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Imputing missing trip purposes in smartphone-based travel
surveys using Bayesian posterior analysis
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ABSTRACT ARTICLE HISTORY
Smartphone-based travel surveys are gaining popularity for collect- Received 18 September 2025
ing trip diaries, where much of the travel information (i.e. travel Accepted 10 April 2026

modes, purposes) is inferred and the participants are asked to verify

X R . R R KEYWORDS
or correct the inferred information. While this allows researchers to

Missing or untagged data;

collect high-resolution mobility data from larger samples with min- posterior analysis; trip
imal user input, in many cases, the participants do not verify all of purpose; mixed multinomial
their trips, resulting in a considerable amount of untagged or missing logit; value of travel time

data. To better impute missing trip purposes for individuals with par-
tially tagged trips, we propose using posterior analysis within a mixed
multinomial logit (MMNL) modelling framework. Posterior analysis
leverages Bayes’ rule to predict missing data by conditioning on the
individual’s previously observed trip purposes. Using a two-week-
long dataset collected in the UK, we find this approach provides
a better predictive performance on a testing dataset in terms of
predicting market shares and the probability of choosing the cor-
rect alternative when compared to not using posteriors in MMNL or
using a standard multinomial logit model. We further investigate the
impact of using the imputed trip purposes in a mode choice model.
Our findings demonstrate that imputing trip purposes using MMNL
with posterior analysis achieves a better model fit and values of travel
time compared to mode choice models that use (a) other methods of
imputing trip purposes, and (b) ignore trip purpose as an explanatory
variable. This highlights the advantages of our imputation strategy,
as well as the benefits of incorporating imputed trip purpose data in
developing travel behaviour models.

1. Introduction

With the ubiquitous use of smartphones, many travel surveys are now carried out using
smartphone-based travel survey applications (Calastri, Crastes dit Sourd, and Hess 2020;
Cottrill et al. 2013; Molloy et al. 2022; Tabasi et al. 2024; Wang et al. 2019; Winkler, Meister,
and Axhausen 2024). Typically, in these survey applications, travel details such as modes
and purposes are automatically inferred from the GPS traces, but to ensure that the inferred
trip details are correct, participants are generally asked to verify or correct the inferred infor-
mation. There are also some cases where the respondents need to specify the modes and
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purposes from a drop-down menu for all trips, i.e. with no automatic inferring (McCool
et al. 2021; Tabasi et al. 2024). Even though smartphone applications require minimal user
input compared to traditional paper-based travel surveys, in many cases, the participants
do not tag, verify, or correct all of their trips. This leads to a large proportion of untagged
trips or trips with missing details. For example, 50% of the users who downloaded the survey
application for a time-use and travel survey in Switzerland did not fully tag their activi-
ties (Winkler, Meister, and Axhausen 2024), half of the trips details were left unverified in
a survey in Toronto (Faghih Imani et al. 2020), and nearly a third of the trip purposes were
left untagged in a travel survey in Trondheim, Norway (Terset and Svaboe 2020). Further,
in long-duration panel surveys (over 8 weeks), tagging trips is encouraged but not made
compulsory in order to reduce response burden (Heinonen et al. 2024; Meister et al. 2025;
Molloy et al. 2022). To encourage higher levels of user participation and data completeness,
most surveys offer incentives and set minimum thresholds for tagging. For instance, Tabasi
etal. (2024) required respondents to tag at least 75% of their trips or activities, while Cottrill
et al. (2013) required participants to tag at least 5 out of 14 days for respondents to receive
monetary incentives. All of these aspects suggest that smartphone-based travel surveys
often yield datasets with substantial amounts of missing or untagged trip details, primarily
the modes and purposes. In this paper, we explore two interrelated aspects, i.e. methods
for improving the imputation of missing travel information by exploiting the panel nature
of the dataset, and the implications of using such imputed information in travel behaviour
models.

While travel modes can typically be inferred with high accuracy levels using speed and
acceleration profiles from the GPS traces, inferring or imputing trip purposes is consider-
ably more challenging, as it relies heavily on contextual information about the user and
the trip origins and destinations (Servizi et al. 2021). A large body of research has focussed
on predicting trip purposes, often using geospatial context data such as points of interest
data (Servizi et al. 2021). However, one of the key aspects which has been overlooked in
the previous studies is the fact that the untagged trip purposes (which manifest as missing
information in the data) are of two categories, i.e. there are some users who tag or verify
some of their trips (but not all), while the rest do not tag or verify any of their trips. The
former category opens up the possibility of using the tagged or verified part of the data
of each individual for better predicting their missing information. To better leverage indi-
viduals’ observed choices for predicting missing trip purposes, we propose using posterior
analysis within the mixed multinomial logit (MMNL) modelling framework. MMNL is one of
the most flexible frameworks in modelling discrete choices across various disciplines. These
models are typically used to capture random or unobserved heterogeneity in preferences
across individuals by specifying a mixing distribution. This yields sample level insights into
the distribution of unobserved effects across individuals. Posterior analysis builds on this
by applying Bayes' rule to obtain the most likely location of an individual’s taste sensitiv-
ities on the sample level distribution, conditional on their observed choices. This allows
researchers to more precisely infer each individual’s location, i.e. with tighter confidence
intervals, compared to the sample level distribution alone (Train 2009).

Posterior analysis has previously been used to obtain insights into the taste sensitivities
of individuals within the sample (Campbell, Hutchinson, and Scarpa 2006; Hensher, Greene,
and Rose 2006; Richter and Pollitt 2018; Sillano and de Dios Orttizar 2005) and for prediction
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purposes (Danaf et al. 2019; Dumont, Giergiczny, and Hess 2015; Krueger et al. 2021; D. Rev-
elt and Train 1999; Song et al. 2018). Past work using posterior analysis has tended to rely
on stated preference data with a limited number of choices per individual on which to con-
dition the distribution. For instance, Danaf et al. (2019) model 8 stated choice per individual
which are used to predict the mode choice, Dumont, Giergiczny, and Hess (2015) compare
prediction accuracy of holiday destination location with a maximum of 36 stated choices,
and Song et al. (2018) use revealed preference data of 4 tours in a day in the context of
mode choice. The applicability of the framework on a longer panel of choices, such as multi-
day GPS travel diary data, remains unexplored. Further, mixed multinomial logit models are
typically limited to modelling behavioural decisions such as mode choices, while the appli-
cability of the modelling framework to impute partially missing trip information, specifically
trip purposes, remains less investigated.

In terms of modelling and predicting trip purposes, most studies employ machine learn-
ing (ML) algorithms such as gradient boosting trees and neural networks (Cui et al. 2018;
Ectors etal. 2017; Gao, Molloy, and Axhausen 2021; Y. Liu, Miller, and Habib 2023; Xiao, Juan,
and Zhang 2016; Yazdizadeh, Patterson, and Farooq 2019). There are also a few studies that
use econometric or statistical models such as multinomial logit (MNL), nested logit, and
MMNL (Ermagun et al. 2017; Y. Liu, Miller, and Habib 2023; Oliveira et al. 2014) to predict
trip purposes; however, they do not use posterior analysis. Machine learning (ML) tech-
niques are often preferred for modelling trip purposes because they provide a data-driven
approach capable of capturing potentially non-linear and complex relationships between
explanatory variables and observed trip purposes. In contrast, econometric models are
typically favoured for their interpretability. There are some studies that compare the two
modelling frameworks, i.e. econometric and machine learning models, specifically for pre-
dicting trip purposes. For instance, Ermagun et al. (2017) report that prediction accuracy
is better for ML models compared to econometric models for modelling trip purposes. On
the other hand, Y. Liu, Miller, and Habib (2023) note that econometric models better predict
market shares compared to ML models. Nevertheless, there is substantial evidence in the
transport literature that finds that there is no significant difference in the out-of-sample pre-
dictive performance between econometric models and ML models in terms of probabilistic
goodness of fit metrics such as log-likelihood and predicting market shares (Ali, Kalatian,
and Choudhury 2023; Hillel 2019; Zhao et al. 2020). Accordingly, we restrict our analysis
to econometric models, namely the multinomial logit and mixed multinomial logit model,
for predicting missing trip purposes and evaluate the benefits of incorporating posterior
analysis in MMNL.

