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Comparing econometric and machine learning
algorithms for modelling daily time-use patterns

Azam Ali', Eeshan Bhaduri!, and Charisma F. Choudhury*!

1Choice Modelling Centre & Institute for Transport Studies, University of Leeds, Leeds, United
Kingdom

Abstract

Time-use decisions are a critical input for quantifying travel demand in activity-based
models. These decisions are typically modelled using econometric methods grounded in
utility maximisation theory - multiple discrete-continuous extreme value (MDCEV) models
in particular. Since time-use decisions are quite complex and may not necessarily be un-
derpinned by a utility-maximisation framework, we propose to use a data-driven machine
learning technique (Recurrent Neural Networks, RNN) to model time-use. We compare
and contrast time-use models developed using a long short-term memory (LSTM), a type
of RNN model, with an MDCEV model based on the predictive performance and marginal
effects. Using time-use data collected during the COVID-19 pandemic in the UK, we
observe that there are no significant differences in prediction accuracy between the two
approaches, both at the aggregate (sample) and disaggregate (individual) levels. Thus, we
find no evidence that data-driven methods outperform traditional econometric models in
predicting time-use behaviour. We also observe that the marginal effects derived from both
models are broadly similar. However, in the absence of benchmark or ground-truth values,
it is not possible for us to conclude the output of which model is closer to reality. This lim-
its the depth of the comparison. Overall, our findings suggest that RNN models can serve
as viable alternatives to MDCEV models for modelling time-use with the added capability
of generating activity schedules. In contrast, MDCEV models offer greater transparency
about the assumptions and provide more interpretable, policy-relevant outputs.

Key words: time-use; machine learning; recurrent neural network; multiple discrete con-
tinuous extreme value model
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BPNN: Back-propagation Neural Network
CM: Choice model
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1 INTRODUCTION

Time-use decisions are fundamental in shaping travel and activity patterns, and therefore
are key components of activity-based travel demand models. Time-use decisions are typi-
cally modelled using variants of the multiple discrete continuous extreme value (MDCEV)
model based on the random utility maximisation (RUM) theory. The basic assumption
of these models is that individuals choose the type of activities and the associated time
durations that provide them the maximum utility (subject to a budget constraint) [Bhat,
2008|. Nevertheless, there are some issues with adopting a random utility maximisation
framework to model time-use. Firstly, it must be noted that comprehending time-use
patterns and activity schedules is a multifaceted endeavour. There exists no overarching
or universally accepted behavioural theory that provides a comprehensive explanation of
how individuals determine the appropriate time duration for various activities. [Axhausen
and Gérling, 1992|. In terms of discrete choices such as mode choice, it is quite intuitive
that people face limited options with different alternative specific attributes [Habib, 2011].
However, time-use is radically different as there are some activities which are mandatory,
such as working and education, whereas some activities are discretionary, such as leisure
and social activities. People also have time-space constraints, which have the potential
to open up or restrict opportunistic trips or activities [Buliung and Kanaroglou, 2007].
Secondly, in time-use diaries, we only know the observed outcomes. But it is difficult to
ascertain the choice sets, limitations, and penalties which may be associated with selecting
the schedule and duration of activities [Habib, 2011|. Finally, a major problem is deriv-
ing a mathematical model that can incorporate the dynamics of activity scheduling under
time constraints |Habib, 2011|. All these questions regarding the validity of using the
MDCEV model and random utility maximisation framework for modelling time-use have
led to researchers developing more complex models [Khaddar et al., 2024|. For instance,
Castro et al. [2012] proposes to incorporate multiple budgets (such as both monetary and
temporal budgets) instead of only a temporal budget, which is normally used to estimate
MDCEV models. Saxena et al. [2021] proposes constraints in the MDCEV model structure
to ensure that activities have an upper bound on time-use consumption, etc. However, an
alternative data-driven approach exists, namely, machine learning models.

Over the past few years, there has been an increase in studies that have used machine
learning (ML) algorithms to model travel behaviour as an alternative to using economet-
ric models, which are normally embedded in behavioural theories [Hillel et al., 2021, van
Cranenburgh et al., 2022]. Machine learning models are data-driven, can easily model
non-linear relationships, and are not dependent on the modeller’s judgement. Whereas, in
econometric models, there is a need to specify the model structure, which leaves limited
flexibility in adding complexity to the model. Further, the process of specifying the utility
function depends on the modeller’s intuition, thereby increasing the risk of model misspec-
ification. This has led to the rise in the usage of machine learning (ML) algorithms to
model travel behaviour, including mode choice [Hillel et al., 2021], car ownership decisions
[Ali et al., 2023], travel mode and purpose [Wong and Farooq, 2020]|, route choice [Yao
and Bekhor, 2022], airline choice [Lhéritier et al., 2019]. Nevertheless, there has been very
limited application of machine learning techniques to model time-use or activity-based
models [Koushik et al., 2020]. For instance, Arentze and Timmermans [2004] developed
ALBATROSS, which is a rule-based or computational process model that predicts activity
type, duration, location, and modes, where they use a decision tree, an ML algorithm, to
cluster activity choices such as travel times, starting time, and duration time. Hafezi et al.
[2021] developed a series of models (activity type, start time, and duration) to predict daily
activity schedules, Drchal et al. [2019] developed a generative machine learning modelling
framework which uses sequential models to model activity type, duration, destination, and
mode to model daily activity schedules. Koushik et al. [2023] model activity schedule and
time-use using a long short-term memory (LSTM) recurrent neural network (RNN) in the
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context of India.

However, there are some limitations in the previous research that utilise ML algorithms
for modelling activity choice and time-use. Firstly, these studies do not compare the per-
formance of their model to a similar econometric model for modelling time-use, namely
the MDCEYV model. Therefore, it is not clear whether or not RNN outperforms the widely
used MDCEV. Especially, previous research in the comparison of econometric and machine
learning modelling reveals that there is often not a substantial difference in the predictive
performance of the ML and econometric models [Ali et al., 2023, Hillel, 2019, Zhao et al.,
2020] and the transferability of the ML models are often not acceptable in cases where
the application scenario is radically different from the training scenario [Ali et al., 2023].
Secondly, a major barrier in using ML models is that they are typically used as ‘black
boxes’ and it is difficult to extract reliable economic and behavioural outputs such as elas-
ticities, value of travel time savings, etc. from the ML outputs, making them unsuitable for
underpinning planning and policy decisions [van Cranenburgh et al., 2022|. The previous
researchers who have used ML models for activity and time-use did not address this issue.
Therefore, there is scope to investigate in further detail if the outputs of the ML models
provide behaviourally consistent outputs. In particular, there are some explainable ML
techniques which can be used to explain ML model results, such as elasticities, marginal
effects, and feature importance plots, which would give confidence to transport practition-
ers to use ML algorithms instead of econometric models. The current paper aims to address
this research gap by applying ML models, specifically recurrent neural networks (RNN), to
model time-use, compare it with the MDCEV model and interpret the behavioural insights
gathered from the two types of models. The detailed research questions are as follows:

1. Assess whether data-driven time-use models have a better predictive performance
compared to econometric or utility-based models.

2. Investigate the similarities and differences in the policy insights derived from the two
types of models in different forecasting scenarios.

In this study, we model time-use using data collected in the UK during and before the
COVID-19 Pandemic (2016-2020) [Gershuny et al., 2022] using both RNN and MDCEV
models. We compare the predictive performance of both models at an aggregate and indi-
vidual level on a testing dataset. To check if both models have similar performance under
different policy forecasting scenarios, we compare the marginal effects. The rest of the
paper has been organised as follows: Section 2 gives a brief introduction about the back-
ground theory of recurrent neural networks and multiple discrete continuous extreme value
models, along with the comparison methodology. Section 3 describes the data, Section 4
describes the model development and results, followed by the conclusion in Section 5.

