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Abstract 8 
This study proposes a novel Artificial Neural Network (ANN) based method to derive the Value-9 
of-Travel-Time (VTT) distribution. This highly flexible method complements recently proposed 10 
nonparametric methods to calculate the VTT from choice data. The strength of this method is that 11 
it is possible to uncover the VTT distribution (and its moments) without making strong 12 
assumptions about the shape of the distribution or the error terms, while being able to 13 
incorporate covariates and account for panel effects. Therefore, in contrast to other 14 
nonparametric methods, the ANN-based method is suitable to derive mean VTTs for appraisal. In 15 
this study, we first conduct a series of Monte Carlo experiments to assess how well the proposed 16 
ANN-based method works in terms of being able to recover the true underlying VTT distribution. 17 
After having demonstrated that the method works well on Monte Carlo data, we apply our 18 
method to data from the 2009 Norwegian VTT study. Finally, we extensively cross-validate our 19 
method by comparing it with a series of state-of-the-art discrete choice models and 20 
nonparametric methods. Based on the very encouraging results we have obtained, we believe that 21 
there is a place for ANN-based methods in future VTT studies. 22 
 23 
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1 Introduction 29 

The Value-of-Travel Time (VTT) expresses travel time gains into monetary benefits (Small 2012) 30 
and plays a decisive role in the Cost-Benefit Analyses (CBA) of transport policies and 31 
infrastructure projects as well as in travel demand modelling. Not surprisingly in this regard, the 32 
VTT is one of the most researched notions in transport economics (Abrantes and Wardman 33 
2011). Most Western societies conduct studies to determine VTTs on a regular basis. The focus 34 
of such VTT studies is typically not to obtain a single (mean) VTT for all trips, but rather to 35 
obtain tables of VTTs which show how the VTT depends on trip characteristics, such as travel 36 
purpose and mode.  37 
 38 
Despite decades of experience with data collection and VTT inference, the best way to obtain the 39 
VTT is still under debate. Early studies predominantly used Revealed Preference (RP) data in 40 
combination with Multinomial Logit (MNL) models (Wardman et al. 2016). However, despite the 41 
well-known advantages of RP data over Stated Choice SC data, nowadays RP data is seldom used 42 
for VTT studies. The main reason is that while the travellers’ choices are observable, their actual 43 
trade-offs across alternatives are not – which hampers estimation of the VTT using RP data. More 44 
recent VTT studies therefore favour using SC data in combination with choice models that 45 
account for (some of the) potential artefacts of the SC experiment (notably size and sign effects) 46 
(Fosgerau et al. 2007; Ramjerdi et al. 2010; Börjesson and Eliasson 2014; Kouwenhoven et al. 47 
2014; Hess et al. 2017). In the most common kind of VTT SC experiment travellers are presented 48 
a binary within-mode choice task where the alternatives are made up out of travel cost and travel 49 
time only. Recent VTT studies report particularly good results with so-called Random Valuation 50 
models when analysing data from this type of SC experiments (Fosgerau and Bierlaire 2009; 51 
Börjesson and Eliasson 2014; Ojeda-Cabral et al. 2018).  52 
 53 
Besides discrete choice models, nowadays nonparametric methods are increasingly used in VTT 54 
studies (Fosgerau 2006; Fosgerau 2007). These methods are methodologically appealing as they 55 
do not make assumptions regarding the shape of the VTT distribution and the structure of the 56 
error terms. However, despite their methodological elegance they are typically not used to derive 57 
VTTs for appraisal. Rather, they are used as a first, complementary, step to learn about the shape 58 
of the distribution of the VTT, after which parametric discrete choice models are estimated to 59 
derive VTTs for appraisal. Börjesson and Eliasson (2014) argue that nonparametric methods are 60 
not suitable to compute VTTs for appraisal for three reasons. First, they (often) cannot 61 
incorporate covariates. Second, they (often) cannot account for panel effects. Third, they do not 62 
recover the VTT distribution over its entire domain. That is, the distribution right of the highest 63 
VTT bid is not recovered, which hinders computation of the mean VTT.  64 
 65 
Very recently, Artificial Neural Networks (ANNs) are gaining ground in the travel behaviour 66 
research arena (e.g. Mohammadian and Miller 2002; Cantarella and de Luca 2005; Karlaftis and 67 
Vlahogianni 2011; Omrani et al. 2013; Alwosheel et al. 2017; Wong et al. 2017; Golshani et al. 68 
2018; Lee et al. 2018; Sifringer et al. 2018; Van Cranenburgh and Alwosheel 2019). ANNs are 69 
mathematical models which are loosely inspired by the structure and functional aspects of 70 
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biological neural systems. A fundamental difference between discrete choice models and ANNs 71 
is the modelling paradigm to which they belong. Discrete choice models are theory-driven, while 72 
ANNs are data-driven. Theory-driven models work from the principle that the true Data 73 
Generating Process (DGP) is a (stochastic) function, which can be uncovered (Erdem et al. 2005). 74 
To do so, the analyst imposes structure on the model. In the context of discrete choice models this 75 
is done by prescribing the utility function, the decision rule, the error term structure, etc. Then, 76 
the analyst estimates the model’s parameters, usually compares competing models, and interprets 77 
the results. A drawback of this approach is that it heavily relies on potentially erroneous 78 
assumptions regarding choice behaviour, i.e. the assumptions may not accurately describe the true 79 
underlying DGP – potentially leading to erroneous inferences. Data-driven methods work from 80 
the principle that the true underlying process is complex and inherently unknown. In a data-81 
driven modelling paradigm the aim is not to uncover the DGP, but rather to learn a function that 82 
accurately approximates the underlying DGP. The typical outcome in a data-driven modelling 83 
paradigm is a network which has very good prediction performance (Karlaftis and Vlahogianni 84 
2011). A major drawback of data-driven methods is that – without further intervention – they 85 
provide very limited (behavioural) insights on the underlying DGP, such as the relative 86 
importance of attributes, Willingness-to-Pay, or VTT. Yet, these behavioural insights are 87 
typically most valuable to travel behaviour researchers and for transport policy-making.  88 
 89 
In the field of travel behaviour research there is a general sense that ANNs (and other data-driven 90 
models), could complement existing (predominantly) theory-driven research efforts. In light of 91 
that spirit, this paper develops an ANN-based method to investigate the VTT distribution. 92 
Specifically, we develop a novel pattern recognition ANN which is able to estimate travellers’ 93 
individual underlying VTTs. Our method capitalises on the strong prediction performance of 94 
ANNs (see Paliwal and Kumar 2009 for a comprehensive review of articles that involve a 95 
comparative study of ANNs and statistical techniques). The strength of this method is that it is 96 
possible to uncover the VTT distribution (and its moments) without making strong assumptions 97 
on the underlying behaviour. For instance, it does not prescribe the utility function, the shape of 98 
the VTT distribution, or the structure of the error terms. Moreover, the method can incorporate 99 
covariates, account for panel effects and does yield a distribution right of the maximum VTT bid. 100 
Thereby, it overcomes important limitations associated with other nonparametric methods. As 101 
such, this method can be used to derive VTTs for appraisal. Finally, the method does not require 102 
extensive software coding on the side of the analyst as the method is built on a standard 103 
MultiLayer Perceptron (MLP) architecture. Hence, the method can be applied using off-the-shelf 104 
(open-source) software. 105 
 106 
The remainder of this paper is organised as follows. Section 2 develops the ANN-based method 107 
for uncovering the VTT distribution. Section 3 conducts a series of Monte Carlo analyses to 108 
assess how well the method works. Section 4 applies the method to an empirical VTT data set 109 
from a recent VTT study. Section 5 cross-validates the method by comparing its results with 110 
those obtained using a series of state-of-the-art discrete choice models and nonparametric 111 
methods. Finally, section 6 draws conclusions and provides a discussion.  112 
 113 
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2 Methodology 114 

2.1 Preliminary 115 

2.1.1 Data format 116 

Throughout this paper we suppose that we deal with data from a classic binary SC experiment, 117 
consisting of T+1 choice observations per individual, in which within-mode trade-offs between 118 
travel cost (TC) and travel time (TT) are embedded. This data format is in line with standard VTT 119 
practice in many Western European countries, including the UK (Batley et al. 2017), The 120 
Netherlands (HCG 1998; Kouwenhoven et al. 2014), Denmark (Fosgerau et al. 2007), Norway 121 
(Ramjerdi et al. 2010) and Sweden (Börjesson and Eliasson 2014). The straightforward format of 122 
this type of data makes it fit the proposed methodology well. In this format there is always a fast 123 
and expensive alternative and a slow and cheap alternative1, and in each choice task there is an 124 
implicit price of time which is commonly referred to as the Boundary VTT (BVTT). The BVTT 125 
is defined as: 126 
 127 
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TT TT TT
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∆ −
 

Equation 1 

 128 
where alternative 1 denotes the fast and expensive alternative and the alternative 2 denotes the 129 
slow and cheap alternative. The BVTT can be perceived as a valuation threshold as a respondent 130 
choosing the fast and expensive alternative reveals a VTT which is (most likely) above the 131 
BVTT, while a respondent choosing the slow and cheap alternative reveals a VTT which is (most 132 
likely) below the BVTT. 133 
 134 

