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Short summary

Discrete choice models are very powerful models able to incorporate a large range of behaviours.
However, the theoretical interpretability that is a key feature of these models often limits the possi-
bility of adequately modelling the behavioural complexity behind the decision process, despite the
availability of a rich dataset. An exemplary case of such complexity is the inertia effect. Several
functional forms are used in the literature, each based on a specific type of information. This
study exploits the potential of Neural Networks to autonomously extract the temporal dynamics
of habit, leading to inertia. Specifically, the network extracts a continuous ’history-support’ index
that adapts dynamically to the decision environment. These effects are subsequently integrated
and tested within a standard, interpretable random utility model, and the results are compared
with the same effects measured in the traditional way. In an empirical application using the six-
week Mobidrive panel from Karlsruhe, Germany, the results confirm that the habit component
exhibits a large individual effect and significantly improves the explanation of observed choices.
More interestingly, it reveals that the learned habit influence exhibits temporal decay and varies
significantly by trip purpose, capturing rich behavioural dynamics that traditional static frequency
measures fundamentally fail to represent.

Keywords: neural network, discrete choice analysis; habit panel data; mode choice

1 Introduction

For decades, discrete choice models have served as the primary analytical framework for under-
standing and predicting these decisions. These models provide structural interpretability and pro-
duce theoretically consistent and policy-relevant parameters that capture key behavioural trade-
offs, as well as richer behavioural effects such as the impact of habit, among others. The theoretical
interpretability embedded in DCM represents a key feature of these models, but at the same time,
the operationalization of behavioural theory often limits the possibility of adequately modelling the
behavioural complexity underlying the decision process, despite the availability of rich datasets. As
travel behaviour data have become richer in detail and structure, there has been growing interest
in flexible, data-driven methods. Within the mode choice context, many studies have applied ma-
chine learning approaches, such as deep neural networks, as standalone predictive tools for travel
mode choice (Omrani, 2015; F. Wang & Ross, 2018; Chen & Cheng, 2023; Yang et al., 2024; Mo
et al., 2023; Zhang & Xu, 2026). While such data-driven methods can improve predictive perfor-
mance, their limited transparency makes it difficult to recover the behavioural structure required
for economic interpretation, welfare analysis, and forecasting under counterfactual policy scenarios
(Van Cranenburgh et al., 2022).
A more promising direction is to integrate data-driven methods and discrete choice models within
a single behavioural framework, where flexible machine learning models can be used to capture
behavioural patterns that are difficult to represent within conventional utility specifications, while
the random utility framework is retained to preserve interpretability and policy relevance. In this
line, much of the existing literature focuses primarily on learning non-linear effects from observed
cross-sectional variables, such as socio-demographic characteristics and trip attributes. For exam-
ple, models such as the Learning Multinomial Logit (Sifringer et al., 2020) and TasteNet (Han et al.,
2022) use neural networks to capture unobserved taste heterogeneity by learning how sensitivities
to time or cost vary across individuals as a function of socio-demographic characteristics. Similarly,
models such as ResLogit (Wong & Farooq, 2021) and TB-ResNet (S. Wang et al., 2021) employ
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neural architectures to uncover complex, non-linear trade-offs based on static trip attributes, with
the aim of improving how the utility of an alternative is derived from its physical attributes.
In this paper, we would like to leverage data-driven methods to explicitly measure habit formation
and integrate it into a standard random utility model. Conventional discrete choice models have
accounted for habit leading to inertia by using lagged variables, or the simple frequency of past
trip repetitions, or by specifying formulations that incorporate the previously experienced utility
of prior choices over predefined memory windows. Most specifications use a short window: i.e., the
previous trip or the trip performed before an event (Cantillo et al., 2007; González et al., 2017;
La Paix et al., 2022; Yáñez et al., 2025). Few papers have used panel data that allow for longer
memory windows (Cherchi & Cirillo, 2014), but here the sequence of past trips is collapsed into
a single summary measure, a frequency count. As a result, the temporal structure of the data
is largely discarded, and a history of choices is reduced to a set of unordered observations rather
than treated as an evolving process of reinforcement and decay. To try to capture these dynamics,
we use sequential deep learning methods, such as recurrent neural networks. Past decisions are
processed as an ordered sequence and maintain an internal memory state, allowing us to more
naturally represent the accumulation and fading of habit over time. In this paper, we combine this
learning-based representation of travellers’ habits with a standard attribute-based random utility
specification, preserving the interpretability and policy relevance of the discrete choice framework.