Further, although prior research assesses the feasibility of utilising untagged datasets to
develop travel behaviour models based on accuracy levels of trip purpose and mode infer-
ence algorithms on testing or validation datasets (Harding et al. 2021; Marra et al. 2019;
Yazdizadeh, Patterson, and Farooq 2019), it should be recognised that reporting predic-
tion or inference accuracies is of limited practical value for transport practitioners. The
ultimate goal of imputing trip purposes should be to assess whether such imputations
enhance the estimation of downstream travel behaviour models. Trip purposes are valuable
explanatory variables in mode and route choice models, and consequently in valuation and
appraisal, where values of travel times are differentiated by purpose (Hess et al. 2017; Ward-
man, Chintakayala, and de Jong 2016). Failing to account for these preference differences
across purposes can result in significant biases in demand forecasts and welfare analysis.
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Further, trip purposes are essential components in understanding daily travel and activ-
ity patterns, and act as dependent variables in various models such as trip generation and
time-use models (Arentze, Ettema, and Timmermans 2013; Nurul Habib and Miller 2009).
Vij and Shankari (2015) is a notable exception, as they investigate the impact of utilising
inferred or untagged modes in a mode choice model and highlight that there is a trade-
off between inference accuracy and dataset size. Their findings suggest that even with a
high mode inference accuracy of 95%, there is a 13% bias in predicting the value of travel
time, indicating limited benefits of utilising inferred untagged datasets. However, there has
been limited research evaluating the impact and benefits of using imputed trip purposes in
travel behaviour models, especially when incorporating untagged data alongside tagged
datafrom smartphone-based travel surveys. One of the mostimportant uses of trip purpose
information is in mode choice decisions and in the estimation of the values of travel time.
Hence, in this study, we also check if imputing trip purposes using MMNL with posteriors
leads to a better model fit and more reliable values of travel time (VTT) compared to mode
choice models that do not use trip purpose as an explanatory variable or use other methods
of imputing trip purposes. It may be noted that our context differs fundamentally from that
of Vij and Shankari (2015), who focus on imputing a discrete dependent variable, i.e. modes
in a mode choice model. In contrast, our study evaluates the implications of imputing a dis-
crete independent variable, i.e. trip purpose, in a mode choice model. The main research
questions addressed in this study are as follows:

(1) To what extent does posterior analysis in a mixed multinomial logit model improve
the predictive performance of a trip purpose prediction model in a multi-day panel
dataset compared to other methods of imputation?

(2) What is the implication of imputing trip purposes using mixed multinomial logit
model with posterior analysis, in terms of model fit and values of travel time, when
subsequently used in a downstream mode choice model?

The remainder of this paper is divided as follows; where Section 2 provides a brief litera-
ture review of posterior analysis and trip purpose prediction models, Section 3 explains the
methodology used to carry out the study, Section 4 describes the data, Section 5 the results
and discussion. The conclusions are summarised in Section 6.

2. Literature review

In this section, a brief overview is provided of the use of posterior analysis in the discrete
choice modelling literature. This is followed by a review of how trip purposes have been
modelled in recent studies.

2.1. Use of posterior analysis in transport literature

Posterior analysis has first been used in the transport or discrete choice modelling liter-
ature context by D. Revelt and Train (1999) inspired by the hierarchical Bayesian estima-
tion method that relies on taking draws of individual level parameters from sample level
parameters in the case of random coefficients, which is later explained in Section 3.
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There are several studies that examine the impact of incorporating posterior analysis
on the predictive performance of mixed multinomial logit (MMNL) models. D. Revelt and
Train (1999) model customer’s choice of electricity suppliers using a mixed multinomial
logit, utilising a stated preference dataset that consists of 8 to 12 choice tasks, where the
last choice task is set aside for testing. D. Revelt and Train (1999) find that the average
probability of the chosen alternative (APCA) increases from 0.35 to 0.50 by making use of
posteriors. Further, the APCA improves by 0.25 for nearly three-quarters of the individuals.
For the rest of the individuals, the average probability decreases by 0.11. One of the possi-
ble reasons for some individuals having a decrease in the APCA is that in stated preference
surveys, the choice tasks are designed to have new trade-offs in each scenario; therefore,
the taste sensitivities for all individuals may have not been fully captured. This aspect would
be interesting to examine in the context of this study, as we make use of multi-day revealed
preference data. Furthermore, a greater increase in APCA might be observed as real-world
journey purposes may be more habitual.

Song et al. (2018) use posterior analysis to generate a personalised list of potential mode
choices, i.e. the mode choice menu in a smartphone-based travel survey application. Using
mode choice datafrom 246 users, different models are estimated where the training dataset
contains 2, 3 or 4 observed tours per individual. A hit rate is calculated if the observed mode
choice is present in the predicted mode choice menu. Results indicate that the hit rate
increases by making use of posteriors and also with an increase in the number of obser-
vations per individual in the training dataset. Song et al. (2018) further proposes the use of
posteriors to generate personalised recommendations for mode choice menus for individ-
uals in smartphone-based travel surveys. Building on this idea, the present study similarly
exploits posterior analysis, but applies it to a different problem, i.e. imputing untagged trip
purposes in smartphone-based travel surveys rather than generating personalised mode
choice menus.

Another branch of literature examines the impact of updating posteriors dynamically
and the benefits of capturing intra-personal heterogeneity. Danaf et al. (2019) develop an
MMNL framework that updates individual-level parameters as new data arrives, capturing
both inter-and intra-personal heterogeneity as opposed to the approach by Train (2009)
where the posteriors are calculated using all the observed data statically. The proposed
framework is tested to predict the mode choice on the Swissmetro dataset, where 8 out of
the 9 stated preferences are in the training dataset and the last choice scenario is retained
for testing. It is observed that the best predictive performance is observed when all of the
observed data is used in the estimation of the posteriors rather than the dynamic updat-
ing procedure. Nonetheless, the results indicate that by making use of posteriors in MMNL,
the average probability of the chosen alternative increases from 0.509 to 0.717 (Danaf
et al. 2019). Krueger et al. (2021), on the other hand, check the predictive performance of
a mixed multinomial logit model with inter-personal heterogeneity compared with both
inter-and intra-personal heterogeneity. The study finds that there is no significant improve-
ment by making use of both inter-and intra-personal heterogeneity compared to using
interpersonal heterogeneity only on a synthetic dataset and a stated preference dataset,
which contains 7 choice scenarios.

While Danaf et al. (2019), D. Revelt and Train (1999), Song et al. (2018), and Krueger
et al. (2021) utilise data with 9, 12, 4, and 7 observations; only Dumont, Giergiczny, and
Hess (2015) assesses the impact of utilising a longer panel of stated preference data.
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Dumont, Giergiczny, and Hess (2015) compare the predictive performance of mixed multi-
nomial logit with individual-level models. Using stated preference data of holiday desti-
nation choice, different models are estimated where out of 48 stated choices, 12, 24, and
36 choices per individual are used for the training dataset and the rest are set aside for
testing. It is observed that when 12 observations are used in the training dataset, the pre-
dictive performance on the testing dataset of the MMNL model with posteriors is lower
compared to the model without posteriors. However, with 24 and 36 observations per indi-
vidual in the training dataset, the use of posteriors leads to an 11% and 22.8% increase
in log-likelihood on the testing dataset, respectively, compared to not using posteriors.
Despite these insights, it remains unclear how posterior analysis performs when applied
to multi-day revealed preference (RP) data.

Further, several studies utilise posterior analysis to examine willingness-to-pay (WTP)
measures at an individual level (Campbell, Hutchinson, and Scarpa 2006; Hensher, Greene,
and Rose 2006; Hess 2007; Richter and Pollitt 2018; Sillano and de Dios Ortuizar 2005). All of
these studies rely on stated preference data and find that the posterior estimates exhibit a
narrower range compared to sample level estimates. Additionally, D. A. Revelt (1999) per-
forms a cluster analysis on the posteriors to gain deeper insight into individual behaviour.
Therefore, using posterior analysis within a mixed multinomial logit modelling framework
for imputing partially missing trip purpose data in a multi-day GPS travel diary dataset
remains unexplored in the literature. Overall, while posterior analysis has been widely
applied in stated preference contexts for prediction and WTP analysis, its use in MMNL
models to impute partially missing trip purpose data in multi-day GPS-based RP datasets
remains unexplored. This study addresses this gap by leveraging posterior information to
improve inference for imputing trip purposes in a real-world, multi-day setting.

2.2. Modelling trip purposes

Smartphone-based travel survey applications typically record timestamped GPS traces of
users. Based on the spatial and temporal data, the trip details such as trip stops, modes
and purposes are inferred using various algorithms. For a recent review of methods for
extracting trip information from smartphone-based travel survey data, readers are referred
to Servizi et al. (2021). Beyond smartphone-based GPS data, other big data sources, such as
call detail records (CDRs) and public transport smartcard data, have also been increasingly
used to infer trip purposes or activity patterns as detailed in a recent review (Fu et al. 2025).
In this section, we mention algorithms and variables used to model trip purposes.

