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Abstract

The bystander effect suggests that people are less likely to as-
sist in an emergency when others are present. Traditional theo-
retical accounts attribute this effect to top-down reflective pro-
cesses, such as the diffusion of responsibility. However, re-
cent research has proposed a two-system approach, suggesting
that an individual’s initial response to an emergency is personal
distress and avoidance, which is further amplified by the pres-
ence of bystanders. In this study, we embed the two-system
approach into an evidence accumulation model and argue that
a higher distress and avoidance response causes slower evi-
dence accumulation. We conducted a reaction time experiment
where participants got exposed to faces or control stimuli and
had to judge if a scene was dangerous. Our results confirm
our hypothesis: Individuals exposed to faces had slower evi-
dence accumulation for dangerous decisions. These findings
contribute to a mechanistic understanding of how the antic-
ipated bystander presence can influence early reflexive reac-
tions to emergencies.

Keywords: bystander effect; drift diffusion model; cognitive
modelling; perception

Introduction

The bystander effect is a phenomenon where individuals are
less likely to intervene or help in an emergency when others
are present. This was famously exemplified in the tragic mur-
der of Kitty Genovese, where multiple witnesses observed the
attack but failed to intervene. The aftermath of this case led
to psychological research on the bystander effect.

Darley and Latané (1968) conducted the first controlled
laboratory experiment to test this real-world observation.
They instructed participants to discuss college-life problems
with other students who were actually all confederates who
played the role of bystanders. Participants were placed alone
in a room and communicated with the others over a micro-
phone. During the discussion, a confederate simulated an
epileptic seizure. When participants were the only witness
to the emergency, they always helped. However, when par-
ticipants were grouped with more confederates, they showed
slower response times and a diminished likelihood to help.

Later research has expanded the scope of the bystander ef-
fect to include general danger detection in the presence of
others. First, the effect is not limited to emergencies involving
human victims. An example is a study by Latané and Darley,
where participants waited in a waiting room which suddenly
filled up with smoke. Remarkably, when other individuals
were present in the same room, participants often neglected to
report or even recognise the emergence of the smoke (Latané
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& Darley, 1968). Second, bystanders do not necessarily need
to be physically present to influence the situation, as demon-
strated in Darley and Latané’s (1968) classic study where the
contact with bystanders was only over a microphone connec-
tion. The bystander effect has also been observed in virtual
environments such as chat rooms (Markey, 2000), mail-lists
(Barron & Yechiam, 2002), when observing cyberbullying on
the Internet (Machackova, Dedkova, & Mezulanikova, 2015;
for review see Rudnicki, Vandebosch, Voué, & Poels, 2023)
and even when the social context was only implied or imag-
ined (Garcia, Weaver, Moskowitz, & Darley, 2002). These
findings highlight the far-reaching influence of the bystander
effect across different contexts and situations.

Traditional theories attribute the bystander effect to sit-
uational top-down processes based on norms or social in-
fluences (for corresponding theories, see Latané & Darley,
1970; Latané & Nida, 1981). One widely accepted expla-
nation is the diffusion of responsibility, which suggests that
when there are multiple observers, individuals are less likely
to intervene or provide assistance because they perceive the
responsibility to act is shared among the group. The indi-
vidual feels less accountable, resulting in inaction (Latané &
Darley, 1970). Such explanations provide good descriptive
understanding but cannot explain underlying psychological
mechanisms (Fischer et al., 2011). More recent findings can
also not be explained by traditional accounts. Evidence from
bystander effects in rats suggests that the effect is not solely
driven by human social norms (Havlik et al., 2020). More-
over, the bystander effect can be elicited by priming a social
context (see Garcia et al., 2002), indicating that the effect can
occur with implicated or imagined social influence.

In summary, while the traditional theories of top-down pro-
cesses can explain aspects of the bystander effect, they cannot
account for all bystander findings. The proposed top-down
processes involving social norms and influences can hardly
explain animal bystander behaviour. For studies where by-
stander presence is only imagined, classic top-down explana-
tions reach their boundaries. Therefore, to account for these
effects, bottom-up processes must be considered. In the fol-
lowing, we will discuss bottom-up perspectives and expound
on a corresponding theory.

