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Abstract

Public transport disruptions force travellers to replan, increasing
cognitive load. We frame this as an HCI problem centred on trav-
ellers’ needs and decision processes. Using a stated-preference
discrete-choice experiment that manipulates weather, disruption
certainty, travel direction, nearby amenities, and route attributes,
we model route preferences with multinomial and mixed logit mod-
els. Results show substantial heterogeneity: travel time and crowd-
edness deter selection on average, while preferences for waiting,
transfers, and mode switching vary between people. Additionally,
context systematically shifts preferences; for example, weather,
certainty, and commuting direction alter tolerance for transfers,
waiting, and crowding. Effective disruption support should adapt
to context, communicate uncertainty, and leverage environmental
affordances to reduce traveller burden.
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1 Introduction

Public transport provides important societal benefits by enabling
accessible mobility and supporting sustainable travel aligned with
(inter)national climate goals [e.g. 22, 59]. A positive travel expe-
rience is therefore crucial, as it consistently predicts continued
public transport use across countries and modes [12, 36]. Although
ridership declined during COVID-19 and has not fully recovered,
efforts have been made to attract new travellers. However, some
of these initiatives resulted in strained capacity, leading to over-
crowding and additional disruptions [15, 18, 41]. Such experiences
can undermine retention, underscoring the importance of actively
managing travel experience through effective information, decision
support, and crowding management [e.g. 1, 23, 63].

The Netherlands faces a related challenge, with declining pub-
lic transport usage despite growth elsewhere in Europe [24, 64].
Frequent planned and unplanned disruptions contribute to dissat-
isfaction by increasing uncertainty, reducing perceived control,
and introducing physical and mental discomfort [11, 14]. While
disruptions cannot be entirely prevented, how travellers are sup-
ported during them is pivotal [33, 62]. However, disruption support
often remains limited and one-size-fits-all, failing to account for
individual preferences and situational context [17, 61, 65].

Travel experience and decision-making are shaped by personal,
social, and contextual factors [29, 53, 60, 66], and there is little rea-
son to assume this differs during disruptions. While personalised
route planners exist for regular travel [e.g. 10, 40], such support
is often absent when services fail [61]. This study takes a focused
step by examining how selected contextual factors shape route
choice during train cancellations in the Netherlands. Using a Dis-
crete Choice Experiment (DCE), we address the research question:
“How does situational context influence route choice behaviour of com-
muters during train cancellations?” We contribute (1) empirical and
human-centred insights into factors shaping disrupted route choice,
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(2) an understanding of preference heterogeneity, and (3) derive
implications for designing context-aware and personalised decision
support during disruptions.

2 Related Work

Disruptions and Travel Experience. In public transport, disrup-
tions such as delays, cancellations, and detours are common and
strongly affect travellers’ experiences. Unplanned disruptions, in
particular, reduce satisfaction and perceived service quality [68],
often introducing discomfort through waiting, crowdedness, or
exposure to adverse weather [6]. Beyond physical inconvenience,
disruptions increase cognitive effort: travellers must interpret frag-
mented information and replan under uncertainty. Cognitive Load
Theory [55] highlights that such demands can quickly overwhelm
limited working-memory capacity, complicating the comparison of
alternatives [4, 62] and reducing travellers’ experience [44]. From
an Human-Computer Interaction (HCI) perspective, this under-
scores the need for decision-support systems that actively reduce
cognitive load by providing timely, actionable information and
highlighting relevant trade-offs [12, 61].

Personalised Route Recommendations. Route planners func-
tion as decision-support systems by helping travellers choose be-
tween competing routes. During disruptions, this support must
operate under time pressure and limited attention, where travellers
need help understanding implications of choices such as waiting,
rerouting, or switching travel modes. Prior HCI research shows that
effective decision support should preserve user agency, support
sensemaking, be contextually relevant, and be transparent about
trade-offs to enhance trust and adoption [2, 13, 47, 51].