In terms of the modelling framework used, most of the researchers use machine
learning algorithms such as decision tree (Deng and Ji 2010; Lu, Zhu, and Zhang 2012;
Oliveira et al. 2014), random forest (Gao, Molloy, and Axhausen 2021; Gong, Kanamori, and
Yamamoto 2018; Montini et al. 2014; Yazdizadeh, Patterson, and Farooq 2019), gradient
boosting trees (Nair et al. 2019; Zahroh et al. 2025), and neural networks (Ali et al. 2026; Cui
et al. 2018; Xiao, Juan, and Zhang 2016; Zahroh et al. 2025). There are some studies which
use econometric or statistical techniques such as multinomial logit model, nested logit, and
mixed multinomial logit models (Ermagun et al. 2017; Hossain and Habib 2021; Y. Liu, Miller,
and Habib 2023). However, these studies do not propose the use of posterior analysis to pre-
dict missing data. There are also a few studies that use rule-based algorithms, such as if-else
statements, to model trip purposes (Bohte and Maat 2009; Shen and Stopher 2013).
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The variables normally used to model trip purposes are divided into three main cate-
gories, i.e. personal characteristics, trip-specific features, and spatial information at the trip
destination. Personal characteristics normally include socio-demographic features such as
age, gender, employment status, etc. Trip-related features include mode choice, trip start-
ing time, duration of the trip, time spent at the destination, and the day when the trip
was carried out. There are some studies which make use of features of the previous trip
as well (Cui et al. 2018; Lu, Zhu, and Zhang 2012). Spatial information typically includes
the land-use data and the locations of the most visited places, i.e. home and work. Some
researchers use land-use databases specified by the development authorities. For example,
Y. Liu, Miller, and Habib (2023) uses a dataset which contains the location and categories
of businesses in Canada, whereas others use online mapping services such as Google Maps
(Cui et al. 2018; Ermagun et al. 2017). Some studies also use social media platforms to sup-
plement the land-use data. For instance, Yazdizadeh, Patterson, and Farooq (2019) and Cui
et al. (2018) use Foursquare and Twitter to infer information regarding the land-use type.
There are some studies which do not use spatial location data as it is quite costly to use
Google Maps and does not always lead to substantial improvements in the accuracy of the
trip purpose algorithm (Gao, Molloy, and Axhausen 2021). More recently, some studies have
adopted advanced methods, such as graph attention networks, to more effectively exploit
points-of-interest data (Liao et al. 2022).

The number and type of trip purposes modelled depend on the research objectives
and typically lack uniformity (Ectors et al. 2017; Fu et al. 2025). There are some research
studies which classify trip purposes into three main categories, such as home, work and
other; whereas, some studies have a large number of trip purposes, for example, Bohte
and Maat (2009) and Gao, Molloy, and Axhausen (2021) model 13 and 8 different purposes,
respectively. Y. Liu, Miller, and Habib (2023) follow a two-stage approach, where they first
predict three main purposes: home, work and other, and then the ‘other’ purpose is further
divided into 13 categories. In addition to differences in purpose granularity, some studies
define trip purposes in a context-specific manner, such as focussing on long-distance travel
(Z. Liu et al. 2026). Typically, goodness of fit metrics vary depending on the number of trip
purposes and data collected; however, the trip purpose prediction accuracy ranges from
40% up to 96% in the literature.

An often-overlooked aspect of the literature is the potential benefit of incorporating
imputed trip purposes into downstream travel behaviour models. Existing studies typi-
cally focus on predictive performance on testing or validation datasets (Harding et al. 2021;
Marra et al. 2019; Yazdizadeh, Patterson, and Farooq 2019). For example, Yazdizadeh, Pat-
terson, and Farooq (2019) argue that GPS traces can be as complete as traditional surveys,
reporting inference accuracies of 87% for travel modes and 71% for trip purposes on a test-
ing dataset. However, such evaluations provide limited insight for practitioners, who are
ultimately concerned with the implications of using imputed information in subsequent
behavioural models. Therefore, in this study, we address this research gap by (a) applying
posterior analysis within a mixed multinomial logit framework to impute partially missing
trip purposes in a multi-day GPS-based dataset, and (b) quantifying the impact of such
imputation on a downstream mode choice model.
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3. Methodology

To carry out the study, models for two different types of dependent variables are estimated,
i.e. trip purpose prediction models and mode choice models, which are explained in the
following sub-sections.

3.1. Trip purpose models

This section describes a succinct background theory for multinomial and mixed multi-
nomial logit model, and the methodology used to predict missing trip purposes in
smartphone-based travel survey data.

3.1.1. Background theory

In a random utility context (see e.g. Train 2009), a decision maker n associates a utility Un i
for alternative i in choice situation t, which is the sum of a deterministic or observable util-
ity Vp,ir and a random or error component ¢+ (cf. Equation (1)). The decision-maker then
chooses the alternative with the highest utility.

Un,i,r = Vn,i,t + én,it (M

The observed component of the utility is a function of taste parameters S and explana-
tory variables x, i.e. f(, x). The assumptions about the error term have a major influence
on the resulting model structure. In multinomial logit (MNL) model, the error term is speci-
fied using an independent and identically distributed type 1 extreme value distribution to
obtain a closed-form solution for the probability of decision maker n choosing alternative i
from a set of J alternatives (as shown in Equation (2)).

eﬁxn,i,t

Prit = =——%— ()
n,i 2;21 eﬂx,, it

The likelihood of a decision maker n observing a sequence of choices across choice situ-
ations T can be written as follows, where y, ;; is equal to 1 if decision maker n chooses
alternative i in task t, and 0 otherwise.

eﬁxn it Ynit
La(B) = HH(Z] 1 eﬂxfwt) €)

t=1i=1

The model parameters, i.e. 8, are estimated by maximising the full-sample log-likelihood
function as described in Equation (4),

N
LL(B) = D In(La(B)) (@)
n=1

In mixed multinomial logit models, the taste parameters f follow a random distribution
across decision-makers, such that 8, ~ g(f, | Q), where Q are the parameters of the mul-
tivariate distribution of f. The conditional or posterior distribution of an individual or
decision maker n based on observed choices y, can be calculated using Bayes’ rule and
is denoted by h(f|yn, Xn, Q). As this posterior distribution makes use of more information
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(namely past choices), it is possible to better infer the likely location of an individual’s taste
sensitivities on the sample level distribution with a tighter confidence interval (Train 2009).

In this study, we use the hierarchical Bayesian method to estimate the mixed multinomial
logit along with the posteriors. The hierarchical Bayesian method is commonly associ-
ated with marketing and consumer research literature (Rossi and Allenby 2003). Bayesian
methods are more suited for posterior analysis, as the posterior distributions are standard
outputs. Further, Bayesian methods are faster to estimate compared to the classical or
frequentist estimation procedures when there are a large number of random parameters
(Train 2009).

Bayesian estimation also offers the analyst flexibility in terms of the distributional
assumptions for § such as the log-normal or a triangular distribution. In the context of using
the MMNL model for predicting trip purposes, we rely on a multivariate normal distribution
for f in the absence of clear a priori sign assumptions, i.e. , ~ N(b, W), where b are means
and W the covariance matrix. Independent prior densities are assumed for b and W, and we
follow Train (2009) by adopting diffuse priors which are respectively normal and inverse
Wishart (IW) in shape. The choice for diffuse priors limits the impact of the prior on the pos-
terior density. To learn about the model parameters, Gibbs sampling is used to conditionally
sample from three layers. First, draws are taken from the conditional posterior density for
the individual level parameter f,, which represents the taste sensitivities of individual n.
The conditionality is based on the individual’s observed data y, and current draws for b
and W, as indicated in Equation (5). The second and third layers, i.e. Equations (6) and (7),
sequentially update b and W based on the updated draws of f3,. This estimation framework
is called hierarchical Bayesian as there is a hierarchy among the individual level parameters
or posteriors with the sample level parameters.

eﬂnxn,ym,t
K(Bn | b, W,y ——(Bn| LW (5)
(Bnl y)«]j[zjeﬂnxmy”jrgé(ﬂ | b,W)
K(b| Bn, W) is N(B,W/N) where B = > fn/N (6)

Kl + NS

KW |b,Bn)is Wy K+ N, ————
(Wb, fn) s (+ o

) withS=>"(hs = L)(Bo—OY/N ()

3.1.2. Predicting missing trip purposes

In our study, we predict missing trip purposes using the above mentioned methods, i.e.
multinomial logit model, and mixed multinomial logit model with and without posteriors.
Since a portion of the trip purposes are observed or tagged in smartphone-based travel
survey datasets, we can estimate models using the observed trip purposes as the depen-
dent variable with associated explanatory variables, such as socio-demographic features,
land-use features, and trip-specific details such as the day (weekday vs weekend) and time
when the trip is carried out. We can then utilise the estimated models to impute or predict
the missing trip purposes in the dataset.

