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Short summary

Uncertainty is an important consideration when making decisions which means it is important
when valuing travel time reliability in SP experiments. This study makes two contributions. First,
it demonstrates how to quantify and communicate the uncertainty of quantities of interest when
providing value estimates of travel time and reliability to decision-makers. To this e�ect Bayesian
inference is used to propagate uncertainty of parameter estimates to quantities of interest. We �nd
that in particular the estimate of the value of reliability is uncertain, something which would have
been missed, if only point estimates are used in its computation. Second, this study uses a novel
approach to represent travel time uncertainty in the SP experiment by using quantile dotplots,
which we �nd respondents to perceive as helpful and understandable.
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1 Introduction

Uncertainty is an important consideration when valuing travel time reliability in SP experiments.
First, it is an important consideration when making transport investment decisions based on value
estimates such as the value of reliability (VOR) or value of travel time (VTT). However, studies
typically provide a single best estimate only ignoring all sources of uncertainty. Decision-makers
using these values may therefore be over-con�dent, which can waste resources when projects that
are provide little value are given the green light. This study therefore uses Bayesian inference and
demonstrates how parameter uncertainty can be easily propagated to any quantities of interest
that are computed from the parameter estimates.
Second, uncertainty about the exact travel time needs to be successfully communicated to par-
ticipants, so that they are able to make trade-o�s between travel time unreliability and other
attributes. To this e�ect, studies use two di�erent approaches to communicating travel time un-
certainty to participants in SP experiments. The �rst approach involves the use of numerical (e.g.
Bates et al., 2001; Li et al., 2010) or textual information Black & Towriss (1993); Small et al.
(1999); Alonso-Gonzalez et al. (2020). The second approach uses visual representations of travel
time unreliability using histograms (e.g. Copley et al., 2002; Tilahun & Levinson, 2010). A di�erent
approach is based on �ndings in the literature on visual communication and statistical reasoning.
It �nds that visual presentations using quantile dotplots (Wilkinson, 1999) representing a distri-
bution where dots are sampled proportional to the quantiles of the distribution, are better suited
to communicating uncertain quantities. Kay et al. (2016) evaluate di�erent formats for visualizing
uncertainty in bus transit prediction. They identify quantile dotplots as best for communicating
bus transit time uncertainty on mobile applications. They jointly encode the underlying data
as well as the uncertainty, which is preferred to using a extrinsic representations of uncertainty,
which risk being viewed as peripheral, and consequently discounted. Castro et al. (2022) also �nd
quantile dotplots to outperform other uncertainty presentation formats in a resource allocation
task, while Frans et al. (2023) are unable to �nd a direct relation between visualization format and
decision quality. This study conducts a mode choice experiment involving shuttles where travel
time is visualised using quantile dotplots so that travel time magnitude and uncertainty are jointly
communicated.
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2 Methods

Data

Data collection took place in February and March of 2021. The study area is the German city
of Hamburg and its adjacent districts. The online survey was administered to a panel of 1,000
respondents, of which 987 completed the survey. Respondents whose main transport modes were
walking or cycling were excluded from the sample as well as those with work commute distances
of more than 100 km. The �nal sample size is N = 745 respondents who each completed S = 9
choice cards with three alternatives each, resulting in a total of 6,705 observations. Descriptive
sample statistics are reported in Table 1.

Table 1: Socio-demographic characteristics of the sample including possibility of arriving
earlier and later at work (N=745). [Ref] indicates the level that is used as reference in the
model estimation.