Personalisation offers a way to tailor recommendations to trav-
ellers’ preferences and situational context [66]. Decision-making
theory models choices as comparisons of alternatives based on
subjective utility, reflecting travellers’ trade-offs in attributes such
as time, reliability, and context [e.g. 7, 57]. In public transport,
this means that faster but crowded or uncertain routes may be
experienced as less favourable than slightly slower, predictable
options [60]. Personalised and context-aware route planning for
regular travel has been explored using preference learning and
multi-criteria routing [e.g. 10, 16, 32, 40]. Here, travel decisions
and experiences have been shown to depend on contextual factors
such as travel purpose and direction [20, 29], crowdedness [30, 56],
weather [9, 21], and nearby amenities [61]. Simultaneously, person-
alised disruption support typically remains non-actionable [34] or
limited to high-level choices (e.g., wait vs. reroute) [e.g. 5, 8, 50],
offering little support for evaluating concrete alternatives. This
study addresses this gap by analysing how context shapes prefer-
ences among available alternative routes during train cancellations,
informing the design of context-aware, personalised disruption
support that reduces cognitive burden. We position personalised
disruption support as an HCI problem centred on understanding
travellers’ needs, constraints, and decision processes, rather than
solely improving prediction accuracy.

3 Method

To study route choice decision-making during train cancellations,
we conducted a DCE using a Stated Preference (SP) survey, a widely
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used method for modelling travel decisions [3, 28, 29]. The experi-
ment used a mixed repeated-measures design with four contextual
variables—travel direction, weather, distance to shops, and disrup-
tion certainty—yielding 72 possible scenarios. To limit participant
burden, each participant evaluated one practice task and two ran-
domly selected scenarios, each containing four choice tasks. Within
each choice task, we varied only crowdedness, while holding other
route attributes constant, enabling within-subject comparisons and
analysis of context-attribute interactions. The study was conducted
in accordance with the ethical guidelines of Utrecht University.

Variables. The dependent variable is the route choice, which is
modelled as probabilities based on route utility. The independent
variables are divided into route-, contextual-, and demographic
attributes (see Table 1).

Stimuli and Materials. We implemented the survey in Qualtrics
[48] and optimised it for laptop or monitor screens, of which par-
ticipants were notified. Choice tasks consisted of a scenario and
route alternatives, refined through a pilot study optimising clarity,
realism, complexity, and valence.

Routes were based on real Dutch journeys, with station names
altered to avoid bias. Scenarios (Figure 1) described the original
route’s origin—destination, travel mode, duration, and connection
frequency, with costs held constant, followed by randomly assigned
contextual factors and a disruption announcement describing cause
and certainty. For work-bound trips, time constraints were stated.
Alternative routes were presented as images created in Figma, mim-
icking the Dutch Railways (NS) route planner to ensure a familiar
layout. Participants selected their preferred route from waiting,
detour, or alternative-mode options (Figure 2).

Sample. Participants were recruited through the Dutch Rail-
ways (NS) travellers panel!. Sampling aimed for balance across age,
gender, and travel frequency; participants younger than 18 or older
than 70 were excluded. All participants resided in the Netherlands
and were Dutch-speaking.

In total, 681 respondents started the survey and provided in-
formed consent. We excluded 133 incomplete responses and re-
spondents who completed the experiment in under 3 minutes, in-
dicating insufficient engagement. The final sample consisted of
502 participants. The sample covered all adult age groups, with
the strongest representation between 46 and 65 years. Gender was
balanced (268 men, 220 women; 10 other/prefer not to say). Most
participants lived in urban areas (388), with 111 from rural regions.
Public transport use ranged from infrequent (< 1 X /month) to
frequent (> 3 x /week). Full demographics are reported in Appen-
dix A.