Many neuroscience studies indicate a need to consider
bottom-up explanations. In Hortensius, Schutter, and de
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to decide whether or not it showed a dangerous situation. Par-
ticipants with high personal distress exhibited lower motor
corticospinal excitability (indicating less action preparation)
with more bystanders. This effect was even more pronounced
under cognitive load, suggesting that the bystander effect
may reflexively impact action preparation. Further evidence
comes from other human neuroimaging studies focussing on
subconscious brain processes. For example, a study found
that the presence of bystanders during an emergency was
linked to decreased activity in areas associated with action
preparation (Hortensius & de Gelder, 2014). Another study
found increased activation in premotor brain areas when par-
ticipants observed confrontations between others, regardless
of their attention to the situation (Sinke, Sorger, Goebel, & de
Gelder, 2010). This suggests that unconscious processes are
activated when observing an emergency.

A recent perspective suggests that the bystander effect is
influenced by reflexive bottom-up processes that occur before
reflective, norm-based or social-influence-driven processes
come into play (Hortensius & de Gelder, 2018). This perspec-
tive posits that when facing an emergency, a person’s immedi-
ate distress triggers a fast fight-freeze-flight response (system
I, see Figure 1A), which inhibits helping behaviours. This
inhibitory effect is amplified in the presence of bystanders.
Conversely, a slower and reflective system for sympathy (sys-
tem II) promotes helping and counteracts the initial inhibition
from system I. The net outcome of both systems determines
the final behavioural outcome. The exact calculation of this
net outcome was not clearly defined in the perspective pa-
per of Hortensius and de Gelder (2018). If we strictly follow
the proposed opponent process model approach (see Graziano
& Habashi, 2010; Solomon & Corbit, 1974), as mentioned
by Hortensius and de Gelder, the activity of both processes
would be summed at any time point. However, given that
the slow reflective system II lasts longer than the fast reflex-
ive system I, this process would eventually always lead to
helping behaviour. In this scenario, the assistance behaviours
would be postponed, not hindered, contradicting the previous
bystander literature. Therefore, we propose that the process
must be able to terminate without resulting in helping. To
fulfil this requirement, the net outcome function is not sim-
ply the sum of the two systems’ current states of activation
(i.e. their probability density function; PDF). Instead, both
systems contribute to one cumulative density function (CDF)
over time. The CDF has the advantage that it takes into ac-
count the activation of the systems at previous time points.
The lower part of Figure 1B illustrates a CDF for the net out-
come of both systems in Figure 1A. The CDF can be inter-
preted as an evidence accumulation process that determines
the behavioural outcome.

Inspired by the reflexive bystander theory (Hortensius &
de Gelder, 2018), we propose a drift-diffusion model (DDM;
Ratcliff, 1978) approach to study implicit bystander effects.
The DDM, an evidence accumulation model, is often used for
modelling reaction time data for dichotomous decisions (for

non-technical primers, see Alexandrowicz, 2020; Johnson,
Hopwood, Cesario, & Pleskac, 2017). The DDM assumes
that people accumulate information over time until a decision
criterion is met. In the DDM, the two possible decisions are
modelled as an upper and lower boundary, with the evidence
accumulation process starting between them (commonly ex-
actly in the middle). A decision is made when the evidence
accumulation reaches one of the boundaries. This evidence
accumulation process is exemplified in the upper half of Fig-
ure 1B. In the following, we show how the DDM applies to
the bystander effect. Essentially, bystanding is a slowed or
inhibited danger detection. Applied to the dichotomous deci-
sion framework of the DDM, bystanding can be investigated
as deciding whether a situation is dangerous or safe. For mod-
elling the decision-making process, the DDM has four main
parameters that we briefly introduce. 1) Bias B: Before any
evidence accumulation starts, people may be inclined towards
one of the two alternatives. For danger detection, this means
that people have specific presumptions that a situation usually
is dangerous (high B) or safe (low ). In Figure 1B, the bias B
marks the y-axis starting point of the evidence accumulation.
Typically, B is represented by a value between 0 and 1, where
.5 represents a starting value that lies exactly in the middle of
both alternatives (i.e. neutrality). 2) Threshold a: This repre-
sents the amount of information that needs to be accumulated
to reach a decision. A higher threshold means more informa-
tion is required. Applied to danger detection, a person with a
higher threshold either needs more time or a more vivid per-
ception before drawing any conclusion about the danger of
the situation. See the upper dotted line in Figure 1B. 3) Drift
rate v: The average speed of evidence accumulation. It can
be positive or negative, as the average evidence accumulation
can go towards the upper or the lower alternative. A large ab-
solute drift |v| means a fast evidence accumulation. In danger
detection, a high drift v would be interpreted as a fast evi-
dence accumulation towards either the decision ‘dangerous’
or ‘safe’. We hypothesise the drift rate v to be central to the
bystander effect, as it directly corresponds to the current net
outcome of system I+I1, that we previously introduced as the
CDF. 4) Non-decision time T: Any reaction time (RT) compo-
nents not part of the decision-making process, such as motor
response time or visual perception time. In Figure 1B, 7 is
represented as a shift on the x-axis.

