilities for passengers exiting through doors (A) L1, (B) L2, and (C) 
L3, plotted against the number of pedestrians on the shorter path (Path A). We report the marginal probability P(Xi = �), the conditional probability 
P(Xi = � |Xi�1 = � ), and the probability excluding groups P(Xi = � |Xi�1 = � , ¬G(2)

i
), with � = A (green colors) and � = B (blue colors). The observation of 

P(Xi = B|Xi�1 = B, ¬G(2)
i

)) ≈ P(Xi = B|Xi�1 = B) > P(Xi = B) shows clear evidence of stranger-following effect. (D) Group ratio P(G) as a function of the 
distance threshold with covariance of speeds Cov(vi , vj ) > 0.3 and mean directional alignment cos �t > 0.9, for door position of L1 (blue), L2 (orange), and L3 

(green), respectively. In this work, the group detection are based on the thresholds 
 
di,j 

 

t 
= 1.5 [m], Cov(vi , vj ) = 0.3, and cos �t = 0.9. The corresponding 

example trajectories of pedestrians identified as belonging to the same group (same color; solid vs. dashed for different members) are shown in panel (E), 
with triangles and circles marking start and end points, respectively. For simplicity, we present only groups of size two, which make up the majority of all 
observed groups. (F –H) Robustness of the stranger-following effect: P(Xi =B | Xi�1=B, ¬G

(2) 
i

) computed under two sets of thresholds for the group criteria: 
(light blue) a reasonable set (di,j t =1.5 m, Cov(vi , vj )=0.3, cos �t =0.9) and (red) a deliberately lenient set (di,j t =3.0 m, Cov(vi , vj )=0.1, cos �t =0.5). The 

relation P(Xi =B | Xi�1=B, ¬G
(2) 
i

) ≈ P(Xi =B | Xi�1=B) > P(Xi =B) persists, indicating robustness to reasonable variations in detection thresholds, provided the 
threshold is within a reasonable range and applied uniformly across door locations. (I) Comparison of group ratios obtained in three ways for each door: i) 
conditioned estimates from path-choice statistics P(G(2) 

i
| Xi�1=A) (blue) and P(G(2) 

i
| Xi�1=B) (orange), ii) the resulting weighted estimate P(G) (green), and 

iii) direct detection based on the three criteria (red). Overall path-choice probabilities P(Xi =A) = 0.967, 0.855, 0.707 for L1, L2, and L3, respectively. 

Theoretical Routing Model 

To explain pedestrians (nongroup members) path-choice behav-
ior and the observed stranger-following effect, we develop a cost-
based routing model (20) in which each pedestrian selects the 
path with minimal perceived cost Ti. The model builds on the 
empirical relation between walking speed and crowding, and 
incorporates two key behavioral mechanisms: i) Social influence, 
which includes both herding (higher perceived cost for a less 
frequently chosen path) and the stranger-following effect (a local 
bias to repeat the previous pedestrian’s choice); ii) Stochasticity, 
to capture random variability in individual speed. 
For each path i ∈ {A, B}, the average walking speed Vi 

declines approximately linearly with the number of pedestrians 
Ni counted within equally sized observation zones (purple-shaded 
regions in Fig. 1A) on the path i, as shown by the fundamental 
diagram in Fig. 3A. Since these zones have identical areas, the 
counts Ni are proportional to local density, allowing for valid 
comparisons of congestion effects between different paths (SI 
Appendix). There are no significant differences in the walking 
speed across Path A and Path B, as shown by the probability 
density functions (PDFs) of Vi reported in SI Appendix. For 
simplicity, we consider a linear form Vi = V0 � �Ni that 
captures this relationship for both paths, where V0 denotes the 

free-walking speed and � is a congestion coefficient. This relation 
(Fig. 3A, dashed line) provides a predictive baseline for path-
dependent travel time ti = li/Vi, with li as the mean streamline 
length connecting the corresponding door region to the selected 
path, computed from the spatially binned mean velocity field 
(details in SI Appendix). 
At the bifurcation, each passenger selects a path by minimizing 