Analysis. Responses were exported and merged with route at-
tributes, categorical variables were one-hot encoded, and travel
modes were captured using two dummy variables: hastrain and
hasothermode. We estimated both Multinomial Logit (MNL) [27]
and Mixed Logit (MXL) [31] models, common in route choice mod-
elling, using backward elimination. The MNL included route at-
tribute main effects and interactions with contextual and demo-
graphic variables, modelling interactions only since context cannot
affect utility independently of route attributes. The MXL extended

!This panel consists of approximately 80000 travellers who voluntarily registered to
participate in research.
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Table 1: Description of variables used in the experiment. Divided into route attributes, context attributes, and demographic

attributes.
Name Type Description
Route attributes
log.extra_traveltime Numerical The log of the extra travel time in minutes compared to the original route.
waiting Binary Whether it is the waiting option.
transfers Numerical ~ Number of transfers.
crowdedness Binary Not crowded or crowded route.
hastrain Binary The route includes a train segment.
hasothermode Binary The route includes segments with other transport modes (bus, tram, bike).
Contextual attributes
weather Categorical ~ Sunny, windy, rain.
direction Binary Going to work vs. returning home.
disruption certainty Binary Certain (the following connection will certainly run) vs. Uncertain (the connection may not run).
distance to amenities Categorical ~Amenities in walking distance: none (no_amenities), within 5 minutes walking (5min), within 15 minutes

walking (15min).

Demographic attributes (self reported)

age

travel frequency
traveller type
region type

Categorical
Categorical
Categorical
Binary

Age grouped per 10-year bins.

How often participants travel by public transport: >3/week, 2-3/week, 1/week , 2-3/month, <1/month
Conscious, organised, casual, confident, social, venturous.

The type of region participants live in: urban vs. rural.

Scenario 1

Your daily commute is between the towns of Zonveld and Udenburg. Normally, you'd take the Intercity train, which runs directly between these
cities. The journey takes 15 minutes, and the train departs every 15 minutes. Thanks to the "2nd class always free" pass you have through your
work, you don't have to worry about the cost of the journey.

Today you're commuting alone. You have a lunch appointment at the office You're already at the station; the nearest shops and cafes are
a 15-minute walk away. It's windy outside. You see there's a disruption.
The following message appears on the information boards:

A There's a technical issue on the track near Udenburg. The next two
trains between Zonveld and Havedam are cancelled. It's still uncertain
whether the next train will run.

Figure 1: Example scenario describing the original route, context situation, and disruption. Original scenarios were in Dutch.
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Figure 2: Example choice set displaying the option to wait for the original route and three alternative options.
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this by allowing random route-attribute parameters and fixed con-
text interactions, improving robustness to unobserved heterogene-
ity. Model assumptions were met.

4 Results

We analysed data from 502 participants, yielding 4016 choice tasks
with four alternatives each (16064 observations). On a high level,
participants chose waiting 816 times (20.3%; 502 under certain dis-
ruptions and 314 under uncertain), while detours were chosen
1883 times (46.9%), and alternative travel modes 1317 times (32.8%).

We estimated both an MNL and MXL model (see Appendix D
and E for model specifications). Table 2 summarises their metrics.
Both achieved McFadden’s pseudo-R? values in expected ranges
(= 0.23 for MNL; ~ 0.41 for MXL) [42, 43]. While the MXL improved
in-sample fit (LL, BIC), differences in accuracy and AUC were mar-
ginal, indicating similar ranking performance across models. This
suggests that the gains from modelling heterogeneity primarily
enhance probabilistic fit rather than substantially altering alterna-
tive discrimination. Given this, in this paper, we rely on the MXL
model to interpret choice behaviour through its main effects and
contextual interactions, as it captures the unobserved preference
heterogeneity. To complement this, we interpret the MNL model
with demographic interactions to explore observed group-level
differences.

Mixed Logit Model. Figure 3 summarises the MXL results. All
route attribute main effects were significant except hasothermode,
although its significant random parameter indicates heterogeneous
effects. crowdedness had the strongest negative mean effect with
a low random SD. The log of extra travel time showed diminishing
marginal disutility. Transfers, waiting, and hastrain also signif-
icantly affected utility, with substantial preference heterogeneity.

Contextual interactions showed systematic effects. Relative to
sunny weather, adverse weather increased the effect of transfers,
waiting, hastrain, and hasothermode on route utility. Crowded-
ness had a less negative effect when travelling to work. The effect
of waiting increased when amenities were within a 5-minute
walk, but not at 15 minutes. Under disruption uncertainty, the
effect of waiting decreased. Full estimation results are shown in
Appendix B.