Figure 1B illustrates the application of the reflexive by-
stander theory to a DDM process. We propose that, except
for the drift rate v, the parameters remain constant across
different bystander conditions for the following reasons. In
their foundational paper, Hortensius and de Gelder (2018)
suggested that in a dual-process model, the bystander ef-
fect strengthens the distress system 1. Although their model
suggests that the bystander effect does not affect system II,
the one-sided change in system I leads to a reduced net out-
come for both systems (i.e. a lower likelihood to help) at
any given time. Hence, when a decision-maker without by-
standers reaches a particular likelihood to help at time point
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Figure 1: A two-system approach for explaining the bystander effect. Once observing an emergency, a fast reflexive fight-
freeze-flight system I becomes active, which inhibits helping. The system I effect increases the more distress one experiences.
The bystander effect takes place by increasing the distress effect on system I. After some time, the slower and reflective System
II for sympathy starts to promote helping. Whether one helps or not depends on the net result of both systems (Hortensius &
de Gelder, 2018). (A) shows the density functions of both processes. System I starts early and is more intense when there is
a bystander effect. System II starts later but lasts longer. The lower part of (B) shows the net outcome cumulative functions
when adding the likelihood functions of A together. Once the functions reach the upper boundary, system II has successfully
outweighed the effects of system I and the person helps. The upper part of (B) maps the cumulative net outcome functions part
onto the evidence accumulation process of the Drift Diffusion Model. First, there is the non-decision time T. At the beginning
of the decision-making process itself, all evidence accumulators start at the same point (with the same bias B) and accumulate
information until they reach a threshold o. Since system I has affected the net outcome functions differently, all the evidence
accumulators have different average drift rates until they reach the threshold (equal for all accumulators). The drift without

bystanders (v4) has the highest value. The drift rate is decreased with a stronger bystander effect (i.e. vy > vy, > vy).

U, the same decision-maker exposed to bystanders will reach
the same likelihood at time point u+ x with x > 0. This ef-
fect is due to changes within the decision-making process,
which implies a change in the evidence accumulation rate
(drift v). When two accumulation processes start at the same
time point and have the same bias, yet one accumulation pro-
cess is slower than the other, this implies a lower drift. The
social influence literature backs this perspective. Germar,
Schlemmer, Krug, Voss, and Mojzisch conducted an experi-
ment where participants had to determine the majority colour
of a bunch of dots on a screen. When shown the answers
of others, participants increased the drift rate towards the re-
sponse favoured by the others, even when the colour discrim-
ination task was unambiguous (Germar et al., 2014). Further
evidence supporting this comes from the first-person shooter
task, a different domain of danger detection, where people
decide if an image of a person includes a gun. Depending on
the individual’s skin colour in the image, the evidence accu-
mulation towards the decision boundaries is affected: a lower
drift towards the decision ‘gun’ is observed when the per-
son is white compared to black (Pleskac, Cesario, & Johnson,
2018). This suggests that even visual stimuli without direct
and conscious relevance to the target task may affect the ac-
cumulation drift.