2 LITERATURE REVIEW AND METHODOLOGICAL FRAMEWORK

2.1 Comparison of econometric and machine learning models in travel be-
haviour modelling

the perspective of prediction performance for discrete outputs as highlighted in Tablc |

For instance, Lee ot al. [2015] EonONGHANIGompATTOATAIySIONONEpATANCHEd
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In a similar vein, Martin-Baos

In contrast, the study by Salas et al.

Javadinasr et al. [2023]

[Piischel et al., 2024].
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Study Aim Data source Methodology Key findings
Lee et al. Comparative analysis Travel diary data Non-parametric: ~ BPNN, 1. ANNs outperform the traditional MNL model,
[2018] of non-parametric and RBFN, PNN, CPNN; with PNNs performing best, especially for under-
parametric methods for Parametric: MNL represented travel modes.
mode choice modelling 2. ANNs enhance prediction accuracy and provide greater
insights compared to MNL.
Golshani Comparative  analysis Household travel survey Statistical: MNL and Haz- 1. NN demonstrated superior accuracy for both predic-
et al. [2018] of statistical and ML ard model; ML: NN tion outcomes, and significantly reduced estimation
methods  for  mode time compared to statistical models.
choice modelling and 2. Sensitivity analysis confirmed better ability of NN to
departure time choice capture nonlinear decision behaviour.
Zhao et al. Comparative analysis SP  survey dataset ML models: NB, Tree- 1. RF is the best-performing ML model and outperforms
[2020] between ML and logit within an academic based models, SVM, NN; the predictive accuracy of MNL and ML models.
models in terms of campus setting Logit model: MNL, ML 2. ML models offer higher predictive accuracy, but logit
both predictive accu- models provide more behaviourally consistent interpre-
racy and behavioural tations in mode-choice modelling.
interpretability
Salas et al. To perform a compar- Synthetic dataset gener- 5 ML classifiers: SVM, 1. ANN outperforms conventional logit and other ML
[2022] ative evaluation of ML ated from multinomial XGB, RF, ANN and KNN models, highlighting the value of flexible modelling ap-
classifiers and CMs in framework and 2 Choice Models: proaches.
the context of travel MNL and MMNL 2. Permutation feature importance analysis shows that

mode choice

the variable contributions to the ML model’s predictive
accuracy align with the logit model estimates.




Study Aim Data source Methodology Key findings
Martin- To perform a systematic 3 real-world and 12 syn- 5 ML classifiers: SVM, 1. XGBoost and RF achieve strong individual-level pre-
Baos et al. evaluation of ML and thetic datasets XGB, RF, NN and DNN dictions but perform poorly in estimating behavioural
[2023] discrete choice models and 1 choice Model: MNL indicators and aggregate mode shares.
in the context of travel 2. The MNL model shows consistent performance across
mode choice contexts, while ML methods can enhance behavioural
metrics such as Willingness To Pay (WTP).
Javadinasr ~ To model individual Household travel survey CM: MNL and ML: NN 1. ML models achieved higher overall accuracy than
et al. [2023] mode choice decisions and GB MNL, though their precision declined for minority
classes in unbalanced datasets.

2. MNL model provided interpretable parameters com-
pared to ML model, making it more relevant for policy
implications.

Ali et al. Vehicle ownership deci- Household travel survey CM: MNL (Piecewise Lin- 1. CM outperforms ML on the testing dataset in terms
[2023] sion ear) and ML: NN and GB of LL and MAPE.
Wang et al. To develop an empirical RP  survey, transit 105 individual models from 1. Ensemble techniques and deep learning approaches
[2024] benchmark for compar- agency survey with 12 model families (both outperform CM models, including MNL, NL, and
ing several ML models simulation-based travel ML and CM) Mixed Logit.
and CMs while account- information, and SP 2. The contextual factors play a more critical role in de-
ing for contextual varia- survey termining predictive performance than the differences
tions between model types.
Piischel Simultaneous modelling Household travel survey ~CM: shallow NN and DNN 1. Shallow NNs outperformed discrete choice models, of-
et al. [2024]  of mobility tool owner- and CM: NL and CNL fering greater accuracy, robustness, and easier inter-

ship

pretation than deeper neural networks.
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2.2 Background Theory

2.2.1 Recurrent neural networks

The core concept of supervised machine learning techniques is to train an algorithm that
maps inputs to outputs by minimising a loss function. In standard classification tasks,
the loss function is often categorical cross-entropy or log-likelihood, and the outputs are
typically discrete and independent [Goodfellow et al., 2016]. However, many real-world
problems, such as speech recognition, text generation, involve sequences of correlated out-
puts |Graves, 2012|. In these cases, predicting one output depends not only on the input but
also on the context provided by previous outputs. Time-use decisions are similar to such
decisions as they are inherently sequential and spatio-temporally interdependent, i.e., the
time spent on one activity (or travelling for doing an activity) can influence the likelihood
and duration of subsequent activities.

To model such dependencies, recurrent neural networks (RNN) are particularly well-suited
as they are designed to handle labelled sequences and time-series data by maintaining
an internal state that captures information from previous time steps [Goodfellow et al.,
2016]. This structure allows RNNs to share information across time, making them ideal
for capturing underlying dynamics in activity scheduling. This implies RNN can learn how
different activities are chained throughout the day, taking into account constraints such as
available time and activity patterns. It must be noted that there are other recent machine
learning models which may be used to model time-use sequences, such as transformers and
large language models (LLMs); however, we restrict our scope to RNNs as they are more
suited to numerical data, whereas transformers and LLMs are more suited for textual data.

Before, understanding how RNN operates, it is essential to know how a basic neural network
(NN) works. There are three layers in neural networks: the input layer, the hidden layer,
and the output layer. The hidden layer has a set of neurons, where each neuron is considered
to have a weight W associated with explanatory variables x and a bias b, that is transformed
by a non-linear activation function f as mentioned in Equation 1. The parameters, i.e.,
the weights and biases, are estimated by backpropagation, i.e., by maximising the log-
likelihood (LL), which is constructed from the probability in Equation 2, where 7 denotes
the different alternatives.

Z;=f(W*x+b) (1)

(2)

eZi

P(class i|r) = ——

(class ifz) = 5
Figure 1 shows the structure of a recurrent neural network'. The difference between simple
neural networks and RNN is that there are multiple outputs, and hidden layer at each time
step depends on the previous time step as well. Thus, back-propagation through time is
carried out. Therefore, the hidden layer at time ¢ is also impacted by the time layer at

We have plotted a one-to-many configuration for the RNN, which implies there is one input and
multiple outputs. This configuration is most suitable for predicting activity sequences. There are other
configurations as well, such as many-to-one, many-to-many, etc.
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time t — 1. In order to estimate the RNN, the loss function is similar i.e., to maximise
LL of all of the choices depending on the previous choices. It is often beneficial to process
the output sequences in both directions, i.e. information is passed through backwards and
forwards, which leads to the bidirectional recurrent neural network.

