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The Effect of Social Groups and Gender on Pedestrian
Behaviour Immediately in Front of Bottlenecks

Nikolai W.F. Bode'"
'Department of Engineering Mathematics, University of Bristol
Merchant Venturers Building, Woodland Road, BS8 1UB, Bristol, UK nikolai. bode@bristol. ac. uk

Abstract: Pedestrian crowds are unlikely to be composed of identical individuals. To understand how pedestrians
interact, it is important to investigate what effect differences between individuals have on the observed move-
ment dynamics. Two key aspects that can distinguish individuals are their gender and their membership in small
social groups, such as families or groups of friends. Here, I report findings from a controlled experiment in
which a pedestrian crowd has to pass a narrow bottleneck. In one experimental treatment, participants are asked
to move independently from others and in the other treatment, they are asked to move in groups of four individu-
als. Trajectories of individuals, as well as group membership and gender are recorded. Investigating egress times
produces conflicting results across two separate crowds in different experimental locations and I therefore investi-
gate microscopic pedestrian behaviour. I present statistical models that capture how pedestrian behaviour imme-
diately in front of the bottleneck affects the time gap between consecutive pedestrians passing through the bottle-
neck. This provides a rigorous approach to test whether individuals from the same social group or gender interact
differently to individuals from different groups or genders. My analysis suggests that being from the same or from
different social groups does not have an effect on time intervals between pedestrians. This suggests that in my da-
ta, group membership does on average not affect behaviour immediately in front of the bottleneck. Interesting-
ly, my analysis suggests a gender effect: men follow women more closely than vice versa. Possible explanations
for this range from the way mixed-gender couples move to physical differences between genders. These findings
demonstrate the potential of my approach to uncover detailed aspects of interactions underlying pedestrian behav-
iour.

Keywords: pedestrian dynamics; collective behaviour; social interactions; social groups; gender effects; statisti-
cal modelling

Previous work has investigated gender-specific

1 Introduction differences in the speed distributions of pedestrians [ 3]

In pedestrian crowds, the overall crowd movement or in the risk-taking behaviour of pedestrians when

results from interactions between individuals, making crossing roadcsl [6.]’ for example.. The foECt O.f s.c1>01ial
. , . . S tri t s has simile

this an example of collective behaviour [1]. The social groups on. pedes rldfl fnovement in .crow 5 as simuarty
. . . . . been studied from different angles, including the evalua-
interactions between pedestrians have been investigated . ] ]
. . . . . tion of reports by survivors of emergencies [4-5],[7],
widely with the aim to gain an understanding of crowd ) . ) 3 5
. . . o . observational studies to establish everyday behaviour in
dynamics that could ultimately inform building design . . .
. . social pedestrian groups [ 8-9] and efforts to develop
and event planning, for example [2]. While some re- ) ) )
. .. Lo computer simulation models that capture the salient as-
search has assumed for simplicity that all individuals are . o
. . . . pects of social group movement within crowds [ 10-13].
identical and behave and interact in the same way, other . e :
L : o In this contribution, I focus on how gender and social
research suggests that this view may be too simplistic . L . .
. group membership affect social interactions in situations
(e.g. [3-5]). Here, I focus on how two important as- . .
o o when a crowd moves in one direction and has to pass a
pects, that distinguish individuals, affect social interac- .
] ) o , ] narrow bottleneck, such as an exit door. Crowd dynam-
tions between pedestrians: individual’s gender and their . . o .
o ) ) ics at bottlenecks are directly relevant for building design
membership in small social groups composed of friends . . Lo .
o or event planning and because of its ubiquity in the liter-

or families. . . .
ature, this scenario can also be viewed as a benchmark
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for research into pedestrian behaviour.

To the best of my knowledge, effects of gender on
social interactions between pedestrians at bottlenecks
have been subject to little or no scientific investigation.
In some societies, traditional (and outdated) etiquette
demands that men hold doors open for women [ 14].
However, it is difficult to see how this could generalise
to crowded situations, especially if no doors need to be
opened. To pre-empt criticism, it should also be noted
that when exploring gender effects, it can be difficult to
establish the exact causes of observed effects. For exam-
ple. average differences in physiology could explain
differences in speed between genders instead of intrinsic
behavioural differences.