Regarding the remaining three parameters, we do not an-
ticipate any direct effects. 1) For the bias B, bystander ef-

fects are unlikely to affect an individual’s preference towards
one of the two alternatives before the decision-making pro-
cess. 2) Although changes in the threshold o are theoreti-
cally possible, they are not considered by the model proposed
by Hortensius and de Gelder (2018). Theoretically, people
could increase their threshold to avoid premature, inappro-
priate behaviour, but this contradicts our theory: When they
adapt their criterion in response to bystanders, this would im-
ply that there is not a dual process (of system I and system II)
involved, but that only one system would adapt its criterion.
3) Changes in the non-decision parameter T are theoretically
possible and compatible with the model. The stronger activa-
tion of system I could lead to slower motor responses. How-
ever, this effect would not be due to shifts in system I of the
2-system approach but rather a pure freezing effect in others’
presence. Therefore, we argue that this may not constitute the
main bystander effect.

Building on the work of Hortensius and de Gelder (2018),
we propose to adopt a reflexive perspective and hypothesise
that the mere presence of others triggers the bystander ef-
fect. Previous studies on bystander behaviours were either
conducted in a complex social context, making it challeng-
ing to ascribe behaviour to specific processes (e.g. Darley
& Latané, 1968; Latané & Darley, 1968), or they implicitly
modelled a social context in which others’ actions were in-
consistent with the emergency (e.g. Hortensius & de Gelder,
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2014; Hortensius et al., 2016). Here, we introduce a new
paradigm in which participants must quickly classify scenes
as dangerous or safe. The bystander effect is primed using
displayed facial images. The facial expressions are manip-
ulated to align or conflict with the emergency, altering the
perceived context. We hypothesise that the bystander effect
would manifest independently of the emergency congruence
of the facial expression.

We hypothesise that the bystander effect can be attributed
to increased activation of system I (see Hortensius & de
Gelder, 2018), and this effect could be explained by a slower
evidence accumulation for the decision to help. Our primary
hypotheses are as follows: (1) slower RT when the bystander
effect is primed, regardless of whether the facial expression
is congruent with the emergency. (2) In the DDM, we expect
a decreased drift v for the decision to help.

Methods
Participants

We recruited ninety-three participants from the Prolific online
platform (prolific.co). We excluded six participants who re-
fused to answer and two for low accuracy (< 60%). The final
sample consisted of eighty-five participants (37 female, 2 un-
known) with an average age of 24.53 years (SD = 4.81). The
Ethics and Discipline Committee of Lingnan University ap-
proved the study. All participants provided informed consent
and were paid 4.5£ to compensate them for their time.

Stimuli

For our study, we designed an image classification task that
involved scenes depicting either a safe and non-threatening
environment or a dangerous situation involving a fire. The
scenes were sourced from the Comprehensive Disaster
Dataset (Niloy et al., 2021). This is a rich dataset that con-
tains labelled dangerous (such as fire) and non-dangerous
naturalistic situations. Sourcing both situation categories
(dangers/non-dangerous) from the same dataset alllowed us
to reduce systematic differences between the images occur-
ring from non-category influences. Further, we deliberately
chose naturalistic scenes to closer resemble real-world dan-
ger detection, as it is for relevance in typical bystander situ-
ations. We randomly sampled (without replacement) 48 im-
ages from each of four different categories: wildness-safe,
wildness-fire, urban-safe and urban-fire. The images were
then cut to 150x150 pixels and transformed to a grey scale.
We visually inspected each image to ensure that the images
were suitable for the study. A single researcher filtered out
any images on which humans were present or where the con-
tent was not clearly categorisable as being safe or dangerous.
After filtering, replacement images were sampled from the
same categories. To expand the image set further, we mir-
rored all the images horizontally. In total, the final scene data
set contained 384 images.