2.1.2 Covariates in VTT studies 135 

It is important to incorporate covariates in models that aim to infer the VTT. Börjesson and 136 
Eliasson (2014) provide four reasons for this. Firstly, accounting for covariates in VTT models 137 
allows better extrapolating the VTT to new situations. Secondly, accounting for covariates in 138 
VTT models allows better understanding what trip characteristics influence the VTT. Thirdly, 139 
accounting for covariates in VTT models allows the analyst to remove the influence of 140 
undesirable factors, such as income or urbanisation level from the VTT used for appraisal. 141 
Fourthly, accounting for covariates in VTT models allows accounting for so-called size and sign 142 
effect stemming from the experimental design (De Borger and Fosgerau 2008). Size effects are 143 
due to the behavioural notion that the VTT is dependent on the size of the difference in travel 144 

                                                      
1 Some surveys include a choice with a dominant alternative, i.e. a choice between a fast and cheap alternative and a 
slow and expensive alternative. These observed choices are used to identify respondents which need to be removed 
from further analysis.  
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time and travel cost across alternatives in the choice task (Daly et al. 2014). Sign effects are due 145 
to the behavioural notion that losses (e.g. higher travel cost and longer travel time) loom larger 146 
than equivalently sized gains (e.g. lower travel cost and shorter travel time) (Ramjerdi and 147 
Lindqvist Dillén 2007; De Borger and Fosgerau 2008).  148 
 149 
Trade-offs between travel cost and travel time can be classified into four different types, which 150 
can be visualised into four different quadrants, see Figure 1 where the origin corresponds with the 151 
reference situation. The top-left quadrant consists of ‘Willingness to Pay’ (WTP) type choices. 152 
Here, the reference trip is compared to a faster but more expensive alternative. The top-right 153 
quadrant consists of  ‘Equivalent Gain’ (EG) type choices. Here, a cheaper alternative is 154 
compared to a faster alternative (relative to the reference). In the lower-left quadrant are 155 
‘Equivalent Loss’ (EL) type choices. Here, a more expensive alternative is compared to a slower 156 
alternative (relative to the reference). Finally, the lower-right quadrant consists of ‘Willingness to 157 
Accept’ (WTA) type choices. Here, the reference alternative is compared to a cheaper but slower 158 
alternative. De Borger and Fosgerau (2008) methodologically underpin the importance of the 159 
different quadrants. Furthermore, they show that to account for sign effects in VTT studies, i.e. to 160 
obtain a reference free VTT estimate, the geometric average across the WTP and WTA or EL and 161 
EG needs to be taken (Equation 2) 162 

 163 
Figure 1: Sign effects 164 

 165 
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In our methodology we make a distinction between generic covariates and what we call 167 
experimental covariates. Generic covariates are not dependent on the composition of a choice task 168 
in the SC experiment, and typically relate to characteristics of the decision maker or his/her 169 
current travel behaviour, such as income, gender, age, and current travel time. Experimental 170 
covariates are dependent on the composition of the choice task in the SC experiment. Typical 171 
examples are size and sign effects.  172 
 173 

2.2 Uncovering individual VTTs using ANNs 174 

The ANN-based method is based on three observations. The first observation is that ANNs are 175 
very good at making predictions (Paliwal and Kumar 2009). Their good prediction performance 176 
stems from the versatile structure of ANNs, which allow them to capture non-linearity, 177 
interactions between variables, and other peculiarities in the DGP, for instance in this context 178 
relating to the set-up of the experimental design. The second observation is that we can use the 179 
ANN to find the BVTT where it is maximally uncertain on the choice of the decision maker. The 180 
third observation is that we can give a behavioural interpretation to this BVTT and recover the 181 
individual’s VTT from it. That is, we can interpret the BVTT where the ANN is maximally 182 
uncertain as the point where the individual is indifferent between choosing the fast and expensive 183 
alternative and the slow and cheap alternative. From this behavioural perspective, this BVTT 184 
reflects the VTT of the individual. Taking these three observations together, we can develop an 185 
ANN-based method that recovers individual level VTTs and can be used to derive VTTs for 186 
appraisal.   187 
 188 
To do so, we take the following 6 steps: 189 
 190 

(1) Data preparation and training 191 

The aim of this step is to train an ANN to (probabilistically) predict, for decision maker n the 192 
choice in the hold-out choice task T+1, based on the BVTTs ( nBVTT ) and the choices made ( nY193 

) in choice tasks 1 to T, the probed BVTT in choice task T+1 ( 1
n
Tbvtt + ), experimental covariates in 194 

choice task T+1 ( 1
n
Ts + ), and a set of generic and experimental covariates, denoted Dn and Sn, 195 

respectively. In other words, we train the ANN to learn the relationships f , see equation 3, where 196 

1
n

TP + denotes the probability of observing a choice for the fast and expensive alternative in choice 197 
task T+1 for decision maker n. 198 
 199 

 ( )1 1 1, , , , ,n n n n n n n
T T TP f BVTT Y bvtt s D S+ + +=  equation 3 
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Figure 2 shows the proposed architecture of the ANN. At the input layer, the independent 201 
variables enter the network. At the top, there are the generic covariates (green). Typical generic 202 
covariates encountered in VTT studies are mode, purpose, age, income, distance, etc. Below the 203 
generic covariates are the variables associated with choice tasks 1 to T (red). These include the 204 
BVTTs, the choices y and experimental covariates s (e.g. sizes and signs). Below the variables for 205 
choice tasks 1 to T is an extra set of input nodes for choice task R (blue). Choice task R is a 206 
replication of one choice task, randomly picked from the set choice tasks 1 to T. These input 207 
nodes come in handy later when the ANN is used for simulation (they make it possible to use all 208 
T+1 observations instead of only T observations in the simulation). Finally, at the bottom are the 209 
variables associated with hold-out choice task T+1 (yellow). These are essentially the ‘knobs’ of 210 
the model that can be used for simulation. The output layer consists of the dependent variable, 211 
which is the probability for choosing the fast and expensive alternative in choice task T+1. The 212 
input layer and the output layer are connected via so-called hidden layers by arrows, which 213 
contain the weights that need to be learned (see Bishop 1995 for an extensive overview of ANNs 214 
and their characteristics). At each node in the hidden layer, the inputs are summed and an 215 
activation function is applied. One or multiple hidden layer can be used. In our analyses in section 216 
3 and 4 we find two layers to work optimal. However, the optimal number of hidden layer and the 217 
number of nodes depends on the complexity of the DGP that needs to be learned from the data, 218 
and hence may vary across applications. 219 
 220 
To train (‘estimate’ in statistics parlance) the network in Figure 2, we need to prepare the data. To 221 
do so, for each decision maker in the data we randomly draw T explanatory choice tasks from the 222 
T+1 choice tasks that are available in the data for each decision maker. These T choice tasks are 223 
used as independent variables to predict the remaining choice. To avoid that the network 224 
undesirably learns a particular structure in the data, rather than the explanatory power of the 225 
variables it is crucial that the order in the set of T explanatory choice tasks is randomised.2 We 226 
randomise the order in the set of explanatory choice tasks K times, each time creating a ‘new’ 227 
observation. The idea behind this is that the weights associated with the choice tasks attain 228 
(roughly) similar sizes. By doing so, we create a network that produces stable predictions, which 229 
is insensitive to the order of the explanatory choice tasks. Note that while such ‘oversampling’ of 230 
data would be considered a sin in theory-driven research (as it will lead to underestimated 231 
standard errors), in Machine Learning oversampling is occasionally done (Chawla et al. 2002). In 232 

                                                      
2 Unless the order of the choice tasks is randomised during the data collection. Note that by doing so the network 
becomes blind to potential learning effects on the side of the respondent when conducting the survey. We come back to 
this point in the discussion. 
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each manifestation of the K randomisations, choice task R is a randomly selected replication of 233 
one of the T explanatory choice tasks. By selecting a random choice task, we make sure that no 234 
single choice task weights more heavily in the training and ensure that the weights of the network 235 
are generic across all choice tasks.  236 
 237 
Training the network involves maximising its prediction performance. For this task, we minimise 238 
the cross-entropy (Shannon and Weaver 1949), since we are dealing with a classification 239 
problem. Note that minimising cross-entropy is equivalent to maximising the likelihood of the 240 
data. To evaluate the performance of the network, in Machine Learning always a hold-out sample 241 
is used. The reason is that ANNs can be sensitive to overfitting. More details on training neural 242 
networks can be found in many textbooks, including Bishop (1995). 243 
 244 
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 245 
Figure 2: ANN architecture 246 
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 247 

(2) Simulate 248 

After having trained the ANN, we can use the network to simulate choice probabilities in order to 249 
find the point where the ANN is maximally uncertain, and hence the decision maker is indifferent 250 

between choosing the fast alternative and the cheap alternative. Specifically, we simulate 1
n