Variable Category % Variable Category %

distance ≤ 10 km 51 arrive early 1 to 10 min 58
11-20 km 24 11 to 30 min 27
21-50 km 20 more than 30 min [Ref] 15
51-250 km 0 arrive late 1 to 10 min 60

age ≤ 30 18 11 to 30 min 23
31-50 38 more than 30 min [Ref] 17
51-99 44 monthly hh income < EUR 1500 17

gender female/div. 49 EUR 1500-2999 38
male [Ref] 51 EUR 3000-4999 [Ref] 33

education high 58 EUR 5000-6999 [Ref] 9
low [Ref] 42 EUR 7000+ [Ref] 3

work full time 52
part-time [Ref] 48

SP experiment and survey

Alternatives in the SP experiment have attributes mean and standard deviation of the travel time
distribution and travel costs. The levels of the travel time mean were pivoted around respondents'
self-reported travel times using a semi-pivot design (see Table 2). Actual travel times are based on
the last work commute or leisure trip by car or public transport prior to the Covid-19 pandemic.
The design of the choice cards was optimised using the software NGENE to obtain a D-e�cient
design (Rose & Bliemer, 2009) and choice cards with a dominant alternative were removed from
the �nal choice set. Each respondent completed nine choice cards an example of which is shown in
Figure 1. It shows how quantile dotplots are used to depict the travel time distributions. A total of

Table 2: Attributes and their levels. M(travel time) is the mean of the travel time distri-
bution. SD(travel time) is the standard deviation of the travel time distribution.

actual M(travel time) travel cost SD(travel time)
travel time (in minutes) (in EUR) (in minutes)

1 to 19 min 10, 15, 20 3, 4, 5, 6, 7, 8 1.05, 1.12, 1.16
20 to 29 min 20, 25, 30 3, 4, 5, 6, 7, 8 1.03, 1.05, 1.12
30 to 39 min 30, 35, 40 4, 5, 6, 7, 8, 9 1.01, 1.05, 1.11
40 to 49 min 40, 45, 50 4, 5, 6, 7, 8, 9 1.01, 1.05, 1.08
over 50 min 50, 55, 60 5, 6, 7, 8, 9, 10 1.01,1.02, 1.05

ten dotplot was chosen as it was deemed large enough to convey the overall shape of the travel time
distribution, whilst still being visually countable on a small screen. Respondents were also asked
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Figure 1: Example choice card with travel time distribution presented via quantile dotplots.
Each quantile dot represents a 10% probability of travel time, which can be interpreted as
one out ten possible travel times.

to indicate on a 5-point Likert scale their agreement to the following three statements on quantile
dotplots: 1) "This way of depicting travel time in the choice experiment is understandable" 2)
"Presenting travel time in this way is helpful" and 3) "Presenting travel time in this way would be
helpful in real life". In addition, questions on socio-demographics were asked.

Model speci�cation and estimation

In the transportation research literature the terms unpredictable travel time variability and travel
time (un)reliability are used interchangeably, where high variability means high unreliability, and
vice versa. This makes it natural to conceptualize travel time as a distribution in the probability
theory sense (Carrion & Levinson, 2012). As a consequence, the travel time distribution can be
described by its measures of central tendency. They are the mean, which constitutes expected travel
time, and the standard deviation, which constitutes travel time (un)reliability. Then, assuming
the mean-dispersion model (Jackson & Jucker, 1982; Small et al., 1999), the direct utility function
for a given alternative is give by

U = βCarCar+ βPTPT+ βSDSD(T ) + βMM (T ) + βCC (1)

where SD(T ) and M (T ) are the standard deviation and mean of travel time T , C is travel cost,
and βM , βSD, βC are the respective marginal utility coe�cients. Car and PT are indicators for
status quo options, car or public transport, respectively. Coe�cients βCar and βPT capture average
utility of unobserved factors related to car and public transport relative to alternatives involving
a shuttle. To estimate the utility function in (1) we specify the following indirect utility function.
For individual i the utility of alternative j in choice set t is given by

vijt = Xijtβi + εijt (2)

where εijt is iid Gumbel-distributed, βi is a (K×1) vector of marginal utility coe�cients describing
the preferences of individual i, Xijt is a (K×1) vector of explanatory variables describing attributes
in alternative j in choice set t. Variables included in Xijt are the mean of the travel time distribu-
tion in minutes, the standard deviation of the travel time distribution in minutes, travel costs in
Euros, and indicators for car and public transport. To account for preference heterogeneity, utility
parameters in (1) are allowed to vary as a function of socio-demographic characteristics which are
reported in Table 1. Individual marginal utility parameters of respondent i for alternative j are
distributed as follows