A number of experimental and theoretical studies
have investigated how the presence of social groups af-
fects the unidirectional flow or egress through a bottle-
neck. Based on observations of pedestrian behaviour
during emergencies (e.g. [4]), simulation models typi-
cally assume that individuals in social groups attempt to
stay in close proximity to each other, which can lead to
increased simulated egress times compared to independ-
ently moving pedestrians [10], [12]. The experimental
evidence to date is limited and ambiguous. Some results
suggest increased egress times when social groups are
present [ 12], others predict a reduction in egress times
[15] and another study (albeit with small crowd sizes)
suggests social groups have an effect on egress times, but
not immediately at bottlenecks [16]. Based on this brief
survey of the literature, I suggest that further work is
needed.

In the following, I present data from a controlled
experiment that was designed to test the effect of social
groups on egress times at bottlenecks. To obtain robust
results from a limited number of replicate experiments (a
common problem in pedestrian research), I extend a
previously developed statistical modelling framework
[17] to investigate the effect of social group membership
and gender on interactions immediately in front of bot-
tlenecks.

2 Methods

2.1 Experiments

I conducted identical experiments at two separate
locations with one group of volunteers at each location.
The first group was composed of 71 visitors of the
DANA centre at the Science Museum in London and the
second consisted of 39 students at the University of Bris-
tol. In the experiment, participants were asked to walk

through a narrow bottleneck at the end of a corridor. A
still image of the experimental setup is shown in Figure
1. I filmed experiments with a camera positioned direct-
ly above the 0.6 m wide and 1.5 m long bottleneck. The
corridor in front of the bottleneck was 2 m wide and at
the start of experiments participants were lined up 3 m
away from the bottleneck. All barriers were marked
using chairs or tables. I manually recorded the head po-
sitions of pedestrians in each frame of my video record-
ings (in pixels) at a rate of 10 and 15 frames per second
for the London and Bristol data, respectively. By focus-
sing my analysis on pedestrian positions in close proximi-
ty to the bottleneck. I reduced errors in pedestrian traj-
ectories caused by camera distortion. In previous work
[17], a first analysis of this data is presented, which I
extend here.

I tested two experimental treatments with each
group of participants. I designed the experimental treat-
ments to simulate situations when pedestrians move inde-
pendently and when they move in small social groups. In
the individual treatment, I gave participants the follow-
ing instructions: °imagine you are commuters at rush
hour. Don’t wait for others when exiting. ” In the social
treatment, I assigned participants to groups of 3-4 indi-
viduals (indicated by numbered hats, e. g. all group
members wear hats with the number 3). I instructed par-
ticipants as follows: ‘stay in your group. Try to exit to-
gether. Behave as you would if you were a group of

friends.”’

Many of the participants arrived in social
groups and this social attachment was used wherever pos-
sible in the construction of social groups for the experi-
ment. However, I did not record data on social affilia-
tions. In London, this resulted in seventeen groups of 4
and one group of 3 individuals and in Bristol, I obtained
nine groups of 4 and one group of 3 individuals. In all
trials, I instructed participants to walk at a normal speed
and to avoid physical contact.

In the London experiment, I first conducted two
runs under the social treatment and then two runs under
the individual treatment. In the Bristol experiment, I
reversed the order in which I tested the experimental
treatments.

To investigate the effect of social group membership
on microscopic interactions between pedestrians, I iden-
tified the hat number corresponding to each of the traj-
ectories recorded. Similarly, to explore any effects gen-
der had on interactions in front of bottlenecks, I cate-
gorised the gender of pedestrians to male or female,
based on their clothes, hair and body shape in video re-
cordings, and recorded this information alongside the
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corresponding trajectories. While it could be argued that
my categorisation is subjective and somewhat limited, I
suggest that in the interest of parsimony and given the

data collected, this is the most suitable approach. I ex-
pect discrepancies between my gender assignment and
the biological sex of participants to be infrequent.
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Fig. 1

(a) Schematic illustration of the experiment and data used in statistical models. Models predict the time interval between

consecutive pedestrians, At, based on the distance of the closest pedestrian to the exit (d;), as well as gender and social

group membership (indicated by hat numbers, e.g. 4, 5, 8). For example, a change in hat number between consecutive pedestrians

could affect the length of the time interval between them. The inset shows the distribution of time lapses, At, for the London data

with a Gamma distribution fit. (b) Still image of the experiment in Bristol. Hat numbers are clearly visible. The faint vertied line in front

of the bottleneck indicates the exit location used in the analysis

2.2 Statistical Models

To quantify the effect social group membership and
gender have on microscopic interactions in front the bot-
tleneck, I extend a previously developed framework of
statistical models [ 17]. In these models, I assume that
the time lapse between two consecutive pedestrians pass-
ing through the bottleneck, Af,(p indicates the tempo-
ral ordering of time lapses), depends on the positions,
gender and group membership of pedestrians in front of
the bottleneck. The distribution of time lapses provides
useful measures. Its mean is related to the pedestrian
flow through the bottleneck and the frequency of large
outlier values indicates the likelihood of jams in which
the pedestrian flow stops temporarily.

