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Abstract

As deep neural networks (DNNs) outperform classical discrete choice models (DCMs)
in many empirical studies, one pressing question is how to reconcile them in the con-
text of choice analysis. So far researchers mainly compare their prediction accuracy,
treating them as completely different modeling methods. However, DNNs and classi-
cal choice models are closely related and even complementary. This dissertation seeks
to lay out a new foundation of using DNNs for choice analysis. It consists of three
essays, which respectively tackle the issues of economic interpretation, architectural
design, and robustness of DNNs by using classical utility theories.

Essay 1 demonstrates that DNNs can provide economic information as complete
as the classical DCMs. The economic information includes choice predictions, choice
probabilities, market shares, substitution patterns of alternatives, social welfare, prob-
ability derivatives, elasticities, marginal rates of substitution (MRS), and heteroge-
neous values of time (VOT). Unlike DCMs, DNNs can automatically learn the utility
function and reveal behavioral patterns that are not prespecified by modelers. How-
ever, the economic information from DNNs can be unreliable because the automatic
learning capacity is associated with three challenges: high sensitivity to hyperparam-
eters, model non-identification, and local irregularity. To demonstrate the strength of
DNNs as well as the three issues, I conduct an empirical experiment by applying the
DNNs to a stated preference survey and discuss successively the full list of economic
information extracted from the DNNs.

Essay 2 designs a particular DNN architecture with alternative-specific utility
functions (ASU-DNN) by using prior behavioral knowledge. Theoretically, ASU-DNN
reduces the estimation error of fully connected DNN (F-DNN) because of its lighter
architecture and sparser connectivity, although the constraint of alternative-specific
utility could cause ASU-DNN to exhibit a larger approximation error. Both ASU-
DNN and F-DNN can be treated as special cases of DNN architecture design guided by
utility connectivity graph (UCG). Empirically, ASU-DNN has 2-3% higher prediction
accuracy than F-DNN. The alternative-specific connectivity constraint, as a domain-
knowledge-based regularization method, is more effective than other regularization
methods. This essay demonstrates that prior behavioral knowledge can be used to
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guide the architecture design of DNN, to function as an effective domain-knowledge-
based regularization method, and to improve both the interpretability and predictive
power of DNNs in choice analysis.

Essay 3 designs a theory-based residual neural network (TB-ResNet) with a two-
stage training procedure, which synthesizes decision-making theories and DNNs in
a linear manner. Three instances of TB-ResNets based on choice modeling (CM-
ResNets), prospect theory (PT-ResNets), and hyperbolic discounting (HD-ResNets)
are designed. Empirically, compared to the decision-making theories, the three in-
stances of TB-ResNets predict significantly better in the out-of-sample test and be-
come more interpretable owing to the rich utility function augmented by DNNs. Com-
pared to the DNNs, the TB-ResNets predict better because the decision-making the-
ories aid in localizing and regularizing the DNN models. TB-ResNets also become
more robust than DNNs because the decision-making theories stablize the local utility
function and the input gradients. This essay demonstrates that it is both feasible and
desirable to combine the handcrafted utility theory and automatic utility specifica-
tion, with joint improvement in prediction, interpretation, and robustness.

Committee member: Stefanie Jegelka
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Electrical Engineering and Computer Science

Committee member: Drazen Prelec
Title: Professor of Management Science and Economics
Sloan Management School, Department of Economics, and Department of Brain and
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Supervisor: Jinhua Zhao
Title: Edward H. and Joyce Linde Associate Professor
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Chapter 1

Introduction

1.1 Background

Choice Analysis. Choice analysis has been an enduring question in various fields

of social science. In economics, individual choice based on utility theories functions

as the foundation of micro- and behavioral economics [85, 49, 130, 94]. In marketing,

consumers’ individual choices constitute the revenues of all the companies. In the

realm of policy analysis, a massive number of individual choices jointly contribute to

the final political decisions through the modern political institution. In the field of

urban transportation, there has been a long tradition of using choice modeling tools

to analyze how individuals make decisions of travel modes, travel frequency, travel

scheduling, destination and origin, and routing [119, 32, 11]. Traditionally, researchers

examine these individual choices by relying on discrete choice models (DCMs) and

broadly utility theories. With these methods, the research communities have obtained

tremendous insights into how individual decision-making.

DNNs. Recently deep neural networks (DNNs) as one particular machine learning

(ML) method have demonstrated their high prediction accuracy in many empirical

studies, as well as their flexibility of accommodating various data types. Convolu-

tional neural networks (CNNs) and recurrent neural networks (RNNs), as two spe-
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cific types of DNNs, have been applied to image recognition, classification, natural

language processing, machine translation, health care, or sentimental classification,

showing higher model performance than traditional models [73, 76, 43]. The DNN

models are gradually expanding its applications from the computer vision or pat-

tern recognition that traditionally belong to the field of computer science to many

fields in social science [61, 22, 24, 40, 102]. In the transportation field, DNNs have

also been applied to traffic operations, infrastructure management and maintenance,

transportation planning, environment and transport, safety and human behavior, and

air, transit, rail, and freight operations [65]. Typically, researchers found that DNNs

can outperform classical methods in terms of their empirical prediction accuracy

[106, 98, 113, 48, 26]. Unlike the classical DCMs, DNNs can be built in a generic way

without involving much domain-specific knowledge that has been accumulated in each

research community for decades. However, even without much prior human knowl-

edge inputs, the generic-purpose DNNs can still outperform domain-specific models

in a massive number of applications.

DNNs’ Power. The high prediction accuracy of DNNs is partially caused by their

high approximation power. NNs with even one hidden layer are known as universal

approximator, implying that even a shallow neural networks (SNNs) is asymptotically

a universal approximator when the width becomes infinite [30, 59, 58]. Recently, this

asymptotic perspective leads to a more non-asymptotic question, asking why depth is

necessary for NNs as even SNNs are already universal approximators. It turns out that

DNNs can approximate functions with an exponentially smaller number of neurons

than SNNs in many settings [29, 109, 103]. With this extraordinary approximation

power, DNNs can automatically learn effective representations without relying on

domain-specific knowledge [76]. This capacity of automatic feature learning is in

sharp contrast to the domain-specific methods that typically rely on domain experts’

knowledge, which can be incomplete and lead to large misspecification errors.
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DNNs’ Weaknesses. However, to fully take advantage of the DNNs’ approxima-

tion power in choice analysis, researchers have to face at least three different chal-

lenges, including the lack of interpretability, the choice of regularization and DNN

architectures, and the lack of robustness. First, it is unclear how to interpret DNNs

for behavioral and policy analysis, as typically done by the classical choice modeling

methods. Compared to the prevalent focus on DNNs’ prediction power, the inter-

pretability of DNNs is relatively understudied. However, it would be unfair to claim

DNNs as being “black-box” models, since recent studies have improved DNNs inter-

pretability by using a sequential dual training method [55], instance-based methods

[36, 117, 68, 88], gradient-based methods [107, 154, 5, 120], or simply visualizing the

hidden layers of DNNs [150, 147]. In terms of choice analysis, researchers used DNNs

to predict demand in many studies, but the connection between DNNs and economic

information is very weak with only several studies touching upon the issue of com-

puting elasticities and market shares by using DNNs [107, 15]. Second, to interpret

DNNs for choice analysis, regularization and sparse architectural design of DNNs is an

inevitable challenge, owing to the potentially large estimation error of DNNs caused

by their high model complexity. The architectural design perspective presents both

the strength and the weakness of DNNs. On the one side, most recent studies made

progresses in prediction accuracy by creating innovative DNN architectures, such as

AlexNet [73], GoogleNet [125], and ResNet [52] in computer vision. On the other

side, the extraordinary flexibility in DNNs’ architectural design creates difficulty for

researchers to choose an architecture for a specific task at hand. As a result, many

studies have developed methods to facilitate the architectural design [152, 7, 153]

and the hyperparameter searching [16, 17]. In the choice analysis setting, while it

is possible to apply many generic methods to DNNs, it is unclear how to adopt this

architectural design perspective in a way related to utility theory. Third, another

challenge to DNNs’ interpretability is related to their robustness. DNNs have been

found to be a “brittle” system since it is easy to create adversarial examples around

some local points of DNNs [126]. Recently, researchers developed many effective ad-

versarial attacks, including fast gradient sign methods, one-step target class methods,
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and many others [44, 74]. To improve the robustness of DNN models, researchers also

develop many adversarial training methods to address the challenges posed by the

adversarial attacks [100, 74, 84]. Robustness is important for economic interpreta-

tion. It is because economic analysis in models typically relies on local information

at certain small region or even one point of the whole input space.

Summary. Overall, DNNs present new opportunities for researchers in the choice

analysis. The power of DNNs comes from its approximation power and its automatic

representation learning capacity. However, the interpretability of DNNs in the con-

text of choice analysis is relatively understudied. To make the economic information

extracted from DNNs reliable, the modeling process inevitably involves the archi-

tectural design and the robustness of DNNs. As a comparison, the classical choice

models do not face these challenges since the implicit architecture of classical models

is simple and the local information is typically regular. Therefore, to fully take ad-

vantage of the high approximation power of DNNs, it is inevitable for us to provide

perspectives into these challenges.

1.2 Dissertation Overview

Research Question. This dissertation discusses how to interpret DNNs for eco-

nomic information in the context of choice analysis with a three-essay structure.

Overall, the key research question in this dissertation is

∙ How to improve the interpretability and robustness of DNN-based choice anal-

ysis by using the perspective of utility theory?

Under this umbrella question, three essays have slightly different focuses. The first

essay answers the question How to extract from DNNs a full list of economic informa-

tion as obtained from the classical discrete choice models. Note that essay 1 targets

the interpretability of DNNs, and I focus on only narrowly the economic informa-
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tion, thus avoiding the generic discussion about interpretability 1. Essay 1 illustrates

the similarity between DNNs and classical DCMs, and based on this similarity, the

essay demonstrates that it is feasible to derive a complete list of economic informa-

tion from DNNs. However at the same time, I will elaborate on three challenges,

including the high sensitivity to hyperparameters, model non-identification, and the

local irregularity, involved in interpreting DNNs for economic information. The model

non-identification issue is treated less a problem recently since local minima can still

provide high prediction accuracy in the out-of-sample context. The first and the third

challenges lead to the questions in Essays 2 and 3. Essay 2 explores the question how

to design an interpretable DNN architecture by using utility theory, and essay 3 ex-

amines the question how to address the local irregularity of DNNs by using utility

theory. Essay 2 and 3 relate to the generic discussions about DNNs’ architectural

design and robustness. In all three essays, I emphasize the interdisciplinary perspec-

tive between DNNs and utility theory, rather than simply using generic ML methods

such as 𝐿1 and 𝐿2 penalties to improve DNNs. A generic model cannot work well for

domain-specific problems, as powerfully demonstrated by No Free Lunch Theorem.

Then the critical aspect is how to impose effective constraints on the generic-purpose

models to improve the model performance. In choice analysis, the rich utility the-

ory becomes a natural choice for this purpose. The synthesis of DNNs and utility

theory is also quite convenient owing to the high similarity between the random util-

ity maximization (RUM) framework and the DNNs. Specifically, while DNN models

do not have clear structures and lack robustness, classical utility theories typically

have well-defined structure, are highly interpretable and robust to adversarial attacks.

Therefore, the synthesis of DNN perspectives and classical theories can provide mu-

tual benefits to each other.

Urban Transportation. In all three essays, urban transportation cases are used as

running examples. This is because the urban transportation field has a long tradition

1I made this choice owing to the ambiguity of the concept interpretability. As illustrated by
Lipton (2016) [80], interpretability has many aspects, which could lead to inconsistent evaluations
on the same model.

19



of using choice modeling to examine the important questions such as travel mode

choice. The question of travel mode choice is important because the result is often

the foundation for predicting the overall performance of the transportation system. In

essay 3, I also incorporate prospect theory and hyperbolic discounting models, both of

which are important behavioral models. While concrete transportation applications

and behavioral models are used as examples in the three essays, the insights from the

three essays are very generic to any choice analysis.

Knowledge Generation. In a broader sense, this dissertation tackles the issue of

knowledge generation, concerning the tension between theory-driven and data-driven

methods, or equivalently, domain-specific and generic-purpose knowledge. This ten-

sion sometimes leads to the question whether we really need domain-specific knowl-

edge for prediction, and sometimes a reversed one how to use prediction-driven ML

models to generate more insights for policy intervention. Classical methods heav-

ily rely on experts’ knowledge, researchers start with domain-specific knowledge and

end with prediction. On the contrary, the other direction seems also possible. Re-

searchers argue that a model that constantly predicts accurately must have captured

something [135]. If so, researchers should learn from machines to provide insights into

the questions we seek to answer. The tension between prediction-driven and theory-

driven methods is not a zero-one dichotomy. In fact, domain-specific knowledge is

always involved at even the starting point of DNN modeling. Convolutional layers

and max pooling layers in CNNs are designed since modelers know the conditional

independence properties of pixels in images; RNNs are designed since modelers know

the time series structure. While many researchers praise the power of full automatic

learning in DNNs [76, 14], some studies argue that models need to be handcrafted to

certain extent and then let the model to learn from the data [78]. This synthetic per-

spective is adopted in this dissertation to enable a more dynamic interaction between

generic-purpose DNNs and domain-specific knowledge, achieving better prediction

performance, model interpretation, and robustness.
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Chapter 2

Essay 1: Extracting Complete

Economic Information for

Interpretation

2.1 Introduction

Discrete choice models (DCMs) have been used to examine individual decision making

for decades with wide applications to economics, marketing, and transportation [13,

130]. Recently, however, there is an emerging trend of using machine learning models,

particularly deep neural networks (DNNs), to analyze individual decisions. DNNs

have shown its predictive power across the broad fields of computer vision, natural

language processing, and healthcare [76]. In the transportation field, DNNs also

perform better than DCMs in predicting travel mode choice, automobile ownership,

route choice, and many other specific tasks [95, 107, 144, 26, 27, 63]. However,

the interpretability of DNNs is relatively understudied despite the recent progress.

[108, 34, 150]. It remains unclear how to obtain reliable economic information from

the DNNs in the context of travel choice analysis.

This study demonstrates that DNNs can provide economic information as com-

plete as the classical DCMs, including choice predictions, choice probabilities, market
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share, substitution patterns of alternatives, social welfare, probability derivatives,

elasticities, marginal rates of substitution (MRS), and heterogeneous values of time

(VOT). Using the estimated utility and choice probability functions in DNNs, we

can compute choice probabilities, market share, substitution patterns of alternatives,

and social welfare. Using the input gradients of choice probability functions, we can

compute probability derivatives, elasticities, marginal rates of substitution (MRS),

and heterogeneous values of time (VOT). The process of interpreting DNN for eco-

nomic information is significantly different from the process of interpreting classical

DCMs. The DNN interpretation relies on the function estimation of choice probabil-

ities, rather than the parameter estimation as in classical DCMs. With the accurate

estimation of choice probability functions in DNNs, it proves unnecessary to delve into

individual parameters in order to extract the commonly used economic information.

Moreover, DNNs can automatically learn utility functions and identify behavioral pat-

terns that are not foreseen by modelers. Hence the DNN interpretation does not rely

on the completeness of experts’ prior knowledge, thus avoiding the misspecification

problem. We demonstrated this method using one stated preference (SP) dataset of

travel mode choice in Singapore, and this process of interpreting DNN for economic

information can be applied to the other choice analysis contexts.