a perceived cost 
Ti = fi · r

(�) 
i · Si · ti, [2] 

where three behavioral modifiers modulate the pure time mini-
mization: i) Si introduces speed variability through a stochastic 
realization of Vi; ii) fi is a herding penalty that penalizes 
minority choices (and thus higher perceived cost) according 
to the instantaneous fraction of pedestrians on each path; iii) 
r
(� ) 
i rewards alignment with the pedestrian immediately ahead 
(and thus a reduced perceived cost), effectively biasing decision-
making toward local consistency and transient stranger-following 
dynamics. Although more complex formulations are possible, the 
simplicity of our current model allows for a clear and interpretable 
decomposition of the contribution from the local interaction 
factor. 
Functional forms, parameter estimation, and model cali-

bration of the behavioral modifiers are provided in Materials 
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A B D F

C E G

Fig. 3. Theoretical routing model results of path choice. (A) Fundamental diagram showing the relationship between the average walking speed and the 
number of pedestrians observed within the same fixed-size segment (purple-shaded regions in Fig. 1A) on Path A (NA, orange circles) and Path B (NB , blue 
circles). The two regions have identical length and width; therefore, the counts directly represent comparable local crowding conditions. The dashed black line 
represents a linear fit of the form Vi = V0 − �Ni , i ∈ {A, B},, with V0 = 1.2785 m/s and � = 0.007 m/s. Error bars denote SDs. (B–G) Model-data comparison of 
the conditional probability excluding groups of choosing Path A (panels B, D, and F ) and Path B (panels C, E, and G) as a function of the number of pedestrians 
on Path A, for exit doors L1, L2, and L3. Black symbols: experiments. Gray dashed: time-minimization-only baseline (ti ). Gray dotted: time-minimization-only + 
speed variability (Si · ti ). Orange dash-dotted: herding only (fi · ti ). Yellow dashed: herding + speed variability (r(�) 

i
· Si · ti ). Red solid: following stranger only 

(r
(�) 
i

· ti ). The following-stranger-only model (red) already captures the main experimental trends, while adding herding and speed variability provide only minor 
local adjustments, showing that the stranger-following effect is an essential component of pedestrian decision-making. Only the following-stranger-only model 
(red) is shown here for clarity; additional models that include stochasticity and/or penalty terms are provided in SI Appendix. For all the modeling results shown 
in (B–G), i) the penalty function in Eq. 6 is with a same set of parameters (we apply the penalty function only to Ti on Path A), i.e., a = 0.1, s = 20, n0 = 0.2, fA = 1; 
ii) the reward function in Eq. 7 is with the parameter 
 = 0.9. 

and Methods. This cost model links microscopic imitation and 
herding to macroscopic flow patterns and enables quantita-
tive predictions of path-use ratios under different crowding 
conditions. 
We tested the contributions of these behavioral modifiers by 

systematically comparing the conditional probability excluding 
the group, P(Xi = � | ¬G

(2)
i ), � ∈ {A, B} , from model 

predictions against experimental data (Fig. 3B–G). The baseline 
time-minimization model (ti only, gray dashed line) captures 
the broad effect of congestion but fails to reproduce the em-
pirical transitions in real choice probabilities (symbols). Adding 
stochastic speed variability (Siti, gray dotted line) improves the 
local fit by broadening the response but does not capture the 
full trend. Similarly, the penalty-only model from the herding 
effect (fiti, orange dash-dotted line) remains insufficient to 
explain the observed path selection patterns. In contrast, the 
reward term from the stranger-following effect (r(�)

i ti, red solid 
line) alone recovers the primary structure of the empirical 
choice distributions, strongly suggesting that local imitation 
of immediate predecessors is the dominant driver of routing 
decisions under such configurations. Although speed stochasticity 
and penalty costs have been identified as influential factors in 
other contexts (19, 20), their inclusion here yields only minor 
effects and leaves the qualitative behavior unchanged, indicating 
that their impact is subdominant in our setting (SI Appendix). 