It is important to note that while MNL and MMNL models are typically applied to pre-
dict behavioural choices, such as mode or route choices, in our context, they are used
as statistical models to capture the associations between trip purposes (discrete depen-
dent variables) and explanatory variables. Further, all inference-based trip purpose models
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implicitly rely on a missing-at-random (MAR) assumption, which states that missing trip pur-
poses are explainable by observed explanatory variables. Under this assumption, higher
missing rates for certain purposes (e.g. leisure trips) do not induce systematic bias in
estimates provided relevant explanatory variables are observed. If missingness depends
on unobserved factors, i.e. under a missing not at random (MNAR) assumption, then no
model-based imputation approach can fully recover missing trip purposes without explic-
itly modelling the missingness mechanism. For example, if all long-distance leisure trips are
not systematically recorded and explanatory variables not observed, then the model will be
unable to recover such trip purpose accurately, leading to biased imputations.

Let us consider that the trip purposes are missing in situations t* with corresponding
explanatory variables xy, ++. For a developed multinomial logit model, predicting the prob-
ability of each possible trip purpose at t* is straightforward. This can be done by using
Equation (2), where we apply the estimated parameters /5 to the explanatory variables x,, ¢«
associated with that particular situation.

To calculate the probability of predicting trip purposes in the mixed multinomial logit
model, the baseline approach would be to use the sample level model only, with the
predicted probability of individual n making a trip for purpose i given by:

P | Xnge, Q) = / Log- (1 )9 (o | ) dB, ®)

where L, (i| fn) is the likelihood of individual n having trip purpose i in situation t*,
with explanatory variables x¢+ and with Q giving the estimated sample or population level
parameters. In simple terms, the predicted probabilities are computed using draws from
the sample-level parameters distribution g(f5, | 2), and the results are then averaged.

However, for individuals where we observe some past trip purpose information, we can
instead make use of the posterior distribution, given by:

P | X Y X ) = / Lge (11 Ba)h (B | Yo X ) AP, ©)

where this now also relies on the observed prior trip purposes (y,) and the posterior distri-
butions h(B, | Yn, xn, Q). This implies that rather than relying solely on sample-level param-
eter estimates, we use draws from individual-specific posterior distributions h(Sy, | yn, Xn, Q)
to predict missing trip purposes. In our methodology, the MMNL model is estimated using
a hierarchical Bayesian approach, under which posterior distributions are obtained directly
as standard outputs. Equivalent posterior distributions can also be recovered under a clas-
sical maximum simulated likelihood framework and can be readily calculated using choice
modelling libraries, including BIOGEME and Apollo (Bierlaire 2003; Hess and Palma 2019).
The main intuition behind using posterior analysis within the MMNL modelling frame-
work to predict missing or untagged trip purposes is its ability to leverage the panel nature
of the dataset to capture persistent individual-specific patterns or random effects. Stan-
dard models such as the MNL (or even machine learning classification algorithms, such as
a neural network or random forest) primarily capture the average impact of an explana-
tory variable on the dependent variable, which are reflected by fixed  parameters for the
complete sample. In contrast, MMNL models, estimate a distribution of individual-specific
parameters,i.e. S, ~ g(fn | Q) allowing effects to vary across individuals. For example, let’s
consider two individuals: where individual A typically travels 10 km from home to work
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before 9am, and another individual B travels after 9am from a distance of 3 km for work.
Posterior analysis within an MMNL modelling framework, in which all parameters are ran-
dom, captures and retains such associations or effects at the individual level, whereas an
MNL model would only reflect average sample-level effects. If one of individual A’s weekday
10 km morning trips is untagged, then posterior distribution being informed by the individ-
ual’s previously observed trips, assigns a higher probability that the missing trip is work. As
more observations are available per individual, posterior distributions h(fy, | yn, Xn, Q) can
be estimated with greater precision, improving predictions of missing or untagged trip pur-
poses, particularly for habitual trips (e.g. commuting to work, routine shopping, or leisure
trips). In contrast, for individuals with fewer tagged trips, the posterior estimates are weakly
informed and would converge toward the sample level average f, parameters. It must be
noted that if an individual's observed trip purposes are weakly related to the explanatory
variables, the gains from posterior analysis will be limited and as a result, posterior analysis
might not provide greater improvements over sample level estimates.

In real-world scenarios, we can only predict the probabilities of the missing trip purposes
and cannot validate the results due to the absence of ground truth. However, to compare
the three methods, we split the tagged dataset into training and testing subsets, allowing
us to evaluate performance on an unseen testing data. We compare the predictive perfor-
mance in terms of the average probability of the chosen (or correct) alternative and error
in predicting the aggregated market counts, both of which are probabilistic goodness of
fit metrics. To calculate the error in market counts, the mean absolute percentage error is
used which is defined in Equation (10) for k purposes. Further, we use additional metrics
including weighted MAPE and root mean percentage square error (RMPSE). As a secondary
evaluation metric, we also report the model’s accuracy or hit rates, which is a determinis-
tic goodness of fit metric commonly used in the machine learning literature to assess hard
classifications. Accuracy is defined as the percentage of correct predictions, where the trip
purpose which has the highest probability is considered as the predicted purpose.

predicted counts — observed counts

* 100 10
observed counts (10

3.2. Mode choice model

In the mode choice model, it is assumed that trip purpose (a discrete independent variable)
is missing or uncertain. There have been some previous research studies which formulate
methods to estimate discrete choice models where the missing or uncertain data is a con-
tinuous independent variable such as income (Sanko et al. 2014) or travel time (Biswas
et al. 2024), or a dependent variable (Andersson et al. 2022; Vij and Shankari 2015). There
are also some studies which have focussed on inferring demographics using a latent vari-
able approach (Bwambale, Choudhury, and Hess 2019). However, there are no specific
case studies in the transport literature where only a single discrete independent variable
is missing.

In our study, we follow a two-stage approach where we first impute the probability of
observing a trip purpose and then utilise the probability as weights in a weighted esti-
mation of the mode choice model. The two-stage approach can be better visualised and
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Figure 1. Workflow for the study.

assessed using the developed flowchart in Figure 1. The log-likelihood equation for esti-
mating the mode choice model parameters (f) is given in Equation (11), where Py mtp
represents the standard multinomial logit probability of observing mode choice alterna-
tive m (out of M modes) for individual n at choice situation t conditional on the trip purpose
tp (out of TP trip purposes). The probability of observing the trip purpose tp based on the
different imputation strategies (MNL, MMNL with and without posteriors as estimated in
previous section) is assigned as a weight ¢ nt, and ynm, is 1, if individual n chooses alter-
native m in choice situation t, 0 otherwise. Simply put, if the observed mode choice is car,
and there are 2 trip purposes, i.e. commute and business trips, with imputed trip purpose
probabilities of 0.2 and 0.8. There would be a 0.2 weight for observing the mode choice as
car with the trip purpose in the explanatory variable set as commute, and a 0.8 weight for
observing the mode choice car with the trip purpose set as business. For any trips with an
observed trip purpose, the weight would be 1; hence, there would only be a single contribu-
tion to the likelihood. This weighted likelihood approach resembles a traditional latent class
choice model, where the latent classes correspond to trip purposes and the averaging is car-
ried out at the observation level. The primary reason for adopting the weighted likelihood
approachis that it enables the estimation of purpose-specific behavioural parameters, such
as travel time sensitivities for commuting or business trips, allowing us to derive values of
travel time (VTT) for different trip purposes.

N TP Ynm,t

T M
LL(B) = In H H Z Tepnt - Pnmtitp (11)
1

n= t=1m=1 \tp=1

4. Data

Travel diaries from a survey conducted primarily in the Yorkshire and Humber region in the
UK are used to carry out the study. The survey was carried out using the smartphone-based
app RMove for a 2-week period between November 2016 and March 2017. For more details
regarding the collection of the data, readers are referred to Calastri, Crastes dit Sourd, and
Hess (2020).

The travel survey application required users to select the trip purposes and modes from
a drop-down menu. A total of 41,210 trips by 580 individuals were recorded. Out of these,
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Figure 2. Histogram of missing trip purpose in dataset.

nearly a quarter of trip purposes (11,130 trip purposes or 27.8% of the total trips) were left
untagged, leaving the remaining 72.8% as tagged. There is wide variability across individu-
als tagging behaviour as highlighted in Figure 2, which shows the proportion of untagged
trip purposes per individual. It is observed that about 15% of the individuals completely
tagged their trip (nearly 80 out of 580). However, a majority of individuals (50% of the total
individuals) did not tag up to 30% of their trips. The histogram also shows that numerous
individuals (33 out of 580 individuals or about 5% of the individuals in the sample) left all
of their trips untagged. This indicates that there is a large proportion of trips that can be
predicted by making use of posterior analysis in mixed multinomial logit models.