2 Methodology

Habit representation from panel history

The basic idea for capturing inertia more flexibly consists of treating the finite look-back window
of past decisions as an ordered sequence of experiences. For each current choice occasion, the
model examines the last T observed trips, preserves their chronological order, and constructs a
context-dependent summary of those past experiences. As illustrated in Figure 1, the procedure
has three steps: each past trip is first represented numerically; the sequence of the last T trips
is then processed in chronological order; and finally, the model assigns larger or smaller weights
to different past trips according to how relevant they are for the current trip. Behaviourally, the
resulting habit term is therefore not a simple frequency count or average over the last T trips, but
a context-dependent summary of recent experience.
Operationally, for each current decision occasion t, the network takes as input the traveller’s most
recent T observed trips and the current trip context, and returns an alternative-specific habit vector
Hn,t. As an empirical example, if T = 10, the habit score for trip 11 is constructed from trips
1–10, the habit score for trip 12 is constructed from trips 2–11, and so forth. The same network,
with one common set of parameters, is used for all individuals and all choice occasions. These
neural-network parameters are estimated jointly with the other parameters (i.e., from attribute-
based utility and the LLM-derived choice-set prior) by maximizing the simulated log-likelihood
over all observations from trip 11 onward. As in many dynamic discrete choice formulations, the
history window rolls forward one trip at a time. The difference here is not the use of a rolling
window itself, but that the order of trips within the window is retained and the weighting of past
trips is learned from the data rather than fixed a priori. Thus, the history window changes from
one trip to the next, but the network itself is not separately re-estimated for each traveller or each
new trip. Importantly, this does not imply that the resulting weights are static. The estimated
network parameters are common across the sample, but the realised habit scores and attention
weights vary across individuals and decision occasions because they are functions of the observed
history and the current trip context. Because the estimation sample starts from trip 11, each
modelled choice is associated with a complete observed history of the previous T = 10 trips, so no
artificial zero-padding or masking is required in the reported estimation.
Let hn,τ denote the observed state of individual n at a past decision occasion τ , including the chosen
mode and relevant trip descriptors (such as experienced travel time and cost). In the empirical
application, this past-history input may include the previously chosen mode, the experienced travel
time and travel cost of that chosen mode, the past trip purpose, and the past day of the week.
Each past state is first mapped into a numerical representation that captures the information of
the past experience,

zn,τ = Emb(hn,τ ), (1)

where Emb(·) denotes a trainable linear embedding function. Equation 1 is applied to each of
the T past trips in the look-back window, that is, for τ = t − T, . . . , t − 1, rather than only
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Figure 1: Architecture of the dynamic habit learning framework.

to the immediately preceding trip. The embedded history states are then processed sequentially
through a Long Short-Term Memory (LSTM) network, which builds a running summary of past
travel experience. In particular, the LSTM reads the T past trips in chronological order, so
that the representation at each step retains information from the trips that came before it. In
this way, the sequence of experiences is preserved rather than collapsed into a single unordered
summary measure. Rather than requiring the analyst to specify in advance how the influence of
the first, second, . . . , T -th lag should vary within the chosen window, the model learns from the
data how information from earlier and more recent trips should be carried forward in the history
representation. Through this memory accumulation process, past choices within the look-back
window of length T are summarized into a sequence of hidden states:

sn,τ = LSTM(zn,τ , sn,τ−1). (2)

Because the relevance of a past trip depends on the current decision being predicted, the model next
applies a context-dependent weighting step, referred to here as an attention mechanism. Let cn,t
denote the current trip context vector, including variables such as trip purpose and time budget.
In the empirical application, this current-context input could include the current trip purpose,
the day of the week, the panel week number, the available time budget, whether the traveller has
children, and whether the current tour involves intermediate stops. For each past occasion τ , a
raw relevance score is computed as

en,τ,t =
(Wqcn,t)