Multinomial Logit Model. Compared to the MXL, the MNL
showed limited in-sample fit but similar out-of-sample performance
(Table 2). Demographic interactions revealed modest group-level
differences. Participants aged 36+ showed lower utility for non-
train modes, stronger disutility for transfers, and weaker disutility
for crowdedness (except 66+). Crowdedness was more negative for
urban travellers and less negative for casual and confident trav-
ellers. hastrain was positive for organised and confident travellers
and negative for social travellers, who also showed a positive in-
teraction with waiting. The full estimation results can be seen in
Appendix C. These effects were modest relative to the individual-
level heterogeneity captured by the MXL.

5 Discussion

Route attributes and route choice behaviour. Overall, average
effects co-exist with substantial individual heterogeneity, particu-
larly for waiting, transfers, and mode choice. Large random standard
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deviations indicate that preferences vary strongly across travellers.
Past travel experiences shape expectations and decisions [45, 49].
This is reflected in opposing evaluations of waiting and non-train
segments: some travellers avoid them, while others prefer waiting
to avoid transfers or alternative modes. While non-train segments
show no significant mean effect, their significant random variation
indicates divergent preferences. By contrast, routes including a train
segment consistently increase utility. Sensitivity to crowdedness
also varies across groups, with a stronger effect for urban trav-
ellers and for those aged below 36 or above 65, though substantial
within-group variability remains.

Context affects route choice behaviour. Contextual factors—
including weather, disruption certainty, travel direction, and nearby
amenities— shape route preferences. We found that in disrupted
conditions, the typically negative effects [e.g. 19, 46, 58] of trans-
fers, waiting, and alternative modes are attenuated [54], particularly
under adverse weather. Rain and wind increase acceptance of trans-
fers and alternative modes, likely because these options reduce
exposure to discomfort. Waiting becomes less acceptable under un-
certainty, reflecting risk sensitivity when outcomes are unclear [35].
Crowdedness is tolerated more when commuting to work than on
the return trip, consistent with higher perceived delay costs [67].
Nearby amenities increase willingness to wait when within a short
walking distance, aligning with evidence that nearby amenities re-
duce the perceived burden of waiting [25]. The study design allowed
us to test only a limited number of factors. Numerous contextual
factors influence travellers [60, 66], and future research should in-
vestigate modelling additional factors to further improve model
performance.

Modelling individual preferences. MXL has a better in-sample
fit than MNL, indicating that random parameters captured unob-
served heterogeneity beyond demographics, context, or route fac-
tors. However, cross-validation showed no improvement in the
predictive performance, meaning that while MXL offers valuable
explanatory insight into decision-making diversity, its predictive
power remains limited.

A possible next step is to model heterogeneity in contextual
preferences more explicitly. While an MXL with random interac-
tion parameters could capture variation in context effects, it would
require a large sample and may remain unsuitable for reliable predic-
tion. In contrast, Latent Class Models (LCMs) cluster travellers with
distinct utility functions [39], potentially revealing meaningful dif-
ferences in how route and context attributes shape decisions while
remaining transparent and supporting explainability and trust in
decision support [26, 38, 51]. Future work will therefore explore
LCMs to improve route-choice prediction during disruptions.

Limitations and considerations. Several limitations apply.
One alternative was rarely chosen, limiting the estimate’s relia-
bility. Interaction effects were modelled as fixed, despite potential
heterogeneity. Some covariance correlations are just below common
thresholds. Although alternatives were designed to be independent,
independence assumptions can be tricky for route choices. While
MXL partially addresses this, future work should explicitly address
such dependencies. The study employed a stated preference method;
whether the findings persist in real-world behaviour would require
further testing.
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Table 2: Model performance (MNL vs. MXL). MXL outperforms MNL in-sample; both show limited out-of-sample performance.