The face images were sourced from the Chicago Face
Database (Ma, Correll, & Wittenbrink, 2015). The database

contains face images of individuals showing a specific ex-
pression (e.g. smiling) and wearing a grey T-shirt against a
white background. Further, each face was rated by a large
sample on different criteria (e.g. attrativeness). We sam-
pled face images of six different individuals, each showing
a smile (emergency-incongruent) and a neutral (emergency-
congruent) facial expression, resulting in twelve images. Our
sampling criteria included attractiveness (within Q1 and Q3),
age (within Q1 and Q3), trustworthiness (>Q2), race (per-
ceived as white by 100% of raters) and gender (50% female).

To create the face-coloured triangles, we scrambled the
final neutral face images. We defined an isosceles triangle
with a horizontal base whose length corresponded roughly to
the shoulder width shown in face images. The height corre-
sponded to the visible height of the face stimuli (including
the neck and shoulder). Any pixels outside the triangle were
set transparent, while pixels within the triangle were ordered
randomly, resulting in scrambled triangles.

Experimental task and procedure

In this task, participants were required to determine whether
the scene was dangerous or safe. Before the onset of each
scene, we primed participants with either a display of faces
(in the experimental condition), face-coloured triangles (in
the control condition), or no priming stimuli to create a sense
of bystander presence. The experiment was programmed us-
ing the lab.js framework (Henninger, Shevchenko, Mertens,
Kieslich, & Hilbig, 2022) and hosted on our website. Partic-
ipants were required to complete the experiment in a closed
room without any disturbances. Instructions were provided
on the screen, and participants had to successfully complete a
quiz to demonstrate their understanding before beginning the
experiment. The experiment consisted of 384 trials that were
divided into two experimental blocks. Each block began with
six training trials, followed by 186 experimental trials. Partic-
ipants were instructed to utilise the physical keyboard of their
computer/laptop to make responses using the F and J keys.

Figure 2 shows an example trial. First, priming stimuli
(happy faces, neutral faces, or triangles) were presented for a
random time between 2 and 4 seconds. Then, the scene was
shown. Participants had 1.5 seconds to determine whether
the scene was dangerous (i.e. contained fire) or safe (no
fire). If participants responded too slowly, a blue screen was
shown for 3 seconds, indicating they should respond more
quickly. If they responded within 1.5 seconds, but the re-
sponse was wrong, a red X appeared below the scene for 1
second. Lastly, an inter-trial interval with a fixation cross was
shown for 500m:s.

The experiment followed a 2 x 3 x 3 mixed design, with
within-subject factors of scenes (dangerous vs. safe) and the
number of priming stimuli/bystanders (0 vs. 3 vs. 6), and
the between-subject factor of the priming stimuli type (happy
faces, participant N = 28 vs. neutral faces N =27 vs. triangles
N =30). The within-subject design was balanced so that each
six-factor combination occurred equally often.
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Task-irrelevant stimulus
2-4 sec

Relevant stimulus
Response < 1.5 sec

only if RT>1.5 sec

Slow response
3sec

only if response is incorrect

Incorrect response

L

Inter-Trial-Interval
.5 sec

Figure 2: Screens within one trial.

Data analysis

We estimated Hierarchical Bayesian multilevel models to pre-
dict the diffusion model parameters and the logarithmic reac-
tion time. The Bayesian approach allowed us to simultane-
ously estimate the DDM parameters and calculate common
regression models. A disadvantage of the Bayesian approach
is the necessity of defining priors that could influence the
modelling results. In our modelling, we dealt with this issue
by defining little-informative (and practically uninformative)
priors. For each dependent variable, the multilevel models
followed the same structure, with the parameters being pre-
dicted by a subject-specific intercept and the within-subject
variables (scene type st - dichotomous; number of priming
stimuli np - 3 levels). Additionally, the subject-specific inter-
cept was predicted by a general intercept u and the between-
subjects variable (priming stimuli type pt - 3 levels). For a
given person i and the predicted variable/parameter y, the fol-
lowing model was calculated:

y ~ Boi + PBi1.st + Ba.np +€o.
Boi ~ N (1, 6%) +B.1pt +€0

In order to improve the signal-to-noise ratio and avoid fast
guesses, we excluded trials with RT < 300ms and missing
answers from the DDM and RT analysis.