⊤(Wksn,τ )√
d

, (3)

where Wq and Wk are trainable weight matrices that project the context query and historical keys
into a shared space of dimension d, and

√
d acts as the scaling factor. Equation 3 compares the

current trip context with each historical state sn,τ , rather than with each raw past trip in isolation.
Since each sn,τ already summarizes the ordered history up to past occasion τ , the resulting score
indicates how behaviourally relevant that past experience is for the present decision.
The relevance scores are then converted into attention weights through the softmax transformation:

ωn,τ,t =
exp(en,τ,t)∑t−1

u=t−T exp(en,u,t)
. (4)

3



These weights are non-negative and sum to one, so they can be interpreted as the share of influence
assigned to each of the last T trips. Accordingly, Eq. 4 assigns a larger weight to past experiences
that are more relevant to the current context and a smaller weight to those that are less relevant.
This relevance is not defined by a single manually specified criterion, such as sharing the same
mode or the same purpose. Instead, it is learned jointly from the variables entering the past-history
input hn,τ and the current-context input cn,t, so it can depend on combinations of past chosen
mode, experienced time and cost, past purpose, past day of week, and current trip characteristics.
Consequently, the same recent history can yield different weight patterns when the current trip
context changes.
The resulting context-aware history summary is

vn,t =

t−1∑
τ=t−T

ωn,τ,tsn,τ , (5)

which is a weighted sum of the past hidden states, with more relevant trips receiving larger weights.
This summary is then mapped into an alternative-specific habit vector through a linear projection,

Hn,t = Whvn,t + bh, (6)

where the i-th element, Hin,t, represents the habitual score of alternative i for individual n at
occasion t. Although this output is alternative-specific, it is not independent of the current purpose
or timing of the trip. Because the attention weights depend on the current context vector cn,t, the
same traveller can obtain different habit vectors from the same recent history when predicting, for
example, a work trip versus a leisure trip, or one day of the week versus another.
This habit score represents a history-support index for each mode and captures how strongly the
recent sequence of past choices supports choosing that mode again in the current trip context. In
this sense, it is not only or exactly a measure of repetition, but it also reflects whether past choices
were recent, stable, or instead involved frequent switching across modes. A positive score means
that the recent history is more supportive of choosing that mode now. A negative score does not
mean “negative habit” in itself, but rather that the recent history provides weaker support for that
mode, or is more consistent with other alternatives.
In the empirical application with five travel modes (Car Driver, Car Passenger, Public Transit,
Walking, and Cycling), this output takes the form of a 5× 1 column vector:

Hn,t =


HCD
HCP
HPT
HW
HB

 .

These continuous values directly quantify the context-adjusted behavioural inertia toward each
respective mode. Eventually, this habit vector enters the joint utility linearly as specified in Eq. 7.

Integrated Utility Specification

Having defined the neural-network-based habit representation, the next step is to incorporate it
into the discrete choice model. Figure 2 provides an overview of the proposed modelling framework.
The framework builds on a standard random utility model for travel mode choice, into which the
habit term is added to reflect the influence of past behaviour on the probability of choosing each
mode. In this way, the neural-network-based habit component does not replace the discrete choice
structure, but complements it by providing a flexible, data-driven representation of behavioural
persistence. Unlike conventional discrete choice specifications, where inertia is represented through
predefined parametric terms, the present framework uses the learned habit representation from
observed travel history and integrates it directly into the utility. The neural-network component
and the discrete choice model are estimated jointly within a single optimization problem.
For individual n, alternative i ∈ Cn, and decision occasion t, the proposed framework specifies
utility as the sum of two components and a stochastic term:

Uin,t = V arr
in,t︸︷︷︸

attribute-based utility

+ αiHin,t︸ ︷︷ ︸
habit term

+εin,t, (7)

where V arr
in,t denotes the attribute-based utility derived from observed trip and individual character-

istics (which explicitly incorporates crossed random effects for travel time and cost sensitivities),
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Figure 2: Overview of the proposed dynamic travel mode choice framework.