TP +  251 

while letting 1
n
Tbvvt + run from 0 to a maximum BVTT value set by the analyst using a finite step 252 

size.3 For simulation, we can use all T+1 choice observations of a decision maker as explanatory 253 
choice tasks. This is possible because we created the extra choice task R in the network (see step 254 
1). Thus, this ‘trick’ allows using all available information on a decision maker’s preference for 255 
predicting his or her response to a given probed BVTT in the simulation in an elegant way. 256 
Moreover, it circumvents the need to randomly draw T explanatory choice tasks from the T+1 257 

available choice tasks – which would lead to increased variance in the predictions for 1
n

TP + .  258 
 259 
Finally, it is important to note that in the simulation the analyst can also manipulate the 260 
experimental covariates s in choice task T+1 (yellow input node at the bottom-left of Figure 2). 261 
The analyst can use this to simulate the effects of e.g. sizes and signs on the VTT. The latter is 262 
particularly useful when the analyst would like to investigate the gap between WTA and WTP or 263 
desires to obtain a reference free VTT (which requires having quadrant specific VTTs, see 264 
Equation 2). On the contrary, the analyst cannot manipulate the generic covariates (green input 265 
nodes at the top-left of Figure 2), e.g. to simulate the effect of a change in income levels. The 266 
reason for this is that the generic covariates (e.g. income, gender, etc.) and choices in the 267 
explanatory choice tasks are intrinsically correlated. As such, changing a generic covariate (say 268 
income level) only partially captures its effect on the VTT as the choices in the explanatory 269 
choice tasks do not change when changing a generic covariate, while they actually ‘should’. 270 
 271 

(3) Recovery of individual VTTs 272 

Figure 3 illustrates how the simulated choice probabilities (y-axis) for an individual decision 273 
maker could look like as a function of 1

n
Tbvvt +  (x-axis).4 The next step is to infer from these 274 

simulated probabilities for each decision maker his or her VTT. To do so, we need to find the 275 
BVTT which makes the ANN maximally uncertain, which from a behavioural perspective we 276 
interpret as the point where the decision maker is indifferent between the fast and expensive and 277 
the slow and cheap alternative. In our binary choice context, technically this is where the choice 278 
probabilities are equal to 0.5. Since the learned function f cannot easily be solved analytically, we 279 
have to determine this point numerically. Several options are available to do so. A simple and 280 
effective approach is to first determine the last 1

n
Tbvvt +  above P = 0.5 and the first 1

n
Tbvvt +  below 281 

                                                      
3 Note that technically it is not necessary to simulate any further than the point where P < 0.5. 
4 Note that the plot is deliberately made a bit quivering to highlight the notion that very little structure is imposed by the 
ANN on the functional form. 
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P = 0.5, and then make a linear interpolation between those two points and to solve for the BVTT 282 
which makes the individual indifferent. 283 

 284 

 285 
Figure 3: Simulated choice probabilities 286 

 287 

(4) Repeat steps 2 and 3 288 

We repeat steps 2 and 3 numerous times (e.g. 20 times). In each repetition we shuffle the order of 289 
the T+1 explanatory choice tasks. This step is not strictly obligatory, but it helps to improve the 290 
stability of the outcomes. In particular, it is helpful to take out the effect of the order in which the 291 
explanatory choice tasks are presented to the network. Hence, for each decision maker his/her 292 
VTT is computed numerous times. After that, we compute each decision maker’s VTT by taking 293 
the mean across all repetitions.  294 
  295 

(5) Construct the VTT distribution 296 

Having an estimate of the VTT for each decision maker, we can construct an empirical 297 
distribution of the VTT. Also, from the constructed empirical distribution we can readily compute 298 
the mean and standard deviation of the VTT.  299 
 300 

(6) VTT for use in applied appraisal 301 

For appraisal typically not a single mean VTT is needed, but rather one or more tables that show 302 
the mean VTT for specific trip categories; usually combinations of modes and purposes. We can 303 
create such tables from the VTTs derived under step (5). In case the sample is representative for 304 
the target population, we can suffice with splitting the sample into categories and compute the 305 
mean VTT for each category. However, in most real life situations the sample is skewed as 306 
compared to the target population. Therefore, the in-sample mean VTTs usually cannot 307 
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immediately be used to produce tables for appraisal. To correct for the skew, the analyst needs to 308 
reweight the sample and compute weighted mean VTTs (for each category). The most 309 
straightforward approach to account for an unrepresentative sample is by means of computing the 310 
VTT for each combination of the covariates, say of income and distance, and reweight the 311 
contribution of each combination to the overall VTT according to its under or overrepresentation 312 
(as compared to the ideal population shares). This matrix-based approach is taken in several VTT 313 
studies (e.g. the UK 2003 VTT study and the Norwegian 2009 study) and especially works well 314 
with a limited number of covariates. In case of many covariates to account for, this approach can 315 
be unwieldy. An alternative approach which works better in case of many covariates is based on 316 
sample enumeration (Batley et al. 2017). This approach applies weights at the level of the 317 
respondent in the data and is used in e.g. the latest Dutch and UK VTT studies. Both approaches 318 
can be used in combination with the ANN-based method. However, given that our method 319 
directly provides VTTs at the individual level, the sample enumeration based approach is the 320 
most natural choice to account for an unrepresentative sample.  321 
 322 

2.3 ANN development 323 

In Section 2.2 we presented the ANN without going into much detail on its architecture or on 324 
underlying design choices. In this subsection we discuss these in more detail.  325 
  326 
To develop an ANN capable of learning function f (equation 3), we have tested numerous 327 
different architectures, including fully and semi-connected networks, different numbers of hidden 328 
layers, the presence or absence of bias nodes, and we have tried several different activation 329 
functions. The two-hidden layer architecture presented in Figure 2 with ten nodes at each hidden 330 
layer is found to work particularly well for our data.5 The proposed architecture is a so-called 331 
Multilayer Perceptron (MLP). This is one of the most widely used ANNs architectures and is 332 
implemented in virtually all off-the-shelf machine learning software packages. For the activation 333 
functions in the network we find good results using a softmax function both at the nodes of the 334 
hidden layers as well as at the nodes of the output layer. Using a softmax function at the output 335 
layer ensures that the sum of the predicted choice probabilities across the two alternatives add up 336 
to 1. Finally, note that while no bias nodes are depicted in Figure 2 bias nodes are present as they 337 
are found to improve the classification performance. 338 
 339 
The fact that off-the-shelf software can be used is a crucial feature of this method, as it makes the 340 
method accessible for a wide research community. Admittedly, from a methodological 341 
perspective our network consumes more weights than is strictly needed, in the sense that in the 342 
input layer there are T+1 weights for the bvtt, y and s, while just one set of weights to be used 343 
across all the T+1 choice tasks would suffice and hence would yield a more parsimonious 344 
network. However, while it is possible to create an architecture with shared weights across inputs 345 
variables, this would substantially hinder other researchers from using this method as most off-346 
                                                      
5 The network consumes 491 weights in total. 
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the-shelf software does not allow weight sharing, meaning that the analyst needs to write 347 
customised codes.  348 
 349 

2.4 Behavioural assumptions 350 

Data-driven methods are usually assumption poor. That is, they impose little structure, and let the 351 
data reveal the underlying DGP. However, at the cutting edge where data-driven methods are 352 
used to make behavioural inferences – such as in our case – some behaviour assumptions are 353 
needed to make it work. In light of that, it is good to briefly discuss the assumptions that are made 354 
in the context of this method. The first assumption is that each decision maker has a well-defined 355 
VTT, makes trade-offs between travel cost and travel time and makes choices across alternatives 356 
that are consistent with his/her VTT. An individual’s VTT does not need to be a fixed value, 357 
rather it can depend on external factors, such as e.g. characteristics of the trip or the experimental 358 
design. The second assumption is that choices of decision makers are subject to noise. Noise can 359 
be due to fluctuating attention, trembling hands, boredom, etc. But, although the network 360 
accounts for noise, no particular assumption is made regarding the type of distribution of the error 361 
term or its variance-covariance structure. 362 
 363 

3 Monte Carlo experiments 364 

This section aims to assess how well the developed ANN-based method is able to recover the 365 
underlying true VTT distributions. To do so, we create a series of synthetic data sets, having 366 
different DGPs and try to recover the shape of the distribution as well as its mean and its standard 367 
deviation using the ANN-based method. 368 
 369 

3.1 Data generating process 370 

For the Monte Carlo experiments we use the experimental design of the empirical data set that we 371 
aim to analyse in the next section, namely the Norwegian 2009 VTT data set6, see Ramjerdi et al. 372 
(2010) for details on the experimental design. By using the experimental design of the data set 373 
that we aim to analyse in section 4, we are able to assess how well we can retrieve the underlying 374 
VTT distribution with the proposed method in the context of the VTT trade-off points that are 375 
embedded in this data set. After cleaning, this data set consists of 5832 valid respondents. For 376 
each respondent, 9 binary choices are observed. Based on the experience with the Danish VTT, in 377 
the Norwegian 2009 VTT study special care was taken to avoid a large share of non-traders at the 378 
high end side. Furthermore, while the currency in the SC experiment was Norwegian Kronor, for 379 
reasons of communication we converted all costs into euros. 380 