Images/RNNs.png

Figure 1: Structure for a recurrent neural network

One of the issues in standard RNN is that there is a vanishing gradient problem, meaning
the network forgets the initial association in outputs or inputs when the sequence is long.
This has led to the development of long short-term memory (LSTM) networks, which are
widely favoured because of their ability to retain historical information and handle long-
term dependencies [Hiriyannaiah et al., 2020]. LSTM networks consist of three units inside
a neuron, i.e., input, output, and forget gates. The purpose of the forget gate is to store
information for a long period of time, even though the information is not passed directly
to the output of the next layer. The LSTM unit also includes a cell that stores the accu-
mulated information over arbitrary time intervals. As a result, they are more capable of
capturing non-linear and dynamic patterns in sequential data, leading to strong predictive
performance. |Graves, 2012|. Therefore, we employed RNN models while empirically eval-
uating the predictive performance of various RNN architectures, including standard RNN,
LSTM, and bidirectional LSTM. For the sake of brevity, we have avoided adding details of
LSTM and RNN; however, interested readers are encouraged to refer to works by Graves
[2012] and Koushik et al. [2023].
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Figure 2: Dependent variables in RNN and MDCEV models
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[I6 train the recurrent neural metwork) there is a need to select hyper-parameters of the re-

current neural network. Hyper-parameters can be defined as tools which affect the learning
mechanism of the neural network [Goodfellow et al., 2016] and are typically selected within
a subset of the training data, which is called the validation dataset. The hyperparameters
in neural networks include the neural network architecture, regularisation, dropout layer,
type of optimiser, number of iterations, learning rate, etc. Further, ML models do not have
an exact solution as in the case of econometric models. Therefore, it is a recommended
practice in the literature to carry out multiple training under different initialisation set-
tings to reduce the risk of model non-identification and local irregularities [Wang et al.,
2020a].

Even though ML algorithms are black boxes, there are some methods which can be used
to explain the results of a recurrent neural network, such as feature importance plots,
Partial Dependence Plots, SHAP values, LIME [Molnar, 2025|. These techniques are model
agnostic, i.e., can be used for any ML technique, and are applied after the ML model has
been trained. However, most of the techniques are not readily transferable to recurrent
neural networks, as instead of one output there is a sequence of outputs. Nevertheless,
feature importance plots and marginal effects are used to explain the recurrent neural
network model.

2.2.2 Multiple discrete continuous extreme value

Multiple discrete continuous extreme value (MDCEV) models, first introduced by Bhat
[2005], are normally used to model choice scenarios where decision-makers can consume
different alternatives or goods simultaneously. Typical cases include modelling time-use,
where people decide to spend time on various activities, car ownership and usage, con-
sumption of different brands, etc. MDCEV models are consistent with the random utility
theory which states that people choose alternatives where they find the maximum utility.

In MDCEV models, the direct utility of consuming goods k can be written as Equation
3, where xy is the consumption of quantity x for good k (i.e. time duration xj spent on
activity k), « is a satiation parameters, 7 is a translation parameter, and 1 is the baseline
marginal utility at zero consumption [Bhat, 2008|. The utility function is further subjected
to a budget constraint mentioned in Equation 4 where FE is the total expenditure, zj is
the amount consumed for good k, and p is the unit price associated with good k.
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. = exp(f * 2k, - €k) (5)

¥ is further parametrised to represent deterministic utility where z; represents the ex-
planatory variables and the corresponding § parameters, and e}, represents a Gumbel (0,1)
identically and independently distributed error term as mentioned in Equation 5. To find
the optimal allocation of budget F, a Lagrangian is formed along with the Kuhn-Trucker

conditions. The probability for consumption of goods x is derived in Equation 6 where

f; = 1-a;
T omity

IT: 1ev/g
P(x1,22, .., Tpy) = - Hfz f (Zl—v/”) (M-1!  (6)
7 k e

In the case, where there is an outside good, i.e. a good which is always consumed, there
can be adjustments in the utility form. Typically, time-use studies have an outside good,
which is personal maintenance as people always carry out some maintenance activities
such as sleeping, eating, etc. For the outside good, the gamma parameter is zero, which
negates the possibility of a corner solution or zero consumption. Usually, there are issues
in the empirical identification and typically only one satiation parameter, i.e. either the

alpha or the gamma is estimated [Bhat, 2008|. While"MDCEV models can predict both
the probability that an individual participates in a time-use activity and the amount of
time allocated to each activity, in our study, we focus solely on the predicted time-use for
each activity over a day, E(time-usey), which is equivalent to one of the outputs of the

2.3 Comparison of RNN and MDCEV models

Despite the fundamental ditferences in how the dependent variable is modelled in RNN and
MDCEV frameworks, it is possible to carry out a meaningful comparison of expected time-
use durations based on predictive performance and marginal etffects. As shown in Figure
2, the dependent variables in RNN models constitutes a sequence of activities performed
at each time step, whereas the MDCEV models the total time-use for each activity across
the complete day. MDCEV models provide distinct economic interpretations (in terms of
satiation parameters, covariates, and baseline utility), but these can not be obtained for the
RNN. In contrast, RNNs have the distinct ability to estimate the probability of observing
an activity at each time step, which can further be used to generate individual activity
schedules. Since, RNN can be used to predict time-use for each activity across a complete
day (which is similar to the outputs of the MDCEV as observed in Figure 2), it is possible
to compare both models based on two metrics - (1) predictive performance on a testing
dataset and (2) marginal effects of the explanatory variables.

In terms of comparing the predictive performance, we compare the performance at a sam-
ple level and at an individual or observation level. On the sample level, we compare the
differences in time-use across k different activities using the mean absolute percentage error
(MAPE) as shown in Equation 7, where Oy, and Py, is the observed and predicted time-use
for each activity k.

Or — By
k

% 100 (7)

Additionally, the differences in root mean square error values (for time-use) between the
models at an individual level and across different sub-samples in the testing dataset, can
be assessed to understand the comparative predictive performances (See Equation 8).

12
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1
RMSE, = = ;(om — Pp.y)? (8)

where, O, and P, ; are observed and predicted time-use values across different activi-
ties k for each individual n, respectively. It must be noted the RMSE values are for each
individual, whereas the MAPE values are at the sample level.

In the context of marginal effects, we ensured comparability by estimating identical exoge-
nous variables, including covariates that influence time-use decisions across both models.
We calculate the marginal effects for continuous variables to assess the variation in time-use
patterns by introducing a 10% increase in the explanatory variables relative to the baseline
prediction within the testing dataset. In contrast, for categorical variables, the marginal
effect corresponds to the difference in time-use patterns (keeping the rest constant) if the
entire testing dataset is assigned to a specific category of that variable vis-a-vis other cate-
gories. For more details regarding marginal effects for continuous and categorical variables,
readers can refer to Hensher et al. [2015].

3 DaAta

In this study, a repeated cross-sectional time-use diary, which has been deposited in the UK
Data Service and collected by Gershuny et al. [2022] between the year 2016 to 2021 across
6 waves has been used. The data includes pre-COVID data, i.e. data collected in 2016,
during the first lockdown in May 2020, in August 2020 when the lockdown was relaxed, in
November 2020 during the second lockdown, during the third lockdown in January 2021
and after the end of the lockdown in August 2021. The data includes demographic features,
and diaries which note activities, location and enjoyment for every 10-minute interval in a
day. All of the time-use diaries were filled by people over the age of 18 and were filled by
each respondent for 2 days. The data is representative of the UK in terms of gender and
social class. The time-use diaries have been collected based on a Click and Drag Diary
Instrument Approach, which is a user-friendly and much easier approach compared to other
time-use collection methods [Sullivan et al., 2020]. In a Click and Drag Diary Instrument
Approach, people fill out the time-use diary digitally, using a cursor to select an activity
and drag it till the time when they end the activity. In this survey, there are 36 predefined
activity categories, which, for ease of analysis in this study, have been summarised into 9
categories. In this survey, the time slots have been defined in 10-minute intervals starting
from 4 am for the next 24 hours. This led to a total of 144 different time steps (6 slots in
an hour for 24 hours).