and Hin,t denotes the habit score derived from historical choices scaled by an alternative-specific
behavioural parameter αi.
The attribute-based utility captures the conventional economic trade-offs associated with observed
service levels and socio-demographic characteristics. For individual n, alternative i, and decision
occasion t, the attribute-based utility is specified as:

V arr
in,t = ASCi

+ βtime,n,t xtime,in,t + βcost,n,t xcost,in,t

+

K∑
k=1

βikxin,t,k

+

M∑
m=1

δimSn,m

+

K∑
k=1

P∑
p=1

θikpxin,t,kZn,t,p,

(8)

where ASCi is the alternative-specific constant for mode i, xtime,in,t and xcost,in,t denote travel
time and cost respectively, xin,t,k denotes the remaining k-th alternative-specific attributes, Sn,m

denotes the m-th socio-demographic characteristic of individual n, and Zn,t,p denotes the p-th trip-
specific contextual variable. The parameters βik, δim, and θikp measure, respectively, the direct
effects of service attributes, the influence of socio-demographic characteristics, and the interaction
effects between service attributes and decision context. The interaction term xin,t,kZn,t,p allows the
effect of service attributes to vary across trip situations. For identification, one alternative-specific
constant is normalized to zero.
Following the specification in Cherchi et al. (2017), the random coefficients for travel time and cost
are formulated using a crossed error structure to capture variability at both the weekly and daily
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levels:

βtime,n,t = β̄time + σtime,w ξtime
n,w(t) + σtime,d ξ

time
n,d(t), (9)

βcost,n,t = β̄cost + σcost,w ξcost
n,w(t) + σcost,d ξ

cost
n,d(t), (10)

where β̄time and β̄cost are the population mean sensitivities. The mappings w(t) and d(t) return
the specific week and day of the week corresponding to decision occasion t. The terms ξ ∼ N(0, 1)
are independent standard normal draws, while σtime,w, σtime,d, σcost,w, and σcost,d are the standard
deviations to be estimated. This structure explicitly accounts for correlation across choices made
by the same individual within the same week or on the same day of the week.
This error structure yields a crossed-panel mixed logit model that explicitly accounts for day-to-
day and week-to-week correlation across repeated observations from the same individual. The
term εin,t is an i.i.d. Gumbel error that captures remaining unobserved variation across decision
occasions.

Estimation

The proposed framework is estimated jointly so that the three components of the utility specifica-
tion are calibrated within a single optimization problem. Let

Θ =
{
β̄time, β̄cost, σtime,w, σtime,d, σcost,w, σcost,d, βik, δim, θikp, ASCi, α,ΦH

}
denote the full parameter set, where the σ terms denote the standard deviations of the crossed
random effects, ΦH collects the trainable parameters of the neural-network-based habit component,
and wl denotes the aggregation weights used to combine the outputs of the L large language model
agents.
Let ξn denote the vector collecting all independent standard normal draws (ξtime

w , ξtime
d , ξcost

w , ξcost
d )

for individual n across all their respective weeks and days observed in the panel. The choice
probability conditional on a realization of ξn takes the logit form:

L(yn,t = i | ξn,Fn,t; Θ) =
exp

(
V arr
in,t(ξn) + αHin,t + γ ln(q̃in,t)

)∑
j∈Cn

exp
(
V arr
jn,t(ξn) + αHjn,t + γ ln(q̃jn,t)

) . (11)

Since the random coefficients map deterministically to specific decision occasions based on the
day and week, the unconditional probability of the observed choice sequence for individual n is
obtained by integrating over the standard multivariate normal distribution of the draws:

P (yn | Fn; Θ) =

∫ ∏
t

L(yn,t | ξn,Fn,t; Θ)ϕ(ξn | 0, I) dξn, (12)

where ϕ(ξn | 0, I) denotes the multivariate standard normal density. This integral does not have a
closed-form solution and is approximated by simulation:

