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SHORT SUMMARY

This paper proposes symbolic regression (SR) as an interpretable, data-driven approach to utility
specification in discrete choice models. The aim is to address the limitations of traditional manual
specification search and the lack of interpretability in common machine learning methods. The
methodology formulates the systematic utility difference as an unknown function learned via SR,
optimised using a logit negative log-likelihood, ensuring consistency with random utility theory. SR
generates a Pareto frontier of candidate specifications, balancing goodness-of-fit and complexity.
Using synthetic binary choice data, we evaluate the ability of SR to recover known functional
forms under varying search spaces, including missing transformations, irrelevant features, and
noise variables. The results show that SR consistently recovers the true specification, reconstructs
nonlinear effects endogenously, and remains robust to irrelevant inputs. These findings demonstrate
the potential of SR to support systematic, interpretable specification discovery in choice modelling.
Keywords: Choice Modelling; Machine Learning; Model Specification; Symbolic Regression.

1 INTRODUCTION

Discrete choice models (DCMs) are widely used across numerous fields for understanding indi-
vidual choice behaviour (Hess & Daly, [2024; Mariel et al., [2021; |Liebe et al., |2023; Buckell et
al.l 2022). Modellers use these structures to mathematically represent individuals’ choices and
forecast demand in future scenarios. They often propose a candidate specification, estimate its
parameters, examine both goodness-of-fit statistics and theoretical plausibility, and then refine
the specification, balancing parsimony, model fit, and behavioural assumptions (cf. Nova et al.
2024; Van Cranenburgh et all 2022). Even with few variables, the number of possible specifi-
cations grows combinatorially (Rodrigues et al., 2024). In practice, modellers explore this vast
model space through incremental trial-and-error, guided by intuition, convention, and tractability
constraints. As a result, specification search remains a largely manual, iterative, labour-intensive,
subjective, and inevitably incomplete process. This introduces substantial misspecification risk,
which could lead to biased parameter estimates, lower predictive power, false conclusions, and
incorrect forecasts (Bentz & Merunkal [2000; |Ortelli et al., 2021). Machine learning (ML) methods
have been proposed as a solution to these specification challenges as they can flexibly learn nonlin-
earities and interactions. However, widely used approaches (e.g. neural networks, tree ensembles)
are often criticised as “black boxes” whose outputs are hard to validate behaviourally and eco-
nomically, as they do not yield explicit utility representations (Stfeir, [2021)). Without interpretable
and economically consistent expressions, it becomes difficult to derive welfare measures, interpret
marginal effects, compute willingness-to-pay, or ensure behavioural plausibility.

This paper proposes symbolic regression (SR) (Cranmer} |2023|) as an interpretable machine learning
approach to utility specification. SR searches over mathematical expressions to discover functional
forms that best describe the data. Unlike neural networks or ensemble methods, it returns explicit
algebraic equations. When applied to utility specification, symbolic regression can automatically
identify nonlinear transformations, interaction structures, and non-additive components while pre-
serving a transparent and closed-form representation of utility.



2 METHODOLOGY

Symbolic regression is a growing class of ML for inferring a Pareto front of interpretable math-
ematical equations directly from data, historically associated with genetic programming (Makke
& Chawlal 2024). More recently, it has gained traction in deep-learning (cf. [Udrescu & Tegmark,
2020; Mundhenk et all 2021} Kamienny et al.| 2022)) as a data-driven model-discovery approach
for deriving tractable equations and, therefore, interpretable ML models. SR has also been applied
with promising results across fundamental and applied sciences, including medicine, chemistry,
and astrophysics, to name a few (Makke & Chawlaj, 2024). This paper introduces SR to choice
modelling, specifically to the specification process, where it produces a Pareto frontier of candidate
equations/utility specifications.

Problem formulation

In this paper, we consider the case of a binary logit model, where an individual n = 1, ..., N chooses
between two travel alternatives ¢ € {1,2}. Under the random utility maximisation framework, the
utility of alternative ¢ for individual n is:

Uni = Vnz + Enis (1)

where V,,; is the systematic (observed) component of the utility and &,; is an unobserved error
term assumed to be independently and identically distributed (i.i.d.) extreme-value. With two
alternatives, the specification can be expressed in terms of systematic utility difference:

A‘/n = an - Vn2- (2)

The probability that individual n chooses alternative 1 is then given by the standard binary logit

form:
1

1+ exp(—AV,) 3)
In conventional discrete choice modelling, the systematic utility difference AV, is specified a priori
as a function of observed attributes of the alternatives and characteristics of individual n (z,). In
this work, we instead treat it as an unknown function to be discovered from the data:

where f(x,,) belongs to a large space of candidate mathematical expressions. Conventional specifi-
cation search restricts f to be mainly linear-in-parameters with manually selected transformations
and interactions. Symbolic regression instead treats the discovery of f as an optimisation problem:

;rgg L(f), (5)

Pn1:

where F is a space of algebraic expressions built from variables and operators, and £ is a loss
function measuring fit to observed choices.