*LL = Log Likelihood

Model LL* per obs. cross validation LL* AIC BIC pseudo-R?> Accuracy Micro-AUC Macro-AUC
MNL -1.07 -1.11 8704.0 8962.2 0.226 0.53 0.79 0.72
MXL -0.82 -1.11 6608.3 6727.9 0.410 0.53 0.78 0.69

context attributes

I

to work ][ uncertain ][ 5

route attributes T

log extra
travel time
0.96*

(SD=2.07%)

-2.49"
(SD=7.19*)

-

crowdedness 280°
(SD=1.88%)

route
utility

(o bg
(SD=3.52%)
hasothermode

0.10
(SD=2.71%)

Figure 3: Visual representation of the MXL results, including the attributes (boxes) and effects (arrows). Bold lines represent the
main effects of the route attributes, dashed lines represent the context interaction effects. The numbers represent the model
estimates and their standard deviations (SD) in parentheses. * indicates statistical significance at ¢ < 0.05.

Interpretation: Crowdedness has a mean effect of —2.80, which is normally distributed with a standard deviation of 1.88. When
travelling to work, the interaction effect increases the coefficient by 0.52.

6 Conclusions for Personalised Route
Alternative Recommendations

We used a stated-preference discrete-choice experiment to examine
how travellers choose between route alternatives during train can-
cellations. While the current models are not yet accurate enough for
personalised route prediction, the findings highlight clear design
directions for future decision-support systems: (i) Context-aware-
ness: Weather, disruption certainty, travel direction, and nearby
amenities systematically influence willingness to wait, transfer, or
switch modes. These factors should inform route recommendations
to align better with travellers’ own reasoning. (ii) Communicating
uncertainty: Travellers are less likely to wait under uncertainty. Pre-
vious research has shown increased reliance on intelligent systems
under uncertainty [52]. Explicitly presenting uncertainty and en-
abling comparison across options can strengthen perceived control
and reduce cognitive burden in decision-making [37]. (iii) Utilis-
ing the environment: Proximity to amenities like shops or cafes
enhances tolerance for waiting. Systems can become more envi-
ronment-focused by offering suggestions and navigational support
for these amenities when recommending waiting, thereby reducing
the perceived burden of delays.

Methodologically, latent class models (LCMs) offer a promis-
ing next step by capturing interpretable personas with distinct
preference profiles. This potentially enables more reliable and ex-
plainable decision support when combined with richer contextual

features and participant-wise validation. Overall, this work serves
as a stepping stone toward traveller-centred systems that help peo-
ple navigate disruptions more easily. By reducing cognitive burden
and making uncertainty explicit, future designs can mitigate the
negative impact of disruptions on the travel experience.
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Appendix
A Demographics

Table 3 displays the demographic composition of the sample of
in the discrete choice experiment. The total sample consisted of
502 participants.

Table 3: Demographics of the descrete choice experiment
participant sample (N = 502). Data is acquired through self
report in the survey.

Age Count Percentage
18-25 53 11%
26-35 52 10%
36-45 71 14%
46-55 97 19%
55-65 144 29%
66+ 84 17%
Unknown 1 <1%
Gender Count Percentage
Male 268 53%
Female 220 44%
Other 4 1%
Prefer not to say 8 2%
Travel frequency Count Percentage
>3/week 111 22%
2-3/week 130 26%
1/week 71 14%
2-3/month 124 25%
<1/month 64 13%
Unknown 2 <1%
Residential environment Count Percentage
Urban 388 77%
Rural 111 22%
Unknown 4 1%
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B Mixed Logit Estimation Results

Table 4 shows the full estimation results of the MXL model after

backwards elimination.

Table 4: Full estimation results of the MXL model, including
standard errors, p-values and confidence intervals. Statistical

significance is set at « = 0.05.
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C Multinomial Logit Estimation Results

Table 5 shows the full estimation results of the MNL model after
backwards elimination.

Table 5: Full stimation results of the MNL model, including
standard errors, p-values and confidence intervals. Statistical
significance is set at « = 0.05.