βij ∼ N(β + ΓjWi,Σ) (3)

where β = (βcar, βpt, βSD, βT , βC) is a K × 1 vector of means, Σ is a K × K covariance matrix;
Γj is K × L matrix of parameters. Wi is a (L × 1) vector of variables as a function of which
marginal utility parameters are allowed to vary across the population. Descriptive statistics of
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these variables are reported in Table 1). We allow for correlation of parameters of attributes that
are common across alternatives by specifying the covariance matrix as follows

Σ = diag(τ)× Ω× diag(τ) (4)

where τ is a k × 1 vector of parameter scales and Ω is a k × k correlation matrix.
Because we use Bayesian inference a full probability model is �tted to the observed data, y, as
summarised by the probability distributions of the model parameters θ = {β, βi, γ, τ,Ω}. The
probability model is speci�ed in terms of the likelihood, p(y|θ) and the prior distributions of the
parameters, p(θ), so as to obtain the posterior distributions p(θ|y) using Bayes' Theorem as follows

p(θ|y) = p(y|θ)p(θ)
p(y)

∝ p(y|θ)p(θ) (5)

It implicitly also conditions on the observed values of the covariates x, which are omitted to
simplify the notation. The likelihood is given by equations (2), (3) and (4). Prior distributions for
all parameters in the likelihood are speci�ed. The prior distributions for the parameter scales τ
are positive Normal, which are weakly informative with a small scale

τ−1 ∼ N+(0, 0.5) (6)

and the prior distribution of the Cholesky factor for the correlation matrix Ω, L is distributed

LL′ ∼ LKJCorr(η) (7)

where η is the shape parameter set to η = 4. The latter assumes that correlations between
elements of β tends to be low. The prior distributions for the conditional mean of the marginal
utility coe�cients, β, and for γ are speci�ed as follows:

βSQ ∼ N(0, s0) (8)

βSD, βT , βC ∼ N−(b0, s0) (9)

γ ∼ N(0, g0) (10)

with hyperparameters s0 = 0.5 and g0 = 1, respectively. Thus the partworths of travel unreli-
ability, time and cost are are assumed negative Normal to ensure correct signs of the resultant
willingness to pay (WTP) estimates.
Estimation of the joint posterior distribution of all parameters is done using Markov Chain Monte
Carlo Methods using the probabilistic programming language stan in R using the package RStan (Stan
Development Team, 2021) with code based on Jim Savage's code (Savage, 2018) and adapted to
allow for parameter restrictions. The model is run with four independent Markov chains, with
2,500 warmup iterations and 2,500 sampling iterations each. Convergence is checked via the split
potential scale reduction factor (Rhat).

3 Results and discussion

This section presents the main results of this study. Figure 2 shows the answers to the questions
on using quantile dotplots to present uncertain travel time. The majority of respondents agrees
that quantile dotplots are understandable, helpful in the context of the choice experiment and
potentially in real life. However, these results have to be interpreted cautiously as they capture
perceived understanding and helpfulness only. Still, quantile dotplots appear to be a suitable format
for presenting travel time distributions in SP experiments. Moreover, when designing their quantile
dotplot presentation format, Kay et al. (2016) expressly considered small screens. This is relevant
also for SP experiments, which are usually completed online and often on mobile phones. From
a researcher's point of view, quantile dotplots are attractive because they convey the properties
of the travel time distribution in terms of its measures of central tendency and spread, which can
be directly included in the utility function, if the mean-dispersion model Small et al. (1999) is
assumed.
Next, we focus on the VOR and VTT estimates. Their posterior distributions are obtained using all
draws from the posterior distributions of the relevant marginal utility coe�cients. Computation
is done using r = 1, ..., R draws from the posterior, where R = 10, 000 and VORr = βr