Taken together, these results reveal that pedestrian route 
choice at bifurcations is not fully captured by congestion-
driven time minimization alone. Instead, social influences 
operating at different scales play decisive roles: immediate 
imitation of the preceding individual provides the strongest 
bias, while majority-following (herding) and speed stochasticity 
supply additional minor corrections. This hierarchical structure 
of influences highlights the importance of local, short-range 
interactions in shaping collective pedestrian flow patterns, 

with broader overall flowing tendencies emerging as secondary 
effects. 

Avalanche of Path Choice 

The presence of stranger-following behavior suggests that routing 
decisions may be temporally clustered, rather than occurring 
independently. To investigate this, we analyzed the distribution 
of interperson intervals, Δt, which represent the time between 
consecutive pedestrians selecting Path B (Fig. 4A). 
If pedestrian decisions were independent, the interarrival times 

Δt between consecutive selections of Path B would follow an 
exponential distribution, P(Δt) = Ce−�Δt , with a constant 
decay rate �, as expected for a Poisson process. However, in 
Fig. 4B–D, Insets, the fact that the local decay rate �(Δt) varies 
with Δt shows that the underlying choice dynamics deviate from 
a uniform Poisson process. 
To provide clearer evidence for the existence of 

choice avalanches, we computed the conditional probability 
P(Xi = B | Xi−m = B, ¬G(2)). Physically, this quantity 
measures the tendency of pedestrian i to follow the Path-B choice 
made by a stranger (i − m) who is located m decisions earlier, 
thereby capturing the persistence of short-range imitation along 
the decision sequence. As shown in Fig. 4E–G, for all door 
locations (L1-L3), P(Xi = B | Xi−m = B, ¬G(2)) remains 
systematically higher than P(Xi = B), which demonstrates that 
the influence of a prior Path-B choice propagates across multiple 
individuals downstream. The extent to which this influence 
persists, namely the magnitude of the choice avalanche, can 
be quantified using RB, defined as the number of consecutive 
pedestrians choosing Path B (run-length of Path B). Fig. 4H 
shows the probability P(RB = k) for the empirical data (circles) 
together with a baseline generated from an independent and 
identically distributed (i.i.d.) Bernoulli process (squares), in 
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A

B C D

E F G

H I J

Fig. 4. Avalanche of path choice. (A) Definition of i) the interperson time interval, Δt, between consecutive pedestrians who choose Path B; and ii) the magnitude 
of Path-B avalanche, RB , defined as the number of consecutive pedestrians who choose Path B. (B–D) Probability density function (PDF) of Δt for doors L1, L2, 
and L3, respectively. Black dashed lines show the exponential fit f (Δt) = Ce��Δt , where � is the average rate of choosing Path B. The fit excludes unreliable bins: 
i) very small time intervals (typically Δt < 1.2 s), where the exponential trend cannot extend due to geometric or social constraints (gray bars), and ii) insufficient 
statistics (light-gray bars). Insets: corresponding effective local decay rate �(Δt). The rate is obtained from sliding-window exponential fits of the empirical PDF. 
Each point corresponds to a local regression over a 4.0 s window (14 bins), shifted by 1.1 s (detailed calculation process is reported in SI Appendix). The deviation 
of �(Δt) from a constant value indicates that the underlying choice dynamics do not follow a uniform Poisson process. The total number of events for analysis 
is 903 (L1), 4,182 (L2), and 10,529 (L3). (E–G) Conditional probability excluding group pedestrians, P(Xi = B | Xi�m = B, ¬G(2)), for door locations of L1 (E), L2 (F ), 
and L3 (G). The dashed lines indicate the probability of choosing Path B, P(Xi = B). The fact that P(Xi = B | Xi�m = B, ¬G(2)) remains systematically higher than 
P(Xi = B) indicates that the Path-B choice influences persist across multiple individuals afterward. (H) The probability of an avalanche magnitude RB = k for 
door locations of L1 (blue), L2 (orange), and L3 (green). Circles indicate the empirical results, while squares denote the corresponding i.i.d. Bernoulli baseline. 
The probability P(RB = k) is computed as P(RB = k) = No.(RB=k)

i=14
i=1 No.(RB=i) 