                                                      
6 We choose to analyse this data set for a number of reasons: it contains a relatively large number of 
respondents, it has nine choice tasks per respondents, and the bvtt are spread across a large range. 
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 381 
So, rather than using the actual observed choices, in this section we replace them with 382 
synthetically generated choices. To create synthetic choices, we assume that decision makers 383 
make their choices using the Random Valuation (RV) model (Cameron and James 1987) 384 
(Equation 4).7,8 The RV model postulates that decision makers choose the faster but more 385 
expensive alternative if the decision maker's VTT is higher than the probed BVTT. If the decision 386 
maker’s VTT is lower than the BVTT, the cheaper but slower alternative is chosen. Like the 387 
Random Utility Maximisation (RUM) model, the RV model consists of an additive error term to 388 
accommodate for randomnessε . In the RV model, μ represents the scale factor, which is 389 
estimated jointly with the VTT. 390 
 391 

 1 1

2 2

~n n in

n n n

U BVTT where iid ExtremeValuetype I
U VTT

m ε ε
m ε

= ⋅ +
= ⋅ +

 
Equation 4 

 392 

The synthetic data sets are created such that the VTT varies across decision makers according to a 393 
specific distribution. Specifically, we have created three data sets in which the VTT takes a 394 
normal, a lognormal and a bimodal normal distribution. The normal and log-normal distributions 395 
are chosen for two reasons. Firstly, they are frequently used in VTT and more generally in choice 396 
modelling studies. Secondly, they differ from one another in terms of skewness. Therefore, 397 
analysing these two distributions can shed light on the extent to which the ANN-based method 398 
can accurately capture skew. The bimodal normal distribution is specifically chosen because of its 399 
challenging shape. This type of distribution would be quite difficult to recover using conventional 400 
parametric methods. As such, this distribution may give insights on how capable the ANN-based 401 
method is to recover challengingly shaped VTT distributions.  402 
 403 
In line with empirical findings in many recent VTT studies, we created the data such that the VTT 404 
of the synthetic decision makers is not a single fixed value, but rather a function of experimental 405 
covariates. Specifically, the VTT of the synthetic decision makers is a function of the quadrant in 406 
which the choice task is presented (i.e. WTP, EL, EG, or WTA domain). Table 1 shows the 407 
parametrisations. To compute the VTT for the different quadrants, we drew a value for the VTT 408 
for the WTP quadrant from the associated distribution, and calculated the EL, EG and WTA 409 
VTTs by shifting the draw five or ten euros up. By incorporating experimental covariates in the 410 
synthetic data sets, we are able to investigate whether the proposed method is able to capture the 411 
effect of such covariates (in casu: sign effects) in real data (if present). Furthermore, we use three 412 
different scale parameters μ. Thereby, we can test the whether method responds well to 413 
differences in scale.  414 
 415 
                                                      
7 Note that we also tested data with Random Utility Maximisation (RUM) DGPs. These gave similar results. 
8 See Ojeda-Cabral and Chorus (2016) and Ojeda-Cabral et al. (2016) for the theoretical relationship 
between the RUM and RV models. 
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 416 
Table 1: Parametrisation of the DGP in synthetic data sets 417 

Data set no. 1 2 3 

VTT distr. Normal Lognormal Bimodal normal 

WTP ( )~ 20,6WTP
nVoT N  ( )~ 2.6,0.5WTP

nVoT LN  

Mixture of 2 normals 

( )
( )

1

2

~ 12,3.33

~ 28,3.33

VoT N

VoT N
 

EL / EG 5WTP
nVoT +  5WTP

nVoT +  5WTP
nVoT +  

WTA 10WTP
nVoT +  10WTP

nVoT +  10WTP
nVoT +  

μ -0.30 -0.40 -0.50 

ρ2 0.75 0.75 0.84 

Hit rate 0.93 0.93 0.95 

 418 

3.2 Training results 419 

The ANN is implemented in MATLAB2017.9 To train the network, we find good results using a 420 
sequential training approach. That is, we first train the network using a scaled conjugate gradient 421 
algorithm. This is a fast algorithm which generally finds good solutions, but sometimes may stop 422 
too early. Therefore, in a second stage we train the network further using a Levenberg-Marquardt 423 
algorithm. This algorithm is slower, but may push the performance a bit further. The training 424 
sequence takes about 2 minutes using a desktop PC. For training, the data were split as follows: 425 
70% of the data are used for training, 15% for validation and 15% for testing. The observations 426 
were randomly allocated to these subsets. Furthermore, we use K = 20 randomisations (see 427 
section 2.2). 428 
 429 
Table 2 shows performance indicators for the three data sets. To ease comparison we report 430 
besides cross-entropy, also the out-of-sample ρ2 and hit rate. Table 2 shows that the ANN-based 431 
method is able to learn the underlying DGP very well in all three data sets. Ideally, the obtained 432 
ρ2’s should approach, but not exceed, those of the true models (Table 1). As can be seen, this is 433 
the case. For data set 2 the ANN marginally exceeds the true ρ2. But, it exceeds it not to the extent 434 
that it is worrisome (or suggests overfitting). 435 
  436 

                                                      
9 Code is available upon request from the first author. 
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Table 2: Training performance on validation data 437 

Data set no. 1 2 3 

VTT distr. Normal Lognormal Bimodal normal 

Cross-entropy 0.17 0.17 0.13 

ρ2  0.76 0.75 0.81 

Hit rate 0.93 0.94 0.95 

 438 
 439 

3.3 Results 440 

3.3.1 Recovery of VTT distributions 441 

Table 3 shows the results of the Monte Carlo analysis. Specifically, it reports the true and the 442 
recovered means and standard deviations of the VTT for the WTP and WTA quadrants. Note that 443 
for the sake of exposition, in this section we focus only on the WTP and WTA results. The results 444 
for EL and EG are fully in accordance with those of WTP and WTA. Table 3 convincingly shows 445 
that ANN-based method is able to accurately recover the mean VTTs for all distributions. In our 446 
view, this is quite an achievement, considering that no information on the shape of the VTT 447 
distribution has been given to the network. Also the standard deviations are rather well recovered, 448 
although the results seem to suggest that they are somewhat underestimated. One possible 449 
explanation for this underestimation of the standard deviation is that the ANN has during training 450 
only seen few choice patterns of VTTs from the tail of the distribution. Therefore, the ANN may 451 
not have able to adequately learn to predict the responses of those extreme VTTs. In essence, this 452 
issue relates to training on unbalanced data sets. This is a frequently encounter issue in data-453 
driven classifiers (Chawla et al. 2002; Prieto et al. 2016). What is different in this context 454 
however is that the extent to which the data are unbalanced is inherently unknown, since the VTT 455 
is not observed in the data. Therefore, unbalances in the data cannot be accounted for up-front in 456 
a direct way. Further research may explore whether techniques used in Machine Learning to 457 
balance data sets improve recovery of the standard deviations. 458 
 459 

Table 3: Monte Carlo results (based on full data) 460 

 461 

Data set no.

VTT distr.

DGP ANN DGP ANN DGP ANN DGP ANN DGP ANN DGP ANN

WTP 19.98 20.32 5.00 4.34 15.28 15.31 8.06 6.57 20.06 21.13 8.66 7.81

WTA 29.98 30.04 5.00 4.28 25.28 24.22 8.06 6.20 30.06 29.35 8.66 8.11

Bimodal normal

Mean Std dev.

2 3

Normal

1

Mean Std dev.

Lognormal

Mean Std dev.
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 462 
To see to what extent the ANN-based method is able to recover the shapes of the distributions, 463 
Figure 4 to Figure 6 show histograms and kernel density plots for respectively, the normal, 464 
lognormal and bimodal normal distribution. The histograms show the VTT distributions for WTP 465 
(blue) and WTA (orange). The kernel density plots show the densities of the empirical as well as 466 
of the true VTTs (for both quadrants).  467 
 468 
A number of observations can be made. Firstly, the histograms reveal that the shapes are rather 469 
well recovered. In line with the true DGPs, Figure 4 (normal distribution) shows a nice symmetric 470 
distribution, while Figure 5 (lognormal distribution) shows a clearly positively skewed 471 
distribution. This shows that the method is sensitive for differences in skew. In fact, Figure 6 472 
shows that even the challenging shape of the bimodal normal distribution has been recovered. 473 
Secondly, the sign effect has accurately been picked up in all three distributions. In line with the 474 
true DGP, the WTP and WTA distributions are roughly identical, with the WTA distribution 475 
shifted €10/h to the right. Thirdly, the density plots reveal that the shapes of the true VTT 476 
distributions and the recovered distributions are close to one another. This is especially true for 477 
the normal and lognormal distributions. All in all, the results convincingly show that the method 478 
is able to accurately recover the shape and moments of the VTT distributions.  479 
 480 
 481 

 482 
Figure 4: Normal distribution: Histograms and kernel plots for DGP and ANN VTT 483 
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 484 
Figure 5: Lognormal distribution: Histograms and kernel plots for DGP and ANN VTT 485 