Specifically, I model the time lapse random variable
T, which takes values At, using a gamma distribution,
T,~I(#,1, ¢), with mean #,, and variance o. I treat
¢ as a constant model parameter. As I consider a narrow
bottleneck , only one pedestrian at a time can enter it. In
our previous analysis [ 17 ], we investigated different
models for /,, based on the relative positions of pedes-
trians in front of the bottleneck at the time point when
the previous pedestrians passed through the bottleneck
(as indicated by the index p-1). We found that a model
based on the distance of the nearest pedestrian to the ex-
it, d;, was best supported by both of our datasets. Now
I use this model as a starting point and extend it to test
for gender and group membership effects. The model
for ¢, therefore takes the following form:

P = Cay d; — ay)? + e @))

In equation 1, «; and a, are model parameters, d; is
the distance of the pedestrian nearest to the exit at the
time point when the previous pedestrian has entered the
bottleneck (see figure 1 for an illustration) and the
quantity S,, contains several explanatory factors that are
designed to capture gender and group membership
effects. I use the exponential of S, in my model formu-
lation to ensure that explanatory factors which may in-
crease or decrease 4, can be combined easily whilst en-
suring that #,; remains positive. I consider four explan-
atory factors, w;, w,, wy and w, that are combined lin-
early in S,,, such that S,, = a3+ w, + wy + wy + wy,
where a3 is a model parameter.

The first explanatory factor captures a general
treatment effect or, equivalently, an effect of the order
in which treatments are tested (recall that the order in
which the treatments were tested differed between the
ay X,H ’

where «, denotes a model parameter and X ,; takes value

London and Bristol experiments). I set w; =

zero if the data point is recorded in the individual treat-
ment and value one if it is recorded in the social treat-
ment. If o, takes positive values. this indicates that time
lapses, At,, in the social treatment are generally lon-
ger. For the London experiment this would suggest that
the time lapses in the first set of two runs are longer and
for the Bristol experiment it would suggest that time lap-
ses are longer in the last two runs.

The second explanatory factor tests if there is a
difference in the time lapse between members of the
same social group compared to individuals from different

social groups. Similar to above, I set w, = a5 Y,1,
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where o5 denotes a model parameter and Y, takes value
zero if there is no change in hat number between consec-
utive pedestrians in the social treatment and value one if
there is a change in hat number or if the data is recorded
in the individual treatment. Therefore, if a5 takes posi-
tive values, this indicates that time lapses are larger be-
tween independent individuals.

With the third explanatory factor, I test if there is
an effect on the time lapse between consecutive pedestri-
ans when pedestrians of the same or different genders
follow each other. One reason for including this explan-
atory factor is that there may be a difference in how
closely pedestrians of different genders want to follow
each other compared to pedestrians of the same gender.
I model such effects by wy; = agU,1 + a7 V15 Where as
and «; denote model parameters. The dummy variable
U,, takes value one when a male pedestrian enters the
bottleneck after a female pedestrian. V,, takes value
one when a female follows after a male pedestrian. For
all other scenarios including when there is no difference
in gender between consecutive pedestrians, the dummy
variables take value zero. To give an example, if o
takes positive values, this indicates that time lapses are
larger when a male follows after a female pedestrian
compared to the base line when there is no difference in
gender.

The final explanatory factor tests for the effect dif-
ferent combinations of genders in front of the bottleneck
have on the observed time lapse. I consider the two pe-
destrians closest to the exit and set W, = asQp1 T a9 Zp1s
where a5 and a, are model parameters. Q,; takes value
one if the two closest pedestrians are both male and zero
otherwise. Similarly, Z,, takes value one when the two
closest pedestrians are both female and zero otherwise.
The rationale for including the explanatory factor is that
cultural norms may cause pedestrians of one gender to al-
ways let the pedestrians of the other gender exit first,
even if this causes a time delay (e.g. traditionally, men
used to hold doors open for women in some societies
[14D.

I investigated additional explanatory factors, such
as a general gender effect or effects of differences in hat
number between the two pedestrians closest to the bot-
tleneck. However, their values were correlated with
other explanatory factors and I therefore did not include
them in the final model.