Before carrying out the modelling, the data were pre-processed. Respondents who did not
disclose their household income, household size and marital status were removed. Further,
people who reported less than 4 activity episodes in the original activity diaries were
removed since they are considered as ‘lousy diaries’ [Sullivan et al., 2020]. Typically, such
people carry out a single activity for a day. Further, there were a few observations where
people did not perform a personal maintenance activity, such as eating, sleeping, or resting.
These observations were also removed. All of these changes led to a reduction in the total
number of observations from 6,896 to 6,305.

Table 2 shows the average time in each activity across the survey waves. Further, Figure
3 shows the COVID cases in the UK when the surveys were carried out. Evidently, the
COVID-19 pandemic brought notable shifts in daily time-use patterns. Before the pan-
demic (Wave 1), average travel time was 1.18 hours per day, which dropped to just 0.51
hours during the first lockdown (Wave 2) and remained low in subsequent lockdowns (e.g.,
0.53 hours in Wave 5), reflecting strict mobility restrictions. However, after the lifting of
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restrictions (survey wave 6), the time spent on travelling has increased. Work hours re-
mained relatively stable, ranging from 2.36 to 3.12 hours, but education time declined
from 0.13 hours pre-COVID to as low as 0.05 hours (Wave 3 and 6), likely due to school
disruptions. The inferences regarding work hours have to be done with necessary caution,
as it depends on several other attributes such as the employment status of the individ-
uals, working vis-a-vis non-working days, etc. The other noteworthy observation is that
leisure and social activities increased during lockdowns, peaking at 5.52 hours and 2.29
hours, respectively, suggesting a shift toward at-home entertainment and virtual socialis-
ing. Maintenance chores consistently rose, from 10.88 hours pre-COVID to 11.64 hours in
Wave 5, reflecting increased time at home. Although some activities began to rebound as
restrictions eased, patterns such as reduced travel and increased home-based tasks persisted
post-lockdown.

Table 2 also shows the association of selected explanatory variables on the average time-
use. It can be observed that compared to males, females spend more time on chores and
less time on paid work. There are obvious differences in the time spent on work, education,
chores, and leisure on the weekend. We can also observe that employment status impacts
the time duration in work, education, maintenance, and chores. People with jobs tend to
spend more time at work. Similarly, homemakers and full-time carers spend more time on
chores and maintenance activities.

14



Table 2: Average time duration (in hours)

q1

Explanatory factors ‘ Travel ‘ Work ‘ Education ‘ Shopping ‘ Maintenance ‘ Chores ‘ Leisure ‘ Social ‘ Other ‘ Total diaries
Survey wave

1 (pre-COVID data 2016) 1.18 2.84 0.13 0.58 10.88 1.87 4.72 1.59 0.21 911
2 (1st lockdown May 2020) 0.51 2.38 0.09 0.34 11.41 2.29 5.51 1.28 0.18 922
3 (Ease of restrictions August 2020) 0.74 3.12 0.05 0.53 11.04 2.07 4.72 1.57 0.16 901
4 (2nd lockdown November 2020) 0.64 3.06 0.09 0.45 11.18 1.86 5.47 1.11 0.15 1254
5 (3rd lockdown January 2021) 0.53 2.60 0.12 0.44 11.64 2.00 5.52 1.05 0.11 1145
6 (End of lockdown August 2021) 1.01 2.36 0.05 0.57 11.13 2.06 5.17 1.46 0.18 1172
Gender

Male 0.82 3.09 0.05 0.48 11.04 1.59 5.61 1.17 0.16 3319
Female 0.70 2.32 0.14 0.49 11.43 2.49 4.77 1.49 0.17 2986
Day

Weekday 0.77 3.49 0.12 0.46 11.01 1.91 4.88 1.21 0.16 4260
Weekend 0.74 1.13 0.04 0.53 11.67 2.25 5.91 1.56 0.18 2045
Employment Status

Employed 0.79 3.91 0.06 0.42 11.05 1.76 4.73 1.17 0.11 4264
Student 0.58 0.89 1.38 0.33 11.85 1.19 5.79 1.85 0.14 209
Retired 0.86 0.11 0.00 0.68 11.43 2.25 6.85 1.57 0.26 1059
Unemployed 0.59 0.15 0.03 0.64 11.99 2.09 6.35 1.83 0.34 387
Homemaker or carer 0.48 0.42 0.02 0.60 11.51 4.56 4.59 1.55 0.27 386
Marital status

Single 0.73 2.59 0.17 0.49 11.27 1.57 5.67 1.34 0.17 2270
Married/living with partner 0.78 2.80 0.04 0.48 11.20 2.27 4.96 1.32 0.16 4035
Presence of kids in household

No 0.72 2.39 0.08 0.51 11.43 1.73 5.66 1.30 0.17 4367
Yes 0.85 3.47 0.11 0.43 10.76 2.65 4.20 1.37 0.15 1938
Age

Less than 30 | 072 | 294 | 039 | 031 | 11.63 | 160 | 477 [ 154 | 0.09 | 1007
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Explanatory factors Travel | Work | Education | Shopping | Maintenance | Chores | Leisure | Social | Other | Total diaries
Between 30 and 65 0.77 3.08 0.04 0.49 11.07 2.09 5.04 1.25 0.17 4486
Greater than 65 0.79 0.50 0.00 0.65 11.56 2.10 6.70 1.46 0.24 812
Annual household income

Less than £10,000 0.72 0.77 0.24 0.66 11.17 2.32 6.22 1.47 0.42 316
£10,000 to £19,999 0.69 1.37 0.07 0.56 11.30 2.30 6.11 1.36 0.24 881
£20,000 to £29,999 0.75 2.40 0.10 0.51 11.34 2.02 5.39 1.32 0.16 1284
£30,000 to £39,999 0.78 2.80 0.07 0.52 11.18 2.11 4.97 1.43 0.14 1058
£40,000 to £49,999 0.72 3.45 0.06 0.45 11.13 1.85 5.01 1.21 0.11 865
£50,000 to £59,999 0.77 3.05 0.08 0.39 11.39 1.90 5.05 1.26 0.11 510
£60,000 to £69,999 0.84 3.51 0.13 0.39 11.24 1.91 4.61 1.26 0.09 416
£70,000 to £79,999 0.71 3.36 0.09 0.33 11.15 1.95 5.00 1.28 0.13 287
£80,000 to £89,999 0.84 3.31 0.01 0.42 10.90 2.69 3.90 1.69 0.23 208
£90,000 to £100,000 0.65 4.14 0.03 0.53 11.54 1.36 4.89 0.79 0.07 178
Over £100,000 1.01 4.30 0.17 0.37 10.80 1.34 4.60 1.32 0.10 302
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4 MODEL DEVELOPMENT AND ANALYSIS

This section first describes the development of the recurrent neural network and the mul-
tiple discrete-continuous extreme value model, followed by the comparison methodology
mentioned in Section 2.3. To carry out the study, the dataset was randomly split into a
training and testing dataset, where 80% of the data was for training (5,042 days of observa-
tions) and the rest for testing (1,263 days). The split was performed at the individual level
to ensure that all observations from a given individual were assigned to the same subset.