After removing the untagged trips, trips outside the Yorkshire and Humber region, and
individuals with incomplete sociodemographic information or unidentified home loca-
tions, there are a total of 24,116 trips carried out by 484 individuals. The survey used a
total of 31 trip purposes, which, for ease of analysis, were aggregated and classified into
5 main trip purposes, namely commute, business, home, shopping, and leisure trips. We
opted for these categories to maintain a manageable number of trip purposes as increas-
ing the number of categories substantially raises the computational burden of estimating
the mixed multinomial logit model. In addition, business trips were separated from com-
muting trips because business travellers tend to have higher travel time values and are
treated separately in mode choice models (Wardman, Chintakayala, and de Jong 2016).
Nevertheless, future researchers may adopt alternative or more detailed trip purpose clas-
sifications, depending on the requirements of their specific study. Table 1 shows the count
and percentages of the trip purposes. It can be observed that 31.42% of trips are home
trips, 28.09% shopping, 19.87% leisure, 13.64% commuting and only 6.97% are business
trips. Shopping/chores/service/education/escort trips were separated from leisure trips, as
leisure activities and trips are quite different in nature. It was possible to add a separate cat-
egory for educational trips; however, the total number of educational trips were low (418
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Table 1. Aggregated trip purposes in dataset.

Trip purposes Count Percentage (%)
Commute 3,290 13.64
Business 1,682 6.97
Return to home 7,578 31.42
Shopping/services/education/caring/other 6,773 28.09
Leisure (Entertainment, Visit Friends, Hobbies) 4,793 19.87

total trips), so we decided to add them in the within the broader shopping category, which
also encompasses other non-leisure, non-work activities.

To better model trip purposes, the dataset was augmented with the nearest points of
interest data and home location. To find the home location, Density-Based Spatial Cluster-
ing of Applications with Noise (DBSCAN), which is a spatial clustering algorithm, was used.
One of the benefits of using DBSCAN to find unique residential locations is that the cluster-
ing algorithm identifies outliers (or noise variables) which is the reason why this algorithm
has been used in previous studies to model residential locations in the transport literature
(Amaya, Cruzat, and Munizaga 2018; Lizana, Choudhury, and Watling 2023; Winkler, Meister,
and Axhausen 2024). The clustering algorithm was used to find the unique home location
for individuals who had specified their home trips. If there was only 1 cluster, then that cen-
troid of the cluster was considered as the home location. However, if more than 1 cluster
was found, the cluster with the highest number of origin or destination points was consid-
ered as the home location. For respondents who did not specify home trips at all, the origin
location of their first trip in a day was checked. If only one cluster was formed, the centroid
of the cluster was considered the home location, otherwise, observations from that individ-
ual were discarded (Ali et al. 2026). The minimum number of points to specify a cluster was
2 and the distance threshold between two clusters was set to 40 meters as these parame-
ters produced the most consistent and plausible home locations for individuals across the
sample.

Further, points of interest data published by Ordnance Survey (2023) were used to know
the land-use type at the trip’s destination. Ordnance Survey is the most comprehensive
point of interest data in the UK, which contains geotagged details of businesses, services,
and educational institutions that are updated quarterly. Since the survey was carried out
between November 2016 and March 2017, the points of interest data published in April
2017 were used. A total of 335,832 points of interest were identified for the Yorkshire
and Humber area. There are a total of 52 main classes and over 600 subclasses of land-
use type in the Ordnance Survey; however, based on our judgement, these classes were
aggregated into 10 land-use categories, including restaurants, services, shops and offices
as mentioned in Table 2. The services points of interest category include post offices, banks,
police stations, etc; entertainment areas include recreational and outdoor areas such as zoo
and botanical gardens. Transportation hubs include airports, bus terminals, train terminals,
and green areas including parks, and bodies of water. The nearest 20 points of interest,
up to a distance of 250 meters, were used as this configuration yielded the best predictive
performance.

Table 2 shows the descriptive statistics for the observed trip purpose data. It can be
observed that nearly all of the commuting and business trips take place on weekdays as
expected. Likewise, a higher proportion of shopping and leisure trips are carried out on the
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Table 2. Descriptive statistics of trip purpose dataset.

Descriptive statistics Business Commute Home Leisure Shopping
Proportion of trips in each explanatory variable

Type of day

Weekday 0.93 0.96 0.75 0.65 0.73
Weekend 0.07 0.04 0.25 0.35 0.27
Gender

Male 0.52 0.44 0.40 0.39 0.37
Female 0.48 0.56 0.60 0.61 0.63
Occupation

Full time employed 0.79 0.81 0.62 0.62 0.56
Not fully employed/other (e.g. retired) 0.21 0.19 0.38 0.38 0.44
Starting time of trip

Start time 0:00 to 9:00 0.19 0.52 0.05 0.07 0.13
Start time 9:00 to 16:00 0.67 0.40 0.36 0.49 0.58
Start time 16:00 to 19:00 0.1 0.05 0.37 0.27 0.22
Start time 19:00 to 24:00 0.03 0.03 0.22 0.17 0.08
Nearest 20 point of interest land-use categories

Restaurants 2.26 2.27 1.40 2.74 2.52
Services 8.56 9.97 7.61 7.71 8.40
Transportation hubs 2.66 232 249 233 2.52
Shops and offices 0.97 0.90 0.66 1.38 1.98
Entertainment 1.1 1.29 0.73 1.21 0.91
Industrial areas 0.96 1.08 0.74 0.70 0.72
Green areas 0.07 0.07 0.06 0.09 0.07
Educational institutes 0.50 0.52 0.47 0.34 0.43
Temporary accommodation 0.12 0.14 0.1 0.14 0.09
Agricultural 0.00 0.01 0.02 0.02 0.02
Average value of explanatory variable

Distance to home (Km) 11.10 13.80 6.15 12.02 8.29

weekend. There is a near equal split of females in commuting and business trips, however,
60% of the social and leisure trips are carried out by females. Full time employed people are
observed to carry out a higher proportion of commuting and business trips. Starting time
also has a significant impact on trip purpose. For instance, most of the commuting and
business trips take place before 16:00 hours, whereas home, leisure and shopping trips are
carried out throughout the day. At night, i.e. after 19:00, most trips are home trips. In terms
of land use, it can be observed that home trips are close to areas with a reduced number
of restaurants, services, shops and offices areas which is intuitive. Commute and business
trips are closer to locations that have more services and industrial areas. Shopping trips
have a higher proportion of restaurants, shops and office areas at their destination. Simi-
larly, leisure trips have a higher number of shops, offices, and entertainment areas at their
destination compared to other trip purposes. Distance to home is a clear explanator for
home trips compared to business and commute trips, which are on average to locations
11.10 km and 13.80 km from home locations, respectively. The average distance to home
for home trips is relatively high at 6.15 km, primarily due to outliers, specifically, individuals
with two homes who label distant locations as ‘home.” While such trips could have been
excluded from the analysis, we chose to retain them, as similar cases are likely to occur in
other datasets as well. Nevertheless, to reduce their influence, we applied a logarithmic
transformation to the distance-to-home variable while modelling trip purposes.

The mode choice dataset is a subset of the complete data, comprising 12,524 observa-
tions from 540 individuals. The mode choice analysis is restricted to six alternatives, i.e. car,
bus, rail, taxi, cycling, and walking. Other modes (e.g. motorcycle, air travel, and multimodal
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trips) are excluded. Trips shorter than 100 metres are also removed, and only observations
with at least one feasible alternative are retained (e.g. car or walking trips without any other
available alternative are excluded), further reducing the sample size. In comparison, the
trip purpose dataset contains 24,116 observations from 484 individuals; the smaller num-
ber of individuals largely reflects the exclusion of 66 participants for whom home locations
could not be reliably inferred. To calculate the travel time for the choice set in the data,
Google APl were used. The dataset contains socio-demographic features of individuals typi-
cally used in mode choice decisions such as income, gender, age and occupation. For more
details regarding the mode choice data and the derivation of values of travel time (VTT)
based on the dataset, the readers are referred to Tsoleridis, Choudhury, and Hess (2022). The
mode choice dataset has 12,524 trips in total, but only a reduced proportion of the dataset
(4896 trips) was considered in this study to ensure that there is no overlap in the estima-
tion or training dataset of trip purpose and mode choice data to avoid any endogeneity or
measurement errors between the two models.

To carry out the study, the trip purpose dataset was divided into a training and testing
dataset. 30% of each individual’s trips with observed purposes were randomly set aside in
the testing dataset, which led to 16,892 and 7,224 trips in the training and testing dataset
for the trip purpose model, respectively. Of the 4,896 trips used in the mode choice model,
3296 or 67% of the trips are within the testing dataset of the trip purpose model. Hence, we
estimate mode choice models where 3,296 out of 4,896 trip purposes are imputed from the
trip purpose models and for the remaining 1600 trips, the observed trip purposes are used.
Thus, simulating a case where a large proportion of trip purposes are uncertain.