However, DNNs’ power of automatic utility learning comes with three challenges:

(1) high sensitivity to hyperparameters, (2) model non-identification, and (3) local

irregularity. The first refers to the fact that the estimated DNNs are highly sensitive

to the selection of hyperparameters that control the DNN complexity. The second

refers to the fact that the optimization in the DNN training often identifies the local

minima or saddle points rather than the global optimum, depending on the initial-

ization of the DNN parameters. The third refers to the fact that DNNs have locally

irregular patterns such as exploding gradients and the lack of monotonicity to the

extent that certain choice behavior revealed by DNNs is not reasonable. The three

challenges are embedded respectively in the statistical, optimization, and robustness

discussions about DNNs. While all three challenges create difficulties in interpreting

DNN models for economic information, our empirical experiment shows that even
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simple hyperparameter searching and information aggregation can partially mitigate

these issues. We present additional approaches to address these challenges by using

better regularizations and DNN architectures, better optimization algorithms, and

robust DNN training methods in the discussions section.

This study makes the following contributions. While some studies touched upon

the issue of interpreting DNNs for economic information in the past, this study is

the first to systematically discuss the complete list of economic information that

can be obtained from DNNs. We point out the three challenges involved in this

process and tie the three challenges to their theoretical roots. While we cannot

fully address the three challenges in this study, we demonstrate the importance of

using hyperparameter searching, repeated trainings, and information aggregation to

improve the reliability of the economic information extracted from DNNs. The paper

can be valuable practical guidance for transportation modelers and provides useful

methodological benchmarks for future researchers to compare and improve.

The paper is structured as follows. Section 2 reviews the studies about DCMs, and

DNNs concerning prediction, interpretability, sensitivity to hyperparameters, model

non-identification, and local irregularity. Section 3 introduces the theory, models, and

methods of computing economic information. Section 4 sets up the experiments, and

Section 5 discusses the list of economic information obtained from the DNNs. Section

6 discusses potential solutions to the three challenges, and Section 7 concludes.

2.2 Literature Review

DCMs have been used for decades to analyze the choice of travel modes, travel fre-

quency, travel scheduling, destination and origin, travel route, activities, location, car

ownership, and many other decisions in the transportation field [12, 26, 11, 119, 32, 2].

While demand forecasting is important in these applications, all the economic infor-

mation provides insights to guide policy interventions. For example, market shares

can be computed from the DCMs to understand the market power of competing in-

dustries [130]. Elasticities of travel demand describe how effective it is to influence
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travel behavior through the change of tolls or subsidies [118, 53]. VOT, as one impor-

tant instance of MRS, can be used to measure the monetary gain of saved time after

the improvement of a transportation system in a benefit-cost analysis [118, 119].

Recently researchers started to use machine learning models to analyze individ-

ual decisions. Karlaftis and Vlahogianni (2011) [65] summarized 86 studies in six

transportation fields in which DNNs were applied. Researchers used DNNs to predict

travel mode choice [26], car ownership [101], travel accidents [149], travelers’ decision

rules [132], driving behaviors [60], trip distribution [89], and traffic flows [104, 82, 142].

DNNs are also used to complement the smartphone-based survey [143], improve sur-

vey efficiency [115], and impute survey data [35]. In the studies that focus on predic-

tion accuracy, researchers often compare many classifiers, including DNNs, support

vector machines (SVM), decision trees (DT), random forests (RF), and DCMs, typi-

cally yielding the finding that DNNs and RF perform better than the classical DCMs

[106, 98, 113, 48, 26]. In other fields, researchers also found the superior performance

of DNNs in prediction compared to all the other machine learning (ML) classifiers

[38, 72]. Besides high prediction power, DNNs are powerful due to its versatility, as

they are able to accommodate various information formats such as images, videos,

and text [76, 73, 61].

Since DNNs are often criticized as a “black-box” model, many resent studies have

investigated how to improve its interpretability [34]. Researchers distilled knowledge

from DNNs by re-training an interpretable model to fit the predicted soft labels of

a DNN [55], visualizing hidden layers in convolutional neural networks [150, 147],

using salience or attention maps to identify important inputs [80], computing input

gradients with sensitivity analysis [5, 114, 120, 36], using instance-based methods to

identify representative individuals for each class [1, 36, 117], or locally approximating

functions to make models more interpretable [108]. In the transportation field, only a

very small number of studies touched upon the interpretability issue of DNNs for the

choice analysis. For example, researchers extracted the elasticity values from DNNs

[107], ranked the importance of DNN input variables [48], or visualized the input-

output relationship to improve the understanding of DNN models [15]. However, no
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study has discussed systematically how to compute all the economic information from

DNNs, and none have demonstrated the practical and theoretical challenges in the

process of interpreting DNNs for economic information.

First, DNN performance is highly sensitive to the choice of hyperparameters,

and choosing hyperparameters is essentially a statistical challenge of balancing ap-

proximation and estimation errors. The hyperparameters include architectural and

regularization hyperparameters. For a standard feedforward DNN, the architectural

hyperparameters include depth and width, and the regularization hyperparameters

include the 𝐿1 and 𝐿2 penalty constants, training iterations, minibatch sizes, data

augmentation, dropouts, early stopping, and others [43, 19, 73, 137, 148]. Both ar-

chitectural and regularization hyperparameters control the complexity of DNNs: a

DNN becomes more complex with deeper architectures and weaker regularizations,

and becomes simpler with shallower architectures and stronger regularizations. From

a statistical perspective, the model complexity is the key factor to balance the ap-

proximation and estimation errors. A complex model tends to have larger estimation

errors and smaller approximation errors, and a simple model is the opposite. DNNs

have very small approximation errors because it has been proven to be a universal ap-

proximator [59, 58, 30], which also leads to the large estimation error as an issue. The

large estimation error in DNNs can be formally examined by using statistical learn-

ing theory [20, 138, 134, 139, 136]. Formally, the model complexity can be measured

by the Vapnik-Chervonenkis (VC) dimension (𝑣), which provides an upper bound

on DNNs’ estimation error (proof is available in Appendix I). Recently, progress has

been made to provide a tighter upper bound on the estimation error of DNNs by using

other methods [10, 3, 92, 42]. While the theoretical discussion is slightly involved, it

is crucial to understand that selecting DNNs’ hyperparameters is the same as select-

ing DNNs’ model complexity, which balances between approximation and estimation

errors. When either the approximation errors or the estimation errors are high, the

overall DNN performance is low. In practice, it indicates that certain hyperparameter

tuning is needed to select the DNN with low overall prediction error, which is the

sum of the approximation and estimation errors.
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Second, DNN models are not identifiable, because the empirical risk minimization

(ERM) is non-convex with high dimensionality. Given the ERM being non-convex,

the DNN training is highly sensitive to the initialization [51, 41]. With different

initializations, the DNN model can end with local minima or saddle points, rather

than the global optimum [43, 31]. For comparison, this issue does not happen in

the classical multinomial logit (MNL) models, because the ERM of the MNL models

is globally convex [21]. Decades ago, model non-identification was one reason why

DNNs were discarded [76]. However, these days, researchers argue that some high

quality local minima are also acceptable, and the global minimum in the training may

be irrelevant since the global minimum tends to overfit [28]. Intuitively, this problem

of model non-identification indicates that each training of DNNs can lead to very

different models, even conditioned on the fixed hyperparameters and training sam-

ples. Interestingly, these trained DNNs may have very similar prediction performance,

creating difficulties for researchers to choose the final model for interpretation.

Third, the choice probability functions in DNNs are locally irregular because their

gradients can be exploding or the functions themselves are non-monotonic, both of

which are discussed in the robust DNN framework. When the gradients of choice

probability functions are exploding, it is very simple to find an adversarial input 𝑥′,

which is 𝜖-close to the initial 𝑥 (||𝑥′ − 𝑥||𝑝 ≤ 𝜖) but is wrongly predicted to be a

label different from the initial 𝑥 with high confidence. This type of system is not

robust because they can be easily fooled by the adversarial example 𝑥′. In fact, it has

been found that DNNs lack robustness [93, 126]. With even a small 𝜖 perturbation

introduced to an input image 𝑥, DNNs label newly generated image 𝑥′ to the wrong

category with extremely high confidence, when the correct label should be the same as

the initial input image 𝑥 [126, 44]. Therefore, the lack of robustness in DNNs implies

the locally irregular patterns of the choice probability functions and the gradients,

which are the key information for DNN interpretation.
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2.3 Model

2.3.1 DNNs for Choice Analysis

DNNs can be applied to choice analysis. Formally, let 𝑠*𝑘(𝑥𝑖) denote the true prob-

ability of individual 𝑖 choosing alternative 𝑘 out of [1, 2, ..., 𝐾] alternatives, with 𝑥𝑖

denoting the input variables: 𝑠*𝑘(𝑥𝑖) : 𝑅𝑑 → [0, 1]. Individual 𝑖’s choice 𝑦𝑖 ∈ {0, 1}𝐾 is

sampled from a multinomial random variable with 𝑠*𝑘(𝑥𝑖) probability of choosing 𝑘.

With DNNs applied to choice analysis, the choice probability function is:

𝑠𝑘(𝑥𝑖) =
𝑒𝑉𝑖𝑘∑︀
𝑗 𝑒

𝑉𝑖𝑗
(2.1)

in which 𝑉𝑖𝑗 and 𝑉𝑖𝑘 are the 𝑗th and 𝑘th inputs into the Softmax activation function

of DNNs. 𝑉𝑖𝑘 takes the layer-by-layer form:

𝑉𝑖𝑘 = (𝑔𝑘𝑚 ∘ 𝑔𝑚−1... ∘ 𝑔2 ∘ 𝑔1)(𝑥𝑖) (2.2)

where each 𝑔𝑙(𝑥) = 𝑅𝑒𝐿𝑈(𝑊𝑙𝑥 + 𝑏𝑙) is the composition of linear and rectified linear

unit (ReLU) transformation; 𝑔𝑘𝑚 represents the transformation of the last hidden layer

into the utility of alternative 𝑘; and 𝑚 is the total number of layers in a DNN. Figure

2-1 visualizes a DNN architecture with 25 input variables, 5 output alternatives, and

7 hidden layers. The grey nodes represent the input variables; the blue ones repre-

sent the hidden layers; and the red ones represent the Softmax activation function.

The layer-by-layer architecture in Figure 2-1 reflects the compositional structure of

Equation 2.2.

The inputs into the Softmax layers in DNNs can be treated as utilities, the same

as those in the classical DCMs. This utility interpretation in DNNs is actually shown

by the Lemma 2 in McFadden (1974) [85], which implies that the Softmax activation

function is equivalent to a random utility term with Gumbel distribution under the

random utility maximization (RUM) framework. Hence DNNs and MNL models

are both under the RUM framework, and their difference only resides in the utility
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Figure 2-1: A DNN architecture (7 hidden layers * 100 neurons)

specifications. In other words, the inputs into the last Softmax activation function of

DNNs can be interpreted as utilities; the outputs from the Softmax activation function

are choice probabilities; the transformation before this Softmax function can be seen

as a process of specifying utility functions; and the Softmax activation function can

be seen as a process of comparing utility values.

DNNs are a much more generic model family than MNL models, and this rela-

tionship can be understood from various mathematical perspectives. The universal

approximator theorem developed in the 1990s indicates that a neural network with

only one hidden layer is asymptotically a universal approximator when the width

becomes infinite [30, 59, 58]. Recently this asymptotic perspective leads to a more

non-asymptotic question, asking why depth is necessary when a wide and shallow

neural network is powerful enough. It has been shown that DNNs can approximate

functions with an exponentially smaller number of neurons than a shallow neural

network in many settings [29, 109, 103]. In other words, DNNs can be treated as

an efficient universal approximator, thus being much more generic than the MNL

model, which is a shallow neural network with zero hidden layers. However, from the

perspective of statistical learning theory, a more generic model family leads to both

smaller approximation errors and large estimation errors. Since the out-of-sample
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prediction error equals to the sum of the approximation and estimation errors, DNNs

do not necessarily outperform MNL models from a theoretical perspective. The major

challenge of DNNs is its large estimation error, which is caused by its extraordinary

approximation power. A brief theoretical proof about the large estimation error of

DNNs is available in Appendix I. The proof is Appendix I uses Dudley integral and

covering argument, which establishes the key intuition about the tradeoff between

model complexity and sample size. I also provide a second proof in Appendix II,

which focuses on the estimation error of the choice probability functions. The proof

in Appendix II uses contraction inequality to generates tighter bound. Appendix

II shows how the choice probability functions behave in a non-asymptotic manner.

More detailed discussions are available in the recent studies from the field of statis-

tical learning theory [136, 139, 42, 92, 10, 77, 9]. For the purpose of this study, it is

important to know that the hyperparameter searching is essentially about the control

of model complexity, which balances the approximation and estimation errors. This

tradeoff between the approximation and estimation errors has a deep foundation in

the statistical learning theory discussions.

2.3.2 Computing Economic Information From DNNs

The utility interpretation in DNNs enables us to derive all the economic information

traditionally obtained from DCMs. With 𝑉𝑘(𝑥𝑖) denoting the estimated utility of

alternative 𝑘 and 𝑠𝑘(𝑥𝑖) the estimated choice probability function, Table 2.1 summa-

rizes the formula of computing the economic information, which is sorted into two

categories. Choice probabilities, choice predictions, market share, substitution pat-

terns, and social welfare are derived by using functions (either choice probability or

utility functions). Probability derivatives, elasticities, MRS, and VOTs are derived

from the gradients of choice probability functions. This differentiation is owing to the

the different theoretical properties between functions and their gradients 1. The two

categories also relate to different generic methods of interpreting DNNs, as discussed

1The uniform convergence proof is possible for the estimated functions, while it is much harder
for the gradients because the estimated functions may not be even differentiable.
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in our results section.

Economic Information Formula in DNNs Categories
Choice probability 𝑠𝑘(𝑥𝑖) F
Choice prediction argmax

𝑘
𝑠𝑘(𝑥𝑖) F

Market share
∑︀

𝑖 𝑠𝑘(𝑥𝑖) F
Substitution pattern between al-
ternatives 𝑘1 and 𝑘2

𝑠𝑘1(𝑥𝑖)/𝑠𝑘2(𝑥𝑖) F

Social welfare
∑︀

𝑖
1
𝛼𝑖

log(
∑︀𝐽

𝑗=1 𝑒
𝑉𝑖𝑗) + 𝐶 F

Change of social welfare
∑︀

𝑖
1
𝛼𝑖

[︀
log(

∑︀𝐽
𝑗=1 𝑒

𝑉 1
𝑖𝑗) −

log(
∑︀𝐽

𝑗=1 𝑒
𝑉 0
𝑖𝑗)
]︀ F

Probability derivative of alterna-
tive 𝑘 w.r.t. 𝑥𝑖𝑗

𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗 GF

Elasticity of alternative 𝑘 w.r.t.
𝑥𝑖𝑗

𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗 × 𝑥𝑖𝑗/𝑠𝑘(𝑥𝑖) GF

Marginal rate of substitution be-
tween 𝑥𝑖𝑗1 and 𝑥𝑖𝑗2

−𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗1

𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗2
GF

VOT (𝑥𝑖𝑗1 is time and 𝑥𝑖𝑗2 is mon-
etary value)

−𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗1

𝜕𝑠𝑘(𝑥𝑖)/𝜕𝑥𝑖𝑗2
GF

Table 2.1: Formula to compute economic information from DNNs; F stands for func-
tion, GF stands for the gradients of functions.