4.1 Recurrent neural networks

In order to train the recurrent neural network models, 20% of the training dataset was set
aside as a validation dataset to find the hyperparameters. Some of the hyperparameters
were fixed e.g., the activation function was set to be hyperbolic tangent (tanh function),
and the optimiser was set to Adaptive Moment Estimation (ADAM) as carried in most
research in the transport literature [Wang et al., 2019, Han et al., 2022]. The last layer of
the RNN was set to be a sigmoid function which enables the model to return the probability
of the activities. The number of epochs or iterations was selected by early stopping, i.e.
the iterations were stopped when the average log-likelihood did not decrease by 0.001 for 3
iterations. The hyperparameter were selected by comparing the validation scores (i.e. the
average negative log likelihood scores) using Keras Random Search [O’Malley et al., 2019].
Each hyperparameter search was repeated 5 times under different initialisation settings to
reduce the risk of local irregularity. All of the models were estimated using Keras [Chollet
et al., 2015]. The results from the hyperparameter search can be viewed in Table 3.

The optimum neural network architecture was found out to be three hidden layers with 42
neurons in each layer and no dropout layer. Further, the architecture type for the neural
network is bidirectional LSTM, which is similar to the best-performing model of Koushik
et al. [2023]. Figure 4 shows the learning curve of the recurrent neural network. It was
observed that by 10 iterations, the validation accuracy started to decrease, and there was no
improvement in the validation dataset; hence, the total number of iterations was set to be
10. This value is quite less compared to other studies which use neural networks or recurrent
neural networks; however, the number of iterations required depends on the dataset and the
particular algorithm. To calculate the prediction error and marginal effects, results under
50 different initialisation settings were averaged. The input features considered in the
model included the wave in which the data was collected, and socio-demographic features;
this will later be discussed in the comparison of explanatory variables. The output of the
RNN model is the probability at each time step, i.e. at every 10-minute interval for the
9 different time-use categories. Therefore, the output for the training and testing dataset
is a matrix of 5042 x 144 x 9 (observationsx timestepsxactivities) and 1263 x 144 x 9,
respectively.

Table 3: Hyperparameter grid

Hyperparameter name Range Selected
Type of layer RNN, LSTM, Bidirectional LSTM | Bidirectional LSTM
Number of layers 1,2,3 3

Number of neurons 15 to 60 in steps of 3 42
Dropout layer 0, 0.1, 0.2, 0.3, 0.4, 0.5 0

Regardless the main objective of the study is to compare the time-use, the observed activity
schedule and the predicted market shares, calculated by aggregating the predicted proba-
bilities, for each time step in the testing dataset is plotted? in Figure 5. It can be observed

It must be noted that it is not possible to construct a similar figure for the MDCEV model since
MDCEYV models only predict aggregated time-use or durations during a day.
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Figure 3: Number of COVID cases in UK during survey waves [Wright, 2021]
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Figure 4: Learning Curve for selected hyperparameter
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that the recurrent neural network has managed to learn the main temporal relationship
in activity scheduling. Both in the observed and the predicted market shares, it can be
observed that most people work between 9:30 am to 5 pm, after which the probability of
carrying out leisure activities increases. As expected in the observed diaries, the pattern
is coarser. For instance, it can be observed that there is a dip in working activity between
1 pm and 2 pm as people tend to get lunch and hence perform other activities. Similarly,
there is less variation in leisure activity.

Even though it is not possible to relate the impact of each explanatory variable on the
choice probability in the RNN, the feature importance graph plotted in Figure 6 shows
the relative size of how different explanatory variables impact the RNN model. It can
be observed that the type of day is the most important factor which is intuitive. Other
important variables include age and employment status. Gender and household size also
impact RNN performance. Quite surprisingly the waves when the survey was carried out
it is not an important explanatory factor.
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Images/Feature Importance.png

Figure 6: Feature importance plot for the trained recurrent neural network

4.2 Multiple discrete continuous extreme value model

To estimate the MDCEV model, Apollo, the choice modelling library in R, was used [Hess
and Palma, 2019]. To select the model specification, various specifications were tested. It
was observed that the best goodness of fit and behavioural intuition was in the case where
gamma () parameters were estimated for all of the goods except for the outside good,
i.e. personal maintenance. The alpha («)) parameter was set to approach zero, implying a
gamma (v) profile for the MDCEV model. Further, shifts (A) in the delta parameter or
the intercepts of the baseline marginal utility (0) for each wave were considered to indicate
if a wave is statistically different compared to the base survey wave, i.e. the pre-COVID
wave.

Table 4 shows the results of the estimated MDCEV. The sigma (o) variable was observed to
be 0.16. The ~ parameter was found to be the highest for the work and education activities
which indicates that individuals carry out this activity for the longest once selected. This
is intuitive as people tend to work and spend most of the time at work or in education and
previous studies also indicate that obligatory activities have a higher gamma parameter
[Bhat et al., 2006]. The baseline marginal utility or the delta parameters ¢ for all activities
are negative, which indicates that compared to the personal maintenance activity, there is
a lower selection of all other activities.

The estimates indicate that compared to pre-pandemic levels there is a decrease in trav-
elling in all of the survey waves at 95% confidence level which indicates that reduction in
travelling due to work-from-home, changes in shopping behaviour have “sticked” through-
out the pandemic [de Grignon Perez et al., 2022|. This is intuitive as travel was the most
impacted activity during the COVID-19 pandemic. There is a lower shift parameter for
the third and fourth survey waves compared to the second and fifth survey waves, which
is intuitive as the first lockdown and the third lockdown were quite restrictive and severe
compared to the second lockdown in the UK.

The baseline marginal utility for working has also decreased significantly in the second,
third and the fifth survey wave at 95% confidence level compared to the first survey.
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This can be attributed to the fact that in the second and the third survey wave, many
businesses were closed. However, in the second lockdown or the fourth survey wave, there
is no statistically significant difference compared to pre-pandemic levels possibly due to
the decrease in the number of persons furloughed in the UK [de Grignon Perez et al.,
2022|. In the fifth survey wave, or the third lockdown, there is a statistically significant
difference in working compared to pre-pandemic levels which can be due to the increase
in the number of cases (Figure 3) and the tighter restrictions in the UK. Finally, there is
no statistically significant difference at 95% confidence level in working after the ease of
COVID-related restrictions compared to pre-pandemic conditions. These results are similar
to time-use survey analysed in Switzerland by Winkler et al. [2024]. It can be observed that
education has not significantly altered compared to base during the pandemic except for the
fourth survey wave which was held during typical summer breaks in the UK. The baseline
marginal preference for shopping has decreased significantly in the lockdowns compared to
pre-pandemic levels; however, shopping is not statistically different in the third and sixth
survey waves when there were no restrictions.

It was observed in Table 2 that on average people have spent more time in chores across the
pandemic, but it can be observed that except for the first lockdown, the delta § parameter
is not statistically significant. This is quite surprising as we would have expected that there
would be more chores due to additional time spent at home, child caring responsibilities
Giurge et al. [2021]. However, the results indicate that the utility of carrying out chores is
impacted more by socio-demographic features rather than COVID-19 and lockdowns and
is inline with de Grignon Perez et al. [2022]. It can also be established there has been
an increased participation in leisure activities compared to pre-pandemic data, which is
possible due to a reduction in travelling and socialising activity. Participation in social
activities has decreased significantly across the pandemic; however, it is not statistically
significant for the sixth wave. This indicates that at the end of the lockdown, with reduc-
tions in COVID cases and with the widespread vaccinations, people have increased their
social interaction.