Variable Est. Std.Err. z-val P> |z| 95% CI Variable Est. Std.Err.  z-val P>z 95% CI
log.extra_traveltime -2.49 0.74 -3.37 0.001 -394 -1.04 log.extra_traveltime -2.79 0.33 -8.52  <0.001 -343 -2,15
transfers 0.96 0.31 3.15 0.002 0.35 1.57 transfers 0.81 0.10 8.04 <0.001 0,61 1,00
waiting 1.01 0.54 1.86 0.063  -0.05 2.07 waiting 1.14 0.14 8.27  <0.001 0,87 1,41
crowdedness -2.80 022  -12.86 <0.001 -3.23 -2.37 crowdedness -1.34 0.12  -11.65 <0.001 -1,57 -1,12
hastrain 2.51 0.15 16.76 <0.001 2.22 2.80 hastrain 0.90 0.13 6.89  <0.001 0,64 1,15
hasothermode 0.10 0.33 0.32 0.751  -0.55 0.75 hasothermode 0.53 0.11 4.76  <0.001 0,31 0,75
windy_transfers 1.00 0.27 3.66 <0.001 0.47 1.53 windy_extra_traveltime 0.83 0.36 2.28 0.022 0,12 1,55
rain_transfers 1.79 0.41 434 <0.001 0.99 2.59 windy_transfers 0.50 0.08 6.523  <0.001 0,35 0,65
rain_waiting 1.53 0.65 2.34 0.019 0.26 2.80 windy_hastrain 0.48 0.14 344  <0.001 0,21 0,76
rain_hastrain 1.28 0.34 3.70 <0.001 0.61 1.95 windy_hasothermode 0.49 0.12 422  <0.001 0,26 0,72
rain_hasothermode 1.62 0.49 3.27 0.001 0.65 2.58 rain_extra_traveltiime 1.11 0.37 3.01 0.003 0,39 1,84
work_crowdedness 0.52 0.22 2.36 0.018 0.09 0.95 rain_transfers 0.86 0.13 6.67 <0.001 0,61 1,11
uncertain_waiting -1.25 0.39 -3.20 0.001 -2.01 -0.49 rain_waiting 0.74 0.18 417  <0.001 0,39 1,09
5min_waiting 1.15 0.43 2.71 0.007 0.31 1.99 rain_hastrain 0.61 0.15 4.12  <0.001 0,32 0,90
sd.extra_traveltime 7.19 0.58 12.44 <0.001 6.05 8.33 rain_hasothermode 0.94 0.14 6.92  <0.001 0,68 1,21
sd.transfers 2.07 0.21 9.68 <0.001 1.66 2.48 work_extra_traveltime 0.88 0.28 3.14 0.002* 0,33 1,43
sd.waiting 3.52 0.49 7.16 <0.001 2.55 4.48 work_transfers -0.20 0.06 -3.26 0.001 -0,32  -0,08
sd.crowdedness 1.88 0.17 10.98 <0.001 1.55 2.21 work_hastrain 0.25 0.09 2.66 0.008 0,06 0,43
sd.hasothermode 2.71 0.23 11.65 <0.001 2.26 3.16 uncertain_waiting -0.65 0.08 -7.56  <0.001 -0,82 -0,48
S5min_waiting 0.21 0.09 2.34 0.019 0,03 0,38
organised_hastrain 0.47 0.14 349  <0.001 0,21 0,74
casual_crowdedness 0.78 0.17 4.68 <0.001 0,45 1,11
social_waiting 0.93 0.28 3.36 0.001 0,39 1,48
social_hastrain -0.61 0.30 -2.02 0.043 -1,21 -0,02
confident_crowdedness 0.32 0.09 3.74  <0.001 0,15 0,50
confident_hastrain 0.32 0.10 3.20 0.001 0,12 0,52
36-45_transfers -0.43 0.09 -4.69 <0.001 -0,61 -0,25
36-45_crowdednes 0.44 0.13 3.29 0.001 0,18 0,70
36-45_hastrain -0.38 0.17 -2.28 0.023 -0,71 -0,05
36-45_hasothermode -0.88 0.15 -5.76  <0.001 -1,18  -0,58
46-55_transfers -0.26 0.09 -3.08 0.002 -0,43 -0,10
46-55_crowdednes 0.38 0.12 3.19 0.001 0,15 0,61
46-55_hastrain -0.51 0.15 -3.51 <0.001 -0,80 -0,23
46-55_hasothermode -0.71 0.14 -5.14  <0.001 -0,97 -0,44
55-65_transfers -0.55 0.12 -4.69 <0.001 -0,77 -0,32
55-65_waiting -0.54 0.19 -2.79 0.005 -0,92 -0,16
55-65_crowdednes 0.37 0.12 2.95 0.003 0,12 0,61
55-65_hasothermode -0.87 0.12 -7.41  <0.001 -1,10 -0,64
66+_extra_traveltime 1.37 0.37 3.72  <0.001 0,65 2,09
66+_hasothermode -0.86 0.13 -6.60 <0.001 -1,07 -0,58

urban_crowdednedness -0.31 0.10 -3.23 0.001  -0,50 -0,12
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D Multinomial logit (MNL) specification