2.3 Statistical Analysis

I use a standard maximum likelihood approach to fit
the full statistical model to my two datasets [ 18]. Details

of this procedure specific to my modelling framework
can be found in previous work [17]. I use residual plots
to ensure that model assumptions hold (not shown for
conciseness). When fitting my model, I only consider
data when at least two pedestrians are still in front of the
bottleneck. This results in 276 data points for the Lon-
don experiment (4 runs with 71 participants) and 147
data points for the Bristol experiment (4 runs with 39
participants; in one run, I only record the exit time, but
not the trajectory of the last pedestrian).

Model fits yield maximum likelihood estimates for
the model parameters. I obtained standard errors for pa-
rameter estimates using 1000 bootstrap samples of the
data. For each bootstrap sample, I constructed a dataset
of the same size as the observed data by sampling from
the observed data with replacement. I then fit the full
model to this resampled dataset and recorded the param-
eter estimates. The standard deviation of the parameter
estimate distribution obtained from 1000 such resampling
procedures provides a standard error estimate [19].

I use likelihood ratio tests to test the hypothesis if
including parameters significantly increases the likeli-
hood of models [18]. Briefly, this test compares the
maximum likelihood of the full model to a reduced model
where the parameter(s) under investigation are set to ze-
ro. This test should not be interpreted in terms of effect
sizes of explanatory factors. Rather, it provides evi-
dence for whether model parameters should be set to

zero (i.e. not included in the model).

3 Results and Discussion

First, I investigate if the experimental treatments
had a global effect on the observed egress times in the
experiments. Fig. 2 shows that in the London experi-
ment, egress times were larger in the social treatment,
while in the Bristol experiment this trend is reversed. As
I changed the order in which I tested the treatments in
the two experimental locations, I cannot rule out the
possibility that effects of the social treatment are masked
by stronger effects relating to the order in which experi-
mental runs are conducted (e. g. participants might get
used to the experimental setup and exit faster in later
runs). To be able to make clear statements on the global
effects of my treatments, a larger number of replicate
experiments with different groups of participants is
required. These results demonstrate the importance of
including a sufficient number of independent replicates

into experimental studies.
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Fig. 2 Number of pedestrians who have exited plotted against time for
the London and Bristol experiments. 1 plot data for each run of the
experiment, Lighter/darker colours indicate later/earlier runs and

dashed/solid lines indicate the individual/social treatments,

respectively. Vertical lines indicate the total egress time

As the data is too limited for reliably establishing
global effects, I investigate effects of the treatments, as
well as gender, on interactions immediately in front of
the bottleneck using my statistical model. I report the
results from fitting the model to the experimental data in
Table 1 and Table 2.

For the London experiment, I find that only the ex-

planatory factor w;, which captures effects of pedestri-
ans of different genders following each other, has a
small p-value (Table 1). All other p-values are high.
This suggests that I do not have sufficient evidence to re-
ject the hypothesis that the parameters associated with
the explanatory factors w;, w, and w, take the value ze-
ro (i.e. have no effect). This means that based on my
analysis, social group membership (factors w; and w,)
does not help to explain the observed time lapses be-
tween consecutive pedestrians. In addition, I find high
estimated standard errors for most parameter estimates.
This indicates that the trends in the data that are associ-
ated with the different explanatory factors are not par-
ticularly robust. This could be an inherent feature of the
data or a result of a relatively small data set. While the
effect sizes of explanatory factors on time lapses are gen-
erally small (less than 0.1 s), the parameter estimates
for w; suggest that male follow female pedestrians more
closely and female follow male pedestrians less closely
when compared to the baseline of pedestrians of the
same gender following each other. I discuss this finding
in more detail below.

Table 1 Model fitting results for the London experiment. I show results for the four explanatory factors related to group membership or

gender effects. In the first column, I indicate in brackets the baseline against which the observed effects should be compared (see methods

for details). I report the test statistic for the likelihood ratio test, indicating the degrees of freedom used in this test in brackets (equal to the

number of free parameters for explanatory factor under consideration). P-values are from this test and I report effect sizes on time lapses

for each parameter separately. Estimates for remaining model parameters: a; =0.001+0.001; a2 = —0.592%0.180;
o3 = —1.714%£1.988; 6=0.065%0.009. All parameter estimates are from the full model. The letters ‘m’ and ‘f’ denote
‘male’ and ‘female’, respectively. By ‘f>m’, I denote that a male follows after a female pedestrian