P̂ (yn | Fn; Θ) =
1

R

R∑
r=1

∏
t

L(yn,t | ξ(r)n ,Fn,t; Θ), (13)

where ξ(r)n denotes the r-th set of draws and R is the number of simulation draws. The model is
estimated by maximizing the simulated log-likelihood:

SL(Θ) =
∑
n

log P̂ (yn | Fn; Θ). (14)

The model is estimated end-to-end by maximizing the simulated log-likelihood with respect to the
full parameter set Θ. Accordingly, the neural-network parameters in ΦH , the LLM aggregation
weights wl, the standard deviations of the crossed panel effects, and the coefficients entering the
utility specification in Eq. 8 are all estimated jointly within the same optimization procedure. The
product over decision occasions inside the integral in Eq. 12 ensures that the panel structure is
respected: the draws for a specific week or day are applied consistently to all trips made by the
individual within that time frame, inducing the desired temporal correlation.
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3 Results

The proposed framework is empirically evaluated using data from the Mobidrive continuous travel
survey, conducted in Karlsruhe, Germany, in 1999 (PTV AG et al., 2000). This survey provides a
unique six-week longitudinal panel that tracks the continuous daily travel diaries of participants,
making it an ideal empirical setting to study behavioural persistence and contextual mode switch-
ing. To capture consistent day-to-day and week-to-week variability in routine travel, the sample
is restricted to the five working days of each week, explicitly excluding weekends (Saturdays and
Sundays) since weekend activity patterns and constraints differ substantially from the typical work
week. The final dataset used in this paper comes from Cherchi & Cirillo (2014); Cherchi et al.
(2017), and contains 4,089 tours made by 129 individuals from 56 households. For each tour, the
available mode choice set consists of five alternatives: car driver, car passenger, public transport,
walking, and biking. Figure 3 reports the aggregate distribution of observed choices across the
sample, showing that overall mode shares remain remarkably stable across the observation period.
However, this aggregate stability masks complex intra-personal variability. To visually illustrate
individual choice trajectories over time, Figure 4 displays the day-to-day mode choice sequences for
a selected subset of ten individuals. This micro-level view clearly reveals a mix of rigid behavioural
inertia (consistent use of a single mode) and occasional context-driven switching, precisely the
dynamic mechanisms our integrated habit learning framework is designed to capture.
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Model Specification

Table 1 summarizes the variables included in the attribute-based utility component, which serves
as the conventional core of our choice model. This specification strictly adopts the mixed logit
formulation proposed by Cherchi et al. (2017). The attribute-based utility captures standard be-
havioural trade-offs through four variable categories: alternative-specific constants, level-of-service
attributes (travel time and cost), trip information, and socio-demographic characteristics. In par-
ticular, unobserved temporal heterogeneity is accommodated by estimating the sensitivities to
travel time and cost as crossed random parameters with day- and week-level standard deviations.
Meanwhile, observed heterogeneity is captured through systematic interaction terms between travel
time, situational trip purposes, and individual characteristics.
Table 2 details the input variables for the dynamic habit learning component. To capture be-
havioural persistence, the neural network processes two inputs: a historical sequence of past ex-
periences (hn,τ ) and the current trip context (cn,t), which acts as a situational filter to retrieve
relevant habits. The memory window spans T = 10 previous trips. Each historical step includes
the chosen mode, experienced time, cost, and past context, while the current context captures
immediate constraints like trip purpose, day of the week, and time budget. The network’s ar-
chitecture (including the LSTM and attention mechanism) uses a latent dimension of d = 16 to
synthesize complex, non-linear interactions between past behaviour and current needs. To address
the “initial conditions” problem in panel data econometrics, each traveller’s first 10 observed trips
act exclusively as a historical buffer, with estimation starting from the 11th trip. This ensures
a complete, empirically observed T = 10 sequence for every choice scenario, eliminating artificial
data padding. Finally, the network consolidates this history into a 5 × 1 continuous habit vector
(Hn,t), which enters the baseline utility function directly as dynamic, alternative-specific habit
inertia scores.

Table 1: Data dictionary of variables entering the attribute-based utility specification.
Category Variable Name Description

Model constants ASCi Alternative-specific constant for mode i.