For logit models, the natural objective is the negative log-likelihood. For observations n with choice
yn € {0,1}, the element-wise loss is:

g(f(ajn% yﬂ) = log(l + eXP(f(xn))) —Yn f(xn)7 (6)

which corresponds to the binary logit log-likelihood contribution when f(z,) = AV,,. Loss min-
imisation therefore yields a function consistent with random utility maximisation.

Pareto-optimal specification search

SR does not return a single equation but a Pareto of expressions trading off goodness-of-fit and
complexity. Complexity is typically measured as the number of nodes or operations in the expres-
sion/equation. Formally, SR approximates the Pareto set:

P={f:(L(f),C(f)) is Pareto-optimal}, (7)
where C(f) denotes complexity.
In the context of utility specification, this corresponds closely to the modeller’s traditional trade-
off between fit and parsimony. The Pareto front can therefore be interpreted as an automatically

generated specification frontier, from which the modeller may select behaviourally meaningful,
data-driven candidate utility functions.



3 RESULTS AND DISCUSSION
Synthetic data

To illustrate the proposed SR approach in a controlled setting where the data-generation process is
known, we consider a synthetic binary choice experiment consistent with the formulation introduced
in Section 2] Individuals n = 1,..., N are assumed to face a choice between two alternatives, car
(¢ = 1) and public transport (¢ = 2). The synthetic dataset contains 2000 individuals, each with
two observations. The true systematic utility difference is specified as follows:

AVn = AASC + 6Atime Atimen + BAtimeZ (Atimen)2 + ﬁAcost ACOStn

+ Bincome income,, + Bage age,, .

(8)

Choices are simulated by drawing i.i.d. Gumbel errors and applying the logit model described
above. The modeller is assumed to observe the four explanatory variables z, = (Atime,,, Acost,,,
income,,, age,,) but not the true functional form of AV,,. The task is therefore to recover a be-
haviourally plausible specification for AV, from the data using SR, without prior knowledge of the
true underlying specification.

Symbolic regression setup

We apply symbolic regression using PySR (Cranmer) [2023), which performs a multi-population
evolutionary search over mathematical expressions. The search explores combinations of input
features and mathematical operators to identify candidate utility specifications. To ensure com-
patibility with random utility theory, we use the binary logit negative log-likelihood as the SR

objective function:
N

L(f) =" [log(1+exp(f(zn))) = ynf(xn)] - (9)

n=1

This loss directly interprets the symbolic expression as the utility difference AV,,. Consequently,
any discovered function yields a valid logit model.

To systematically evaluate the ability of symbolic regression to recover and discover utility spec-
ifications, we design five experiments with different configurations of the search space (Table .
These experiments aim to assess (i) recovery of a known specification when the relevant variables
are available, (ii) the ability to construct missing functional forms, and (iii) robustness to irrelevant
operators, transformations, noise variables, and/or engineered features. In the first experiment,
we include the true nonlinear transformation of travel time (Atime?) as well as the four explana-
tory variables x, in the feature/variable space (i.e. set of featues/variables for SR to consider),
and a restricted operator set {+,—, x}. This serves as a benchmark setting, where the correct
specification is directly accessible to the search, as the search space contains only relevant features
and simple algebraic operators. In the second experiment, we remove the squared travel-time
term from the feature space while retaining the same restricted operator set. This setting evalu-
ates whether SR can reconstruct the missing nonlinear component indirectly, despite the absence
of both explicit feature engineering and nonlinear operators. The third experiment expands the
operator set to include nonlinear transformations {log(z), exp(z), v/x}, while keeping the original
feature space without the squared travel-time term. Although these transformations are not part
of the true data-generating process, this setting evaluates whether SR can still recover the cor-
rect specification when the search space includes potentially irrelevant operators. In the fourth
experiment, we further expand the feature space by including additional squared transformations
and interaction terms that are not part of the true specification. This setting tests the robustness
of SR to irrelevant or misleading feature engineering. Finally, in the fifth experiment, we add
three randomly generated variables {rq,r2,73} to the feature space. This setting evaluates the
ability of SR to ignore irrelevant input and to identify behaviourally meaningful structures in the
presence of both noise variables and irrelevant operators/transformations. Across all experiments,
the SR search is conducted for 100 iterations with a population size of 30 candidate expressions,
ensuring a consistent basis for comparing the resulting Pareto frontiers and the recovered utility
specifications.