Test statistic, Effect size against

Explanatory factor Parameter estimate *s.e. p-value .
D (d.f.) baseline (secs)
wi, treatment effect
o as = 0.284+1.381 2.219 (1) 0.136 0.059
(individual)
w2, change in hat number
as = —0.009+1.113 0.003 (1) 0.959 —0.002
(no change)
3, che i d = 0.426+1.002 [m—~f], 0.096 [ m—f],
w3, change 1n gender a6 L ‘ ] 9.963 (2) 0.007 [m‘ ]
(no change) a7 =—0.269%2.952 [ f—>m] —0.043 [f>m]
s der of t = 0.030%+3.357 [2m], —0.005 [2m ],
e gender of two o 2m] 0.041 (2) 0.980 [2m]
closest (1m, 1f) a9 = 0.018%0.484 [2f] 0.003 [ 2f]

My findings for the Bristol experiment (Table 2)
generally match the results for the London experiment
with one important exception which I discuss in more de-
tail below. As before, I find a low p-value for the ex-
planatory factor w; and parameter estimates suggest the
same effects (men follow women more closely and vice-
versa when compared to the baseline of no difference in
gender between consecutive pedestrians). Explanatory
factors w, and w, both have nonsignificant p-values and

they therefore do not help to explain the observed time
lapses.

In my results for the Bristol experiment (Table 2), 1
additionally find a low p-value for the explanatory factor
w; . In contrast to the London experiment, I find a neg-
ative parameter estimate for a,, the parameter in w;.
This could suggest that there is an overall reduction in
the time lapses between consecutive pedestrians in the
social treatment. However, as the order of the runs co-
incides with the treatments (the two runs under the so-



Controlled experiments

97

cial treatment are conducted last), I cannot reliably es-
tablish if this effect is due to the social treatment or the
run order. In the London experiment, I first conduct
two runs in the social treatment and then two runs in the
individual treatment and I estimate a4 to be positive,
meaning that time lapses are higher in the first two runs.
In the Bristol experiment, the order of the treatments

was reversed and I estimate o, to be negative. There-
fore, if I interpret w; as capturing a difference between
the first set of two and the second set of two runs in both
experiments, then the change in sign of «, between the
London and Bristol experiments is consistent with a de-
crease in time lapses in the two later runs.

Table 2 Model fitting results for the Bristol experiment. See caption of table 1 for details. Estimates for remaining model parameters:
a1=0.003£0.001; a>=0.005£0.300; o3=—0.46411.239; ¢=0.052%0. 006. All parameter estimates are from the full model

Test statistic, Effect size against

Explanatory factor Parameter estimate *s, e, p-value .
D . f.) baseline (secs)
wi . treatment effect
Lo as=—0.2691£1.104 12.575 (1) 0.0004 -0.148
(individual)
2, che in hat b
vz, change m it iumber s = —0.063%1.007 0.338 (1) 0.561 ~0.039
(no change)
, che i d ; = 0.181£0.230 [m—f], 0.125 [m—f],
Y, change tn gender s ) [m~f] 12.813 (2) 0.002 [m—t]
(no change) a7=—0.223+£2.519 [f>m] =0.126 [f>m]
, d ft =-0.013£0.677 [ 2m], —0.008 [2m |,
Wi gender of two a [2m] 0.017 (2) 0.991 [2m]
closest (1m, 1f) a9 = —0.0010.272 [2f] —-0.001 [2f]

To reliably disentangle global treatment effects
from consistent differences between earlier and later ex-
perimental runs,my model would have to be extended by
accounting for both of these explanatory factors sepa-
rately. I refrain from doing so here, because a full in-
vestigation of these factors should include experimental
data where individual runs of different treatments are al-
ternated-a scenario I did not test. However, seeing that
any potential treatment effects appear to be masked by
the order in which runs were conducted in my experi-
ments and considering the generally low effect sizes I ob-
served, I suggest that if there are any global treatment
effects, they are likely to be weak.