5. Results and discussions

This section is divided into two parts. The first section deals with the trip purpose models
and their performance in predicting missing purposes, while the second part focuses on
the impact of imputing trip purposes in a mode choice model.

5.1. Trip purpose model

We use a multinomial logit model (MNL) as an initial step towards the development of the
mixed multinomial logit (MMNL) model. The variables tested in the MNL model included
socio-demographic features, trip features, and spatial attributes. The trip purpose ‘home’
was used as the base. All of the variables mentioned in Table 2 were tested in the utility
specification. Some variables which led to statistically insignificant and non-intuitive results
were not included in the final model. These include the land-use categories: transporta-
tion, agricultural and temporary accommodation, and gender. The starting time of trips
was specified in 5 categories, namely from 0:00 to 9:00 hours, 9:00 to 16:00 hours, 16:00 to
19:00, and 19:00 to 24:00, where the latter was fixed as the base. It is possible to split the
time into more categories; however, this increases the total number of variables and the
time needed to estimate the MMNL models.

To estimate the mixed multinomial logit model, the parameters associated with all vari-
ables were considered to be normally distributed with a full covariance matrix. We used
30,000 burn-in and 30,000 post burn-in draws after inspecting the stability of the Monte
Carlo Markov Chains (MCMC) in earlier runs. To improve the convergence of the draws, the



TRANSPORTMETRICA A: TRANSPORT SCIENCE . 17

variables were scaled as well. Further, to carry out thinning of the MCMC chains, every 10th
draw was retained. All models were estimated using Apollo, which is a choice modelling
library in R (Hess and Palma 2019). The multinomial logit model has a log-likelihood of
—19,154.43 with 47 estimated parameters, whereas a calculation of the equivalent model fit
of the mixed multinomial model using the sample level distributions gives a log-likelihood
of —16,374.29, with the equivalent of 1,175 estimated parameters (47 means and 1,128
covariance matrix terms).

The mean (i) and standard deviation (o) of the parameters for the mixed multinomial
logit model can be observed in Table 3." The mean of alternative specific coefficients (i.e. x
parameters) are negative for the trip purposes commuting, business, and shopping, which
is expected as the base trip purpose, i.e. home trips, has the highest number of observations
in the dataset. The p asc coefficient for leisure is positive but has high posterior standard
deviation. The standard deviations of the ascs, i.e. the o parameters, have high posterior
means indicating a high extent of unobserved preference heterogeneity for different trip
purposes. The weekday commute, business, and shopping p coefficients are positive which
indicates that on weekdays there is an increased propensity of these purposes being car-
ried out compared to weekends, which is intuitive. The trend is opposite for leisure trips as
expected, which indicates a lower propensity of leisure trips on weekdays. It is also observed
that fully employed individuals are more likely to carry out trips with commuting and busi-
ness purposes. All of the coefficients for distance variables for commuting, business, and
shopping trips are positive, which is intuitive, as an increase in distance from home implies
an increase in the probability of the purposes being other than a home trip.

Time also impacts the trip purposes significantly, as indicated by the coefficients. The
purposes are more likely to be commuting, business, shopping, and leisure trips up to
19:00 hours compared to home trips. In terms of land-use variables, it can be observed that
when the trip’s destination has a high number of restaurants, there is an increased like-
lihood of observing leisure, shopping, and business trips. Likewise, with an increase in the
number of services at a trip’s destination, there are more commuting trips. With an increase
in shopping and office points of interest, there is an increase in the probability of trips being
for leisure, shopping, and commute purpose, which is intuitive. If the trip destination is
closer to an industrial area, there is an increased likelihood of them being commute or busi-
ness trips. It can also be observed that with an increase in the number of entertainment
points of interest, there is an increase in the likelihood of trips being commute or leisure
trips. One of the potential reasons why there is an increase in commuting trips is that many
people work in entertainment areas leading to a positive coefficient for commuting trips.
With an increase in the number of green areas in the trip destination, there is an increase
in the probability of such trips have a shopping or leisure purpose. Since education trips
are included in the shopping trip purpose, it can be observed that with an increase in the
number of educational institute at the trip destination there is an increased likelihood of
trips being for shopping purpose.

Tables 4 and 5 show the average probability of the chosen alternative, accuracy, and
aggregated market counts calculated by applying the estimated models on the training
and the testing dataset. It can be observed that in both the training and testing dataset,
the MMNL model with posterior analysis has the best performance in terms of the average
probability of the chosen alternative and accuracy. In the testing dataset, the MMNL model
with posteriors also obtains the lowest mean absolute percentage error (MAPE) weighted
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Table 4. Predictive performance of estimated trip purpose models.

Mixed multinomial logit

Metric Multinomial logit Without posteriors With posteriors
Training dataset

Average probability of chosen alternative (APCA) 0.415 0.408 0.589
Accuracy (%) 54.89 44.88 70.42
Testing dataset

Average probability of chosen alternative (APCA) 0.413 0.408 0.537
Accuracy (%) 54.59 4411 62.50

Table 5. Observed and predicted aggregated market counts of trip purpose models.

Predicted market counts

Mixed multinomial logit

Description Observed market counts Multinomial logit Without posteriors With posteriors
Training dataset

Commute 2,332 2,332 2,185.54 2,331.67
Business 1,168 1,168 1,349.35 1,169.08
Home 5,319 5,319 4,950.49 5,323.66
Shopping 4,708 4,708 4,872.93 4,714.11
Leisure 3,365 3,365 3,533.70 3,353.48
MAPE (%) - 0.00 7.45 0.13
Weighted MAPE (%) — 0.00 6.10 0.14
RMPSE(%) — 0.00 6.42 0.14
Testing dataset

Commute 958 973.64 917.86 958.19
Business 514 497.26 574 492.59
Home 2,259 2,254.08 2,094.35 2,260.83
Shopping 2,065 2,048.2 2,116.6 2,066.15
Leisure 1,428 1,450.81 1,521.18 1,446.27
MAPE (%) - 1.50 6.44 1.12
Weighted MAPE (%) — 1.06 5.67 0.59
RMPSE(%) - 1.78 6.88 1.26

MAPE, and root mean percentage square error (RMPSE) to predict market counts, showing
the benefits of the proposed approach. The only exception to this trend is in the MAPE on
the training dataset, where the use of an MNL model with a full set of constants leads to the
perfect recovery of overall market counts, which is expected due to the nature of the MNL
model and does not necessarily translate to a better fit on a testing dataset.

There is a substantial increase in the predictive performance of MMNL when posteriors
are used, with the average probability of the chosen alternative (APCA) showing a noticable
increase in both the training and testing data. MNL has a slightly better average probability
of the chosen alternative compared with MMNL without posteriors, and also a lower MAPE
in both the training and testing data. The lack of advantage of the MMNL model with sample
level parameters is not unexpected in prediction, given that the predictions need to be
averaged across draws from the distribution. This also indicates that MMNL models, which
often have better in-sample goodness of fit compared to MNL models, may not offer better
predictive performance in testing datasets compared to MNL if the same individuals are not
present within the dataset.

Figure 3 further shows the average probability of alternatives given the observed choice
in the testing dataset. It can be observed that the purpose-specific average probabilities
are better for the MMNL model with posteriors with a range from 0.34 to 0.70, which is
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superior compared to MNL and MMNL without posteriors, which have a range from 0.15 to
0.59. Both the MNL and MMNL without posteriors model have a low average probability of
correctly inferring business trips, i.e. 0.15, which is less than a random guess. This indicates
both of these models have not fully captured the data-generating process of business trips.
There is a substantial increase in the average probability of correctly inferring business trips
for the MMNL model with posteriors as the average probability is 0.34. This is quite intu-
itive as once we predict future choices conditioned on previously observed choices, we can
better capture the fact that only some individuals (most likely to be employed individuals)
make repeated business trips. These results clearly show that the use of posterior analysis
in MMNL leads to the least predictive error at the sample and individual level compared
to MNL and MMNL without posteriors. Further, we find that the MNL model has a superior
predictive performance compared to the MMNL model without posteriors.

As additional benchmarks, we also estimated machine learning (ML) models (neural
networks and random forests). The neural network and random forest models achieve
APCA values of 0.410 and 0.400 on the testing dataset, respectively, indicating that differ-
ences in predictive performance for the machine-learning models relative to the MNL and
the MMNL without posterior analysis are relatively small, while the MMNL with posterior
analysis remains the best-performing model. To better generalise these findings, we also
compare the results of models estimated on different training and testing data splits, i.e.
60-40% and 50-50% split as opposed to the 70-30% split described here. The complete
results are shown in Appendix A.1; however, the findings are similar, i.e. the best predictive
performance is for the MMNL with posterior analysis, followed by the MNL model, while
MMNL without the use of posterior distributions has the least predictive performance.