In terms of the socio-demographic variables, it can be observed that there is a gendered
context in time-use as compared to males, females are less likely to travel and participate in
paid work and leisure activities, and more likely to carry out chores and socialise at a 99%
confidence level. This is in line with the findings of other researchers who have reported
that due to social norms, the major shares of the chores are conducted by females [Collins
et al., 2021, Giurge et al., 2021]. Age also has a significant impact on most of the activities.
As expected, we observe a negative coefficient for the weekend variable to participate in
work and education activities. Similarly, people are more likely to socialise and spend time
relaxing on the weekends. An increase in the number of children in the household leads
to an increase in chores and a reduction in leisure activities. With an increase in income,
people tend to travel more and carry out less shopping and chores. It can also be observed
that homemakers and people with caring responsibilities carry out more chores.
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Table 4: MDCEYV model estimates

I Note: (1) The parameters which are statistically insiguificant at 5% significance level have been itaiicised.
2

Parameters Travel Work Education Shopping Chores Leisure Social Others

Estimate Robt Estimate Robt Estimate Robt Estimate Robt Estimate Robt Estimate Robt Estimate Robt Estimate Robt

stat stat stat stat stat stat stat stat

ot 1.96 22.60 17.17 16.42 7.49 7.49 2.21 20.22 2.62 19.39 4.24 19.21 3.81 20.95 3.80 9.63
0 base (wave 1) -2.84 -76 -3.20 -51 -2.80 -36 -3.06 -42 -2.92 -57 -2.67 -60 -2.93 -76 -3.25 -64
A wave 2 -0.21 -9.48 -0.13 -5.47 -0.04 -0.6/ -0.09 -4.02 0.01 0.52 0.01 0.35 -0.06 -3.24 -0.09 -2.08
A wave 3 -0.11 -5.47 -0.04 -2.03 -0.10 -1.48 -0.01 -0.47 0.02 1.35 0.00 -0.17 -0.01 -0.48 -0.04 -1.05
A wave 4 -0.14 -7.66 -0.03 -1.50 -0.02 -0.29 -0.04 -2.02 0.00 0.18 0.01 0.97 -0.07 -4.19 -0.04 -1.22
A wave 5 -0.21 -10.4 -0.07 -3.51 0.03 0.56 -0.10 -5.08 -0.03 -1.96 -0.01 -0.68 -0.12 -6.71 -0.12 -3.18
A wave 6 -0.05 -2.84 -0.02 -0.93 0.01 0.14 -0.02 -0.74 0.00 0.26 0.00 -0.24 -0.03 -1.47 -0.03 -0.97
B female -0.05 -4.45 -0.09 -7.22 0.06 6.31 -0.06 -6.34 0.02 1.76
[ age 0.00 -6.52 -0.02 -8.57 0.00 6.83 0.00 6.50 0.00 4.99
B hhsize 0.01 2.16 0.02 4.09
B married -0.03 -3.00 -0.01 -1.01
B weekend -0.06 -7.48 -0.26 -16.8 -0.23 -5.45 0.01 1.90
B kids 0.03 5.13 0.03 3.95 -0.01 -1.97
B income 0.03 3.68 -0.01 -1.48 -0.02 -2.76 -0.01 -1.58
[ employed 0.07 7.28 0.44 14.30
[ homemaker 0.11 6.01

Estimate Rob t

test

o 0.16 26.59
Number of pa- 86
rameters
LL (start) -114,028.2
LL (final) -81,596.02
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4.3 Comparison of RNN and MDCEYV models

In this section, the outputs of the RNN and the MDCEV model are compared as per the
methodology described in Section 2.3.

4.3.1 Predictive performance

Table 5 shows the average observed and predicted time-use in the testing dataset for the
different activities, i.e. at the sample level. It can be observed that both the RNN-LSTM
and MDCEV models exhibit similar predictive performance with a mean absolute percent-
age error (MAPE) of 7.18% and 7.15%, respectively. There are slight differences in the
prediction accuracy as work and chores activities are over-predicted by the RNN, whereas
the MDCEV model over-predicts maintenance activities and social activities. MDCEV
model, on the other hand, under-predicts work activity. The models perform similarly on
some activities, for instance, both models under-predict education activities compared to
the observed time-use. Nevertheless, there seems to be no significant change in adopting
either a data-driven approach or the econometric model based on a random-utility-max-
imisation framework to predict the average time-use at an aggregate level in this dataset.
To enhance the robustness of our comparison and comprehensively comprehend the vari-
ability across distinct training and testing datasets, we conducted a sensitivity analysis of
predictive performance employing a 5-fold cross-validation dataset, as detailed in Table A2
(Refer to Appendix 5).

To better compare the predictive performance of the two models, the prediction error
is compared at an observation level and for different sub-groups based on explanatory
variables. The latter is similar to checking if the RNN model has learned the distinct
features in the input, i.e. the explanatory variables, compared to the MDCEV model.
Table 6 shows the prediction error, where RMSE values were calculated for each observation
between the observed and predicted time-use and then the average and standard deviations
are calculated. It can be observed that, on average, the prediction error of RNN is slightly
lower compared to the MDCEV model; however, based on a two-sample two-tailed t-test,
it can be asserted that there is no evidence to state that the predictive performance of
RNN and MDCEYV is statistically different at a 90% confidence level. These results are
similar to previous studies in the transport literature where the performance of discrete
choice models is similar to machine learning models [Ali et al., 2023, Hillel, 2019, Nam
et al., 2017, Wang et al., 2020b]. The table also compares the prediction error for different
subgroups. The comparison indicates that for all socio-demographic variables, including
the different survey waves, gender, type of day, and employment status, the predictive

performance of both models is similar. HGRORG ARG MOEAHAH U RUNESEI

That being said, there are distinct benefits of adopting either of the two models. The
RNN model can be used to generate the activity schedules of individuals which can be
quite useful for activity-based models. Whereas, the MDCEV model which is embedded
in an econometric and statistical framework can be used to estimate the significance of
variables which is very useful in explaining how time-use patterns have altered over the
course of the pandemic as highlighted in Section 4.2, and also be used to derive useful
econometric values such as values of leisure time [Kuriyama et al., 2020]. The similar
predictive performance of both modelling frameworks in the testing dataset also suggests
that time-use which is a complex decision model can be equally explained by a random
utility maximisation framework and a flexible data-driven technique.
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Table 5: Observed and predicted time-Use (in hours) for the testing dataset

.. . Predicted Time-Use
Activity Observed Time-Use RNN MDCEV
Travel 0.76 0.78 0.76
Work 2.81 2.90 2.70
Maintenance 11.12 11.05 11.30
Leisure 5.24 5.22 5.18
Education 0.12 0.08 0.08
Shopping 0.50 0.50 0.49
Social 1.31 1.28 1.34
Other 0.20 0.16 0.15
Chores 1.96 2.02 1.99
MAPE (%) 7.18 7.15

Table 6: Prediction error (root mean square error) for MDCEV and RNN model in testing dataset

. s RNN MDCEV .
Description Meoan | Std dev | Moan | Std dev Observations | t value
Average 1.92 0.92 1.96 0.92 1263 -0.87
Subsamples/subgroups
Employed individuals | 1.96 0.93 2.00 0.91 899 -0.83
Home maker 1.78 0.95 1.85 1.02 78 -0.45
Retired 1.74 0.85 1.74 0.86 180 0.02
Student 2.17 1.06 2.19 1.08 41 -0.08
Female 1.87 0.88 1.90 0.88 599 -0.63
Weekend 2.01 0.93 2.01 0.94 402 -0.04
Survey wave 1 1.84 0.83 1.85 0.84 180 -0.12
Survey wave 2 2.04 0.89 2.11 0.86 183 -0.76
Survey wave 3 2.09 0.96 2.11 0.93 182 -0.25
Survey wave 4 1.82 0.85 1.85 0.84 252 -0.42
Survey wave 5 1.81 0.97 1.83 0.94 227 -0.20
Survey wave 6 1.98 0.99 2.02 1.02 239 -0.41