SD/βr
C ,

VTTr = βr
T /β

r
C and RRr = VORr/VTTr. These computed quantities also contain relevant
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Figure 2: Frequency distribution of responses to statement on whether dotplots are under-
standable, helpful and helpful in real life when presenting travel time (n=741)

information on the marginal utility coe�cients such covariance relationships and truncation to the
negative space. The posterior mode in Table 3 is the most probable value and the 90% uncertainty
interval boundaries indicate where the value will fall with 90% probability. VOR is the value of
a one minute reduction of the standard deviation of the travel time distribution in Euros, and
VTT is the amount of money travellers are willing to pay if travel time is reduced by one minute.
The reliability ratio RR measures the marginal utility of a reduction of the standard deviation
of the travel time distribution by one minute over the marginal utility of a reduction in average
travel time by one minute. But because our aim is to highlight the importance of considering
the entire posterior distribution of quantities of interest and therefore make use of all of the
information that is available about the estimate, Figure 3 shows the entire posterior distributions
of VORSD and VTT. Because they are based on fractions of marginal utility coe�cients, which

Table 3: Posterior modes, lower and upper bounds of 90% uncertainty intervals of marginal
utility coe�cients and their standard deviations, as well as of VOR, VTT and RR estimates.

Quantity Mode l-90% CI u-90% CI

βcar 1.583 1.024 2.115
βpt -0.207 -0.499 0.116
βSD -0.246 -0.882 -0.058
βT -0.027 -0.029 -0.002
βC -0.110 -0.155 -0.052
τcar 2.188 1.945 2.598
τpt 1.969 1.600 2.010
τSD 0.036 0.032 0.883
τT 0.013 0.002 0.037
τC 0.136 0.117 0.222

VOR 2.229 0.303 9.548
VTT 0.246 0.013 0.326
RR 9.052 2.285 159.372

are truncated to the negative space, they are both skewed. The VOR estimate varies widely with
values up to 9.5 being possible. The reason for the large variation is partly explained by the fact
that the posterior distribution of βSD is wide as its variable, SD varies little (between 1.01 to
1.16 minutes) making it di�cult for the estimator to estimate its e�ect on utility with precision.
As a consequence, the VOR estimate varies widely. Also the RR estimates can take very large
values because it is computed from a double fraction of the uncertain marginal utility coe�cient
estimates. This demonstrates how parameter uncertainty is propagated to quantities of interest
and how it increases as more computational steps are involved. Something that is missed, if only
point estimates are used in the computation. However, information about the full range of possible
values is helpful to decision-makers. This is true in particular in situations where the tail of the
distribution is important in order to avoid making costly decisions. In this application, if the

5



(a) Value of reducing the mean of the travel
time distribution by one minute (VTT)

(b) Value of reducing the standard deviation of
the travel time distribution by one (VOR)

Figure 3: Posterior distributions of VOR and VTT

costs of making small improvements to travel time reliability are low, it would still be advisable
to make this investments because there is an - albeit small - chance that bene�ts could be high.
On the other hand, if the costs of improving travel time reliability are high, even if there is small
probability of achieving high bene�ts, it may be too risky to decide in favour of a large investment.
This highlights the importance of quantifying uncertainty and providing all the information that
is available about estimates of interest to support good decision-making.

4 Conclusions

This study demonstrates how a Bayesian approach can obtain value estimates from marginal utility
coe�cients with truncation and covariance relationships in a straightforward manner. Our results
�nd that the VOR estimate is highly uncertain, as is the RR estimate. These uncertainties are
completely missed, if only point estimates are used in the computation, but knowing the range
of plausible values and not just the best estimate is important for decision-makers in particular
when the costs of making a transport investment decisions are high. This study is �rst to use
quantile dotplots for the representation of the travel time distribution in an SP experiment. We
�nd that respondents perceive them as helpful and understandable, although a direct comparison
with other representation formats and actual tests of respondents' understanding is beyond the
scope this study, opening an interesting avenue for future research. We conclude that uncertainty
is an important consideration both for the elicitation and the estimation of travel time and and
travel time unreliability value estimates.
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