We intentionally chose not to impose any theory-based
model restrictions because our new DDM-based explanation
for the bystander effect is first to be tested through data. This
approach allowed us to account for our uncertainty in the
effect by allowing the different conditions to potentially af-
fect any of the parameters in the model (as recommended by
Pleskac et al., 2018). For the DDM, we used participants’ RT
in milliseconds and their decisions (upper = dangerous, lower
= safe) as input variables. This implied a positive evidence

accumulation for dangerous scenes (st = dangerous) and a
negative evidence accumulation for safe scenes. As such, we
estimated two drift rates (delta safe and delta danger).

For the DDM parameters, we estimated the st predictor
only for the non-decision time tau. We did not include it as a
regressor for the other parameters because the decision pro-
cess focused on danger detection. The threshold parameter o
accounted for biases towards one alternative by incorporating
the model parameter 3. For the drift rate v, different values
were expected in dangerous vs non-dangerous situations, as
the drift goes in opposite directions. Therefore, we accounted
for this by estimating two independent v parameters.

We conducted model estimations using the R-
implementation of JAGS (Su & Yajima, 2021), with the
JAGS implementation of the Wiener distribution (Wabersich
& Vandekerckhove, 2014) for the DDM. DDM parameters
were estimated along with the multi-level predictors. For
all analyses, MCMC samples were drawn with six chains,
each consisting of 100000 iterations, of which 25000 were
burn-in. The thinning rate was set to 10. At the end of the
model estimations, all parameters had an R-Hat < 1.01.

We report the mean parameters along with their 95% High-
est Density Interval. We further provide the probability of
direction (pd; Makowski, Ben-Shachar, & Liidecke, 2019),
which indicates the likelihood that the effect goes in one spe-
cific direction. A pd value can be between .5 and 1, with val-
ues closer to 1 indicating a higher probability. Effects are ex-
pected to likely exist with pd > .97 (Makowski et al., 2019).

Results

We analysed the logarithmic reaction time and found a signif-
icant effect towards slower reaction times for smiling faces sf
but not for neutral faces nf. However, both face types tend to
have a slower reaction time, consistent with our first hypoth-
esis. We further found slightly faster RTs when the stimulus
to classify was dangerous d or when 3 or 6 priming stimuli
(p3 or p6) were present. The detailed Bayesian multilevel
regression results are described in the following regression
equation, with the mean weights in the first, the 95% HDI in
the second and the probability of direction in the third line.

log(RT) ~ Bo; —.02 xd

[~.02,-.01]
pd>.999

—.01%p3—.02%p6

[~.02,—.01] [-.02,—.01]
pd>999  pd>.999

Boi ~ —.49 +.09xsf + .04« nf

[-.53,—.44] [02,.16] [-.03,.11]

pd>.999 pd=.996 pd=.881
Our proposed model (see Figure 1) hypothesised only ef-
fects on the drift rate for the decision to help. Results are
listed in Table 1. As expected, we found no differences be-
tween conditions for the threshold o or the bias . Notably,
B had a value of .5, indicating no bias towards the safe or
risky option. For the drift rates, we did not find an effect
for the drift towards the safe option. However, we did find
a negative drift effect when the priming stimuli were smiling
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Table 1: Main analysis covering the whole 2 x 3 x 3 mixed
design. Bayesian random intercept fixed slope model on the
diffusion model parameters. Each column represents a pre-
dictor. The mean and a 95% highest density interval (HDI,
in square brackets) are listed for each estimation. Stars repre-
sent the probability of direction pd.

alpha beta delta safe delta danger tau
global estimates
1.53%*%  5Q%k* D 84wk 3.07%%*  3gHE*

K [1.44, 1.62] [.48, .52] [-3.06, -2.63] [2.84, 3.34] [.36, .39]
between subjects effects

smiling .05 .00 .16 -37* 03k
face [-.07,.17] [-.02,.03] [-.14,.46] [-.72,-.02] [.01,.06]
neutral .05 .01 21 -.34% .00
face [-.08,.17] [-.01,.03] [-.08,.52] [-.69,.01] [-.02,.03]
within subjects effects

.00
danger - - - [-.01, .00]
. -01 00 03 -05 01
Prim-3 s 03] [-02..01] [-14.08] [-.16,.06] [-01..00]
. -03 .00 04 -01 e

prim. 6

[-.06,.01] [-.02,.01] [-.07,.16] [-.12,.09] [-.01,.00]
Note: probability of direction .97 * .99 ** 999 *** ]

faces (—.37[—.72,—.02]) or neutral faces (—.34[—.69,.01]).
Following our second hypothesis, the average evidence accu-
mulation speed slowed down when faces were present. This
effect is stable and similar whether the faces are smiling or
neutral. However, the number of priming stimuli did not af-
fect the drift rate.