,where No.(RB = i) denotes the number of occurrences with RB = i. The corresponding 

i.i.d Bernoulli process is generated by assigning each individual to choose Path B with probability P(Xi = B) and Path A with probability (1 � P(Xi = B)). For door 
locations (L1 � L3), the value of P(Xi = B) is matched to its empirical counterpart [dashed lines in (E–G)]. The empirical distributions of RB exhibit consistently 
heavier tails than those of an i.i.d. Bernoulli process, confirming the temporal clustering of choices for Path B: once one pedestrian chooses Path B, subsequent 
pedestrians are more likely to follow, forming “avalanches” of consecutive choices. (I and J) Normalized factorial-moments analysis for L2 and L3 using sliding 

time windows of length Twindow (color bar). We plot logn
(p) 

logn(1)
vs. the order p, where n(p) is the p-th factorial moment of the event counts within each window. 

Results are compared with two benchmarks: a Poisson process with the same mean rate (black circles; average over 30 realizations, error bars indicate SD) 
and an artificially constructed equally spaced sequence with mean spacing comparable to the data (stars). No factorial moments are shown for L1 due to the 
small number of Path B choices at this door, which prevents reliable estimation of higher-order statistics. 

which each pedestrian chooses Path B with the same empirical 
probability. The empirical distributions exhibit consistently 
heavier tails than those of the i.i.d. baseline, which confirms the 
temporal clustering of choices for Path B: once one pedestrian 
chooses Path B, subsequent pedestrians are more likely to follow, 
forming “avalanches” of consecutive choices. 
To further quantify these temporal correlations, we performed 

a factorial-moment analysis. For a Poisson process with mean 

rate �, the factorial moment of order k for the event counts 
n satisfies 

 
n(k) 

 
= �k (details in SI Appendix). As a consequence, 

the normalized ratio logn(k)/ logn(1) is expected to increase 
linearly with k. In Fig. 4D and E we compare the experimental 
data with two reference sequences: i) a Poisson process of the same 
mean rate as the experimental data (black circles) representing 
independent and randomly timed events, and ii) a perfectly 
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regular, equally spaced sequence (stars) representing maximal 
regularity (details in SI Appendix). 

Across all orders, the experimental curves lie between these 
bounds: below the Poisson baseline (indicating stronger cor-
relations than random timing) but above the perfectly regular 
sequence (indicating retained variability). Furthermore, a clear 
dependence on the window length can be observed: For short 
windows, the moments are close to the equally spaced reference, 
indicating that, at this timescale, Path B selections are highly 
regular due to the stranger-following effect (i.e., microscale cor-
relation). As the window length increases, the moments gradually 
move toward the Poisson baseline, as multiple avalanches and 
periods of inactivity average out short-timescale correlations and 
become less sensitive to bursty fluctuations (i.e., macroscale 
averaging). This trend highlights a scale-dependent structure: 
Path selection is temporally correlated at short timescales but 
appears more random at longer timescales, a representation of 
the stranger-following effect. 

Overall, these findings reveal that localized social influence 
triggers collective cascades in routing decisions. Individual 
choices can rapidly propagate through successive strangers, gen-
erating temporally correlated avalanches of path selection. This 
avalanche behavior underscores the importance of incorporating 
social contagion into models of pedestrian routing and opens 
the door to broader discussions on collective dynamics in human 
mobility. 