Level of service

Travel time Mode-specific travel time (minutes).
Travel cost Out-of-pocket travel cost (DM).
Time × Children Travel time for married with children < 18.
Time × Work Travel time for work tours.
Time × Education Travel time for education tours.
Time × Suburban (PT) Travel time for suburban residents.
Time × Age 51–65 (Bike) Travel time for individuals aged 51–65.

Trip information Leisure purpose (CP, PT) 1 if tour purpose is leisure.
Work purpose (PT) 1 if tour purpose is work.

Socio-demographics

Age 18–25 (Bike) 1 if individual is aged 18–25.
Age 26–35 (CD, Bike) 1 if individual is aged 26–35.
Age 51–65 (PT, Walk, Bike) 1 if individual is aged 51–65.
Main car user (CD) 1 if individual is the primary car user.
Annual VMT (CD) Annual vehicle mileage.
Time budget (CD, Bike) Available daily time budget (minutes).
Urban residence (PT) 1 if household is in an urban area.
Children (PT) 1 if married with children < 18.
Season ticket (PT) 1 if individual holds a PT season ticket.

Evaluation

To evaluate the proposed methodology, we compare our integrated framework against two baseline
models. This ablation study is designed to isolate the individual and joint contributions of the
dynamic neural network (NN) habit learning component. To ensure a strictly fair comparison
across all specifications, a uniform data treatment is applied: the first 10 observed trips for each
individual serve exclusively as a historical buffer to initialize the habit and frequency variables.
Consequently, log-likelihood maximization for all models commences strictly from the 11th trip
onward.
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Table 2: Input features for the dynamic habit learning neural network.
Input Type Feature Name Description

Historical sequence (hn,τ )

Past chosen mode One-hot encoded vector of the previously chosen alternative.
Experienced time Travel time of the previously chosen alternative.
Experienced cost Travel cost of the previously chosen alternative.
Past trip purpose Indicators for work and leisure purposes.
Past day of week Normalized day of the week of the past trip.

Current context query (cn,t)

Current purpose Indicators for work, leisure, and education purposes.
Temporal indicators Normalized day of the week and panel week number.
Time budget Available daily time budget (scaled).
Children 1 if married with children < 18.
Stops 1 if the current tour involves intermediate stops.

We define the following three specifications for our experimental comparison, each characterized
by a distinct formulation of the utility function Uin,t:

• Model 1: Baseline Mixed Logit. This model represents the traditional econometric
approach, fully consistent with the specification proposed by Cherchi et al. (2017). It assumes
no behavioural persistence (meaning no habit variables are included). The utility includes
only the attribute-based component V attr

in,t in Equation 8.

• Model 2: Mixed Logit (Frequency Habit). This specification builds upon Model 1 by
incorporating behavioural persistence via cumulative frequency variables. For any decision
occasion t ≥ 11, the frequency term Freqin,t counts the total number of previous trips made
with a given alternative i up to trip t − 1. To capture mode-specific inertia accurately, a
distinct frequency coefficient βfreq,i is estimated for each travel mode. The utility function
expands to incorporate this static habit measure:

U
(2)
in,t = V attr

in,t + βfreq,i · Freqin,t + εin,t (15)

• Model 3: Mixed Logit (NN Habit). This model constitutes our fully integrated for-
mulation in Equation 7. The neural network computes dynamic, alternative-specific inertia
scores Hin,t by updating the hidden state with all prior trips up to the current occasion.
Comparing Model 3 against Model 2 explicitly isolates the performance gains achieved by
modelling complex habit formation via representation learning rather than static frequency
counts.
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Figure 5: Distribution of the realised habit utility contribution (αiHin,t) by travel mode.