The non-decision parameter tau was negatively affected by
smiling face primes (.03[.01,.06]) but not by neutral face
primes (.00[—.02,.03]). This means that the non-decision
time takes longer if the face is smiling but not if it is neutral.
The non-decision time was slightly shortened by the presence
of 3 (—.01[—.01,.00]) and 6 (—.01[—.01,.00]) priming stim-
uli.

Discussion

We proposed a cognitive model of the bystander effect from a
reflexive bottom-up perspective. We argued that the decision
to intervene may be understood as a drift-diffusion process.
The mere anticipated presence of others slows this process
down, leading to a lower average drift. To test this theory,
we mapped our approach onto the drift-diffusion model. We
then conducted a Bayesian hierarchical multilevel analysis in
which we allowed all factors used in the current analysis to
affect the model parameters. We confirmed our model as-
sumptions and showed that the bystander effect may partially
be explained by a reflexive bottom-up process that leads to a
slower information uptake in the presence of others.

Our models’ central hypothesis is that bystanders’ pres-
ence causes a slowing in the evidence accumulation. Based
on pure reaction time data, we only found statistically rele-
vant effects for facial stimuli incongruent with the emergency,
such as smiling faces. However, when analysing the data with

the DDM, we found similar negative effects on the drift to-
wards the decision ‘danger detected’ in emergency-congruent
and emergency-incongruent facial stimuli. This supports our
proposed mapping of the slowed decision-making due to an
increased system I process (Hortensius & de Gelder, 2018)
and is further in line with previous studies that found so-
cial influence (Germar et al., 2014) and social expectation
(Pleskac et al., 2018) effects on the drift rate. The emergency-
incongruent stimuli also positively affected the non-decision
time. This could indicate a freezing response but requires fur-
ther investigation. In combination with the drift rate effect,
this may have further led to a significant effect on RT.

We further found small negative effects of priming stimuli
on the non-decision time. We do not have a definitive expla-
nation for this effect but propose that it might be related to an
increased level of action preparation when seeing something
compared to when seeing only the fixation cross. Systematic
investigation of this non-decision time effect is required.

Our study has limitations that we will discuss in the follow-
ing. First, we did not find effects of the number of priming
stimuli on the drift rate. This speaks against a classic by-
stander interpretation, which says that the more people are
present, the stronger the effect. However, it may align with
previous literature suggesting that priming of bystanders is
already enough for the effect to occur (Garcia et al., 2002).
Therefore, the implicit bystander effect may be interpreted as
a priming effect. However, our results regarding this are only
preliminary and may require further exploration in future.

Second, for the priming stimulus type, we only used
neutral (emergency-congruent) and smiling (emergency-
incongruent) faces. However, introducing other facial expres-
sions such as fear or anger would cover the emotion spec-
trum more comprehensively and allow a better understand-
ing of the impact of bystanders’ emergency congruency on
the bystander effect. However, given our current results, we
attribute the main bystander effect to differences in the ev-
idence accumulation speed (i.e. drift rate v). These effects
were stable independently of the facial expression.

Third, we only conducted a fire detection task and found
effects on the drift rate, which we interpret as a bystander
effect. However, it is still to be explored how far the found
effect generalises. Evidence accumulation speed could slow
down 1) only for fire detection, 2) for danger detection in gen-
eral, or 3) for any task. In line with a pure bystander effect,
we hypothesise that the effect generalises over 2) danger de-
tection in general but not over 3) other tasks. Future research
deploying different task types is required to draw conclusions
about the generalisability.
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