Conclusions and Outlook 

In this work, we investigated pedestrian routing behavior in a 
realistic transit environment, combining high-resolution trajec-
tory measurements, statistical analysis, and theoretical modeling. 
Our results reveal that path selection is shaped not only by spatial 
constraints (e.g., exit door locations) and levels of congestion but 
also by short-range interactions between strangers. Notably, we 
identified a pronounced and robust stranger-following effect, 
where individuals are likely to choose the same path as the 
pedestrian immediately ahead, even in the absence of preexisting 
social groups and even when this is not the individual optimal 
choice. As a consequence, the resulting flow does not maximize 
either the individual travel time or the collective throughput: 
in a theoretical stationary regime with a very large number of 
pedestrians, and assuming that the two available routes have 
identical route capacities, the facility would achieve maximal flow 
at roughly a 50-50 route split. However, the finite and transient 
nature of the pedestrian flows studied here, together with the 
geometric asymmetry of the two paths, means that this idealized 
facility-level optimum is not realized in practice. Instead, the 
observed unbalanced usage, which benefits neither side, arises 
from the short-range imitation. This effect was systematically 
quantified through conditional path-choice probabilities and 
factorial-moment analyses, highlighting both microscale cor-
relations and temporally clustered “avalanches” of consecutive 
choices. Importantly, the associated dynamics reveal that the 
stranger-following effect can be overwhelming compared with 
other contributing factors, often dominating the decision-making 
process at the bifurcation points. To understand the underlying 
mechanisms, we developed a cost-based routing model as a phe-
nomenological representation, incorporating stochastic walking 
speeds, herding behavior, and the stranger-following effect. We 
demonstrated that the stranger-following effect constitutes the 
dominant driver of route choice at bifurcations, with others 
serving as secondary modifiers that refine but are insufficient 
to explain the observed patterns on their own. The strong 

agreement between model predictions and experimental observa-
tions underscores the importance of integrating multiscale social 
influences into predictive frameworks for pedestrian dynamics. 
An important methodological insight from the current work 
is that group ratio can be inferred from path-choice statistics, 
providing a complementary approach to trajectory-based group 
detection. This is particularly useful in contexts where explicit 
identification of social groups is challenging and offers an elegant 
complementary method and cross-check for traditional methods. 
The current work also resolves limitations encountered in 

earlier studies of routing choices (19, 20), where limited statistics 
and highly imbalanced path usage made it impossible to probe 
correlations between consecutive choices. In contrast, our long-
term recordings yield high statistical resolution and enable us 
to detect subtle differences in choice probabilities down to the 
level of a few percent. Crucially, this allows us to uncover 
a phenomenon entirely absent in earlier studies: the “follow-
stranger effect.” 
Looking ahead, our findings have several implications. First, 

they highlight the need to account for short-range social 
contagion in models of pedestrian dynamics, particularly in high-
density and safety-critical environments, e.g., train stations or 
event venues. Second, the avalanche-like temporal clustering 
of decisions suggests that local interventions (e.g., guidance 
signage or real-time crowd information) could propagate through 
the stranger-following effect to influence the collective flow 
patterns efficiently. More broadly, these results emphasize that 
spontaneous imitation can drive the system into states that 
are suboptimal both for individuals and for the facility as a 
whole, a key consideration for real-time crowd management 
and infrastructure design. Finally, the combination of empirical, 
statistical, and modeling approaches developed here provides a 
versatile framework to study social influence in other types of 
collective human behavior, ranging from pedestrian flows in 
urban areas to decision-making evacuation scenarios. 