This process of interpreting economic information from DNNs is significantly dif-

ferent from the classical DCMs for the following reasons. In DNNs, the economic

information is directly computed by using functions 𝑠𝑘(𝑥𝑖) and 𝑉𝑘(𝑥𝑖), rather than

individual parameters �̂�. This focus on functions rather than individual parame-

ters is inevitable owing to the fact that a simple DNN can easily have thousands of

individual parameters. This focus is also consistent with the interpretation studies

about DNNs: a large number of recent studies used the function estimators for in-

terpretation, while none focused on individual neurons/parameters [88, 55, 5, 110].

In other words, the DNN interpretation can be seen as an end-to-end mechanism

without involving the individual parameters as an intermediate process. In addition,

the interpretation of DNNs is a prediction-driven process: the economic information

is generated in a post-hoc manner after a model is trained to be highly predictive.

This prediction-driven interpretation takes advantage of DNNs’ capacity of automatic

feature learning, and it is also in contrast to the classical DCMs that rely on hand-
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crafted utility functions. This prediction-driven interpretation is based on the belief

that “when predictive quality is (consistently) high, some structure must have been

found” [90].

2.4 Setup of Experiments

2.4.1 Hyperparameter Training

Random searching is used to explore a pre-specified hyperparameter space to identify

the DNN hyperparameters with the highest prediction accuracy [16]. The hyperpa-

rameter space consists of the architectural hyperparameters, including the depth and

width of DNNs; and the regularization hyperparameters, including 𝐿1 and 𝐿2 penalty

constants, and dropout rates. 100 sets of hyperparameters are randomly generated

for comparison. The details of the hyperparameter space is available in Appendix

III. Besides the hyperparameters varying across the 100 models, all the DNN models

share certain fixed components, including ReLU activation functions in the hidden

layers, Softmax activation function in the last layer, Gloret initialization, and Adam

optimization, following the standard practice [43, 47]. Formally, the hyperparameter

searching is formulated as

�̂�ℎ = argmin
𝑤ℎ∈{𝑤

(1)
ℎ ,𝑤

(2)
ℎ ,...,𝑤

(𝑆)
ℎ }

argmin
𝑤

𝐿(𝑤,𝑤ℎ) (2.3)

where 𝐿(𝑤,𝑤ℎ) is the empirical risk function that the DNN training aims to mini-

mize, 𝑤 represents the parameters in a DNN architecture, 𝑤ℎ represents the hyper-

parameter, 𝑤(𝑠)
ℎ represents one group of hyperparameters randomly sampled from the

hyperparameter space, and �̂�ℎ is the chosen hyperparameter used for in-depth eco-

nomic interpretation. Besides the random searching, other approaches can be used

for hyperparameter training, such as reinforcement learning or Bayesian methods,

[122, 152], which are beyond the scope of our study.
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2.4.2 Training with Fixed Hyperparameters

After the hyperparameter searching, we examine one group of hyperparameters that

lead to the highest prediction accuracy. Then by using the same training set and the

fixed group of hyperparameters, we train the DNN models another 100 times to ob-

serve whether different trainings lead to differences in choice probability functions and

other economic information. Note that the 100 hyperparameter searches introduced

in the previous subsection provide evidence about the sensitivity of DNNs to hyperpa-

rameters, while the 100 trainings here conditioned on the fixed hyperparameters are

designed to demonstrate the model non-identification challenge. Each training seeks

to minimize the empirical risk conditioned on the fixed hyperparameters, formulated

as following.

min
𝑤

𝐿(𝑤, �̂�ℎ) = min
𝑤

− 1

𝑁

𝑁∑︁
𝑖=1

𝑙(𝑦𝑖, 𝑠𝑘(𝑥𝑖;𝑤, �̂�ℎ)) + 𝛾||𝑤||𝑝 (2.4)

where 𝑤 represents the parameters; �̂�ℎ represents the best hyperparameters; 𝑙() is

the loss function, typically the cross-entropy loss function; and 𝑁 is the sample size.

𝛾||𝑤||𝑝 represents 𝐿𝑝 penalty (||𝑤||𝑝 = (
∑︀

𝑗(𝑤𝑗)
𝑝)

1
𝑝 ), and 𝐿1 (LASSO) and 𝐿2 (Ridge)

penalties are the two specific cases of 𝐿𝑝 penalties. Note that DNNs have the model

non-identification challenge because the objective function in Equation 2.4 is not

globally convex. DNNs have the local irregularity challenge because this optimization

over the global prediction risks is insufficient to guarantee the local fidelity. The two

issues are caused by related but slightly different reasons.

2.4.3 Dataset

Our experiments use a stated preference (SP) survey conducted in Singapore in July

2017. In total, 2, 073 respondents participated, and each responded to seven choice

scenarios that varied in the availability and attributes of the travel mode alternatives.

The final dataset with a complete set of alternatives included 8, 418 observations.

The choice variable 𝑦 is travel mode choice, including five alternatives: walking,
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taking public transit, ride sharing, using an autonomous vehicle, and driving. The

explanatory variables include 25 individual-specific and alternative-specific variables,

such as income, education, gender, driving costs, and driving time. The dataset is

split into the training, validation, and testing sets, with a ratio of 6:2:2, associated

with 5,050:1,684:1,684 observations for each. The training set was used for training

individual models; the validation set for selecting hyperparameters; the testing set

for the final analysis of economic information.

2.5 Experimental Results

This section shows that it is feasible to extract all the economic information from

DNNs without involving individual parameters, and that by using the hyperparameter

searching and ensemble methods, it is possible to partially mitigate the three problems

involved in the DNN interpretation. We will first present the results about prediction

accuracy, then the function-based interpretation for choice probabilities, substitution

patterns of alternatives, market share, and social welfare, and lastly the gradient-

based interpretation for probability derivatives, elasticities, VOT, and heterogeneous

preferences. This section focuses on one group of DNN models with five hidden layers

and fixed hyperparameters (5L-DNNs), chosen from the hyperparameter searching

thanks to their highest prediction accuracy. Note that the 5L-DNNs are chosen

based on our hyperparameter searching results using this particular dataset, and this

does not at all suggest that this specific architecture is generally the best in the

other cases. The 5L-DNNs are compared to two benchmark model groups: (1) the

100 DNN models randomly searched in the pre-specified hyperparameter space (HP-

DNNs), and (2) the classical MNL models with linear utility specifications. While

it is possible to enrich the linear specifications in the MNL model, it is beyond the

scope of this study to explore the different types of MNL models.
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2.5.1 Prediction Accuracy of Three Model Groups

The comparison of the three model groups in Figure 2-2 reveals two findings. First,

5L-DNNs on average outperform the MNL models by about 5-8 percentage points

in terms of the prediction accuracy, as shown by the difference between Figure 2-2a

and 2-2c. This result that DNNs outperform MNL models is consistent with previous

studies [107, 95, 65]. Second, choosing the correct hyperparameter plays a critical

role in improving the model performance of DNNs, as shown by the higher prediction

accuracy of the 5L-DNNs than the HP-DNNs. With higher predictive performance,

the 5L-DNNs are more likely to reveal valuable economic information than the MNL

models and the HP-DNNs.

(a) 5L-DNNs (b) HP-DNNs (c) MNL

Figure 2-2: Histograms of the prediction accuracy of three model groups (100 trainings
for each model group)

2.5.2 Function-Based Interpretation

Choice Probability Functions

The choice probability functions of the three model groups are visualized in Figure

2-3. Since the inputs of the choice probability functions 𝑠(𝑥) have high dimensions,

the 𝑠(𝑥) is visualized by computing the driving probability with varying only the

driving cost, holding all the other variables constant at the sample mean. Each light

grey curve in Figures 2-3a-2-3b represents one individual training result, and the dark
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curve is the ensemble of all 100 models. In Figure 2-3c, only one training result is

visualized because the MNL training has no variation.

(a) 5L-DNNs (b) HP-DNNs (c) MNL

Figure 2-3: Driving probability functions with driving costs (100 trainings for each
model group)

The results of the 5L-DNNs in Figure 2-3a demonstrate the power of DNNs be-

ing able to automatically learn the choice probability functions. From a behavioral

perspective, the majority of the choice probability functions in Figure 2-3a are rea-

sonable. In comparison to the choice probability functions of MNL (Figure 2-3c), the

choice probability functions of the 5L-DNNs are richer and more flexible. The caveat

is that the DNN choice probability functions may be too flexible to reflect the true

behavioral mechanisms, owing to three theoretical challenges.

First, the large variation of individual models in Figure 2-3b reveal that DNN

models are sensitive to the choice of hyperparameters. With different hyperparame-

ters, some of HP-DNNs’ choice probability functions are simply flat without revealing

any useful information, while others are similar to 5L-DNNs with reasonable patterns.

This challenge can be mitigated by hyperparameter searching and model ensemble.

For example, the 5L-DNNs can reveal more reasonable economic information than

the HP-DNNs because the 5L-DNNs use specific architectural and regularization hy-

perparameters, chosen from the results of hyperparameter searching based on their

high prediction accuracy. In addition, as shown in Figure 2-3a, the choice probabil-

ity function aggregated over models retains more smoothness and monotonicity than

individual ones. The average choice probability function predicts that the driving
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probability decreases the most when the driving cost increases from about $5 to $20,

which is reasonable. Averaging models is an effective way of regularizing models be-

cause it reduces the large variance of the models with high complexity, such as DNNs

[19].

Second, the large variation of the individual 5L-DNN trainings (Figure 2-3a) reveal

the challenge of model non-identification. Given that the 100 trainings are conditioned

on the same training data and the same hyperparameters, the variation across the

5L-DNNs in Figure 2-3a is attributable to the model non-identification issue, or more

specifically, the optimization difficulties in minimizing the non-convex risk function of

DNNs. As DNNs’ risk function is non-convex, different model trainings can converge

to very different local minima or saddle points. Whereas these local minima have

similar prediction accuracy, it brings difficulties to the model interpretation since

the functions learnt from different local minima are different. For example, the three

individual training results (C1, C2, and C3) have very similar out-of-sample prediction

accuracy (60.2%, 59.5%, and 58.6%); however, their corresponding choice probability

functions are very different. In fact, the majority of the 100 individual trainings have

quite similarly high prediction accuracy, whereas their choice probability functions

differ from each other. On the other side, the choice probability function averaged

over the 100 trainings of the 5L-DNNs is more stable than individual ones. In practice,

averaging over models is one effective way to provide a stable and reasonable choice

probability function for interpretation.

Third, the shapes of the individual curves in Figure 2-3a show the local irregular-

ity of the choice probability functions in certain regions of the input domain. First,

some choice probability functions can be sensitive to the small change of input val-

ues; for example, the probability of choosing driving in C1 drops from 96.6% to 7.8%

as the driving cost increases from $7 to $9, indicating a locally exploding gradient.

This phenomenon of exploding gradients is acknowledged in the robust DNN dis-

cussions, because exploding gradients render a system vulnerable [111, 110]. Second,

many training results present a non-monotonic pattern. For example, C3 represents a

counter-intuitive case where the probability of driving starts to increase dramatically

36



as the driving costs are larger than $25. The local irregularity only exists in a limited

region of the input domain: the driving probability becomes increasing when the cost

is larger than $25, where the training sample is sparse. As a comparison, the average

choice probability function of the 5L-DNNs has only a slight increasing trend when

the driving cost is larger than $25, mitigating the local irregularity issue.

Substitution Pattern of Alternatives

The substitution pattern of the alternatives is of both practical and theoretical im-

portance in choice analysis. In practice, researchers need to understand how market

shares vary with input variables; in theory, the substitution pattern constitutes the

critical difference between multinomial logit, nested logit, and mixed logit models.

Figure 2-4 visualizes how the probability functions of the five alternatives vary as the

driving cost increases. By visualizing the choice probabilities of all five alternatives,

Figure 2-4 is an one-step extension of Figure 2-3.

(a) 5L-DNNs (b) HP-DNNs (c) MNL

Figure 2-4: Substitution patterns of five alternatives with varying driving costs

The substitution pattern of the 5L-DNNs is more flexible than that of the MNL

models and more reasonable than that of the HP-DNNs. When the driving cost is

smaller than $20, the substitution pattern of the 5L-DNNs aggregated over the 100

models illustrates that the five alternatives are substitute to each other, since the

driving probability is decreasing while others are increasing. When the driving cost

is larger than $20, the substitution pattern between walking, ridesharing, driving,
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and using an AV still reveals the substitute nature. In a choice modeling setting, the

alternatives in a choice set are typically substitutes: people are expected to switch

from driving to other travel modes, as the driving cost increases. Therefore, the

aggregated substitution pattern has mostly reflected the correct relationship of the

five alternatives. However, the three theoretical challenges also permeate into the

substitution patterns. The large variation in Figure 2-4b illustrates the high sensi-

tivity to hyperparameters; the large variation in Figure 2-4a illustrates the model

non-identification; and the individual curves in Figure 2-4a reveal the local irregular-

ity. Even the model ensemble cannot solve all the problems. When the driving cost

is larger than $20, the average substitution pattern of the 5L-DNNs indicate that

people are less likely to choose the public transit as the driving cost increases. This

phenomenon seems unlikely because driving and public transit are supposed to be

substitute to each other. As a comparison, the substitution pattern in Figure 2-4c,

although perhaps exceedingly restrictive, reflects the travel mode alternatives being

substitute goods. Therefore, DNNs can overall reveal a flexible substitution pattern

of alternatives, although the pattern can be counter-intuitive in certain local regions

of the input space.

Market Shares

Table 2.2 summarizes the market shares predicted by the three model groups. Each

entry represents the average value of the market share over 100 trainings, and the

number in the parenthesis is the standard deviation. Whereas the choice probability

functions of 5L-DNNs can be unreasonable locally as discussed in section 2.5.2, the

aggregated market share of 5L-DNNs are very close to the true market share, and

it is more accurate than the HP-DNNs and the MNL models. It appears that the

three challenges do not emerge in this discussion about market shares. The local

irregularity could be cancelled out owing to the aggregation over the sample; the

model non-identification appears less a problem when the market shares across the

5L-DNN trainings are very stable, as shown by the small standard deviations in the

parenthesis; and the high sensitivity to hyperparameters is addressed by the selection
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of the 5L-DNNs from the hyperparameter searching process, as the market shares of

the 5L-DNNs are much more accurate than the HP-DNNs.

5L-DNNs HP-DNNs MNL True Market
Share

Walk 8.98% (1.3%) 2.05% (3.6%) 4.78% 9.48%
Public Tran-
sit

23.4% (2.1%) 12.6% (15.1%) 23.1% 23.9%

Ride Hail 10.2% (1.2%) 2.17% (4.1%) 1.28% 10.8%
Drive 46.9% (1.8%) 80.4% (23.3%) 68.6% 44.5%
AV 10.5% (1.3%) 2.80% (4.5%) 2.2% 11.2%

Table 2.2: Market share of five travel modes (testing)

Social Welfare

Since DNNs have an implicit utility interpretation, we can observe how social welfare

changes as action variables change the values. To demonstrate this process, we sim-

ulate one dollar decrease of the driving cost, and calculate the average social welfare

change in the 5L-DNNs. We found that the social welfare increases by about $520 in

the 5L-DNN models after averaging over all 100 trainings. Interestingly, the magni-

tude of this social welfare change ($520) is very intuitive and consistent with the one

computed from MNL models, which is $491 dollars. In the process of computing the

social welfare change, we used the 𝛼𝑖 averaged across 100 trainings as the individual

𝑖’s marginal value of utility. Without using average 𝛼𝑖, individuals’ marginal value

of utility can take unreasonable values, caused by local irregularity and model non-

identification. The problem associated with the individuals’ gradient information will

be discussed in details in the following section.