Table 1: Experiments.

Experiment Feature Space OE:::‘EZI'S OI[)LIII'Z;er
Atime, Acost, income, age, Atime? +,—, X
Atime, Acost, income, age +, —, X
3 Atime, Acost, income, age +,—, X log(z),exp(z), /z

Atime, Acost, income, age, Atime?,
4 Acost?, Aincome?, Aage?, +,—, X log(x), exp(z), /&
Atimexincome, Atimexage
Atime, Acost, income, age, Atime?,
5 Acost?, Aincome?, Aage?, +,—, % log(x),exp(z), /&
Atimexincome, Atimexage, r1, 1o, T3

Results

In each experiment, the SR search produced between 10 and 20 sequence of candidate utility spec-
ifications of increasing complexity along the Pareto frontier. Across all experimental settings, the
set of Pareto-optimal expressions consistently included the true underlying specification. Moreover,
the evolution of the Pareto frontier follows a similar pattern across experiments, suggesting a stable
search process despite differences in the search space. At low levels of complexity (approximately
1 to 7), the recovered expressions are simple, typically involving a constant term or single explana-
tory variables, and gradually extending to basic bilinear combinations. As complexity increases
(around 7-11), the expressions begin to stabilise into a more structured and interpretable form,
with the utility difference approximated as an additive function of key variables such as travel time,
travel cost, income, and age. At moderate levels of complexity (around 9-14), symbolic regression
introduces a quadratic transformation of travel time, thereby recovering the true underlying spec-
ification. Beyond this point, further increases in complexity lead to more elaborate expressions,
incorporating additional transformations and interaction terms. While these higher complexity
specifications may offer marginal improvements in fit, they do so at the cost of reduced parsimony
and interpretability.

Experiments 2 and 3 further demonstrate that SR is able to recover the squared travel time term
even when it is not provided explicitly in the feature space. In these settings, the nonlinear
effect emerges endogenously from the search process, indicating that SR can reconstruct missing
functional forms rather than relying on predefined transformations. Experiments 4 and 5 highlight
the robustness of the approach to an expanded and potentially misleading search space. Despite
the presence of additional irrelevant transformations, interaction terms, and randomly generated
noise variables, SR consistently recovers the true underlying specification. This suggests that the
method is able to effectively navigate complex search spaces and suggest behaviourally meaningful
structures. For brevity, we only report the equation corresponding to the true data-generating
specification recovered by SR in experiment 3:

0.230 — 2.26 x Atime — 3.73 x Atime? — 0.180 x Acost + 0.220 x income — 0.009 x age. (10)

To further assess the consistency of the recovered specification, we estimate a binary logit model
in Apollo (Hess & Palmay, 2019) using the true specification and compare the resulting parameter
estimates with those implied by the SR-derived expression. Table [2] reports the true parameter
values used in the data-generating process, the estimates obtained with Apollo, and the coefficients
recovered by symbolic regression. The results show a close correspondence between the SR-derived
coefficients and those obtained from maximum likelihood estimation in Apollo, with only minor
deviations across parameters. This provides additional evidence that symbolic regression not only
recovers the correct functional form, but also yields quantitatively consistent parameter estimates.
The small differences can be attributed to the fact that SR optimises a joint search over functional
form and parameters, rather than performing conditional maximum likelihood estimation for a
fixed specification.



Table 2: Results.

Parameter True True Estimate | Estimate | % Difference

Estimate | from Apollo from SR | Apollo - SR
AASC 0.250 0.244 0.230 5.74%
Batime -2.50 -2.27 -2.26 0.50%
BAtime? -4.00 -3.83 -3.73 2.51%
BAcost -0.200 -0.178 -0.180 -1.14%
Bincome 0.250 0.221 0.220 0.28%
Bage -0.010 -0.009 -0.009 0.02%

4 CONCLUSIONS

This paper introduced symbolic regression as an interpretable, data-driven approach to discovering
utility specifications within the logit framework. Using synthetic binary choice data, the results
show that SR is able to successfully recover the true underlying specification across a range of
experimental settings. In particular, SR was able to reconstruct nonlinear effects endogenously,
even when the relevant transformations were not provided a priori, and to recover the correct
specification in the presence of irrelevant variables, engineered features, and additional operators.
These findings illustrate the potential of symbolic regression to support the specification search
process by automatically generating behaviourally interpretable candidate utility functions. Rather
than replacing the modeller, the approach is best understood as a complementary tool that can
assist in exploring the specification space more systematically, while preserving the transparency
and theoretical consistency required in discrete choice modelling. Future work will extend the
approach to multinomial logit models, incorporate behavioural constraints such as monotonicity
with respect to cost and travel time, and evaluate performance on real datasets.
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