 486 
Figure 6: Bi-modal normal distribution: Histograms and kernel plots for DGP and ANN VTT 487 

 488 

3.3.2 Recovery of individual level VTTs 489 

The previous subsection has demonstrated that the shape and moments of a VTT distribution can 490 
accurately be recovered using the proposed method. This suggests, but not proves, that the 491 
method accurately predicts the VTTs at the level of the individuals. While prediction accuracy at 492 
the individual level is not a yardstick for a method developed to determine VTTs, it is still 493 
interesting to investigate this, at least from a methodologival perspective. In addition, in other 494 
domains of application to which this method may spread prediction, accuracy at the individual 495 
level may be highly relevant (e.g. in the context of marketing or personalised travel advice). 496 
Therefore, this subsection explores to what extent individual VTT are accurately recovered. 497 
 498 
Figure 7 to Figure 9 show scatter plots of the true VTT (x-axis) versus the recovered VTT (y-axis) 499 
for the normal, lognormal and bimodal normal distributions (both for WTP and WTA quadrants). 500 
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In case the VTTs would be perfectly recovered all point would lie on the y = x line (depicted in 501 
the plots by the dashed black line). Hence, the spread around the y = x line provides insights on 502 
the prediction accuracy at the individual level.  503 
 504 
The scatter plots for all three distributions provide a very consistent view. Firstly, they show that 505 
the true VTT and the recovered VTT are strongly positively correlated. Secondly, they show that 506 
individual level VTT predictions are subject to some variance, but that variance is rather 507 
homogeously spread around the y = x axis. The observation that VTT predictions is subject to 508 
some variance is fully in line with expectations. After all, the generated choices in the data are 509 
subject to random noise (see Equation 4). Therefore, it is entirely possible that a decision maker 510 
with a low (high) VTT chooses the fast and expensive (slow and cheap) alternative a few times – 511 
with the intuitive result that the ANN overestimates (underestimates) that decision maker’s VTT. 512 
The more important observation here is that the variance is homogeneously spread around the 513 
y = x axis. This suggests the method does not systematically over- or underestimates VTTs at the 514 
individual level. 515 
 516 

Figure 7: Normal distribution 517 
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Figure 8: Lognormal distribution 518 

Figure 9: Bimodal normal distribution 519 
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4 Application to real VTT data 522 

4.1 Training 523 

As mentioned before, in this study we use the Norwegian 2009 VTT data set (Ramjerdi et al. 524 
2010).10 To train the network on these empirical data, we took the same approach as with the 525 
synthetic data: 70% of the data were used for training, 15% for validation and 15% for testing. 526 
The observations were randomly allocated to these subsets. We use K = 20 randomisations (see 527 
section 2.2). The trained ANN acquires a cross-entropy of 0.36 (which boils down to a ρ2 of 0.49 528 
based on hold-out data). Table 4 shows the confusion plot. The cells on the diagonal show the 529 
percentage of the choices that are correctly predicted. The off-diagonal cells show the percentage 530 
of choices that are mispredicted. The confusion plot shows that overall about 85% of the choices 531 
are correctly predicted (based on highest probability).   532 
 533 

Table 4: Confusion plot (based on validation and test data) 534 

 Target 1 
(fast and expensive) 

Target 2 
(slow and cheap) 

Σ 

Output class 1 
(fast and expensive) 26.7% 6.9% 79.4% 

(Positive predictive value) 

Output class 2 
(slow and cheap) 

8.3% 58.1% 
87.5% 

(Negative predictive value) 

Σ 76.3% 
(Sensitivity) 

89.4% 
(Specificity) 

84.8% 
(Overall accuracy) 

 535 

4.2 Results 536 

To obtain the VTT distribution, we use the network to simulate choice probabilities and search 537 
for the BVTTs where the ANN is maximally uncertain. We do this 20 times11 for each respondent 538 
(i.e., steps 2 to 4, see section 2.2). Figure 10 shows the resulting distribution of the VTT for WTP 539 
and WTA (left) as well as a reference free VTT (right). Inspired by the work of De Borger and 540 
Fosgerau (2008), the reference free VTT is computed by taking the geometric averages across the 541 
WTP and WTA VTT at the level of the individual VTTs (Equation 2). The mean and the standard 542 
deviations of these distributions can be found in Table 5.12  543 
                                                      
10 We choose to analyse this data set for a number of reasons: it contains a relatively large number of respondents, it 
has nine choice tasks per respondents, and the BVTTs are spread across a large range. 
11 We find that after 20 times the results are stable. 
12 Note that De Borger and Fosgerau (2008) derive that the geometric average yields a reference free VTT in the 
context of their behavioural framework. Our data-driven method lacks such a behavioural framework. Therefore, it is 
not fully clear what is the best way to obtain a reference free VTT. Nonetheless, for the purpose of this paper using the 
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 544 
For eight respondents, it has not been possible to obtain a VTT estimate. For these respondents, 545 
the ANN predicts choice probabilities below 0.5, even for very small BVTTs, suggesting a zero 546 
or even a negative VTT. While this seems behaviourally unrealistic, from a data-driven modelling 547 
perspective it can be well understood why it is not possible to obtain a VTT for each and every 548 
respondent, especially considering that over 13 per cent of the respondents in the data always 549 
choose the slow and cheap alternative. The ANN may have learned that some respondents just 550 
never choose the fast and expensive alternative, even if it is just a fraction more expensive than 551 
the slow and cheap alternative. Note that the high share of non-traders at the lower end in the data 552 
can, at least partly, be attributed to the design of SC experiment. The lowest BVTT proposition 553 
for some respondents was as high as €10/h. Close inspection of the eight respondents for which 554 
we have not been able to obtain a VTT estimate, shows that indeed these respondents never chose 555 
the expensive and fast alternative and that they all had low income levels. In the remainder of our 556 
analyses these eight respondents are given a VTT of zero. About 2 per cent of the respondents 557 
always chose the fast and expensive alternative in each choice task. For all these respondents a 558 
VTT has been recovered, in between €20 and €123 per hour, with a median VTT of €85 per hour. 559 
 560 
Based on Figure 10 and Table 5 we can make a number of important observations. Firstly, Figure 561 
10 shows that the shape of the VTT distribution is positively skewed. The lognormal-like shape is 562 
behaviourally intuitive and has occasionally been found in previous VTT studies. However, when 563 
fitting the lognormal distribution onto these data, we find that it does not fit the data very well: in 564 
particular, it cannot accommodate for the spike at around VTT = €2/h and the drop at VTT = 565 
€16/h. Close inspection of the bins around VTT = €2/h reveal that they are predominantly 566 
populated with those respondents that always choose the slow and cheap alternative (for clarity, 567 
non-traders are depicted in red in the right-hand side plot). The bimodal shape of this distribution 568 
essentially emphasises the need for flexible methods to uncover the distribution of the VTT. 569 
Secondly, in line with behavioural intuition and the findings of previous VTT studies we see that 570 
the mean WTA VTT is higher than the mean WTP VTT. The difference between the two 571 
domains – which is on average about €3.6/h – is not as large as found in most studies DCM based 572 
studies. Thirdly, it can be seen that the tail of the WTA VTT is fatter than the tail of the WTP 573 
distribution. This is also reflected by the larger standard deviations for the WTA VTT.  574 
 575 

                                                                                                                                                              
geometric average as an approximation of the reference free VTT is sufficient. In any case, the main results of this 
study will not change by using a different approaches to obtain a reference free VTT (e.g. taking the arithmetic mean 
across the WTP and WTA VTT). 
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 576 
Figure 10: WTP and WTA VTT distribution (left), reference free VTT distribution (right) 577 

 578 

Table 5: Mean and standard deviation of VTT 579 

 WTP WTA Ref. free 

mean VTT [€/h] 10.12 13.71 11.75 

std deviation VTT 12.47 15.26 13.68 

max VTT [€/h] 140.1 118.8 123.3 

 580 

4.3 VTT for appraisal  581 

Given the methodological scope of this paper, we have no intention to derive new VTT values to 582 
be used for appraisal. However, to demonstrate that the method can be used for appraisal, this 583 
subsection derives mean VTTs and compares them to mean VTTs that are obtained by replicating 584 
the approach taken in the official Norwegian VTT study. A direct comparison with the official 585 
VTTs is not possible as this would require a full-fledged analysis, involving reweighting the 586 
sample to correct for skew in income, age and distance and accounting for size effects (which we 587 
have not considered in this study). This goes beyond the scope of this paper. Therefore, here we 588 
compare the unweighted VTTs instead. Note that reweighting or accounting for size effects is 589 
unlikely to substantially affect the main differences that we find in the comparison.  590 
 591 
To obtain mean VTTs for the ANN-based method for specific categories, we split the sample into 592 
the categories and immediately compute the mean VTT for each category. To obtain mean VTTs 593 
from replicating the Norwegian approach we have re-estimated the model using the exact same 594 
sample and explanatory variables that we have used for the ANN-based method and using the 595 
exact same RV specification. Furthermore, rather than estimating separate models for each 596 
category, as was done in the official Norwegian VTT study, for a meaningful comparison with 597 
the ANN method we have estimated a single model in which the modes and purposes enter the 598 
model as covariates. Finally, the Norwegian VTT study tested lognormal and semi-nonparametric 599 
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distributions (as proposed in Fosgerau and Bierlaire 2007), depending on the mode and purpose. 600 
We also tested both sorts of distributions and found that on the full data set the semi-601 
nonparametric method does not add much explanatory power over the lognormal distribution 602 
(which is much simpler in use). This result is in line with results reported by Börjesson et al. 603 
(2012), whom also tested both sorts of distributions. Therefore, henceforth we only discuss the 604 
results from the RV model with the lognormal distribution. Estimation results for this model can 605 
be found in Table 8 (column “RV model 3”). After estimation, we have computed mean VTT 606 
estimates by simulating the distributions for each respondent in the data – like is done in the 607 
Norwegian VTT study (Ramjerdi et al. 2010). 608 
  609 
Table 6 presents the results. Two important inferences can be made. First, the VTTs obtained 610 
using the ANN-based method are consistent with the VTTs obtained from replication of the 611 
approach taken in the Norwegian VTT study. That is, the lowest VTT is consistently found to be 612 
for public transport trips, and the highest VTT is consistently found to be for long-distance car 613 
trips. Second, Table 6 shows that the ANN-based method systematically predicts higher VTTs for 614 
short distance trips and lower VTTs for long-distance trips, as compared to the Norwegian VTT 615 
approach. These differences are large enough to shift outcomes in CBA policy practice.  616 
 617 