Table 3 presents the estimation results. Model fit, evaluated via simulated log-likelihood, improves
substantially from the baseline Mixed Logit (Model 1, LL = −2061.68) to the frequency-based
specification (Model 2, LL = −1589.44), confirming strong behavioural inertia. However, substi-
tuting static counts with the dynamic neural network habit component (Model 3) yields a profound
further improvement (LL = −1133.03). This confirms that treating past choices as an ordered,
context-dependent sequence captures habit formation far more effectively than unordered frequency
measures.
Crucially, core economic trade-offs remain structurally robust in the integrated model. Travel time
and cost sensitivities remain highly significant, and interaction terms (e.g., Time × Education) re-
main stable. In contrast, variables proxying habitual patterns (AnnualVMT_CD and SeasonTkt_PT)
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Table 3: Estimation Results for the Panel Mixed Logit Models
Variable M1 M2 M3

(Baseline) (+Freq Habit) (+NN Habit)

Alternative Specific Constants
ASC_CP 0.1378 (0.43) 0.9369 (2.27) 0.4329 (1.06)
ASC_PT 0.1719 (0.37) 0.1692 (0.28) 0.4273 (0.69)
ASC_W 0.7443 (2.08) 1.0534 (2.37) 0.1666 (0.36)
ASC_B -1.1846 (-3.40) -1.3064 (-2.65) -0.6362 (-1.22)

Random Effects (Mean)
βTime -0.0460 (-7.23) -0.0649 (-8.27) -0.0718 (-9.29)
βCost -0.2151 (-4.26) -0.2204 (-5.29) -0.2201 (-5.58)

Random Effects (Standard Deviation)
σTime_week 0.0611 (-34.02) 0.0645 (-32.91) 0.0619 (-29.65)
σTime_day 0.0654 (-22.66) 0.0677 (-30.99) 0.0695 (-28.91)
σCost_week 0.1640 (-4.25) 0.1492 (n/a) 0.2120 (-10.71)
σCost_day 0.1693 (-11.96) 0.1818 (-27.68) 0.1785 (-5.14)

Fixed Attributes
Time × Children -0.0613 (-5.88) -0.0487 (-4.42) -0.0676 (-4.93)
Time × Work -0.0296 (-2.95) -0.0046 (-0.47) -0.0017 (-0.15)
Time × Education 0.0598 (5.69) 0.0792 (6.18) 0.0958 (6.08)
Time × Suburban_PT 0.0347 (4.40) 0.0302 (2.90) 0.0324 (2.62)
Time × Age65_B -0.0384 (-4.14) -0.0470 (-3.02) -0.0422 (-2.62)
Leisure_CP 1.2856 (5.90) 1.4026 (5.67) 1.4367 (5.65)
Leisure_PT -0.6863 (-2.74) -0.2906 (-1.01) -0.0380 (-0.12)
Work_PT 1.7384 (8.02) 1.1844 (4.74) 1.1546 (3.59)
Age18-25_B 1.0993 (3.86) -0.2440 (-0.47) 1.2996 (2.86)
Age26-35_CD 2.7889 (5.04) 2.4041 (2.75) 1.7099 (1.93)
Age26-35_B 2.0501 (3.62) 1.5228 (2.28) 1.5114 (1.56)
Age51-65_PT -0.2690 (-1.21) 0.2062 (0.83) -0.2475 (-0.83)
Age51-65_W 1.2235 (3.27) 0.8846 (2.65) 1.2346 (2.97)
Age51-65_B 1.3964 (4.42) 1.0791 (2.51) 1.8213 (3.77)
MainCar_CD 1.7968 (9.50) 0.9989 (4.11) 1.2366 (5.28)
AnnualVMT_CD 0.0228 (3.64) 0.0045 (0.47) 0.0075 (0.91)
TimeBudget_CD 0.0008 (2.29) 0.0025 (5.54) 0.0010 (2.18)
Urban_PT 0.9197 (2.67) 1.2217 (2.87) 1.2950 (2.73)
Children_PT -2.0131 (-9.69) -1.0410 (-3.77) -1.6427 (-5.19)
SeasonTkt_PT 1.4801 (5.94) 0.2028 (0.70) 0.3397 (1.03)
TimeBudget_B 0.0028 (9.04) 0.0007 (1.74) 0.0017 (3.41)