Interpretation Methods

The four subsections above interpret DNNs by using choice probability and util-

ity functions. Both are widely used in the generic studies about DNN interpre-

tation, although usually referred to by different names. For example, researchers

interpret DNNs by identifying the representative observation for each class. The
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method is called activation maximization (AM) �̂�𝑘 = argmax
𝑥

log𝑃 (𝑦 = 𝑘|𝑥), which

maximizes the conditional probability density function with respect to the input 𝑥

[36, 117, 88, 67]. The choice probabilities are also referred to as soft labels, used to

distill knowledge by retraining a simple model to fit a complicated DNN [55]. Re-

searchers in the computer vision field interpret DNN results by mapping the neurons

of the hidden layers to the input space [147] or visualizing the activation maps in

the last layer [151]. Since utilities are just the activation maps of the last layer, our

interpretation approach is similar to those used in computer vision. In these generic

discussions about DNN interpretation, the differentiation between the utility function

and the choice probability functions is weak, since their mapping is monotonic and

the function properties are similar.

2.5.3 Gradient-Based Interpretation

Gradients of Choice Probability Functions

The gradient of choice probability functions offers opportunities to extract more im-

portant economic information. Since researchers often seek to understand how to

intervene to trigger behavioral changes, the most relevant information is the partial

derivative of the choice probability function with respect to a targeting input vari-

able. Figure 2-5 visualizes the corresponding probability derivatives of the choice

probability functions in Figure 2-3. As shown below, both the strength and the chal-

lenges identified in the choice probability functions are retained in the properties of

the probability derivatives.

In Figure 2-5a, the majority of the 5L-DNNs, such as the three curves (C1, C2, and

C3), take negative values and have inverse bell shapes. This inverse bell shaped curve

is intuitive because people are not as sensitive to price changes when price is close to

zero or infinity, but are more sensitive when price is close to a certain tipping point.

The shapes revealed by 5L-DNNs are similar to the MNL models. The probability

derivative of MNL models is 𝜕𝑠(𝑥)/𝜕𝑥 = 𝑠(𝑥)(1−𝑠(𝑥))×(𝜕𝑉 (𝑥)/𝜕𝑥), which is mostly

negative and take a very regular inverse bell shape, as shown in Figure 2-5c.
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(a) 5L-DNNs (b) HP-DNNs (c) MNL

Figure 2-5: Probability derivatives of choosing driving with varying driving costs

The sensitivity to hyperparameters, the model non-identification, and the local

irregularity are also shown in Figure 2-5, similar to the discussions in Figure 2-3.

HP-DNNs reveal more unreasonable behavioral patterns than 5L-DNNs, as many of

the input gradients are flat on zero, demonstrating the importance of selecting correct

hyperparameters. The variation of individual trainings in Figure 2-5a demonstrates

the challenge of model non-identification. With fixed training samples and hyper-

parameters, the DNN trainings can lead to different training results, thus creating

difficulty for researchers to choose a final model for interpretation. The exploding

gradients and the non-monotonicity issues, as the two indicators of local irregularity,

are also clearly illustrated in the individual trainings in Figure 2-5a. The absolute

values of many probability derivatives are of large magnitude; for example, at the

peak of the C1 curve, $1 cost increase leads to about 6.5% change in choice probabil-

ity 2, which is much larger than the MNL models. Similar to the previous discussions,

hyperparameter searching and information aggregation can mitigate these issues.

Elasticities

To compare across input variables, researchers often compute elasticities because the

elasticities are standardized derivatives. Given that DNNs provide choice probability

derivatives, it is straightforward to compute the elasticities from DNNs. Table 2.3

2This 6.5% appears much smaller than the values in Figure 2-3. It is because of the difference
between arc and point elasticities.
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presents the elasticities of travel mode choices with respect to input variables. Each

entry represents the average elasticity across the 100 trainings of the 5L-DNNs, and

the value in the parenthesis is the standard deviation of the elasticities across the 100

trainings. Unlike a regression table, the standard deviation in Table 2.3 is not caused

by the sampling randomness, but by the non-identification of models.

Walk Public
Transit

Ride Hailing Driving AV

Walk time -5.308(6.9) 0.399(5.9) -0.119(7.1) -0.030(4.6) -1.360(6.8)
Public transit cost -1.585(9.6) -4.336(9.6) -1.648(11.1) 1.081(5.9) 1.292(9.5)
Public transit walk time 0.123(6.9) -1.707(6.5) 0.047(7.3) 0.621(4.7) 0.844(6.7)
public transit wait time 0.985(8.7) -2.520(8.9) -0.518(9.1) 0.092(5.8) 0.366(8.8)
Public transit in-vehicle
time

0.057(9.0) -1.608(9.0) 0.484(9.4) 0.778(5.8) 1.273(8.9)

Ride hail cost -2.353(7.6) 0.005(6.9) -4.498(8.9) 0.304(5.6) -0.243(9.0)
Ride hail wait time 0.234(8.8) 1.471(8.3) -

2.536(10.1)
-0.253(5.7) -0.228(8.8)

Ride hail in-vehicle time 0.299(7.8) -0.224(7.4) -5.890(9.4) 0.740(5.4) 0.739(7.6)
Drive cost 1.124(6.6) 2.545(5.9) 3.760(6.8) -1.886(5.0) 2.273(6.9)
Drive walk time 2.033(5.3) 0.552(5.0) 2.503(5.6) -0.412(3.8) 1.787(5.4)
Drive in-vehicle time 1.824(9.0) 4.163(8.2) 3.640(9.9) -3.199(7.4) 3.268(9.1)
AV cost -0.562(6.5) -0.198(6.2) 0.819(6.9) 0.337(4.6) -4.289(7.6)
AV wait time -0.068(7.9) -0.695(7.4) 2.400(8.4) 0.284(4.6) -1.591(7.8)
AV in-vehicle time -0.784(6.2) 0.221(5.6) 0.955(7.1) 0.079(4.3) -4.534(6.8)
Age -1.003(18.7) 2.502(18.4) -4.385(20.0) 0.949(13.7) -1.936(18.6)
Income 1.127(10.7) 0.727(10.5) 0.957(11.9) -0.002(6.7) 2.539(10.8)

Table 2.3: Elasticities of five travel modes with respect to input variables

The average elasticities of the 5L-DNNs are reasonable in terms of both the signs

and magnitudes. We highlight the elasticities that relate the travel modes to their own

alternative-specific variables. These highlighted elasticities are all negative, which is

very reasonable since higher travel cost and time should lead to lower probability of

adopting the corresponding travel mode. The magnitudes are higher than the typical

results from the MNL models. For example, Table 2.3 indicates that 1% increase in

public transit cost, walking time, waiting time, and in-vehicle travel time leads to

the decrease of 4.3%, 1.7%, 2.5%, and 1.6% probability in using public transit. In

addition, the highlighted elasticities are overall of a larger magnitude than others,

which is also reasonable since the self-elasticity values are typically larger than cross-

elasticity values. Therefore, as the elasticity values are aggregated over the trainings

and the sample, these values are quite reasonable.
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Model non-identification is revealed here by the large standard deviations of the

elasticities. For example, as the walking elasticity regarding walking time is −5.3

on average, its standard deviation is 6.9. This large standard deviation is caused by

model non-identification, as every training leads to a different model and a different

elasticity. The high sensitivity and the local irregularity issues are not present in

the process of computing the average elasticities, because the 5L-DNNs are trained

by the same hyperparameter and the local irregularity is partially mitigated by the

aggregation over the sample.

Marginal Rates of Substitution: Values of Time

VOT, as one example of MRS, is one of the most important pieces of economic

information obtained from choice models, since the monetary gain from time saving

is the most prevalent benefit from the improvement of any transportation system. As

VOT is computed as the ratio of two parameters in a MNL model, the ratio of two

probability derivatives represents the VOT in the DNN setting. Figure 2-6 presents

the distribution of the VOTs of the 5L-DNNs. The distribution has a very large

dispersion and even some negative values, caused by the model non-identification

issue.

Figure 2-6: Values of time (5L-DNNs with 100 model trainings)
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Heterogeneity of Preference: VOT

Since different people often have different VOT, Figure 2-7 shows the distribution

of the heterogeneous VOT of the individuals in the training and testing sets. The

distribution of the VOT in Figure 2-7 is the individuals’ VOT in one specific 5L-DNN

model run, different from the distribution of the VOT in Figure 2-6, which represents

the distribution of the VOT across the 100 5L-DNNs model runs. As shown by Figure

2-7, heterogeneous VOT can be automatically identified from the DNN models, and

the median VOT in the training and testing sets are respectively $26.8/ℎ and $27.8/ℎ.

The VOT distribution is highly concentrated around its mean value, resembling the

shape of a Gaussian distribution.

(a) 5L-DNNs (Testing) (b) 5L-DNNs (Training)

Figure 2-7: Heterogeneous values of time in the training and testing sets (one model
training)

The median $27/ℎ VOT in Figure 2-7 is consistent with previous studies. In

previous studies, VOT has been found to be between $7.8/ℎ and $30.3/ℎ for various

travel modes [57]. VOT has also been found to be between 21% and 254% of the

hourly wage in a review paper [146]. By using the average hourly wage ($27.16/ℎ)

of the U.S workers in 2018, we would expect the VOT here to be between $5.7/ℎ

and $70.0/ℎ. Our VOT obtained from DNNs is about in the middle of this range.

Intuitively, the VOT should be of the same magnitude as the hourly wages, and
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$27/ℎ is very close to the average hourly wage. However, on the other hand, the

VOT obtained from DNNs can be unreasonable for certain individuals. It is highly

unlikely for VOT to be negative, while DNNs detect a sizeable portion of people whose

VOT are negative. This counter-intuitive result is caused by the local irregularity of

the probability derivatives. As the VOT equals the ratio of two derivatives, VOT can

become abnormal when any one of the two derivatives takes abnormal values.

Interpretation Methods

The four subsections above interpret DNNs by using the input gradients, a commonly

used approach in the generic DNN interpretation literature. It is often referred to by

different names such as sensitivity analysis, saliency, or attribution maps in computer

vision [117, 67], or attention mechanism in natural language processing [145]. In the

transportation field, some studies used input gradients to describe the relationship

between inputs and outputs in DNNs [15, 107, 48]. Recently, researchers in the ML

community are increasingly focusing their attention on the properties of DNNs’ input

gradients, owing to their importance in DNN interpretation [120, 114, 123, 110].

2.6 Discussions: Towards Reliable Economic Infor-

mation from DNNs

There should be little doubt that DNNs can provide a rich set of economic infor-

mation. The challenge, however, is how to make the economic information from

DNNs more reliable. This study has demonstrated the importance of using hyper-

parameter searching, repeated trainings conditioned on the fixed hyperparameters,

and aggregation over models and population to improve the reliability of the eco-

nomic information. Specifically, we found that the aggregated economic information,

whether over the trainings or the sample, becomes more reliable than the disaggregate

economic information. The average choice probability function, average probability

derivatives, and average VOT are all more reliable than the corresponding results
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of single trainings, individuals, and the specific regions in the input domain. This

result is intuitive since model ensemble can be seen as a regularization method and

the summation over the sample may cancel out the individual irregularities. Recent

studies have provided other methods of improving the reliability of economic infor-

mation extracted from DNNs and addressing the three challenges which are related

to three broad research fields in the ML community.

With better regularization methods, DNN architectures, hyperparameter tuning

algorithms, statistical theoretical understanding, or larger sample sizes, DNNs can

control its large estimation error, thus providing more reliable economic informa-

tion for interpretation. Researchers have explored a massive number of regularization

methods, such as domain constraints, Bayesian priors, model ensemble [73], data aug-

mentation [18], dropouts [56], early stopping, sparse connectivity, and many others

that influence the DNN models through the computational process [43, 86]. Re-

searchers also identified an extremely large number of more effective DNN architec-

tures, such as AlexNet [73], GoogleNet [125], and ResNet [52] in the computer vision

field. The process of selecting hyperparameters can also be automatically addressed

by using Gaussian process, Bayesian neural networks [121, 122], or reinforcement

learning [152, 153, 7], much richer than a simple random searching [17, 16]. Theoret-

ically, statisticians have provided tighter bounds on the estimation errors of DNNs

than the classical VC dimension bound [133, 10, 8, 92, 42]. In addition, even sim-

ply increasing the sample size can improve DNN model performance because of the

tighter control on its large estimation errors (Appendix I).

With better optimization algorithms, DNN models can mitigate the model non-

identification issue. In fact, the optimization algorithm has been refined significantly

in the past years to the extent that it converges to the simple first order stochastic

gradient descent with momentum [69] and specific initialization methods [41, 51].

However, model non-identification is viewed differently from the other two issues,

because researchers tend to believe it is no longer a problem. Local minima can still

provide high-quality predictions, and global minimum might even overfit the training

set, leading to the low performance in the testing set [28].
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With robust training methods and monotonicity constraints, the DNN models can

mitigate the local irregularity, becoming more economically interpretable. To formally

measure local irregularity, researchers evaluated the model performance on adversarial

examples [44, 74, 75]. To defend against the adversarial attacks, researchers designed

the adversarial training with adversarial examples [74], defensive knowledge distil-

lation [99], mini-max robust training [84], and even simple gradient regularization

[110]. To address the non-monotonicity issue, researchers developed various types of

constraints to guarantee its monotonicity [46].

2.7 Conclusion

This study aims to interpret DNN models in the context of choice analysis and extract

economic information as complete as obtained from classical DCMs. The economic

information includes a complete list of choice predictions, choice probabilities, mar-

ket share, substitution patterns of alternatives, social welfare, probability derivatives,

elasticity, marginal rates of substitution (MRS), and heterogeneous values of time

(VOT). The process of interpreting DNN models is different from classical DCMs

because DNNs are a very flexible model family, capable of automatically learning

more flexible behavioral patterns than the regular patterns pre-specified by domain

experts in the classical DCMs. As a result, we found that most economic infor-

mation extracted from DNN is reasonable and more flexible than the MNL mod-

els. However, the economic information automatically learnt by DNNs is sometimes

unreliable, caused by three challenges: high sensitivity to hyperparameters, model

non-identification, and local irregularity. Owing to the high sensitivity to hyperpa-

rameters, the DNN models without appropriate regularizations or architectures can-

not provide valuable economic information. Owing to the model non-identification,

researchers cannot obtain a definitive function estimate for economic interpretation.

Owing to the local irregularity, DNN models reveal unreasonable local behavioral

patterns. These three problems can be partially addressed by using simple random

hyperparameter searching, repeated trainings on fixed hyperparameters, and infor-
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mation aggregation. Particularly, the economic information aggregated over trainings

or the sample, such as the average choice probability function, average probability

derivatives, market shares, average social welfare change, average elasticities, and

the median VOT, are mostly consistent with our behavioral intuition and previous

studies.