Table 6: Comparison of unweighted VTT estimates 618 

 ANN-based method I Norwegian VTT approach  

 Short distance Long distance Short distance Long distance 

Car 

 
9.01 

(0.22) 
19.36 
(0.50) 

8.36 
(0.06) 

22.64 
(0.28) 

Public Transport 

 
6.61 

(0.29) 
N/A 4.80 

(0.08) N/A 

Bus 

 
N/A 12.19 

(0.42) N/A 
13.72 
(0.33) 

Train 

 
N/A 

15.04 
(0.56) N/A 

16.88 
(0.33) 

I Standard errors in brackets below.  619 
 620 

5 Cross-validation 621 

This section aims to cross-validate the ANN-based method in terms of four aspects: the shape and 622 
mean of the recovered VTT distribution (subsection 5.1), the impact of covariates on the VTT 623 
(subsection 5.2), the individual level VTTs (subsection 5.3) and the goodness-of-fit (subsection 624 
5.4). In this section it should be kept in mind that there is no ground truth. Rather, all methods 625 
should be seen in light of their own pros and cons. 626 
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 627 

5.1 Shape and mean of the VTT distribution 628 

To cross-validate the shape and mean of the recovered VTT distribution by the ANN-based 629 
method, we compare with state-of-the-art (parametric) choice models as well as with three (semi) 630 
nonparametric methods that have been used in recent VTT studies. The parametric models that 631 
we use in this cross-validation study are RV models, with two types of distributions, namely the 632 
lognormal and the log-uniform distributions. The log-normal distribution has been used in the 633 
most recent Swedish VTT study; the log-uniform has been used in the most recent UK VTT 634 
study. The estimation results of these models can be found in Table 8. Note that we also have 635 
estimated conventional RUM models, but the RV models are found to outperform their random 636 
utility counterparts. Therefore, we report only on the RV models. Regarding the nonparametric 637 
methods, the first nonparametric method that we consider is called local-logit. This method is 638 
developed by Fan et al. (1995), pioneered in the VTT research literature by Fosgerau (2007) and 639 
further extended by (Koster and Koster 2015). The local-logit method essentially involves 640 
estimation of logit models at ‘each’ value of the BVTT using a kernel with some shape and 641 
bandwidth. In our application we use a triangular shaped kernel with a bandwidth of 10 euro. The 642 
second nonparametric method is developed by Rouwendal et al. (2010). Henceforth, we refer this 643 
this method as ‘The Rouwendal method’. This method assumes that everybody has a unique VTT 644 
and makes consistent choices accordingly. But, at each choice there is a fixed probability that the 645 
decision maker makes a mistake and hence chooses the alternative that is inconsistent with his/her 646 
VTT.  More details on this method are given in Appendix B. The third nonparametric method is 647 
put forward by Fosgerau and Bierlaire (2007). This is actually a semi-nonparametric method 648 
which approximates the VTT distribution using series approximations. We apply the method – 649 
which we henceforth refer to as ‘SNP’ – to the RV model that we also used in the parametric 650 
case. Estimation results of this model can be found in Table 8. 651 
 652 
The left-hand side plot in Figure 11 shows the Cumulative Density Function (CDF) of the VTT 653 
recovered using the ANN-based method (blue) and the parametric RV models. The right-hand 654 
side plot in Figure 11 shows, besides the CDF of the ANN VTT (blue), the CDFs created using 655 
the local-logit (orange), the Rouwendal method (green) and the SNP method (turquoise). A 656 
number of findings emerge from Figure 11. A first general observation is that all methods roughly 657 
recover the same shape of the VTT distribution, except for the local-logit. But, there are non-658 
trivial differences between the shapes too. Looking at the parametric methods, we see that 659 
between VTT = €3/h and VTT = €10/h, the VTT distribution recovered by the ANN is shifted by 660 
about 2 euros to the left. Furthermore, we see that in the tail the CDFs of the ANN and of the 661 
lognormal neatly coincide (but they do not before). The tail of the log-uniform seems to be 662 
substantially underestimated, at least as compared to the CDFs recovered using the other 663 
methods. Looking at the nonparametric methods, we see that the CDF of the Rouwendal method 664 
coincides with that of the ANN very well, especially up until VTT = €14/h and in the tail above 665 
€55/h. The CDF of the SNP method coincides well with that of the ANN for VTTs of €5/h and 666 
higher. The local-logit CDF deviates most from the other CDFs, in particular below 667 
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VTT = €30/h. Possibly, this is caused by its inability to account for the panel nature of the data 668 
and its inability to disentangle unobserved heterogeneity from irreducible noise in the data. After 669 
all, the local-logit method only considers choices from several respondents around the same 670 
BVTT, without considering the other choices made by these (or other) respondents. 671 

 672 

 673 
Figure 11: Cross-validation of shape 674 

 675 
Table 7 summarises key statistics of the recovered VTT distributions for the methods that we 676 
have used. Since the nonparametric methods do not recover the VTT distribution beyond the 677 
maximum VTT bid, the presented statistics for these methods can be considered as lower bounds. 678 
However, in these data the maximum VTT is set very high (see appendix A for the distribution of 679 
the BVTT) and only 2% of the respondents in these data always choose for the fast and expensive 680 
alternative, many of whom did not receive a very high VTT bid. As such, the unrecovered tail for 681 
the Rouwendal method is very small, representing less than 0.05% of the density. But, the 682 
unrecovered tail for the local-logit still represents about 5% of the density (rendering computation 683 
of its moments unreliable). The statics for the SNP method are computed from the CDF. In line 684 
with previous practice using this method, we censored the right-hand side tail above VTT = 685 
€200/h. Not doing so, would substantially inflate the recovered standard deviation of this 686 
distribution. The overview shows that the mean recovered by the ANN-based method is close to 687 
those of all other methods, except the RV Log-uniform. The median VTT recovered by the ANN 688 
is higher than those of the parametric methods. This is presumably due to the limited flexibility of 689 
the latter methods to account for the substantial number of respondents having a very low VTT 690 
(13% of the respondents always choose the slow and cheap alternative), while still covering the 691 
VTT distribution over a large range. Altogether, it can be concluded that the shape, mean and 692 
median recovered by the ANN seem very plausible.  693 
 694 
 695 
 696 
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 698 
Table 7: Mean, median and standard deviations of recovered VTT distributions 699 

 ANN RV 
Lognormal 

RV 
Log-uniform 

Rouwendal 
method 

Local-logit SNP1 

Mean 11.75 12.13 9.34 12.51  12.16 12.34 
Median 8.09 6.30 5.01 7.44 7.33 7.40 
Std deviation 13.68 17.57 11.41 15.22  15.24 15.64 
1Censored at VTT = €200/h 700 
 701 