To gain an insight into the extent to which my sta-
tistical model captures the global patterns I observe, I
use the mean time lapses predicted by my model to ob-
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tain an estimate of the egress time for each experimental
run (Fig. 3, compare to Fig.2). First, I only include the
explanatory factor w; into my model, as I found a low p-
value for it in both data sets. This reduced model does
not predict the separation between runs in the social and
individual treatments I observe in the data (Fig.3(a)).
Second, T use the full model as reported in tables 1 and 2
to predict mean time lapses. For this model, I qualita-
tively obtain the same global pattern for the London da-
ta, but not for the Bristol data. This analysis suggests
that while my statistical model successfully captures some
factors that determine time lapses between consecutive
pedestrians passing through a bottleneck, a substantial a-
mount of variability in the observed dynamics remains

unexplained.
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Fig. 3 Number of pedestrians who have exited plotted against time for all experimental runs. Instead of plotting observed time lapses between
consecutive pedestrians passing through the bottleneck, I plot the predicted mean time lapse, p,1, from a statistical model fit to the data.
(a) Predictions from a model in which all explanatory factors apart from ws , which improves the model fit across both data sets, are removed from

the model. (b) Predictions from the full model. Data is presented in the same way as in figure 2. Vertical lines indicate the total egress time
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4 Conclusions and Outlook

In summary. I find that a social treatment effect on
time lapses is likely to be weak if there is an effect at all.
With regards to this finding, two important aspects
should be considered. First, my experiment only simu-
lates social groups and the behaviour of pedestrians out-
side of experiments may well be different. This issue
could be addressed by applying my approach to observa-
tional data (e.g. similar to previous studies [8-9]). Sec-
ond, pedestrian behaviour is likely to change considera-
bly depending on the context. For example, in highly
stressful evacuations, the effects of social groups may be
different and possibly more pronounced than what I can
observe in controlled experiments (e. g. see reports from
crowd evacuations [4]).

Based on my findings reported here and in previous
work [16], I suggest that in low-pressure egress situa-
tions, social groups within crowds can have an important
effect on egress times, but that this effect is likely to be
more substantial in different, non-movement phases of
the egress (e. g. pre-movement time). However, this
hypothesis should be put under careful scrutiny and anal-
ysis of additional experimental and observational data in
which social groups are introduced in different ways (e.
g. [15]) should help to clarify this notion. Further-
more, my statistical model only considers interactions
immediately in front of the bottleneck. It is possible that
the desire of social group members to maintain spatial
proximity [4] causes substantial self-sorting dynamics in
crowds which could impede the crowd flow further up-
stream or downstream from bottlenecks.

I found a consistent gender-related effect in both of
my data sets. Specifically, my findings suggest that there
is a shorter time gap between men who follow women
than vice versa. There are a number of possible explana-
tions for this finding. For example, the pedestrian
crowds I tested may have included many mixed-sex cou-
ples which moved closely together with the women mov-
ing in front of the men. More prosaically, this finding
could be related to average differences in height between
genders. As pedestrians exit through the bottleneck,
they accelerate. When accelerating, humans shift their
upper body forward. This means the position of the head
(which I tracked) is shifted forward relative to the rest
of the body and the size of this shift may depend on how
tall a pedestrian is. If men are on average taller than
women in the crowds of participants (which is likely,
considering population-wide trends), this could explain
the observed effect (men’s heads shift forward more rel-

ative to women’s heads when accelerating). However,
with my data I cannot test either of these hypotheses.
Considering practical applications, the gender ratio is
unlikely to be a sensible parameter that can be controlled
to make egress more efficient. I therefore suggest that
my gender-related findings are interesting, but difficult
to explain and unlikely to be of relevance for applica-
tions.

The inconclusive global effects of my treatments are
a useful reminder: when conducting experiments with
treatments that are designed to alter the behaviour of in-
dividuals, it is important to perform multiple replicate
experiments with different and independent groups of
participants. If only one experimental group is studied,
the findings may not generalise and may be caused by al-
ternative factors such as the order in which treatments
are tested. While these considerations should be obvi-
ous, the expense and time effort required to conduct ex-
periments with large numbers of pedestrians provide a
strong incentive to limit the number of groups tested (I
only tested 2 groups here).

I suggest that my approach of using statistical mod-
elling to better understand microscopic interactions with-
in crowds provides a useful way forward in this matter.
Instead of only analysing one global measure for a crowd
(e.g. egress time), I investigate many data points repre-
senting instances of potential interactions between indi-
viduals. Established statistical theory allows us to test
whether these data points can be studied independently
or not (e. g. by studying residuals, see [17]). In addi-
tion, I have shown that my approach can be used to
compare data sets (see also [17]). Finally, I suggest that
a particular advantage of my approach is that it allows us
to study details of behaviour, but still take other impor-
tant aspects into account. For example, here I study the
effect of social groups and gender whilst accounting for
the variability in the data that can be explained by pe-
destrian positions in front of the bottleneck. My model-
ling framework is therefore a rigorous approach to quan-
titatively study pedestrian behaviour, even when it is dif-
ficult to collect enough data for investigating effects at
the level of the whole crowd.
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