Beyond the methods used in this study, each challenge can be addressed in many

other ways. To address the high sensitivity issue, researchers need to choose better

regularizations, DNN architectures, or more automatic algorithms for hyperparameter

searching. To address model non-identification, researchers can use better optimiza-

tion algorithms or initialization procedures. To address local irregularity, researchers

can use robust DNN training methods. In each of these directions, future studies can

explore the established methods in the ML community or create more domain-specific

solutions for choice analysis.
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Appendix I: Estimation Error of Prediction Accuracy

in DNNs

Definition 1 Excess error of 𝑓 is defined as

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *)] (2.5)

which is the same as estimation error when no approximation error exists.

𝐿(𝑓) is the population error of the estimator; 𝐿(𝑓 *) is the population error of the true

model; 𝐿 = E𝑥,𝑦[𝑙(𝑦, 𝑓(𝑥))] and 𝑙(𝑦, 𝑓(𝑥)) is the loss function. Excess error measures

to what extent the error of the estimator deviates from the true model, averaged over

random sampling 𝑆.

Proposition 1 The estimation error of 𝑓 can be bounded by VC dimension

E𝑆[𝐿0/1(𝑓) − 𝐿0/1(𝑓
*)] . 𝑂(

𝑣

𝑁
) (2.6)

in which 𝑣 is the VC dimension of function class ℱ ; 𝑁 is the sample size; 𝐿0/1 is the

binary prediction error.

Proof. When no misspecification error exists, estimation error can be further de-

composed as three terms

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *)] = E𝑆[𝐿(𝑓) − �̂�(𝑓) + �̂�(𝑓) − �̂�(𝑓 *) + �̂�(𝑓 *) − 𝐿(𝑓 *)] (2.7)

≤ E𝑆[𝐿(𝑓) − �̂�(𝑓)] (2.8)

≤ E𝑆 sup
𝑓∈ℱ

[𝐿(𝑓) − �̂�(𝑓)] (2.9)

in which �̂�(𝑓) := 1
𝑁

∑︀
𝑖 𝑙(𝑦𝑖, 𝑓

*(𝑥𝑖)); the first inequality holds because E𝑆[�̂�(𝑓) −

�̂�(𝑓 *)] ≤ 0 based on the definition of 𝑓 := argmin �̂�(𝑓) and E𝑆[�̂�(𝑓 *) − 𝐿(𝑓 *)] = 0

based on the law of large numbers; the second inequality holds due to the sup operator.
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Equation 2.9 can be bounded.

E𝑆 sup
𝑓∈ℱ

[𝐿(𝑓) − �̂�(𝑓)] ≤ 2E𝑆,𝜖 sup
𝑓

1

𝑁

∑︁
𝑖

𝑙(𝑓(𝑥𝑖), 𝑦𝑖)𝜖𝑖 (2.10)

This proof relies on the technique called symmetrization, as shown in the proof of

Theorem 4.10 in [139]. Note that for prediction error, the loss function 𝑙(𝑓(𝑥𝑖), 𝑦𝑖) =

1{𝑓(𝑥𝑖) ̸= 𝑦𝑖} = 𝑦𝑖 + (1 − 2𝑦𝑖)𝑓(𝑥𝑖), as 𝑦𝑖 ∈ {0, 1} and 𝑓(𝑥𝑖) ∈ {0, 1}. By applying

contraction inequality to Equation 2.10,

2E𝑆,𝜖 sup
𝑓

1

𝑁

∑︁
𝑖

𝑙(𝑓(𝑥𝑖), 𝑦𝑖)𝜖𝑖 = 2E𝑆,𝜖 sup
𝑓

1

𝑁

∑︁
𝑖

(𝑦𝑖 + (1 − 2𝑦𝑖)𝑓(𝑥𝑖)) × 𝜖𝑖 (2.11)

≤ 2E𝑆,𝜖 sup
𝑓

1

𝑁

∑︁
𝑖

𝑓(𝑥𝑖)𝜖𝑖 (2.12)

= 2E𝑆ℛ̂𝑁(ℱ |𝑆) (2.13)

in which the second line uses the contraction inequality [77] and the third uses the

definition of Rademacher complexity. Basically the question about the upper bound

of estimation error is turned to the question about the complexity of function class of

DNN ℱ . There are many ways to derive an upper bound on Rademacher complexity

[10]. To obtain the 𝑣/𝑁 result, Dudley integral and chaining techniques are useful.

Let 𝑍𝑓 := 1√
𝑁

∑︀
𝑖 𝜖𝑖𝑓(𝑥𝑖) and 𝑍𝑔 := 1√

𝑁

∑︀
𝑖 𝜖𝑖𝑔(𝑥𝑖), in which 𝑓, 𝑔 ∈ ℱ . Based on

Theorem 5.22 Dudley’s entropy integral bound in [139],

E𝑆

[︀
sup
𝑓∈ℱ

𝑍𝑓

]︀
≤ E𝑆

[︀
sup
𝑓,𝑔∈ℱ

𝑍𝑓 − 𝑍𝑔

]︀
(2.14)

≤ 2E𝑆

[︁
sup

𝑓 ′,𝑔′∈ℱ ;𝜌𝑥(𝑓 ′,𝑔′)≤𝛿

𝑍𝑓 ′ − 𝑍𝑔′

]︁
+ 32

∫︁ 𝐷

𝛿/4

√︀
log𝑁𝑥(𝑢;ℱ)𝑑𝑢 (2.15)

in which 𝜌2𝑥(𝑓 ′, 𝑔′) = 1
𝑁

∑︀𝑁
𝑖=1(𝑓

′(𝑥𝑖) − 𝑔′(𝑥𝑖))
2; 𝑓 ′ and 𝑔′ are the components around

the 𝛿 distance of one element in the 𝛿 cover of function class ℱ ; 𝐷 is the diameter

of the function class ℱ projected to dataset 𝑆, defined as 𝐷 := sup
𝑓,𝑔∈ℱ

𝜌𝑥(𝑓, 𝑔) ≤ 1;

𝛿 is any positive value in [0, 𝐷]. Equation 2.15 holds for any 𝛿. The first term in

Equation 2.15 measures the local complexity of DNN and the second term measures
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the error caused by discretization of the function space. The two terms could be

bounded separately. For the first term,

E𝑆

[︁
sup

𝑓 ′,𝑔′∈ℱ ;𝜌𝑥(𝑓 ′,𝑔′)≤𝛿

𝑍𝑓 ′ − 𝑍𝑔′

]︁
= E𝑆

[︁
sup

𝜌𝑥(𝑓 ′,𝑔′)≤𝛿

1√
𝑁

∑︁
𝑖

𝜖𝑖(𝑓
′(𝑥𝑖) − 𝑔′(𝑥𝑖))

]︁
(2.16)

= 𝛿E𝑆||𝜖||2 (2.17)

≤ 𝛿

√︃
E
∑︁
𝑖

𝜖2𝑖 (2.18)

≤ 𝛿
√
𝑁 (2.19)

in which the second line uses the dual norm; the third line uses the fact that 𝜖𝑖 is a

1 sub-Gaussian random variable. For the second term in Equation 2.15, we need to

use the Haussler fact [50] that

𝑁𝑥(𝑢;ℱ) ≤ 𝐶𝑣(16𝑒)𝑣(
1

𝑢
)𝑣

It implies

32

∫︁ 𝐷

𝛿/4

√︀
log𝑁𝑥(𝑢;ℱ)𝑑𝑢 ≤ 32

∫︁ 𝐷

𝛿/4

√︂
log

[︀
𝐶𝑣(16𝑒)𝑣(

1

𝑢
)𝑣
]︀
𝑑𝑢 (2.20)

= 32

∫︁ 𝐷

𝛿/4

√︂
log𝐶 + log 𝑣 + 𝑣 log 16𝑒 + 𝑣 log

1

𝑢
𝑑𝑢 (2.21)

≤ 𝑐0
√
𝑣

∫︁ 𝐷

𝛿/4

√︂
log

1

𝑢
𝑑𝑢 (2.22)

≤ 𝑐0
√
𝑣

∫︁ 𝐷

0

√︂
log

1

𝑢
𝑑𝑢 (2.23)

≤ 𝑐′0
√
𝑣 (2.24)

By plugging in the upper bounds on the two terms back to Equation 2.15 and dividing
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both side by
√
𝑁 , it implies

E𝑆 sup
𝑓∈ℱ

1

𝑁

∑︁
𝑖

𝜖𝑖𝑓(𝑥𝑖) ≤ inf
𝛿

[︁
𝛿 + 𝑐′0

√︂
𝑣

𝑁

]︁
(2.25)

= 𝑐′0

√︂
𝑣

𝑁
(2.26)

Therefore, the estimation error can be bounded:

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *)] . 𝑂(

√︂
𝑣

𝑁
) (2.27)

Remarks. Intuitively, 𝑣/𝑁 describes the tradeoff between model complexity and

sample size. In a typical MNL model, 𝑣 is of the same scale as the number of pa-

rameters and the input dimension 𝑑; on the contrary, DNN is a much more complex

nonlinear model with much larger 𝑣. As proved by Bartlett (2017) [8], DNN with

𝑊 denoting the number of weights and 𝐿 denoting the depth has VC dimension

𝑂(𝑊𝐿 log(𝑊 )). For instance, when a dataset has 25 input variables, the VC dimen-

sion of a simple DNN with 8 layers and 100 neurons as its width is about 320, 000, as

opposed to 𝑣 = 25 as the VC dimension of MNL. Theorefore, the theoretical upper

bound of DNN on its estimation error is much larger than MNL model.

Statistical learning theory is a very broad field that can be used to prove the

upper bound on the estimation error [136, 139]. Proposition 1 is limited to the

binary discrete output, although its extension to multiple classes and continuous

output is also possible. The theoretically optimum upper bound on DNN’s estimation

error is still an ongoing research field. Statisticians have been exploring different

methods to bound DNN, and the methods based on empirical process theory and the

contraction inequaility could provide the tightest upper bound so far [42, 92, 10, 77].

To understand the property of the choice probability functions, I provide a second

proof in Appendix II.
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Appendix II: Estimation Error of Choice Probability

Functions in DNNs

Proposition 2 The estimation error of 𝑓 can be upper bounded by the Rademacher

complexity

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *
𝐹 )] ≤ 2E𝑆ℛ̂𝑛(𝑙 ∘ ℱ|𝑆) (2.28)

Proof. Estimation error can be decomposed:

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *
𝐹 )] = E𝑆[𝐿(𝑓) − �̂�(𝑓) + �̂�(𝑓) − �̂�(𝑓 *

𝐹 ) + �̂�(𝑓 *
𝐹 ) − 𝐿(𝑓 *

𝐹 )] (2.29)

≤ E𝑆[𝐿(𝑓) − �̂�(𝑓)] (2.30)

≤ E𝑆[sup
𝑓∈𝐹

|𝐿(𝑓) − �̂�(𝑓)|] (2.31)

The first inequality holds since (1) �̂�(𝑓) − �̂�(𝑓 *
𝐹 ) ≤ 0 due to the definition of 𝑓 and

(2) E𝑆[�̂�(𝑓 *
𝐹 ) − 𝐿(𝑓 *

𝐹 )] = 0 due to law of large numbers; the second inequality holds

since 𝑓 is only one function in 𝐹 (ℱ0 or ℱ1 in this study). The right hand side

of Equation 2.31 above can be further upper bounded by using a technique called

symmetrization. Formally, suppose another set of {𝑥′
𝑖}𝑁1 is also generated, following
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the same distribution as {𝑥𝑖}𝑁1 . Then

E𝑆

[︁
sup
𝑓∈𝐹

⃒⃒⃒
𝐿(𝑓) − �̂�(𝑓)

⃒⃒⃒]︁
= E𝑆

[︁
sup
𝑓∈𝐹

⃒⃒⃒
E𝑥,𝑦[𝑙(𝑦, 𝑓(𝑥))] − 1

𝑁

𝑁∑︁
𝑖=1

𝑙(𝑦𝑖, 𝑓(𝑥𝑖))
⃒⃒⃒]︁

(2.32)

= E𝑆

[︁
sup
𝑓∈𝐹

⃒⃒⃒ 1

𝑁

𝑁∑︁
𝑖=1

E𝑥′𝑙(𝑦, 𝑓(𝑥′
𝑖)) −

1

𝑁

𝑁∑︁
𝑖=1

𝑙(𝑦𝑖, 𝑓(𝑥𝑖))
⃒⃒⃒]︁

(2.33)

≤ E𝑆,𝑆′

[︁
sup
𝑓∈𝐹

⃒⃒⃒ 1

𝑁

𝑁∑︁
𝑖=1

𝑙(𝑦, 𝑓(𝑥′
𝑖)) −

1

𝑁

𝑁∑︁
𝑖=1

𝑙(𝑦𝑖, 𝑓(𝑥𝑖))
⃒⃒⃒]︁

(2.34)

= E𝑆,𝑆′

[︁
sup
𝑓∈𝐹

⃒⃒⃒ 1

𝑁

𝑁∑︁
𝑖=1

𝜖𝑖(𝑙(𝑦, 𝑓(𝑥′
𝑖)) − 𝑙(𝑦𝑖, 𝑓(𝑥𝑖))

⃒⃒⃒]︁
(2.35)

≤ E𝑆,𝑆′

[︁
sup
𝑓∈𝐹

⃒⃒⃒ 1

𝑁

𝑁∑︁
𝑖=1

𝜖𝑖𝑙(𝑦, 𝑓(𝑥′
𝑖)
⃒⃒⃒

+
⃒⃒⃒ 1

𝑁

𝑁∑︁
𝑖=1

𝜖𝑖𝑙(𝑦𝑖, 𝑓(𝑥𝑖)
⃒⃒⃒]︁
(2.36)

≤ 2E𝑆ℛ̂𝑛(𝑙 ∘ ℱ|𝑆) (2.37)

The first line uses the definition of 𝐿 and �̂�; the second line uses the symmetrization

technique by which E𝑥,𝑦 is replaced by an average of another sample 1
𝑁

∑︀𝑁
𝑖=1 E𝑥′𝑙(𝑦, 𝑓(𝑥′

𝑖));

the third line uses E sup ≥ sup E and uses 𝑆 ′ to denote the new sample {𝑥′}𝑁1 ; the

fourth line adds the Rademacher random variable 𝜖𝑖 due to the symmetry of 𝑆 and

𝑆 ′; the fifth line uses the fact sup |𝐴+𝐵| ≤ sup |𝐴|+ sup |𝐵|; and the last line is the

definition of Rademacher complexity. The following proposition provides a tighter

upper bound on the estimation error of the interpretation loss.

Definition 2 Mean squared error (MSE) is defined as

𝐿𝑚𝑠𝑒(𝑠) = E𝑥,𝑦[(𝑦 − 𝑠(𝑥))2] (2.38)

The corresponding empirical mean squared error is defined as

�̂�𝑚𝑠𝑒(𝑠) =
1

𝑁

𝑁∑︁
𝑖=1

(𝑦𝑖 − 𝑠(𝑥𝑖))
2 (2.39)
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Lemma 2.7.1 Estimation error for interpretation equals to that of MSE.