5.2 The impact of covariates on the VTT 702 

Next, we cross-validate the ANN-based method by looking at the predicted impacts of covariates 703 
on the VTT. To do this, similar to Koster and Koster (2015), we regress socio-demographic 704 
variables and travel characteristics on the individual level VTTs recovered by the ANN-based 705 
method (dependent variable). Table 8 shows the regression results alongside with the estimation 706 
results of five RV models with the same covariates. RV model 1 does not accommodate for 707 
unobserved heterogeneity of the VTT (i.e. no distribution of the VTT), while RV models 2 to 4 708 
assume the VTT is respectively normal, lognormal, and log-uniform distributed. RV models 5 is 709 
an RV model with a semi nonparametric distribution as proposed by Fosgerau and Bierlaire 710 
(2007). The parameters of RV models 1 and 2 allow for direct comparison with those of the ANN 711 
regression since they have a one-to-one relation with the location of the (mean) VTT. In contrast, 712 
the parameters of RV models 3 to 5 can not immediately be compared with those of the ANN 713 
regression, as the effect on the mean of these parameters is both a function of the location and the 714 
scale for the distribution. However, we can use the estimated parameters of these models to 715 
compute the (expected) VTTs for each individual, conditional on the covariates in the data, which 716 
in turn can be scattered against the regressed ANN VTTs. This is done in Figure 12 for RV 717 
models 2 to 4. Importantly, the regressed ANN-based VTTs are used in these plots; not the VTTs 718 
as directly obtained from the ANN-based method. 719 
 720 
First, we look at Table 8. A number of observations can be made. Firstly, looking at the ANN 721 
regression results, we see that all parameters have the expected signs and that most parameters are 722 
significant. For instance, male, long-distance trips and high levels of income all correlate 723 
positively with the VTT. Secondly, comparing the regression results with those of the RV models 724 
1 and 2, we see that all signs are consistent across models. Thirdly, one-to-one comparison of the 725 
ANN regression parameters and RV parameters of models 1 and 2 reveals that also the relative 726 
strength of the effects are largely consistent across these models. Fourth, the RV models show 727 
that, all else being equal, the gap between the WTP and the WTA is about €3.95 per hour. This 728 
gap is close to what is found in the ANN regression and also close to what we found in section 729 
4.2.  730 
 731 
Aside from comparing the covariates across models, it is also intersting to briefly discuss the 732 
model fits of the RV models. Taking the number of parameters into account, RV model 2 733 
achieves the best statistical performance. However, this model predicts negative VTTs for a 734 
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substantial share of travellers – which seems behaviourally unrealistic. When we discard RV 735 
model 2, RV model 5 performs best in the statistcal sense. But, looking at the rho squares across 736 
the RV models, we can also conclude that the imposed shape does not have a major impact on the 737 
model fit. 738 
 739 
Now we turn to the scatter plots in Figure 12. All scatter plots show a strong positive correlation 740 
between the VTTs as computed by applying the RV models (x-axis) and the regressed VTT of the 741 
ANN-based method (y-axis). The fact that many points scatter around y = x, indicates that the 742 
strength of the effects of the covariates is roughly captured equally strong in the ANN as in the 743 
RV models. All-in all, it can be concluded that the ANN-based method is able to capture the 744 
effects of covariates well. 745 
 746 

 747 
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Table 8: Effects of covariates on the VTT 748 

 749 
 750 

 751 

VTT distribution
Est p-val Est p-val Est p-val Est p-val Est p-val Est p-val

(Intercept) 5.55 0.00
Mode

Car 0.00 0.00 0.00 0.00 0.00 0.00
Public transport -2.01 0.00 -3.70 0.00 -3.82 0.00 -0.50 0.00 -0.51 0.00 -0.49 0.00
Bus -2.94 0.00 -2.25 0.00 -3.37 0.00 -0.21 0.00 -0.37 0.00 -0.23 0.00
Train -1.69 0.01 -1.64 0.00 -2.32 0.00 -0.13 0.03 -0.28 0.00 -0.11 0.02

Gender
Male 0.00 0.00 0.00 0.00 0.00 0.00
Female -0.65 0.06 -0.38 0.08 -0.39 0.32 -0.04 0.19 -0.12 0.00 -0.02 0.49

Age
18-20 0.00 0.00 0.00 0.00 0.00 0.00
21-35 1.89 0.14 3.17 0.00 3.22 0.02 -0.09 0.48 0.29 0.04 0.27 0.02
36-50 1.23 0.34 1.60 0.05 1.65 0.25 0.22 0.00 0.21 0.14 0.18 0.13
51-64 -0.66 0.62 -0.88 0.27 -0.86 0.55 -0.11 0.00 0.04 0.75 0.04 0.74
65+ -2.71 0.05 -3.49 0.00 -3.78 0.01 -0.35 0.00 -0.26 0.07 -0.17 0.19

Purpose (short dist only)
Return home 0.00 0.00 0.00 0.00 0.00 0.00
Travel to the workplace 0.28 0.60 0.81 0.01 0.80 0.17 0.09 0.09 0.05 0.25 0.09 0.09
Leisure/excerise activities -0.26 0.70 -1.50 0.00 -1.48 0.05 -0.15 0.02 -0.07 0.25 -0.19 0.01
Commute 0.19 0.73 0.43 0.19 0.38 0.52 0.04 0.44 0.01 0.81 0.09 0.11

Short/Long distance
Short 0.00 0.00 0.00 0.00 0.00 0.00
Long 6.23 0.00 8.21 0.00 9.16 0.00 0.74 0.00 0.67 0.00 0.62 0.00

Personal gross income
Under 300 000 NOK/year 0.00 0.00 0.00 0.00 0.00 0.00
300 001 - 400 000 NOK/yr. 1.50 0.00 2.69 0.00 2.80 0.00 0.23 0.00 0.20 0.00 0.20 0.00
400 001 - 500 000 NOK/yr. 2.71 0.00 4.50 0.00 4.59 0.00 0.39 0.00 0.28 0.00 0.34 0.00
+500 001 NOK/yr 6.51 0.00 8.47 0.00 8.86 0.00 0.71 0.00 0.61 0.00 0.58 0.00
Do not know / No answer 1.96 0.01 1.76 0.00 1.82 0.04 0.13 0.10 0.13 0.04 0.11 0.13

Current trip characteristics
Travel time -0.011 0.00 -0.009 0.00 -0.007 0.01 0.000 0.27 0.000 0.27 0.000 0.16
Travel cost 0.128 0.00 0.151 0.00 0.125 0.00 0.007 0.00 0.006 0.00 0.006 0.00

Sign effect
WTA 0.00 0.00 0.00 0.00 0.00 0.00
EL -1.63 0.00 -1.66 0.00 -1.56 0.00 -0.14 0.00 -0.13 0.00 -0.13 0.00
EG -1.73 0.00 -1.76 0.00 -1.78 0.00 -0.13 0.00 -0.13 0.00 -0.13 0.00
WTP -3.91 0.00 -3.98 0.00 -3.88 0.00 -0.34 0.00 -0.31 0.00 -0.33 0.00

SNP parameters
SNP1 0.21 0.02
SNP2 -0.13 0.07
SNP3 -0.68 0.00
SNP4 0.41 0.00

RV scale and distribution parameters
μ (scale) -0.11 0.00 -0.16 0.00 -0.19 0.00 -0.18 0.00 -0.19 0.00
δ (location) 2.16 0.01 4.27 0.00 1.41 0.00 1.44 0.00 1.19 0.00
σ (standard deviation) 11.90 0.00 0.93 0.00 1.80 0.00 1.70 0.00

Number of respondents
No. parameters
Adjusted  R-squared:
Final LL
ρ² 0.38

RV model 5

SNP4

5832
28

-22448.9
0.37

RV model 4

Loguniform

5832
24

-22844.0

N/A Normal

-22450.6
0.38

RV model 1

N/A

5832
23

-26105.2
0.28

-22530.7
0.38

RV model 3

Lognormal

5832 5832
19 24 24

Regression 
ANN VTTs

RV model 2

5832

0.18
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 752 
Figure 12: Scatter plot of regressed VTTs: RV normal vs. ANN 753 

 754 
 755 

5.3 Individual level parameters 756 

Also within the discrete choice modelling literature methods have been devised to obtain 757 
individual level parameters (Allenby and Rossi 1998; Revelt and Train 1999; Train 2003). These 758 
methods allow estimation of individual VTTs – just like the ANN-based method does. Therefore, 759 
as a third cross-validation of the ANN-based method we apply one such a method. Specifically, 760 
we apply a method called Conditioning Of Individual Tastes [COIT] (Revelt and Train 1999). 761 
There are a number of implementations of this method, which differ from one another in subtle 762 
ways. In this study, we take the most simple approach, which considers the distribution of the 763 
population when determining the individual-level parameters as a given, and computes the 764 
expected locations of the VTT for each decision maker given this population distribution. The 765 
COIT method cannot only be applied to discrete choice models, but also to the Rouwendal 766 
method. While applying COIT to the Rouwendal method has – to the best of the authors’ 767 
knowledge – never been done before, doing so provides yet another cross-validation for the 768 
individual level VTTs.  769 
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 770 
Figure 13 shows two scatter plots. The left-hand side plot shows the VTT recovered using COIT 771 
(x-axis) for RV model 3 versus the VTT recovered using the ANN-based method (y-axis); the 772 
right-hand side plot shows the VTT recovered using Rouwendal (x-axis) versus the VTT 773 
recovered using the ANN-based method (y-axis). The two plots show that the VTT points nicely 774 
scatter around the y = x line. This visual observation is supported by pearson-correlation 775 
coefficients that are close to one (respectively 0.88 and 0.93). This result confirms that the ANN 776 
has been able to accurately recover the individual level VTTs.  777 
  778 