Collective decision-making is often understood to arise 
through two main mechanisms: a top–down process, where a 
few designated leaders or individuals drive the behavior of the 
followers (21–23, 25, 26); and a bottom–up process, where 
large-scale patterns emerge from local interactions without any 
designated leadership (24, 51). Our findings suggest that the 
collective patterning in pedestrian dynamics offers an inter-
mediate perspective. Specifically, while local social imitation 
is inherently bottom–up, it effectively amplifies and cascades 
specific and potentially subtle “preliminary decisions” made by 
a few individuals (e.g., those moving slightly ahead or showing 
stronger preferences for a specific path), ultimately resulting in 
macroscale directional guidance. This mechanism reveals how 
“leadership” can be transiently and dynamically “constructed” in 
the local environment through behavioral imitation and decision 
cascade, even in the absence of formally preassigned leaders or 
centralized control. 
Beyond pedestrian dynamics, the finding that microscopic 

social imitation generates macroscopic collective patterns res-
onates with key questions in multiple disciplines. A similar 
amplification of local interactions is observed in biological 
systems (52–57), such as ants reinforcing pheromone trails during 
foraging, fish schools or bird flocks propagating directional 
preferences, and bacterial or cellular populations responding 
collectively to chemotactic gradients. In these cases, locally trans-
mitted information, whether chemical, visual, or mechanical, is 
capable of cascading through the group and producing large-scale 
organizational patterns. Analogous phenomena appear in active-
matter systems (1, 58, 59), where simple interaction rules lead 
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to emergent patterns (e.g., spontaneous alignment, clustering, 
or flow redirection). By providing a quantitative framework for 
how local imitation shapes routing decisions in human crowds, 
our results create a bridge between empirical pedestrian dynamics 
and these broader classes of collective behavior, suggesting that 
conceptually similar mechanisms may emerge across living, 
technological, and physical systems, even if driven by different 
underlying factors. 

Materials and Methods 

Experimental Campaign. We analyze a dataset comprising pedestrian 
trajectories collected over a three-year period, from March 2021 to March 
2024, totaling about 30,000,000 trajectories (including all the disembarking 
passengers and the people already present on the platform). The data was 
gathered at tracks 3 and 4 of Eindhoven Centraal Railway Station (The 
Netherlands) using a commercial, anonymous tracking system based on 3D 
stereoscopic imaging. This system employs 22 overhead pedestrian tracking 
sensors (Xovis), covering an area of approximately 1,400 m2 . Each sensor 
captures images at a rate of 10 frames per second, processes the stereo images 
in real-time,andrecordsonly thepedestrian locationsasx,y coordinatepairs. The 
systemusesoverheaddepthsensingandproduces fullyanonymizedtrajectories, 
withoutrecordingRGBimagesoranyidentifiabledata, infull respectof individual 
privacy. 

An example dataset spanning two months is available in ref. 60. In our study, 
we specifically focused on pedestrian flows moving toward the platform exit and 
disembarking from trains at designated door locations from track 4 (Fig. 1). 

We apply filters to include only trajectories that satisfy the following 
criteria: i) passengers who disembark from track 4 at specific door locations 
(i.e., L1, L2, and L3), and ii) trips for which the corresponding train 
information (arrival and departure times) is complete. After filtering, the 
dataset includes approximately 100, 000 individual trajectories used for our 
analysis. 

Because the stopping position of the train fluctuates slightly between 
arrivals, the longitudinal positions of the doors vary within several meters. 
To accommodate this variability, we define the three door ranges as i) 
L1 : x ∈ 47.5 ± 3.75 m, ii) L2 : x ∈ 56.25 ± 5.00 m, and iii) 
L1 : x ∈ 66.25 ± 5.00 m. In the analyzed dataset, approximately 48% of 
the trains show two consecutive doors within 7.5 m, 53% within 10 m, and 
79.4% within 15 m. These statistics indicate that different doors of the same 
train can fall into different ranges, leading to natural fluctuations in the inflow 
to Path A/B zones from each door range. 

Our analysis does not involve personal data and was approved by the Ethical 
Review Board of the Eindhoven University of Technology under Ethical Review 
ERB2020AP1. 

Detailed discussion of the definition of the order of the exiting passengers, 
generalized congestion measure, calculation of walking distance, and the 
calculation of the effective local decay rate could be found in SI Appendix. 