Let respondent n choose route alternative i in task ¢t. Utility is
defined as

Unit = Vair + €nits enit ~ 11.d. type-I extreme value. (1)

The systematic utility is decomposed into route attributes, context
interactions, and person-level interactions:
. _ ysafttr ctx pers
Vait = Voir + Voir + Vi @)
Route attributes.

V’fl-t;r = /Blog ++ log(extraTraveltimepis) + By transfers,;; + Py waiting, ;; + Per crowdednessyi + Py hastraingiy + Ppy, hasothermodeni;  (3)

Context interactions. Let I(-) denote task-level context indicators.
V,flt;‘ = I(windy)ps (ﬁﬁ)"g . log(extraTraveltimen;t) + Bl transfers,;, + ﬂ,‘;; hastraing;; + ﬁ}‘:}m hasothermodenit)

+ I(rain) ('Blrog ;¢ log(extraTraveltimenir) + By, transfers,;, + B, waiting,;, + ,B}rnhastminnit + ﬁ;mhasothermodem-t) @

+ I(work) (ﬂl‘gg” log(extraTraveltimep;;) + ,B;V;’k transfers,,;; + ﬂ;:;k hastminn”) + I(uncertain),; f%, waiting,;,
+1(5min),; o waiting,,;,

Person-level interactions.

ers . . . oy . .
Vrl:it = Yorgxht organised, hastraingis + Yeasxcr casualy crowdednesspir + Ysocx wt socialy, waiting,;; + Ysoexht socialy hastraing;

+ Yeonfxcr confident, crowdednessni + Yeonfxhe confident, hastrainpis + Yurbxcr urbany crowdednessy;y

+1(36-45), (y36,45><" transfers, ;; + y36-45xcr crowdednessyir + Y36-45xhr hastraingir + Ysg—a45xhm hasothermodenit)
+1(46-55), (y46,55><" transfers, ;; + ya6-55xcr crowdednessyir + Ya6-55x bt hastraingir + Yag—ss5xhm hasothermodenit) )
+1(55-65), (}’55—65><tr transfers,;; + Ys5-65xwt Waiting,;; + yss-esxcr crowdednessnir + Ys5_¢5% hm hasothermodem-t)
+1(66+)n (y66+>< log ¢+ log(extraTraveltimenit) + Yoot xhm hasothermodenit)

Choice probability.

exp(Vnit)

Ppif= ——mM8m ——
" e G P (Vnji)

(6)
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E Mixed logit (MXL) specification
Utility is defined analogously to the MNL model:

Unit = Vhit + é€nit, enit ~ iid. EV (7)
The systematic utility has the same structure:
_ yrattr ctx
Vnit = Vnit + Vnit ®
Route attributes.
V:};f = ﬂlog tt.n log(extraTraveltimen;t)+ Pty ntransfers, ;,+ i, n waiting, ;,+Per,n crowdednesspis + P hastraing it +Ppy,, , hasothermoden;t (9)

Context interactions.

VX = By windy_transfers,;; + Py, rain_transfers,;; + B, rain_waiting,,;, + p}, rain_hastraing;; + By  rain_hasothermoden;;

(10)

+ Bk work_crowdednessy;, + B, uncertain_waiting,,;, + B2 5min_waiting,,;,

Random parameters. A subset of route-attribute coefficients is mod-
elled as random:

Bren = Prc + kTl s M ~ N(0,1), (11)
for k € {logtt, tr, wt, cr, hm}
Choice probability.
exp(Vuit (B,,))
2 je G €XP(Vnjr(By))

approximated by simulated maximum likelihood.

Prnir =

f(Bn) dBy (12)
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