4.3.2 Forecasting under different scenarios: marginal effects

(See Table 7)

(See Table 5).
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Table 7: Average marginal effects for RNN and MDCEYV in percentage (standard deviations are noted in brackets)

‘ Travel ‘ Work ‘ Maintenance ‘ Leisure ‘ Education ‘ Shopping ‘ Social ‘ Other ‘ Chores
Recurrent neural network
Survey 1 39.55 (4.02) 12.25 (3.59) -4.36 (0.81) -8.28 (1.07) 5.64 (12.02) 15.65 (3.75) 18.16 (4.38) 16.41 (5.92) -4.48 (3.21)
Survey 2 -27.59 (2.56) | -21.67 (3.86) 2.26 (0.98) 8.54 (2.39) -31.61 (10.36) | -10.57 (2.77) | -4.97 (2.59) -1.22 (5.53) 14.83 (3.94)
Survey 3 -0.59 (2.43) | 0.23 (3.33) | -0.86 (0.78) -3.75 (1.47) -26.37 (11.48) 7.02 (2.91) 18.35 (1.8) 4.25 (4.01) 1.88 (2.98)
Survey 4 -14.84 (2.91) 5.67 (2.34) 0.76 (0.56) 4.73 (1.47) 29.03 (17.03) | -9.76 (1.53) | -15.43 (1.98) | -11.27 (5.19) | -6.88 (1.82)
Survey 5 -23.24 (2.34) 4.21 (3.95) 2.22 (0.69) 6.16 (1.6) 14.61 (9.22) -15.39 (2.38) | -20.84 (1.48) | -14.56 (4.09) -7.7 (2.55)
Survey 6 30.28 (3.4) 5.78 (4.42) -1.83 (0.71) -8.44 (1.13) | -12.14 (10.32) | 10.14 (1.13) 12.26 (2.67) 9.05 (4.1) 1.23 (2.21)
Female -2.14 (2.72) | -12.18 (2.01) 1.15 (0.59) -5.97 (1.07) 1.98 (5.34) 4.99 (2) 7.87 (2.59) 4.96 (2.6) 20.85 (1.65)
Number of kids | 17.54 (3.57) | 7.37 (5.22) | -1.69 (0.94) | -11.53 (2.38) 2.52 (13.03) 3.47 (2.53) 2.99 (1.8) 8.22 (4.98) 17.62 (5.05)
Household size -5.01 (2.19) -9.48 (2.95) -0.14 (0.62) 2.1 (0.97) -9.17 (4.3) 2.69 (1.43) 2.33 (2.03) 0.15 (3.61) 9.2 (2.39)
Income 0.46 (0.44) 1.85 (0.43) 0.01 (0.09) | -0.55 (0.17) 1.24 (1.4) -1.28 (0.36) 0.31 (0.36) -1.65 (0.47) -1.23 (0.3)
Weekend -2.48 (2.78) -59 (4.18) 3.94 (0.88) 13.2 (1.97) -48.77 (11.05) 12.48 (1.8) 20.1 (2.48) 12.84 (5.37) 14.85 (3.46)
Age -1.05 (0.97) -5.1 (1.07) 0.2 (0.23) 2.62 (0.52) -13.79 (2.68) 3.82 (0.77) -1.63 (0.78) 0.22 (1.09) 0.52 (1.32)
Employed 1.65 (3.21) 25.1 (1.68) -0.94 (0.52) -4.34 (1.31) -26.8 (12.08) -5.64 (4.56) -8.78 (2.15) -24.07 (3.59) | -10.52 (2.21)
Multiple discrete continuous extreme value
Survey 1 58.49 (7.09) 13.02 (3.96) -3.4 (0.87) -9.31 (1.76) -7.52 (28.14) 11.21 (7.29) 15.29 (5.46) 19.72 (17.27) | -10.83 (3.06)
Survey 2 -32.96 (4.66) | -27.87 (3.64) 2.83 (0.87) 9.69 (1.83) -1.62 (28.71) -17.25 (6.55) | 2.28 (5.09) -8.82 (15.17) 12.65 (3.27)
Survey 3 -2.2 (5.67) -1.74 (3.86) | -1.14 (0.87) -4.56 (1.78) -44.74 (20.29) 14.35 (7.38) 19.3 (5.52) 2.58 (16.05) 6.68 (3.24)
Survey 4 -14.27 (5.31) 8.87 (3.9) -0.72 (0.87) | 3.29 (1.81) -7.06 (28.28) -0.72 (6.95) | -13.96 (4.77) | 4.12 (16.08) | -1.46 (3.17)
Survey 5 -32.54 (4.72) 1.45 (3.81) 3.42 (0.89) 5.36 (1.79) 48.53 (36.41) -19.17 (6.44) | -23.04 (4.49) | -21.63 (13.95) | -3.02 (3.16)
Survey 6 29.29 (6.45) 8.54 (3.92) -1.71 (0.87) -6.28 (1.77) 5.8 (30.43) 9.29 (7.25) 5.71 (5.23) 4.77 (16.16) | -3.54 (3.14)
Female -5.01 (5.25) | -18.28 (3.72) 2.03 (0.88) -5.99 (1.78) 5.4 (29.82) 7.55 (7.38) 11.91 (5.1) 7.66 (16.3) 20.16 (3.25)
Number of kids | 12.78 (5.81) | -1.62 (3.98) | -0.43 (0.88) -4.92 (1.76) -1.89 (28.7) -2 (6.99) -1.93 (4.9) | -2.16 (15.69) | 14.62 (3.25)
Household size -1.51 (5.44) -1.34 (3.97) -0.39 (0.88) | -1.09 (1.77) -1.72 (28.87) -1.72 (7.01) | 6.96 (5.12) | -1.85 (15.69) 3.4 (3.15)
Income -0.08 (5.48) 1.47 (3.99) | -0.02 (0.88) | -0.39 (1.77) -0.07 (29.09) -0.57 (7.03) 0 (4.97) 0.02 (15.8) -0.72 (3.12)
Weekend -5.48 (5.18) -63 (2.98) 4.35 (0.87) 14.48 (1.87) -59.53 (16.17) 15.29 (7.6) 15.25 (5.31) 17.04 (16.83) 12.49 (3.11)
Age -0.3 (5.46) -6.77 (3.91) | -0.09 (0.88) 2.4 (1.78) -25.02 (24.32) 5.43 (7.2) -0.67 (4.95) | -0.86 (15.81) | 3.81 (3.14)
Employed 3.73 (5.69) 29.07 (4.6) -2.06 (0.87) -5.48 (1.8) -12.81 (26.14) -8.41 (7.01) -7.6 (4.89) -8.02 (15.5) -6.69 (3.09)
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5 CONCLUSION

In this research, we use a repeated cross-section time-use data collected before and during
the COVID-19 pandemic (2016-2020) across six survey waves to compare the recurrent
neural network and multiple discrete-continuous extreme value models. It is useful to
use time-use across the pandemic as there were major disruptions and variations across
individual’s time-use which makes it easier to check if the machine learning or data-driven
model can adequately capture the differences observed across the survey waves. We find
that for our dataset, the best architecture of the RNN model is the bidirectional LSTM
model, which is similar to the study by Koushik et al. [2023]. It is observed that the RNN
model can replicate the activity schedules on an unseen dataset as indicated in Figure 5
that clearly demonstrates the potential of using RNN to generate activity schedules.