E𝑆[𝐿𝑚𝑠𝑒(𝑠) − 𝐿𝑚𝑠𝑒(𝑠
*
𝐹 ))] = E𝑆[𝐿𝑒(𝑠) − 𝐿𝑒(𝑠

*
𝐹 ))] (2.40)

Proof of Lemma 2.7.1. Since 𝑦 is sampled as a Bernoulli random variable with

probability 𝑠*(𝑥), 𝐸[𝑦|𝑥] = 𝑠*(𝑥).

E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑦)2] (2.41)

= E𝑆,𝑥,𝑦((𝑠(𝑥) − 𝑠*(𝑥) + 𝑠*(𝑥) − 𝑦)2) (2.42)

= E𝑆,𝑥,𝑦[((𝑠(𝑥) − 𝑠*(𝑥))2 + 2(𝑠(𝑥) − 𝑠*(𝑥))(𝑠*(𝑥) − 𝑦) + (𝑠*(𝑥) − 𝑦)2)] (2.43)

= E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑦)2)] + 2E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))(𝑠*(𝑥) − 𝑦)]

(2.44)

= E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑦)2)] + 2E𝑥

[︀
E𝑆,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))(𝑠*(𝑥) − 𝑦)|𝑥]

]︀
(2.45)

= E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑦)2)] + 2E𝑥

[︀
E𝑆[(𝑠(𝑥) − 𝑠*(𝑥))|𝑥]E𝑦[(𝑠

*(𝑥) − 𝑦)|𝑥]
]︀

(2.46)

= E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑦)2)] (2.47)

The fourth equality uses Law of Iterated Expectation; the fifth uses the conditional

independence 𝑆 ⊥ 𝑦|𝑥; the lase one uses 𝐸[𝑦|𝑥] = 𝑠*(𝑥). With very similar process,

we could show
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E𝑥,𝑦[(𝑦 − 𝑠*𝐹 (𝑥))2] (2.48)

= E𝑥,𝑦[(𝑦 − 𝑠*(𝑥) + 𝑠*(𝑥) − 𝑠*𝐹 (𝑥))2] (2.49)

= E𝑥,𝑦[(𝑦 − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑠*𝐹 (𝑥))2] + 2E𝑥,𝑦[(𝑦 − 𝑠*(𝑥))(𝑠*(𝑥) − 𝑠*𝐹 (𝑥))]

(2.50)

= E𝑥,𝑦[(𝑦 − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑠*𝐹 (𝑥))2] + 2E𝑥

[︀
(𝑠*(𝑥) − 𝑠*𝐹 (𝑥))E𝑦[𝑦 − 𝑠*(𝑥)|𝑥]

]︀
(2.51)

= E𝑥,𝑦[(𝑦 − 𝑠*(𝑥))2] + E𝑥,𝑦[(𝑠
*(𝑥) − 𝑠*𝐹 (𝑥))2] (2.52)

Combining the two equations above implies

E𝑥,𝑦[(𝑠
*(𝑥) − 𝑦)2)] = E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑦)2] − E𝑆,𝑥,𝑦[(𝑠(𝑥) − 𝑠*(𝑥))2] (2.53)

= E𝑥,𝑦[(𝑦 − 𝑠*𝐹 (𝑥))2] − E𝑥,𝑦[(𝑠
*(𝑥) − 𝑠*𝐹 (𝑥))2] (2.54)

By changing the notation, it implies

E𝑆[𝐿𝑚𝑠𝑒(𝑠) − 𝐿𝑚𝑠𝑒(𝑠
*
𝐹 ))] = E𝑆[𝐿𝑒(𝑠) − 𝐿𝑒(𝑠

*
𝐹 ))] (2.55)

Proposition 3 The estimation error of the choice probability functions can be upper

bounded by

E𝑆[𝐿𝑒(𝑠) − 𝐿𝑒(𝑠
*
𝐹 )] ≤ 4E𝑆ℛ̂𝑛(ℱ|𝑆) (2.56)

in which 𝐿𝑒(𝑠) is defined as

𝐿𝑒(𝑠) = ||𝑠* − 𝑠||2𝐿2(𝑃𝑥)
=

∫︁
𝑥

(𝑠*(𝑥) − 𝑠(𝑥))2𝑑𝑃 (𝑥) (2.57)

Proof of Proposition 3. Lemma 2.7.1 shows that the estimation error on function

estimation is the same as the one on MSE. Hence we will provide an upper bound on

the MSE by using Proposition 2. Formally,
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E𝑆[𝐿𝑚𝑠𝑒(𝑠) − 𝐿𝑚𝑠𝑒(𝑠
*
𝐹 ))] ≤ 2E𝑆[�̂�𝑛(𝑙 ∘ ℱ |𝑆)] (2.58)

≤ 4E𝑆[�̂�𝑛(ℱ |𝑆)] (2.59)

The first inequality uses Proposition 2; the second uses contraction inequality and the

fact that squared loss here is bounded between [0, 1] and that its Lipschitz constant

is at most two. �

Appendix III: Hyperparameter Space

Depth [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
Width [25, 50, 100, 150, 200]

𝐿1 penalty constants [0.1, 1𝐸 − 2, 1𝐸 − 3, 1𝐸 − 5, 1𝐸 − 10, 1𝐸 − 20]
𝐿2 penalty constants [0.1, 1𝐸 − 2, 1𝐸 − 3, 1𝐸 − 5, 1𝐸 − 10, 1𝐸 − 20]

Dropout rates [0.01, 1𝐸 − 5]

Table 2.4: Hyperparameter space
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Chapter 3

Essay 2: Architectural Design with

Alternative-Specific Utility Functions

3.1 Introduction

For decades, choice analysis has been an important research area across economics,

transportation, and marketing [85, 13, 45]. Whereas discrete choice models were

traditionally used to analyze this question, recently researchers have become increas-

ingly interested in applying machine learning (ML) methods such as deep neural

network (DNN) to analyze individual choices [65, 101, 140]. Whereas DNN has re-

vealed its extraordinary predictive power in the tasks such as image recognition and

natural language processing, its application to demand analysis is still hindered by

at least three problems. First, as DNN gradually permeates into many domains, it is

unclear how generic-purpose DNN classifiers can be reconciled with domain-specific

knowledge [76, 78]. Whereas researchers in the ML community generally admire the

effectiveness of automatic feature learning in DNN [76], heated debate continues with

regard to the extent and manner in which domain knowledge can be used to improve

ML models to solve domain-specific problems more efficiently [78]. Because DNN

is a significantly complicated generic-purpose model, its interpretability is generally

considered to be low [80, 70]. Whereas it is relatively straightforward to apply DNN

to forecast demand, researchers have been able to obtain very limited policy and
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behavioral insights from DNN until now. Morevoer, even prediction itself can be

challenging, because DNN with high dimensionality could straightforwardly overfit

data. To guarantee a high out-of-sample performance, it is critical to design effective

regularization methods and DNN architectures. Whereas many recent progresses were

achieved by creating novel DNN architectures, the procedure of designing deep archi-

tecture is still ad hoc without systematic guidance [148, 87]. These three challenges,

including the tension between domain-specific and generic-purpose knowledge, lack of

interpretability, and challenge of identifying effective regularization and architecture,

are theoretically important and empirically crucial for applying DNN to any specific

domain.

To address these problems, this study demonstrates the use of behavioral knowl-

edge for designing a novel DNN architecture with alternative-specific utility func-

tions (ASU-DNN), thereby improving both the predictive power and interpretability

of DNN in choice analysis. We first elaborate on the implicit interpretation of ran-

dom utility maximization (RUM) in DNN, framing the question of DNN architecture

design as one of utility specification. This insight results in the design of the new

architecture design of ASU-DNN. Herein, the utility of an alternative depends on

only its own attributes, as opposed to a fully connected DNN (F-DNN) in which the

utility of each alternative is the function of all the alternative-specific variables. We

also demonstrate a broader framework of designing DNN by using utility connectivity

graph (UCG), in which ASU-DNN is framed as the sparsest model while F-DNN is

the richest one. By using statistical learning theory, we demonstrate that this ASU-

DNN architecture can reduce the estimation error of F-DNN owing to its sparser

connectivity and fewer parameters, although the approximation error of ASU-DNN

could be higher. We further apply ASU-DNN, F-DNN, and other nine benchmark

ML classifiers to predict travel mode choice by using two datasets, referred to as

SGP and TRAIN in this study. The SGP dataset was collected in Singapore in 2017,

and the TRAIN dataset is initially from the mlogit package in R. Both the datasets

focus on the travel mode choice as the dependent variable. Our results demonstrate

that ASU-DNN exhibits consistently higher prediction accuracy than F-DNN and
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the other nine classifiers in predicting travel mode choice over the whole hyperpa-

rameter space. The alternative-specific connectivity design in ASU-DNN can also be

considered as a domain-knowledge-based regularization, unlike generic-purpose reg-

ularization methods such as explicit and implicit regularization methods and other

architectural hyperparameters. Our results reveal that the domain-knowledge-based

regularization is more effective than the generic-purpose regularization methods in

terms of improvements in the prediction performance. Finally, we interpret the sub-

stitution pattern of the travel mode alternatives in ASU-DNN by using sensitivity

analysis and demonstrate that ASU-DNN is also more interpretable than F-DNN ow-

ing to its more regular and intuitive choice probability functions. Overall, the prior

knowledge of alternative-specific utility function can be used to simultaneously ad-

dress the three challenges of DNN applications by compromising generic-purpose DNN

and domain-specific behavioral knowledge, improving the predictive power and inter-

pretability of ”black box” DNN, and functioning as an effective domain-knowledge-

based regularization method.

Broadly, this study indicates a new research direction of injecting behavioral

knowledge into DNN to adjust DNN architectures specifically for choice analysis. This

direction advances domain-specific behavioral knowledge to DNN models, as opposed

to the other direction of simply applying various DNNs to choice analysis adopted by

most recent studies in the transportation domain. Our research direction is feasible

because the behavioral knowledge used in traditional choice modeling has a counter-

part in DNN architecture. Specifically, the substitution pattern between alternatives

can be controlled by the connectivity of DNN architecture, and vice versa. From

an ML perspective, behavioral knowledge can function as domain-knowledge-based

regularization, which could better fit domain-specific tasks than generic-purpose reg-

ularizations do. Because the alternative-specific utility function is only a minute piece

of behavioral knowledge among many, future studies could examine others to explore

and create more noteworthy DNN architectures for choice analysis.

The paper is organized as the follows: The next section reviews relevant stud-

ies about DNN’s applications, interpretability, and regularization methods. Section
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3 focuses on three theoretical aspects: the relationship between RUM and DNN,

architecture design of ASU-DNN, and estimation and approximation error tradeoff

between ASU-DNN and F-DNN. Section 4 focuses on the experiments, discussing

the prediction accuracy, effectiveness of domain-knowledge-based regularization, and

interpretability of ASU-DNN. Section 5 presents the conclusions of our study.

3.2 Literature Review

Individual decision-making has been an important topic in many domains, includ-

ing marketing [45], economics [85], transportation [13, 130], biology [116], and public

policy [23]. In recent years as ML models permeated into these domains, researchers

started to use various classifiers to analyze how individuals take decisions [101, 65].

In the transportation domain, Karlaftis and Vlahogianni (2011) [65] summarized the

transportation fields in which DNN models are used, including (1) traffic operations

(such as traffic forecasting and traffic pattern analysis); (2) infrastructure manage-

ment and maintenance (such as pavement crack modeling and intrusion detection);

(3) transportation planning (such as in travel mode choice and route choice model-

ing); (4) environment and transport (such as air pollution prediction); (5) safety and

human behavior (such as accident analysis); and (6) air, transit, rail, and freight op-

erations. Recently, many studies applied SVM, decision tree (DT), RF, and DNN to

predict travel behavior, automobile ownership, traffic accidents, traffic flow, or even

travelers’ decision rules [106, 98, 113, 101, 26, 104, 82, 149, 132]. However, nearly

all of these studies apply certain generic-purpose ML models to solve domain-specific

transportation problems, but none of them explored how domain-specific knowledge

could be used to improve generic-purpose ML models for specific tasks.

The balance between generic-purpose DNN classifiers and domain-specific knowl-

edge is also a general challenge to the application of DNN to any specific domain.

On the one hand, DNN is effective owing to its generic-purpose and automatic fea-

ture learning capacity [76, 14]. For example, the hyperparameters and architecture

in feedforward neural network such as ReLU activation functions can be widely used
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regardless of the differences between natural language processing (NLP), image recog-

nition, and travel behavioral analysis [73, 125]. On the other hand, a few studies

indicate that handcrafted features could still aid in constructing DNN models [78].

In fact, certain domain-specific knowledge is generally involved in DNN modeling.

For example, the use of max pooling layer or data augmentation in CNN relies on our

domain-specific understanding of images, such as their invariance properties [43].

Another challenge to DNN application is DNN’s lack of interpretability, which

is caused by its complex model assumptions [80, 34]. The interpretability of DNN

is particularly important for reasons such as safety, transparency, trust, and con-

struction of new knowledge [39, 22]. The majority of the ML studies applied to the

transportation field focus exclusively on prediction, which is valid because ML mod-

els were initially designed for prediction [95, 107, 144, 98, 48]. Prediction-driven ML

models differ significantly from the classical choice models, which are both predictive

and interpretable [85]. However, to describe DNN as totally a “black-box” may be bi-

ased because many recent studies have demonstrated various methods of interpreting

DNN. These methods could be categorized broadly into two: ex-ante interpretation

[108], which improves interpretability before model building and post-hoc interpreta-

tion, which focuses on extracting information after model training [34]. For example,

CNN can be interpreted in a post-hoc manner by visualizing the semantic contents

in image recognition tasks [150]. In choice analysis, it appears feasible to post-hoc

interpret DNN [15, 88, 140]. However, how to introduce prior knowledge into DNN

in an ex-ante manner remains unclear.

Even only for prediction, it is significantly challenging to design effective reg-

ularization methods and DNN architectures. The regularization methods in DNN

consist of explicit and implicit ones, and recent studies reveal that explicit regulariza-

tions such as 𝑙1 and 𝑙2 penalties may not effectively aid in the generalization of DNN

[148]. New DNN architectures could also aid in improving DNN performance. Recent

studies either manually design new architectures (such as AlexNet [73], GoogleNet

[125], and ResNet [52]) or automatically search for novel architectural design by us-

ing Gaussian process, reinforcement learning, or other sequential modeling techniques
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[122, 62, 152, 37]. However, most architecture designs are ad hoc explorations with-

out systematic guidance, and the final DNN architecture identified through automatic

searching is not interpretable.