Our results are similar to Krueger et al. (2021) where MMNL with posteriors performs
better than both MNL and MMNL without posteriors. In this study, we observe that the APCA
(average probability of chosen alternative) increases from 0.408 to 0.537 by making use of
posteriors in the MMNL model, which is similar in magnitude to what was reported by D.
Revelt and Train (1999) and Krueger et al. (2021) who show a change from 0.35 to 0.50, and
from 0.44 to 0.58, respectively, by making using of posteriors in the MMNL model. Danaf
etal. (2019) observes a larger increase in APCA from 0.509 to 0.717.

The impact of using posteriors in the mixed multinomial logit model was further anal-
ysed at a trip and individual level. It was observed that at a trip level, 73.3% (5,293 out of
7,224) trips have a 0.215 increase in the average probability of the actual observed purpose
when posteriors are used compared to without using posteriors. Whereas for the remaining
26.7% of trips, there is an average decrease of 0.107 in the probability of chosen alternative
compared to without using posteriors in MMNL. At an individual level, 91.1% (441 out of
484) of individuals show an increase in the average probability of chosen alternative by
making use of posteriors in the MMNL model. It was further observed that individuals who
have an increase in the average probability of the chosen alternative in the testing dataset
by making use of posteriors have an average of 36.23 trips or observations in the training
dataset. On the other hand, individuals whose predictive performance decreased due to
posteriors have an average of 21.23 trips. These results indicate that for nearly all of the
individuals, there is a gain in the predictive performance by making use of their previously
observed choices. The fact that there is a drop in performance for those individuals with
fewer trips is in line with expectation as there is less data from which to learn the posterior
distribution.
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a) Multinomial logit

S commute ] 0.41 0.13 0.08 0.24 0.14 Ho
% Business{ 0.25 0.15 0.14 0.29 0.18 22
2 Home{ 0.04 0.03 - 0.20 0.14
% Shopping{ 0.11 0.07 0.22 0.37 0.23 o
é Leisure - 0.99 0.96 0.;3 0'.32 o.'29 Zz
Commute Business Home Shopping  Leisure
Predicted probabilities
b) Mixed multinomial logit (Without posteriors)
S commute{ 035 0.15 0.09 0.26 0.16 -
2 Business| 0.22 0.15 0.12 0.30 0.20 Zz
8 Home 0.06 0.04 m 0.19 0.14
g Shopping{ 0.10 0.07 0.19 0.39 0.25 o
é Leisure - 0.99 0.98 o.|19 o.§3 o.|31 Zz
Commute Business Home Shopping  Leisure
Predicted probabilities
¢) Mixed multinomial logit (With posteriors)
S Ccommute 0.11 0.07 0.15 0.10 He
%Cj Business{ 0.22 0.34 0.09 0.21 0.14 ZZ
@ Home{ 0.03 0.02 - 0.15 0.11
% Shopping{ 0.06 0.04 0.16 0.50 0.24 o
& Leisure] 0.07 0.05 0.17 0.32 0.38 o2
o 0.0

Com'mute Busi'ness Ho'me Shop;ping Leiéure
Predicted probabilities

Figure 3. Predicted probabilities with respect to observed choices in testing dataset for (a) multinomial
logit, (b) mixed multinomial logit without posteriors and (c) mixed multinomial logit with posteriors.

Overall the predictive performance for the trip purpose model is satisfactory compared
to other studies which model trip purpose, as the model with the highest accuracy is
62.50%, i.e. the mixed multinomial logit model with posteriors, which is in the range of
previous trip purpose studies, i.e. with a range of 40 to 96% (Servizi et al. 2021). The value
is a bit lower than Montini et al. (2014), Yazdizadeh, Patterson, and Farooq (2019), Y. Liu,
Miller, and Habib (2023), and Ermagun et al. (2017) which have accuracy of 79.8%, 71%,
79%, and 64.17% respectively. While it is difficult to compare the predictive accuracies
across different studies since most studies have different number of purposes and sam-
ple size, one of the reasons why this study has lower accuracy is because the dataset is



22 (&) AALIETAL

imbalanced due to the lower number of business trips. Another reason is the spatial con-
text as most previous studies (Ermagun et al. 2017; Yazdizadeh, Patterson, and Farooq 2019)
were conducted in regions such as Canada and the USA, which are characterised by rela-
tively homogeneous land-use patterns. In contrast, land-use in the UK is denser and more
heterogeneous, reducing the extent to which land-use characteristics can reliably predict
trip purposes. Nevertheless, our approach is effective, as the use of a posterior analysis
in an MMNL achieves substantially better predictive performance compared to standard
modelling strategies, including multinomial logit and machine learning models.

5.2. Impact of imputing trip purposes in mode choice model

In this section, the impact of imputing trip purposes in the mode choice model is presented.
Six different models are estimated, where the base model contains all of the dataset with
observed trip purposes. In the second model, the complete dataset is used without any trip
purpose variables. In the remaining four models, nearly two-third of the trip purposes, i.e.
3,296 out of the 4,896 trips, are imputed using the different strategies. The first of these uses
a uniform probability of observing each trip purpose, i.e. business, commute, and ‘other
trips’ based on the observed market shares which are 6.1%, 18.5% and 70.4%, respectively
(labelled as uniform weights). The other three models use the predicted purposes using
MNL, MMNL without and with posteriors. Imputation is only used for 3296 trips, while, for
the other 1600 trips, the observed trip purposes are considered — thus simulating a case
with a high share of missing purpose information.

To specify the mode choice model, a multinomial logit model is considered with similar
model specification as mentioned in Tsoleridis, Choudhury, and Hess (2022). The travel cost
is specified using a logarithm scale, while the travel times for all modes, except for rail, are
modelled using a box-cox transformation. The travel time for rail was specified on a linear
scale. The trip purpose variables, i.e. commute and business trips, enter the utility equation
as shifts (i.e. A variables) in the travel time and alternative specific constants (asc) as bold-
faced in Table 6. There are a total of five variables which interact with the trip purpose, i.e.
travel time shifts in commuting and business trips for car, asc shifts for commuting trips car-
ried out by bus and walking, and asc shift for business trips carried out by cycling. Other trip
purpose variables, such as a cost parameter shift for business trips, were also considered;
however, the coefficients were not retained as they were not in line with behavioural the-
ory.The same approach followed by Tsoleridis, Choudhury, and Hess (2022) is used to derive
the values of travel time, which uses sample enumeration on the UK National Travel Survey
between 2015-2017 that are further weighted based on the distance segments observed in
the UK 2011 Census work trips.

Table 6 shows the model fit, coefficients, and the value of travel times for the estimated
mode choice models. It can be observed that the coefficients of the base model are intu-
itive with negative travel time and cost coefficients. The travel time shifts for commute and
business trips carried out by cars are negative, indicating that individuals are more sensi-
tive to the travel time for these purposes compared to other trips such as shopping and
leisure trips, which is intuitive. Individuals are also more likely to carry out commuting trips
by walking and bus as indicated by the positive asc shifts for these coefficients. The asc
shift for business trips carried out by cycling is negative which is intuitive as individuals are
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less likely to carry out business trips by cycling. It can be observed that there is a statisti-
cally significant drop in the mode choice model from a log-likelihood (LL) of -1,689.50 to
-1,720.96 once the trip purposes are removed in the mode choice model, indicating that
trip purpose is a significant explanator. The models where nearly two-third of the trip pur-
poses are imputed are better in LL compared to the model with no trip purposes. There is a
more substantial improvement in the log-likelihood where the trip purposes are imputed
using the mixed multinomial logit with posteriors compared with the model where the
trip purposes are not present (increase from —1,720.96 to —1,701.10). The model fit of the
imputed mode choice models are in-line with the previous section as the best-performing
imputation model is the mixed multinomial logit with posteriors followed by the multino-
mial logit model and mixed multinomial logit model without posteriors. This is intuitive, as
better imputation of the trip purposes leads to larger improvements in the mode choice
model estimation. Further, we observe that imputing trip purposes with uniform weights
is not a good strategy as ideally the trip purposes which are actually business or commut-
ing should have a higher probability of being correctly inferred rather than replicating the
market shares. The coefficients of the models where the trip purposes are imputed using
MNL, MMNL with and without posteriors, are mostly similar in sign and statistical signifi-
cance compared to the model where the actual trip purposes are observed, indicating no
potential biases of imputing trip purposes in a mode choice model.