Group Detection Criterion: Average Coexistence Distance. Forpedestrians 
i and j, the average coexistence distance is calculated as 

 
di,j 

 

t 
= 

1 
Δti,j 

 tend 
i,j 

tstart i,j 



xi(t) � xj(t) 


 dt, [3] 

with Δti,j = t end 
i,j � tstart i,j and tstart i,j = max(tstart i , tstart j ), t end 

i,j = 

min(t end 
i , tend 

j ). 
Detailed group detection methodology and detailed derivation of inferring 

group ratio from path-choice statistics could be found in SI Appendix. 

Routing Model. The routingmodelwas built on the cost-based framework from 
a previous work (20), in which each pedestrian selects the path with the minimal 
perceived cost. We extend this model by incorporating two key mechanisms: 
social influence and stochasticity. 

At the bifurcation, each passenger selects a path by minimizing a perceived 
cost 

Ti = fi · r
(�) 
i · Si · ti = fi · r

(�) 
i · Si · 

li 
Vi 
, [4] 

where ti = li/Vi is the deterministic travel time. This formulation allows 
behavioral modifiers to modulate pure time minimization. The walking distance 
li of pedestrian i depends on both the chosen path (Path A or Path B) and the 
door location. Here, we define li as the mean streamline length connecting the 
corresponding door region to the selected path, computed from the spatially 
binned mean velocity field (see SI Appendix for details). 

The first modifier is speed stochasticity, modeled as 

Si = 
Vi 

V
(Stoch) 
i 

, V
(Stoch) 
i ∼ N (Vi, � 2 

V ), [5] 

where V(Stoch) 
i represents a stochastic realization of walking speed, with Vi 

estimated from the linear fit in Fig. 3A and variance �2 
V estimated empirically 

from the full experimental dataset (�V = 0.116 m/s). This term captures the 
naturalheterogeneity inwalkingspeedacross individuals, introducingvariability 
in predicted costs even under identical crowding conditions. 

The second modifier accounts for herding behavior. We introduce a 
multiplicative penalty function (20) 

fi = (1 + a) � a · tanh[s · (ni � n0)] , [6] 

where a, s, and n0 are tunable parameters, and ni = Ni 
NA+NB 

is the fraction of 
pedestrianspresentalong thepath that is chosenby the ithpedestrianat the time 
of decision (61). This function penalizes minority choices and rewards majority-
following decisions. The hyperbolic tangent form ensures smooth saturation of 
thepenaltyasgroupimbalancesgrow,reflectingdiminishingmarginal influence 
when one path becomes strongly dominant. 

Finally, we incorporate a reward to capture short-range imitation of the 
immediately preceding pedestrian, i.e., stranger-following effect. This is defined 
as 

r
(� ) 
i = 1 � 
 · I(Previ = � ), [7] 

where 
 ∈ [0, 1] tunes the reward magnitude, and I(·) is an indicator 
function equal to 1 if the current pedestrian chooses the same path � as 
the previous pedestrian, and 0 otherwise. A reduced cost thus arises when 
successive pedestrians align in their choices, effectively biasing decision-making 
toward local consistency and transient stranger-following dynamics. Detailed 
comparison between stranger-to-stranger imitation and traditional follow-the-
leader behavior are provided in SI Appendix. 

Additional analyses of the model (including comparisons with the empirical 
results) and the factorial moment analysis could be found in SI Appendix. 

Data, Materials, and Software Availability. All code and processed data 
used to generate the figures and perform the analyses in this study will be made 
publicly available in the Zenodo repository upon publication. A representative 
subset of the raw trajectory data is publicly available on Zenodo (60). The 
remaining raw data, which cannot be fully posted online for size constraints 
and data ownership reasons, can be shared with qualified researchers upon 
reasonablerequest to thecorrespondingauthorandsubject to thedataprovider’s 
conditions. 
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