In terms of the predictive performance of the estimated MDCEV and RNN model, we
observe that there are no significant differences between the predictive performance of the
models at a sample level on a testing dataset. We further compare the predictive error at
an individual level but also observe that there is no evidence to state that one modelling
framework is better than other. Further comparisons were also made to check if RNN
model has better captured certain activities or socio-demographic features compared to the
specified MDCEV model. However, for nearly all activities and socio-demographic features,
there was no evidence to state that there is a statistically significant difference between the
predictive performance of the models. This finding is in line with previous studies which
assert that there is a limited improvement by adopting a data-driven approach in terms of
predictive performance compared to an econometric approach [Ali et al., 2023, Hillel, 2019,
Nam et al., 2017, Wang et al., 2020b]. It has been hypothesised that in the case of large
number of explanatory variables and alternatives, machine learning models would capture
the data-generating process quite efficiently and better compared to econometric models
which rely on hand-specified utility functions [van Cranenburgh et al., 2022]. However, in
our study, we do not find evidence to support such hypothesis, as the MDCEV model has a
large number of explanatory variables (over 15) and 9 alternatives. The similar predictive
performance also indicates that time-use decisions, which are a complex decision, can be
equally predicted either using a data-driven approach, which relies on neural networks
or using a multiple discrete continuous model, which is underpinned by a random utility
maximisation framework. This is an interesting but expected finding, as there is only
limited information about the data-generating process in the data, which can be exploited

using any modelling framework. GO HiESHIdy AeHONSATeS TianEAdOmEe
maximisation approaches are not necessarily inferior to ML models in terms of predictive
accuracy, contrary to popular belief, Nonetheless, this inference must not be interpreted
as the ‘usefulness’ of the respective modelling techniques, since MDCEV and RNN offer
distinct advantages in terms of interpretability and forecasting.

To assess whether the RNN model can reliably be used to forecast outcomes under differ-
ent policy scenarios, we compare its marginal effects with those from the MDCEV model.
We again find no significant differences between the two modelling frameworks. However,
due to the absence of true marginal effects or a known data-generating process, it is not
possible to determine which model provides more intuitive or accurate estimates. This is
a limitation of our study. In other contexts, such as mode choice models, marginal etfects
are more interpretable; for example, the values of travel time can be extracted that have
econometric and empirical benchmarks. In contrast, modelling time-use is inherently more
complex, and such reference values or benchmarks are not readily available.

To summarise, MDCEV model relying on microeconomic theories offers high interpretabil-
ity and estimates parameters with clear behavioural meaning, thereby enabling analysts
to interpret preferences and trade-offs in time-use decisions. It is particularly useful for
policy analysis due to its transparency and explanatory power. However, it relies on strong
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assumptions about non-chosen time-use alternatives, spatio-temporal budget constraints,
and rational decision-making, which may not hold in complex real-world behaviours. RNN
models, on the other hand, capture sequential and non-linear relationships in time-use
data without predefined behavioural assumptions, excelling in practical implementation
(prediction tasks) and also in generating intuitive activity schedules. However, their ‘black-
box’ nature poses interpretation difficulties, requiring post-hoc analysis for extracting be-
havioural insights. While RNN save effort for manual model specification and may offer
similar predictive performance and marginal effects compared to MDCEV models, their
limited transparency can be seen as a drawback in policy-oriented applications where un-
derstanding behavioural mechanisms is crucial.

Nevertheless, to better generalise the findings, there should be more studies on different
time-use datasets to compare machine learning algorithms and econometric models. [

taste heterogeneity amongst individuals and inclusion of heteroscedastic error components,
GeouoEHCHOdeIS el beHerpredictoMACEIAGES! In this study, we only compare the

potential use of RNN for modelling time-use duration; however, a natural next step is to
generate and assess activity schedules. Future work could also look at potential ways to
embed the outputs from RNN in an agent-based modelling simulation such as MATSim.
Further, the generated activity schedules can be compared with other activity scheduling
models such as TASHA [Roorda et al., 2008], CUSTOM [Nurul Habib, 2018|, and SALT
[Hafezi et al., 2022|. Another aspect which can be further explored is the potential of
using RNN to model dynamic activity or time-use patterns by considering the previous or
partial time-use patterns of individuals. Future efforts to improve time-use or econometric
models should aim to retain the interpretability offered by econometric models but use the
extra flexibility offered by machine learning techniques or concepts such as long short-term
memory.
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Appendix
Sensitivity analysis

In this section, we present the results of a 5-fold cross-validation on the time-use dataset to assess the predictive performance of the RNN and MDCEV
models across different test set configurations. On average (across all 5-folds), the RNN model yields a MAPE of 7.40%, while the MDCEV model achieves
a slightly lower MAPE of 7.28%, suggesting no substantial ditference in overall performance. However, some folds show notable variations as highlighted
in Table A2. For instance, in Fold 2, RNN performs poorer with a MAPE of 9.25%, compared to 7.04% for MDCEV. Conversely, in Fold 4, RNN performs
better with a MAPE of 7.02%, whereas MDCEV records a higher error of 9.40%. These results highlight that while the choice of the test set can influence
model performance, on average, both models perform comparably similar.

Table A2: Predictive performance in testing dataset across 5-folds

Dataset o Time-use (in hours)
(observations in testing data) Description Travel | Work | Maintenance | Leisure | Education | Shopping | Social | Other | Chores MAPE (%)

Observed 0.76 2.81 11.12 5.24 0.12 0.50 1.31 0.20 1.96 -

Fold 1 (n = 1263) RNN 0.78 2.90 11.05 5.22 0.08 0.50 1.28 0.16 2.02 7.18
MDCEV 0.76 2.70 11.30 5.18 0.08 0.49 1.34 0.15 1.99 7.15
Observed 0.77 2.89 11.23 5.24 0.09 0.51 1.34 0.12 1.81 -

Fold 2 (n = 1268) RNN 0.78 2.87 11.13 5.26 0.08 0.46 1.30 0.19 1.92 9.25
MDCEV 0.76 2.69 11.27 5.26 0.09 0.48 1.33 0.16 1.94 7.04
Observed 0.76 2.81 11.12 5.24 0.12 0.50 1.31 0.20 1.96 -

Fold 3 (n = 1253) RNN 0.78 2.90 11.05 5.22 0.08 0.50 1.28 0.16 2.02 7.18
MDCEV 0.75 2.49 11.40 5.25 0.09 0.51 1.36 0.17 1.98 6.54
Observed 0.77 2.72 11.29 5.07 0.08 0.45 1.25 0.18 2.20 -

Fold 4 (n = 1268) RNN 0.70 2.55 11.26 5.28 0.10 0.48 1.31 0.16 2.17 7.02
MDCEV 0.76 2.50 11.35 5.30 0.10 0.50 1.36 0.16 1.96 9.40
Observed 0.77 2.59 11.34 5.11 0.08 0.47 1.35 0.18 2.11 -

Fold 5 (n = 1253) RNN 0.77 2.83 11.08 5.12 0.09 0.50 1.31 0.16 2.13 6.36
MDCEV 0.76 2.62 11.31 5.23 0.10 0.50 1.35 0.16 1.98 6.29
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