3.3 Theory

3.3.1 Random Utility Maximization and Deep Neural Net-

work

There are two types of inputs in choice modeling: alternative-specific variables 𝑥𝑖𝑘 and

individual-specific variables 𝑧𝑖. Using travel mode choice as an example: 𝑥𝑖𝑘 could be

the price of different travel modes, and 𝑧𝑖 represents individual characteristics, such

as income and education. 𝑖 ∈ {1, 2, ...𝑁} is the individual index, and 𝑘 ∈ {1, 2, ...𝐾}

is the alternative index. Let 𝐵 = {1, 2, ...𝐾} and �̃�𝑖 = [𝑥𝑇
𝑖1, ..., 𝑥

𝑇
𝑖𝐾 ]𝑇 . The output

of choice modeling is individual 𝑖’s choice, denoted as 𝑦𝑖 = [𝑦𝑖1, 𝑦𝑖2, ...𝑦𝑖𝐾 ]. Each

𝑦𝑖𝑘 ∈ {0, 1} and
∑︀
𝑘

𝑦𝑖𝑘 = 1. RUM assumes that the utility of each alternative is the

sum of the deterministic utility 𝑉𝑖𝑘 and random utility 𝜖𝑖𝑘:

𝑈𝑖𝑘 = 𝑉𝑖𝑘(𝑧𝑖, �̃�𝑖) + 𝜖𝑖𝑘 (3.1)

Individuals select the maximum utility out of 𝐾 alternatives. The probability that

individual 𝑖 selects alternative 𝑘 is

𝑃𝑖𝑘 = 𝑃𝑟𝑜𝑏(𝑉𝑖𝑘 + 𝜖𝑖𝑘 > 𝑉𝑖𝑗 + 𝜖𝑖𝑗,∀𝑗 ∈ 𝐵, 𝑗 ̸= 𝑘) (3.2)

Assuming that 𝜖𝑖𝑘 is independent and identically distributed across individuals and

alternatives and that the cumulative distribution function of 𝜖𝑖𝑘 is 𝐹 (𝜖𝑖𝑘), the choice

probability

𝑃𝑖𝑘 =

∫︁ ∏︁
𝑗 ̸=𝑘

𝐹𝜖𝑖𝑗(𝑉𝑖𝑘 − 𝑉𝑖𝑗 + 𝜖𝑖𝑘)𝑑𝐹 (𝜖𝑖𝑘) (3.3)

The following two propositions demonstrate how DNN and RUM are related. The
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proof of the two propositions is available in Appendix I.

Proposition 4 Suppose 𝜖𝑖𝑘 follows the Gumbel distribution, with probability density

function equals to 𝑓(𝜖𝑖𝑘) = 𝑒−𝜖𝑖𝑘𝑒−𝑒𝜖𝑖𝑘 and cumulative distribution function equals

to 𝐹 (𝜖𝑖𝑘) = 𝑒−𝑒𝜖𝑖𝑘 . Then, the choice probability 𝑃𝑖𝑘 takes the form of the Softmax

activation function

𝑃𝑖𝑘 =
𝑒𝑉𝑖𝑘∑︀
𝑗

𝑒𝑉𝑖𝑗 (3.4)

The proof is available in many choice modeling textbooks [130, 13].

Proposition 5 Suppose that Equation 3.3 holds and that choice probability 𝑃𝑖𝑘 takes

the form of Softmax function as in Equation 3.4. If 𝜖𝑖𝑘 is a distribution with the tran-

sition complete property, 𝜖𝑖𝑘 follows the Gumbel distribution, with 𝐹 (𝜖𝑖𝑘) = 𝑒−𝛼𝑒−𝜖𝑖𝑘 .

The proof is available in lemma 2 of McFadden (1974) [85].

Propositions 4 and 5 illustrate the close relationship between RUM and DNN.

When F-DNN is applied to the inputs �̃�𝑖 and 𝑧𝑖, the implicit assumption is of RUM

with a random utility term following the Gumbel distribution. The inputs into the

Softmax function in the DNN could be interpreted as utilities of alternatives. The

Softmax function itself could be considered as a soft method of comparing utility

scores. The DNN transformation prior to the Softmax function could be considered

as the process of specifying utilities.

Formally, 𝑉𝑖𝑘 in F-DNN follows:

𝑉𝑖𝑘 = 𝑉 (𝑧𝑖, �̃�𝑖) = 𝑤𝑇
𝑘 Φ(𝑧𝑖, �̃�𝑖) = 𝑤𝑇

𝑘 (𝑔𝑚... ∘ 𝑔2 ∘ 𝑔1)(𝑧𝑖, �̃�𝑖) (3.5)

𝑚 is the number of layers of DNN; 𝑔𝑙(𝑡) = 𝑅𝑒𝐿𝑈(𝑊 𝑇
𝑙 𝑡) and 𝑅𝑒𝐿𝑈(𝑡) = 𝑚𝑎𝑥(0, 𝑡). It

is important to note that 𝑉𝑖𝑘 = 𝑉 (𝑧𝑖, �̃�𝑖) implies that the utility of an alternative 𝑘 is

the function of the attributes of all the alternatives �̃�𝑖 and the decision maker’s socio-

economic variables 𝑧𝑖. Equation 3.5 illustrates that 𝑉𝑖𝑘 becomes alternative-specific

only in the final layer prior to the Softmax function when 𝑤𝑘 is applied to Φ(𝑧𝑖, �̃�𝑖).
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Figure 3-1: Fully Connected Feedforward DNN (F-DNN)

3.3.2 Architecture of ASU-DNN

This utility insight enables us to design a DNN architecture with alternative-specific

utility function, which is commonly assumed in choice models. Figure 3-2 shows the

architecture of ASU-DNN. Herein, each alternative-specific 𝑥𝑖𝑘 and individual-specific

𝑧𝑖 undergo transformation first, and 𝑧𝑖 enters the pathway of 𝑥𝑖𝑘 after 𝑀1 layers. As

a result, the utility of each alternative becomes only a function of its own attributes

𝑥𝑖𝑘 and of the decision maker’s socio-demographic information 𝑧𝑖. This ASU-DNN

dramatically reduces the complexity of F-DNN, while still capturing the heterogeneity

of the utility function, which varies with the decision makers’ socio-demographics.

ASU-DNN could be considered as a stack of 𝐾 subnetworks, interacting with socio-

demographics 𝑧𝑖. In addition, this alternative-specific utility is equivalent to the

constraint of independence of irrelevant alternative (IIA) in this DNN setting. This

is because the ratio of the choice probabilities of two alternatives no longer depends

on other irrelevant alternatives. Formally, the utility function in ASU-DNN becomes

𝑉𝑖𝑘 = 𝑉 (𝑧𝑖, 𝑥𝑖𝑘) = 𝑤𝑇
𝑘 Φ(𝑧𝑖, 𝑥𝑖𝑘) = 𝑤𝑇

𝑘 (𝑔𝑀2 ... ∘ 𝑔2 ∘ 𝑔1)((𝑔
𝑥𝑘
𝑀1

... ∘ 𝑔𝑥𝑘
1 )(𝑥𝑖𝑘), (𝑔𝑧𝑀1

... ∘ 𝑔𝑧1)(𝑧𝑖))

(3.6)

This ASU-DNN architecture can potentially address the three challenges men-

tioned at the beginning of this work. First, this architecture is a compromise between

domain-specific knowledge and a generic-purpose DNN model. On the one hand,

66



InputX_1, Z

x M

InputX_2, Z

InputX_K, Z

FC
 + 

R
eLU

FC
 + 

R
eLU

FC
 + 

R
eLU

.

.

.

.

.

.

Utility_1

Utility_2

Utility_K
Softm

ax

Figure 3-2: DNN with Alternative-Specific Utility Functions (ASU-DNN)

the design permits only alternative-specific connectivity based on the utility theory,

whereby the meta-architecture is handcrafted. On the other hand, the fully con-

nected layers in ASU-DNN exploit the automated feature learning capacity of DNN.

Therefore, the sub-network in ASU-DNN still uses the power of DNN as a univer-

sal approximator [30, 59, 58]. Secondly, this alternative-specific connectivity design

renders ASU-DNN more interpretable than F- DNN owing to the underlying utility

theory. The two architectures in Figures 3-1 and 3-2 are associated with different

behavioral mechanisms. F-DNN implies that the utility of each alternative depends

on the other alternatives. A good example is the reference-dependent utilities: when

people use the market average price as a reference point, the utility of an alterna-

tive depends directly on other alternatives [141, 33]. Meanwhile, the baseline utility

theory indicates that the utility of an alternative depends on only the attributes

of that alternative. Hence the comparison between the two architectures could be

considered as a test between two behavioral mechanisms. Thirdly, F-DNN has sub-

stantially more parameters than ASU-DNN does. When both the DNN architectures

have 10 layers and approximately 600 neurons in each layer, F-DNN has approxi-

mate three million parameters, whereas ASU-DNN has 0.5 million. Therefore, the

alternative-specific connectivity design could be considered as a sparse architecture

that regularizes DNN models.

67



3.3.3 DNN Design Guided by Utility Connectivity Graph

ASU-DNN and F-DNN can be framed under a unified framework about utility con-

nectivity graph (UCG), which describes the global connection between alternative-

specific variables and utilities. Figure 3-3 illustrates the idea of UCG by using five

alternatives as an example. In Figure 3-3, Figure 3-3a describes the meta-architecture

of ASU-DNN as in Figure 3-2, and Figure 3-3c describes the meta-architecture of F-

DNN as in Figure 3-1. By taking a network perspective, the meta-architectures of

ASU-DNN and F-DNN can be visualized by a fully disconnected network in Figure

3-3d and a fully connected network in Figure 3-3f. In both networks (Figure 3-3d and

3-3f), the existence of an edge betweeen node 𝑖 and 𝑗 implies the connection between

the variables specific to 𝑖 (𝑗) and the utility of alternative 𝑗 (𝑖). With this graph-

ical perspective, we can see some middle ground existing between the UCG of the

ASU-DNN and F-DNN. For example, Figure 3-3b and 3-3e are a disconnected graph

with two components, representing the meta-architecture of a DNN with full utility

connection in each component (nest). In Figures 3-3b and 3-3e, the utilities of all the

alternatives are specific to the nests, so they are called the DNN with nest-specific

utility (NSU-DNN).
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Figure 3-3: Visualization of Utility Connectivity Graph for Three Architectures
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The three examples of UCG in Figure 3-3 are associated with the following adja-

cency matrices. With the grpahical perspective, we can see that UCG is very generic

because the graph can become weighted and directed, rather than unweighted and

undirected. Correspondingly, the adacency matrices can take values between 0 and

1, and become asymmetric. To fully implement this UCG in DNN, we need to use

Group-LASSO to control the connectivity between variables and utilities.

𝐴𝐴𝑆𝑈−𝐷𝑁𝑁 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 0 0

0 1 0 0 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
𝐴𝐹−𝐷𝑁𝑁 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
𝐴𝑁𝑆𝑈−𝐷𝑁𝑁 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 1 0 0 0

1 1 0 0 0

0 0 1 1 1

0 0 1 1 1

0 0 1 1 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

UCG controls the substitution pattern between the alternatives; particularly, the

substitution patterns of ASU-DNN, NSU-DNN, and F-DNN are very similar to the

classical models of multinomial logit model, nested logit model, and mixed logit model

with fully correlated random utility errors. Take as an example the models with

five alternatives in Figure 3-3. In ASU-DNN, the ratio of the choice probabilities 1

and 3 is 𝑃1/𝑃3 = 𝑓(𝑥1, 𝑥3; 𝑧), which is not a function of any irrelevant alternatives

(2, 4, 5), so ASU-DNN is similar to the IIA constraint in MNL. In NSU-DNN, the

ratio of the choice probabilities 1 and 2 is 𝑃1/𝑃2 = 𝑓(𝑥1, 𝑥2; 𝑧) and the ratio of the

choice probabilities 1 and 3 is 𝑃1/𝑃3 = 𝑓(𝑥1, 𝑥2, ..., 𝑥5; 𝑧), so NSU-DNN is similar

to the classical NL model. By the same reasoning, the F-DNN has a more flexible

substitution pattern, similar to the mixed logit model with fully correlated random

utility errors. However, it is beyond the scope of this study to demonstrate exactly

why they are similar. Furthermore, we will focus on only ASU-DNN and F-DNN as

the running examples in the following discussions.
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3.3.4 Estimation and Approximation Error Tradeoff Between

ASU-DNN and F-DNN

It is not true that ASU-DNN could always outperform F-DNN. This is because any

constraint applied to F-DNN can potentially cause misspecification errors. Let ℱ1

and ℱ2 denote the model family of ASU-DNN and F-DNN; use 𝑓1 and 𝑓2 to denote

the estimated decision rules from ASU-DNN and F-DNN, and 𝑓 * to denote the true

data generating process (DGP). The Excess error is:

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *)] = E𝑆[𝐿(𝑓) − 𝐿(𝑓 *
𝐹 )] + E𝑆[𝐿(𝑓 *

𝐹 ) − 𝐿(𝑓 *)], ℱ ∈ {ℱ1,ℱ2}; 𝑓 ∈ {𝑓1, 𝑓2}

(3.7)

where 𝐿 = E𝑥,𝑦𝑙(𝑦, 𝑓(𝑥)) is the expected loss function and 𝑆 represents the sample

{𝑥𝑖, 𝑦𝑖}𝑁1 . 𝑓 *
𝐹 = argmin

𝑓∈ℱ
𝐿(𝑓), the best function in function class ℱ to approximate 𝑓 *.

The excess error measures the average out-of-sample performance difference between

the estimated function 𝑓 and the true model 𝑓 *. The excess error can be decomposed

as an estimation error

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *
𝐹 )] (3.8)

And an approximation error

E𝑆[𝐿(𝑓 *
𝐹 ) − 𝐿(𝑓 *)] (3.9)

Formally, the statistical learning theory could demonstrate that ASU-DNN out-

performs F-DNN owing to the smaller estimation error of ASU-DNN. However, F-

DNN could possibly outperform ASU-DNN owing to the smaller approximation error

of F-DNN. When ASU-DNN and F-DNN have equal width and depth, the approxi-

mation error of ASU-DNN (ℱ1) is larger:

E𝑆[𝐿(𝑓 *
ℱ1

) − 𝐿(𝑓 *)] ≥ E𝑆[𝐿(𝑓 *
ℱ2

) − 𝐿(𝑓 *)], ℱ1 ⊂ ℱ2 (3.10)
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This is intuitive because 𝑓 *
ℱ1

also belongs to model family ℱ2 and thus 𝑓 *
ℱ2

could

outperform 𝑓 *
ℱ1

in terms of approximating the true model 𝑓 *. A more challenging

question is regarding the estimation errors, the proof of which relies on the empirical

process theory that uses Rademacher complexity as an upper bound.

Definition 3 Empirical Rademacher complexity of function class ℱ is defined as:

ℛ̂𝑛(ℱ|𝑆) = E𝜖 sup
𝑓∈ℱ

1

𝑁

𝑁∑︁
𝑖=1

𝜖𝑖𝑓(𝑥𝑖) (3.11)

𝜖𝑖 is the Rademacher random variable, taking values {−1,+1} with equal probabilities.

Proposition 6 The estimation error of an estimator 𝑓 can be bounded by the Rademacher

complexity of ℱ .

E𝑆[𝐿(𝑓) − 𝐿(𝑓 *
𝐹 )] ≤ 2E𝑆ℛ̂𝑛(ℱ|𝑆) (3.12)

Definition 3 provides a measurement for the complexity of the function class ℱ .

Proposition 6 implies that the estimation error is controlled by the complexity of ℱ .

This is consistent with traditional wisdom that the estimation error increases when

the number of parameters in a model is larger. Details of Definition 3 and Proposition

6 are available in recent studies about the statistical learning theory [136, 139, 10].

Proposition 7 Let 𝐻𝑑 be the class of neural network with depth 𝐷 over the domain

𝒳 , where each parameter matrix 𝑊𝑗 has the Frobenius norm at most 𝑀𝐹 (𝑗), and with

ReLU activation functions. Then

ℛ̂𝑛(ℱ|𝑆) ≤
(
√︀

2 log(𝐷) + 1)
√︁

1
𝑁

∑︀𝑁
𝑖=1 ||𝑥𝑖||2

√
𝑁

×
𝐷∏︁
𝑗=1

𝑀𝐹 (𝑗) (3.13)

Remarks on Proposition 7:

1. As this result is from Golowich et al. (2017) [42], so its proof is omitted in this

study. Other relevant proofs are available in [10, 92, 3].
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2. Proposition 7 indicates that the estimation error of DNN is a function of the

depth 𝐷, Frobenius norm of each layer 𝑀𝐹 (𝑗), diameter of 𝑥, and sample size

𝑁 .