 779 
Figure 13: Scatter plot of individual VTT: COIT vs ANN 780 

 781 

5.4 Goodness-of-fit 782 

Finally, we compare the goodness-of-fit. Direct comparison of the goodness-of-fit across the 783 
ANN-based method and discrete choice models is not possible. The reason is that the ANN-based 784 
method predicts the choice probability in the hold-out choice task, conditional on T observed 785 
choices. In contrast, a typical choice model predicts unconditional choice probabilities. That is, 786 
the predicted choice probabilities are independent of other choices made by a decision maker. 787 
Therefore, statistical tests for goodness-of-fit do not immediately apply in a meaningful way.  788 
 789 
However, we can compare the model fit of the ANN-based method with those of the COIT 790 
method. To do so, we computed the conditional VTTs based on 8 choice tasks and predict the 9th 791 
choice. This is done nine times, such that each of the nine choice tasks is predicted once, based on 792 
the other eight choices. This approach is taken for both the ANN-based method and the COIT 793 
method, except that we use four hold-out folds for the ANN based method. That is, we train the 794 
ANN based on three-fourth of the data (i.e. three folds), and predict for each decision maker in 795 
the hold out fold, the hold-out choice based on the remaining eight choices (nine times such that 796 
each of the nine choice tasks is predicted once, based on the other eight choices). By using hold-797 
out folds for this analysis, we ensure that the results we present are not inflated due to potential 798 
overfitting of the ANN.  799 
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 800 
Table 9 shows goodness-of-fit statistics. It shows that the ANN-based method outperforms the 801 
other methods by a fairly large margin in terms of Log-Likelihood. This result tells us that the 802 
ANN-based method has learned the underlying DGP better than the other two methods. In terms 803 
of hit rate, the ANN-based method performs on par with the RV model. The Rouwendal method 804 
achieves the best hit rate.  805 
 806 

Table 9: Goodness-of-fit 807 

 ANN COIT RV Lognormal Rouwendal 
Observations 4 1458 9 52,488× × =  5832 9 52,488× =  5832 9 52,488× =  
Null-LL -36,382 -36,382 -36,382 
Final LL -19,108.6 -21,690.2 -20,338.4 
ρ2 0.48 0.40 0.44 
Hit rate 0.84 0.84 0.92 
 808 
 809 

6 Conclusions and discussion 810 

This study proposes a novel ANN-based method to study the VTT. The method is highly flexible, 811 
in the sense that it does not impose strong assumptions regarding the specification of the utility 812 
function, the VTT distribution, or the structure of the error terms. Moreover, the method can 813 
incorporate covariates, account for panel effects and does yield a distribution right of the 814 
maximum VTT. Thereby, it overcomes important limitations associated with nonparametric 815 
methods that are put forward in the VTT literature. In this study we have extensively tested and 816 
cross-validated the proposed method. First, using Monte Carlo analysis we have demonstrated 817 
that even challengingly shaped distributions of the VTT can be recovered, and that characteristics 818 
of the experimental designs (specifically sign effects) can be accounted for. After that, we have 819 
applied the method to data obtained from a recent VTT study and cross-validated the results using 820 
a suite of parametric and nonparametric methods. Based on the encouraging results of this study, 821 
we believe that there is a place for ANN-based methods in future VTT studies. Aside from our 822 
findings regarding the ANN-based method, our extensive cross-validation demonstrates the added 823 
value of using a range of parametric and nonparametric methods to investigate the VTT 824 
distribution. In particular, it helps to draw conclusions, e.g. regarding the shape, that are robust 825 
under a range of different methods. Furthermore, we find particularly good for the Rouwendal 826 
method (Rouwendal et al. 2010). As such, we believe there is a growing role for nonparametric 827 
methods in future VTT studies. 828 
 829 
The method proposed in this study provides ample scope for further research. A first direction for 830 
further research involves acquiring a good understanding regarding the data requirements for this 831 
method to work well. For instance, how many respondents are at least needed for this method? A 832 
commonly used rule-of-thumb in the Machine Learning field is that the number of observations 833 
needs to be at least ten times more than the number of estimable weights. However, a recent study 834 
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on this topic in the context of choice data suggest a more conservative factor of 50 times more 835 
observations than weights (Alwosheel et al. 2018). Likewise, what is the ‘minimum’ number of 836 
choice tasks per respondents that is needed? In our study we found good results with nine choice 837 
tasks per respondents. But, will the method also work with just five choice tasks per respondent, 838 
or will it work even better with fifteen choice tasks? A second, related, direction for further 839 
research concerns the design of the SC experiment. Current SC experiments are optimised for 840 
estimation of discrete choice models. However, data from these experiments may actually be 841 
suboptimal for the ANN-based method. A question that remains to be answered therefore is how 842 
to design experiments optimised for this method? A third direction for further research concerns 843 
the generalisation of the method to work with choice tasks having three or more attributes. While 844 
it is clear that it becomes more difficult to recover a VTT from a choice task consisting of three or 845 
more alternatives using this method, there are – as far as we can see tell – no fundamental reasons 846 
why the method would be confined to data from two-attribute experiments only. A fourth 847 
interesting direction is investigating whether it is possible to also capture and incorporate learning 848 
and ordering effects. Some empirical studies suggest that respondents are subject to are subject to 849 
learning effects and ordering anomalies (Day and Pinto Prades 2010). A fifth research direction 850 
concerns non-traders. As in many VTT methods non-trading behaviour could be a concern to this 851 
method. While in the data that we analysed only very few respondents (2%) always chose the fast 852 
and expensive alternative, it seems plausible that when non-traders are abundant this could 853 
jeopardise the method to work well. Further research may delve into best ways to deal with non-854 
traders in the context of this method. A sixth research direction for further research is application 855 
of this method to other VTT data sets, as well as applying the method to other areas of 856 
application, such as inference of the distribution of the value of reliability. Finally, there are two 857 
main drawbacks of the ANN-based method. First, there is some difficult to avoid instability of the 858 
results. Every time the network is trained (from a set of random starting weights) it will find a 859 
different solution. Although in our cause the predictions of the network turn out to be quite stable, 860 
it inherently leads to some instability of the outcomes. A possible way to deal with this is by 861 
training the network multiple times, and averaging out the variances.  A second drawback relates 862 
to opaque nature of ANNs: they cannot easily be diagnosed, e.g. by looking at its weights. 863 
Currently, considerable efforts are devoted to illuminate the black boxes of ANNs (Castelvecchi 864 
2016). But, in the absence of good tools to diagnose ANNs, their outcomes need to be handled 865 
with caution, especially when ANNs are used for making behavioural inferences.   866 
 867 
 868 
 869 

  870 
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Appendix A: Distribution of the BVVT in Norwegian VTT study 871 
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Appendix B: Rouwendal method for binary choice data 874 

Rouwendal et al. (2010) develop a nonparametric method to estimate the VTT and the Values-of-875 
Statistical-Life (VOSL) from stated choice data consisting of three attributes: cost, time and 876 
safety. This method relies on two assumptions regarding choice behaviour. First, the VTT and 877 
VOSL are – for each decision maker – constant across all his or her choices. Second, for every 878 
choice there is some fixed probability the choice is consistent with the decision maker’s 879 
underlying VTT. Note that this fixed probability approach deviates from standard RUM models, 880 
in the sense that the probability of making an inconsistent choice is independent from the 881 
differences in utility across the available alternatives. In contrast, in RUM models, larger 882 
(smaller) differences in utility translate into larger (smaller) differences in choice probabilities 883 
across alternatives.  884 
 885 
For this study we adapt the Rouwendal method. Specifically, we made a minor modification such 886 
that it works with two-attribute VTT data. Furthermore, note that in this study we aim to recover 887 
the most probable distribution of the VTT, while Rouwendal et al. (2010) focus on computing the 888 
lower and upper bound of the cumulative distributions. 889 
 890 
Methodology 891 
Suppose we have data from a classic binary VTT SC experiment, which consists of K choice 892 
observations per decision maker. In this format there is always a fast and expensive alternative 893 
and a slow and cheap alternative, and in each choice task there is an implicit price of time, 894 
referred to as the Boundary VTT (BVTT). 895 
 896 
In case a decision maker n makes choices that are fully consistent with his own underlying VTT, 897 
then we can immediately derive a lower and upper bound for his VTT. His VTT will be higher 898 
than the highest BVTT for which the fast and expensive alternative is chosen and will be lower 899 
than the lowest BVTT for which the slow and cheap alternative is chosen.13,14 However, real life 900 
decisions are subject to noise. Therefore, it is assumed that a decision maker has a probability q 901 
that he makes choices that are consistent with his VTT (and hence, a probability 1-q that he 902 
makes choices that are inconsistent with his VTT). The probability of observing a series of K 903 

choices for decision maker n { }1 2, ,...,n n n n
KY y y y=  conditional on his VTT being v is: 904 

( ) ( )| 1 nn
Knp Y v q q ττ −= ⋅ −

 905 
where 𝜏𝑛 is the number of choices that are consistent given v. The unconditional probability for 906 
decision maker n to make choice series Yn can be computed by summing (or integrating) over all 907 
possible values of v: 908 

                                                      
13 The VTT is between 0 and the lowest BVTT if always the slow and cheap alternative is chosen; the VTT is above the 
highest BVTT (with no upper limit) if always the fast and expensive alternative is chosen.  
14 In the data from the Norwegian 2009-VTT study, 62% of the decision makers made series of choices consistent with 
an underlying VTT.  
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( ) ( ) ( )1 nn
Kn

v
p Y f v q q ττ −= ⋅ ⋅ −∑

 909 
where f(v) is the probability density function of the VTT. This function can be recovered, jointly 910 
with q, by maximising the likelihood of the observed series of choices of all decision makers. In 911 
our study, we divided the range of possible values of v (from € 0 to € 111.11) into 220 bins: 100 912 
bins with a width of € 0.22 (i.e. 2 NOK), 80 bins of € 0.56 (5 NOK) and 40 bins of € 1,11 (10 913 
NOK). 914 
 915 
 916 

917 
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