Frequency Habit Component
βfreq_CD – 0.0908 (8.06) –
βfreq_CP – 0.0825 (2.49) –
βfreq_PT – 0.1425 (8.80) –
βfreq_W – 0.1153 (8.41) –
βfreq_B – 0.1743 (17.11) –

Neural Network Habit Component
αCD – – -1.5097 (-14.11)
αCP – – 1.5052 (11.19)
αPT – – -1.0748 (-8.13)
αW – – 1.1890 (9.52)
αB – – -0.9683 (-11.24)
NN Internal Params – – 277

Goodness-of-Fit Metrics
Number of Individuals 129 129 129
Estimation Observations (N) 2898 2898 2898
Number of Estimated Parameters (K) 31 36 313
Log-Likelihood at Convergence (LL) -2061.68 -1589.44 -1133.03
McFadden’s Pseudo R2 (ρ2) 0.5580 0.6592 0.7571
Bayesian Information Criterion (BIC) 4370.49 3465.86 4761.23
Note: Robust t-statistics in parentheses. Standard deviations of random parameters (σ) are displayed as exp(log σ).
Parameters denoted with ’–’ are not included in the respective model specification.
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Figure 6: Average attention weight (ωn,τ,t) by lag position. The dotted line marks the
uniform baseline (1/T = 0.10) implicitly assumed by traditional frequency counts.
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Figure 7: Average attention weight profiles conditioned on the current trip purpose.
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lose significance once habit is explicitly modelled, confirming the neural component successfully ab-
sorbs these endogenous behavioural effects. Within the random utility framework, the continuous
neural habit scores (Hn,t) function as a learned index of state dependence. Because this index can
take both positive and negative values, similar to traditional inertia variables based on previously
experienced utility differences, the estimated parameters (αi) cannot be interpreted in isolation.
Figure 5 displays the distribution of the utility contribution (αiHin,t) across all observations. The
habit component predominantly provides positive reinforcement for frequently used modes. As
shown in this figure, the car driver mode yields a positive utility contribution in 78% of observations,
demonstrating that recent history predominantly reinforces its use.
Figures 6 and 7 reveal the underlying temporal mechanism driving these scores by analysing the
network’s attention weights (ωn,τ,t) in Equation 5. Figure 6 shows a clear, data-driven recency
gradient: the most recent trip (t − 1) receives nearly twice the uniform benchmark weight, with
influence decaying over older trips. This captures a natural habit decay invisible to frequency-
based models, which implicitly assume uniform weighting across all past repetitions. Furthermore,
Figure 7 proves this temporal weighting is highly context-dependent. Work trips exhibit a flatter
attention profile, drawing heavily on older trips to reflect stable commuting routines. Conversely,
leisure trips concentrate sharply on the most recent experiences. From a policy perspective, this
distinction is critical: it implies that disrupting habitual commuting may require sustained inter-
ventions to shift the accumulated signal, whereas mode-switching for non-routine travel is highly
responsive to immediate prior experiences.

4 Conclusion and Future Work

In conclusion, this paper demonstrates that integrating a dynamic neural network habit compo-
nent into a random utility framework significantly enhances mode choice modelling by capturing
context-dependent, temporal habit decay. While these findings offer a behaviourally rich alternative
to traditional static frequency measures, several limitations present clear avenues for future econo-
metric and policy-oriented research. First, the empirical application relies on revealed preference
data from a stable transport environment. Because transport appraisal requires understanding how
habits break, future research should test this neural formulation using panel data encompassing
structural shocks or stated preference experiments to observe how the learned habit index adapts
when individuals are forced to rethink their choices. Second, to fully operationalise this framework
for policy forecasting, it is necessary to develop dynamic simulation procedures that endogenously
roll the history window forward under counterfactual scenarios. Finally, while the crossed ran-
dom error structure accommodates panel correlation, further research using longer-duration panels
should investigate the precise interaction between the network’s look-back window and unobserved
heterogeneity, ensuring that complex state dependence remains robustly disentangled from per-
sistent individual traits. Despite these constraints, this study demonstrates that sequential deep
learning provides a principled, practically useful approach to measuring habit, encouraging further
integration of data-driven and theory-driven methods in travel behaviour research.
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