Table 6 also shows the values of travel time for the different models. It can be observed
thatin the base model, the values of travel time are intuitive since business trips mostly have
a higher VTT followed by commuting and other trips. The values are slightly different than
the ones derived using the model developed on the complete dataset (Tsoleridis, Choud-
hury, and Hess 2022), which is expected as a smaller subset of the data has been used. It can
be observed in Table 6 that the most deviation in the VTTs from the base model is in the
case of the model where imputation is carried out by uniform weights followed closely by
the model with no trip purposes, with MAPE of 12.09% and 11.00%, respectively. The model
with the least deviation with respect to the base VTTs is when the trip purposes are inferred
using MMNL with posteriors with a MAPE of 3.54%, which is less than half compared to
the model with no trip purposes. The model where the trip purposes are imputed using the
MNL model also has a lower deviation in VTTs with a MAPE of 5.08%. Based on these results,
it can be observed that if the predictive performance of the trip purpose is satisfactory, i.e.
in the cases when trip purposes are imputed using the MNL and MMNL with posteriors, it
may be beneficial to use the imputed trip purposes rather than to not consider trip pur-
poses at all in the mode choice model. Further, our analysis in this context indicates that it
may be possible to achieve reliable values of travel time in a mode choice model where a
large proportion of trip purposes are uncertain and inferred.

6. Conclusion

In this study, we propose the use of posterior analysis within the mixed multinomial logit
(MMNL) modelling framework to better predict trip purposes of individuals who have
tagged some part of their trip purposes but not all. Additionally, we evaluate whether
imputing these missing trip purposes enhances the performance of subsequent analyses,
such as mode choice modelling. Using a 2-week travel survey diary collected in the UK by
a smartphone-based travel survey application, we first observe that only about 15% of the



TRANSPORTMETRICA A: TRANSPORT SCIENCE . 27

respondents fully tag all of their trips, 10% of respondents do not tag any of their trips at all,
while the remaining individuals (about 75% of respondents) do not tag some parts of their
trip purposes.

Our results show that the MMNL model with posterior analysis achieves an average prob-
ability of 0.537 for correctly inferring the chosen alternative in an out-of-sample testing
dataset. This outperforms both the standard MNL model and the MMNL without posterior
analysis, which achieve average probabilities of 0.413 and 0.408, respectively. Additionally,
MMNL with posteriors also has the least prediction error in predicting aggregate market
shares for trip purposes compared to MNL and MMNL without posteriors. Therefore, to
predict untagged trip purposes for individuals who have previously tagged some of their
trip purposes, researchers are advised to use MMNL with posterior analysis. The results
strengthen the findings of Danaf et al. (2019) and Song et al. (2018), who recommend that
smartphone-based travel survey applications must make use of posteriors to generate per-
sonalised recommendations to infer information about trip details. We further recommend
that to gather long-duration data from users, it is substantially better that individuals tag or
verify some of their trips rather than skipping verification altogether, as this would enable
the use of posterior analysis to better predict untagged trip purposes. We also find that
using posterior analysis on a larger number of tagged observations leads to improved trip
purpose prediction, indicating that the proposed framework is particularly advantageous
for datasets with higher availability of tagged data.

In this study, we also check the added benefit of utilising imputed trip purposes in a sub-
sequent mode choice model, which has not been explored in previous studies. Itis observed
that the mode choice model where the trip purposes are imputed from the MMNL with
posteriors has a better model fit and lower deviation from the true values of travel time
compared to the models where the trip purposes are not added as explanatory variables
and other methods of imputing trip purposes, i.e. MNL and MMNL without posteriors. In
fact, the mean absolute percentage error in the values of travel time where the trip purposes
are imputed using MMNL with posteriors is less than half compared to the model where the
trip purposes are not added as explanatory variables (3.54% vs 11.00%). Our study therefore
demonstrates that it is better to impute trip purposes in a mode choice model to generate
reliable values of travel time rather than not to use trip purposes as explanatory variables
at all. This finding is particularly relevant for researchers who work with smartphone-based
travel surveys or even other passively collected datasets, as there may be benefits in util-
ising imputed trip purposes in downstream models, such as mode choice models. While
these findings are case-specific and difficult to generalise across other cases, future research
should examine the robustness of this finding in additional case studies. Nonetheless, the
proposed framework for estimating a mode choice model with uncertain trip purposes
by weighting the likelihood will be useful to researchers who encounter uncertain trip
purposes or other uncertain discrete independent explanatory variables in their models.

There are several directions in which this research can be extended. Currently, we model
and predict missing trip purposes independently, i.e. do not consider the impact of the pre-
ceding trip purpose. For future work, we want to consider a dynamic approach to model trip
purposes that could better incorporate the structure of daily activity—travel chains. Further
improvements can be achieved in the trip purpose model by a more detailed specification
of trip start times and the inclusion of additional explanatory variables such as time spent
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between the trips, workplace location. In this study, we evaluate our approach on a sin-
gle dataset and assess robustness by varying the proportion of tagged data. Nonetheless,
applying the method to additional datasets would further strengthen the findings. While
we employ an inverse Wishart distribution as a prior for the covariance matrix for the mixed
multinomial logit model, alternative specifications, such as the LKJ or scaled-inverse priors,
could be explored for potentially improved estimation (Akinc and Vandebroek 2018). In our
study, we examine the impact of imputing trip purposes in a mode choice model using a
weighted likelihood approach. Future research could extend the analysis to cases where
both modes and purposes are untagged and assess the impact on different downstream
models, such as route choice, activity generation, and gravitational flow models.

Note

1. The results for the multinomial logit model are also similar and presented in Appendix - Table A1
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Appendix
A.1 Sensitivity analysis

In the study, we had assumed a 70-30% split for selecting the training and testing dataset respec-
tively for the trip purpose prediction model. However, to better generalise the findings, a 50-50% and
a60-40% split were also considered, which led the 50-50% split having 12,048 and 12,068 trips in the
training and testing data, respectively. Whereas the 60-40% split contained 14,486 and 9,630 trips
in the training and testing datasets, respectively. Table A2 shows the predictive performance of the
models in the testing dataset for the different data splits. It can be observed that the best predictive
performance for both data splits is for the mixed multinomial logit model with posteriors followed
by the MNL and MMNL without posteriors in terms of the average probability of the chosen alter-
native and accuracy. It can be observed that with an increase in the number of observations in the
training dataset, the MMNL model with posterior performs better in terms of APCA and lower pre-
diction error for market counts as there is more information (i.e. past observations) to compute the
posterior distributions. This suggests that increasing the size of the tagged portion of the dataset
can further enhance the benefits of utilising posterior analysis. However, there is no difference in the
predictive performance of MNL and MMNL without posteriors in the data splits. The aggregate mar-
ket counts are slightly better captured in the MNL model when a 50-50% split is assumed compared
to the MMNL model with posteriors; however, the MMNL with posteriors has a significantly higher
average probability of correctly inferring the correct alternative.
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Table A1. Estimates for multinomial logit model for trip purpose prediction (home set as base).

Commute Business Leisure Shopping
Parameter Estimate Robtratio Estimate Robtratio Estimate Robtratio Estimate Rob tratio
asc —7.35 —89.53 —6.37 —76.58 —0.46 —1.39 —1.59 —13.39
Pucekday 2.10 16.14 1.78 10.00 —0.43 —6.66 0.05 0.08
ﬁfuny employed 1.23 8.63 1.22 6.15 - - - -
distance 0.65 14.81 0.59 12.44 0.42 15.76 0.36 16.99
Ptime 0 to 9hrs 429 36.78 3.36 29.40 0.56 3.68 1.91 20.19
Ptime 9 to 16hrs 238 15.36 2.96 18.08 0.38 3.70 1.37 18.21
Ptime 16 to 19hrs 0.22 0.08 0.91 3.00 —0.07 —0.67 0.51 4.86
Prestaurants 0.10 0.36 0.08 0.27 0.15 0.70 0.10 0.52
Pservices 0.05 0.24 0.01 0.01 —0.03 —0.09 0.03 0.12
ﬂtransportation - - - - 0.14 0.01 - -
Bshops offices 0.07 0.16 —0.01 —0.03 0.1 0.47 0.20 9.65
Pentertainment 0.26 51 0.09 1.78 0.17 4.56 0.03 0.04
Pindustrial 0.15 3.77 0.05 0.13 - - - -
Pgreen - - - - 0.32 2.78 0.39 3.48
ﬂeducation - - - - - - 0.11 2.84

Table A2. Predictive performance for trip purpose prediction model with different data splits
in testing data.

Mixed multinomial logit

Metric Multinomial logit Without posteriors With posteriors
50-50% split

APCA 0.413 0.406 0.526

Accuracy (%) 54.27 4415 60.89

MAPE for market counts (%) 2.06 6.61 246
60-40% split

APCA 0.415 0.406 0.532

Accuracy (%) 54.94 4423 62.05

MAPE for market counts (%) 2.43 5.91 1.92
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