3. Unlike traditional results based on VC-dimension [134, 8], this upper bound

relies on the norm of coefficients in each layer, which can be controlled by 𝑙1 or

𝑙2 regularizations, rather than the number of parameters.

4. Suppose the width of DNN is 𝑇 and each entry in 𝑊𝑗 is at most 𝑐. The upper

bound of F-DNN (ℱ2) in Proposition 7 can be re-expressed as:

ℛ̂𝑛(ℱ2|𝑆) ≤
(
√︀

2 log(𝐷) + 1)
√︁

1
𝑁

∑︀𝑁
𝑖=1 ||𝑥𝑖||2

√
𝑁

× 𝑐𝐷𝑇𝐷 (3.14)

Proposition 8 Suppose ASU-DNN has a total depth 𝐷 over the domain 𝒳 , wherein

each entry in the matrix 𝑊𝑗 is at most 𝑐 and the width 𝑇 = 𝐾𝑇𝑥. 𝐾 is the number of

alternatives in each choice scenario and 𝑇𝑥 is the width of each sub-network 1. With

ReLU activation functions

ℛ̂𝑛(ℱ1|𝑆) ≤
(
√︀

2 log(𝐷) + 1)
√︁

1
𝑁

∑︀𝑁
𝑖=1 ||𝑥𝑖||2

√
𝑁

× 𝑐𝐷𝑇𝐷

𝐾𝐷/2
(3.15)

Remarks on Proposition 8:

1. Proposition 8 can be derived from Proposition 7 by plugging in the coefficient

matrix of each layer in ASU-DNN.

2. The estimation error of ASU-DNN (ℱ1) shrinks by a factor of 𝑂(𝐾𝐷/2) com-

pared to F-DNN (ℱ2), implying that ASU-DNN performs better than F-DNN

as 𝐾 or 𝐷 increases.

Equations 3.7-3.15 constitute the formal method for illustrating the tradeoff be-

tween ASU-DNN and F-DNN. Owing to its sparse connectivity, ASU-DNN has smaller
1This assumption simplies the ASU-DNN by omitting the socioeconomic inputs, because adding

socioeconomic inputs into this proposition does not change our main conclusion.
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estimation error as its main advantage, particularly when K is large, as shown in Equa-

tion 3.15. Meanwhile, the larger approximation error could be the main disadvantage

of ASU-DNN. When the alternative-specific utility constraint is not true in reality,

this constraint could be excessively restrictive, resulting in a low model performance.

This problem is also commonly acknowledged in the field of choice modeling, although

framed in a different way. Because the alternative-specific utility function in this DNN

setting is similar to the IIA constraint, the large approximation error of ASU-DNN

could be equivalently framed as a problem of IIA being too restrictive. This drawback

appears unavoidable in the approach wherein DNN’s interpretability is improved ex-

ante. This is because any prior knowledge may be too restrictive in reality. However,

compared to classical choice modeling methods that rely exclusively on handcrafted

feature learning, misspecification in ASU-DNN is less problematic because it is ro-

bust to utility specification conditioning on the alternative-specific utility constraint.

In addition, Equations 3.14 and 3.15 indicate that the estimation error gap between

ASU-DNN and F-DNN could reduce as the sample size increases. Overall, the trade-

off between ASU-DNN and F-DNN involves complex dynamics between true models,

sample size, number of alternatives, and regularization strength. To compare their

performance, we need to apply them to real choice datasets.

3.4 Setup of Experiments

3.4.1 Datasets

Our experiments are based on two datasets, an online survey data collected in Singa-

pore with the aid of a professional survey company and a public dataset in R mlogit

package. They are referred to as SGP and TRAIN, respectively, in this study. The

SGP survey consisted of a section of choice preference and a section for eliciting so-

cioeconomic variables. At the beginning, all the respondents reported their home and

working locations and present travel mode. After obtaining the geographical informa-

tion, our algorithm computed the walking time, waiting time, in-vehicle travel time,
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and travel cost of each travel mode based on the origin and destination provided by

the participants and the price information collected from official data sources in Sin-

gapore. The SGP and TRAIN datasets include 8, 418 and 2, 929 observations. In the

SGP dataset, the output 𝑦𝑖 represents the travel mode choice among walking, pub-

lic transit, driving, ride sharing, and autonomous vehicles (AV); alternative-specific

inputs 𝑥𝑖𝑘 are the attributes of each travel mode, such as price and time cost; and

individual-specific inputs 𝑧𝑖 are the attributes of decision-makers, such as their income

and education backgrounds. In the TRAIN dataset, 𝑦𝑖 represents the binary travel

mode choice between two different types of trains; the alternative-specific input 𝑥𝑖𝑘

represents the price, time cost, and level of comfort; and no 𝑧𝑖 exists for the TRAIN

dataset. Both of the datasets are divided into training, validation, and testing sets in

the ratio 4 : 1 : 1. Five-fold cross-validation is used for the model selection, and the

model evaluation is based on both the validation and testing sets.

3.4.2 Hyperparameter Space and Searching

A challenge in the comparison between the two DNN architectures is the large number

of hyperparameters, on which the performance of DNN largely depends. To address

this challenge, we specified the hyperparameter space and searched randomly within

this space to identify the DNN configurations with a high prediction accuracy [16].

The empirical risk minimization (ERM) is

min
𝑤

𝐸(𝑤,𝑤ℎ) = min
𝑤

1

𝑁

𝑁∑︁
𝑖

𝑙(𝑦𝑖, 𝑃𝑖𝑘;𝑤,𝑤ℎ) + 𝛾||𝑤||𝑝 (3.16)

in which 𝑤 represents parameters; 𝑤ℎ represents hyperparameters; 𝑙() is the cross-

entropy loss function, and 𝛾||𝑤||𝑝 represents 𝑙𝑝 penalty. Suppose 𝑤* minimizes 𝐸(𝑤,𝑤ℎ)

conditioning on one specific 𝑤ℎ. By randomly sampling 𝑤
(𝑠)
ℎ , we could identify the

best hyperparameter 𝑤*
ℎ

𝑤*
ℎ = argmin

𝑤ℎ∈{𝑤
(1)
ℎ ,𝑤

(2)
ℎ ,...,𝑤

(𝑆)
ℎ }

𝐸(𝑤*, 𝑤ℎ) (3.17)
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Appendix II summarizes the details of the hyperparameter space and the value

ranges of all the hyperparameters. The hyperparameters consist of invariant ones,

varying ones specific to F-DNN or ASU-DNN, and varying ones shared by F-DNN

and ASU-DNN. The difference between F-DNN and ASU-DNN is referred to as

alternative-specific connectivity hyperparameter, which plays a similar role as the

other hyperparameters do because it changes the architecture of DNN, controls the

number of parameters, and performs regularization. In total, 100 DNN models were

trained, 50 each for the two DNN architectures.

3.5 Experiment Results

The result section consists of three parts. The first part compares the prediction accu-

racy of ASU-DNN, F-DNN, and the other nine ML classifiers. The second part eval-

uates how effective the alternative-specific connectivity is as a regularization method,

as opposed to other generic-purpose regularization methods. The final part compares

ASU-DNN and F-DNN in terms of their interpretability by visualizing their choice

probability functions. The first part uses both SGP and TRAIN datasets, and the

second and third parts focus only on the SGP dataset for simplicity.

3.5.1 Prediction Accuracy

Figure 3-4 summarizes the prediction accuracy of the top 30 models in the validation

and the testing sets in the SGP and TRAIN datasets. All the four figures illustrate

that ASU-DNN performs better than F-DNN does, although there are marginal dif-

ferences between the SGP and TRAIN datasets. In the SGP dataset, the prediction

accuracy of ASU-DNN in the first 15 out of the visualized 30 models is approximately

0.5% higher than that of F-DNN. Moreover, the difference in prediction accuracy

increases as the models’ prediction accuracy increases. The top 10 ASU-DNNs out-

perform the top 10 F-DNNs by approximately 2 − 3% prediction accuracy in both

validation and testing sets. The best ASU-DNN outperforms the best F-DNN by

approximately 3%. In the TRAIN dataset, whereas the ASU-DNN still consistently
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(a) SGP Validation (b) SGP Testing

(c) TRAIN Validation (d) TRAIN Testing

Figure 3-4: Hyperparameter Searching Results

outperforms F-DNN, the gap is smaller in its top 10 models. The first 15 out of the

visualized 30 ASU-DNN models outperform the F-DNN models by 2 − 3% of predic-

tion accuracy, whereas the top 10 ASU-DNNs outperform F-DNN by only 0.5%. An

outlier case is the top 1 model in the testing set of TRAIN; herein, the prediction

accuracy of F-DNN is marginally higher than that of ASU-DNN. Nonetheless, it is

evident that in nearly all the cases, ASU-DNN consistently performs higher than F-
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DNN does in the whole hyperparameter space. Table 3.1 also illustrates that both

F-DNN and ASU-DNN perform better than the other nine ML classifiers, implying

that DNN models fit choice analysis tasks very effectively. Because the prediction

accuracy gap between ASU-DNN and F-DNN is identified by using random sampling

from the hyperparameter space, we could attribute this gain in prediction accuracy to

only the alternative-specific connectivity design and not to any other regularization

method. In addition, from the perspective of the behavioral test, the better per-

formance of ASU-DNN than F-DNN indicates that the utility of an alternative was

computed based on its own attributes rather than the attributes of all the alternatives.

ASU-
DNN
(Top
1)

F-
DNN
(Top
1)

ASU-
DNN
(Top
10)

F-
DNN
(Top
10)

MNL
(l1_reg)

MNL
(l2_reg)

SVM
(Lin-
ear)

SVM
(RBF)

Naive
Bayesian

KNN_3 DT AdaBoostQDA

Validation
(SGP)

62.3% 59.2% 61.3% 58.8% 54.5% 54.7% 54.3% 45.6% 44.7% 58.5% 51.9% 54.6% 47.2%

Test
(SGP)

61.0% 58.7% 60.4% 57.6% 52.1% 52.1% 51.8% 44.3% 41.6% 57.9% 50.2% 52.1% 44.9%

Validation
(TRAIN)

70.5% 70.1% 69.8% 69.4% 69.5% 69.5% 68.8% 60.9% 57.3% 60.0% 65.0% 67.5% 60.2%

Test
(TRAIN)

71.4% 72.1% 71.2% 70.7% 67.8% 67.9% 68.3% 58.7% 56.4% 57.7% 65.0% 69.8% 60.5%

Table 3.1: Prediction accuracy of all classifiers

3.5.2 Alternative-Specific Connectivity Design and Other Reg-

ularizations

We further examine whether the alternative-specific connectivity hyperparameter is

more effective than the other hyperparameters, including explicit regularizations, im-

plicit regularizations, and architectural hyperparameters. Figure 3-5 shows the re-

sults, with each of the subfigures depicting the comparison of a hyperparameter with

the alternative-specific connectivity hyperparameter.

Explicit regularizations. Figures 3-5a and 3-5b show how the prediction ac-

curacy varies with the alternative-specific connectivity hyperparameter and two hy-

perparameters of explicit regularizations: 𝑙1 and 𝑙2 penalties. The 2 − 3% prediction

accuracy gain by ASU-DNN is retained across the different values of the 𝑙1 and 𝑙2 reg-
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(a) 𝑙1 Regularization (b) 𝑙2 Regularization

(c) Learning Rates (d) Number of Iteration (e) Size of Mini Batch (f) Batch Normalization

(g) Depth of DNN (h) Width of DNN (i) Dropout Rates

Figure 3-5: Comparing alternative-specific connectivity to explicit regularizations,
implicit regularizations, and architectural hyperparameters

ularizations. When the 𝑙1 penalty is smaller than 10−5 and 𝑙2 penalty is smaller than

10−3, ASU-DNN exhibits consistently higher prediction accuracy than F-DNN does.

The 𝑙1 and 𝑙2 regularizations fail to aid in achieving a higher prediction accuracy by

either ASU-DNN and F-DNN, as illustrated by the nearly flat maximum prediction

accuracy curve when 𝑙1 and 𝑙2 values are small and a large decrease in the prediction

accuracy as 𝑙1 and 𝑙2 increase, in both Figures 3-5a and 3-5b. In other words, the

most commonly used 𝑙1 and 𝑙2 regularizations cannot aid model prediction, or at least

they are less effective than the alternative-specific connectivity hyperparameter.
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Implicit regularizations. Figures 3-5c, 3-5d, 3-5e, and 3-5f show the relation-

ship between the alternative-specific connectivity hyperparameter and four implicit

regularizations: learning rates, number of total iterations, size of mini batch, and

batch normalization. These regularization methods are implicit because they are not

explicitly used in the empirical risk minimization in Equation 3.16, although they

have impacts on model training through the computational process. Again, the pre-

diction accuracy gain owing to the alternative-specific connectivity is highly robust

regardless of the values of the other four hyperparameters: in all four figures, the

dashed green curves are always placed higher than the dashed red curves are. In

Figure 3-5c, both green and red curves assume a marginally concave quadratic form.

The learning rates associated with the highest prediction accuracies are between 10−3

and 10−2, which are the default values in Tensorflow. This concave quadratic shape is

intuitive because highly marginal learning rates are generally inadequate for achiev-

ing the optimum values and very large learning rates generally overshoot. In Figures

3-5d, 3-5e, and 3-5f, the dashed and solid curves of both F-DNN and ASU-DNN are

nearly horizontal. This indicates that the number of iterations, size of mini batches,

and batch normalization are immaterial for improving DNN’s prediction accuracy in

choice modeling tasks.

Architectural hyperparameters. Figures 3-5g, 3-5h, and 3-5i compare the

alternative-specific connectivity hyperparameter to three architectural hyperparame-

ters: depth and width of DNN, and dropout rates. Similarly, the 2 − 3% prediction

accuracy gain remains over approximately the whole range of the architectural hy-

perparameters. In Figure 3-5g, the green dashed line is consistently higher than the

red dashed line for the majority of the M values (from three to ten). However, this

result is not exactly true when the depth of DNN is very small or very large. It

is worthnoting that the model performance increases dramatically from one-layer to

three-layer ASU-DNN. This indicates that the IIA constraint is less restrictive than

the linear specification of each alternative’s utility conditioning on the IIA constraint.

The maximum and average prediction accuracy of F-DNN form almost horizontal

lines everywhere. Finally, in Figure 3-5i, whereas the prediction accuracy difference
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remains approximately 2 − 3% for most of the values of the dropout rate, this dif-

ference becomes approximately 10% when the dropout rate is larger than 0.1. The

prediction accuracy of ASU-DNN increases marginally as the dropout rates increase,

whereas that of F-DNN decreases. These results imply that the alternative-specific

connectivity exerts an interaction effect of activating architectural hyperparameters,

in addition to its first order effects of 2 − 3% prediction gain.

3.5.3 Interpretation of ASU-DNN

Whereas DNN is generally criticized as lacking interpretability, a method for inter-

preting DNN models is to visualize the choice probability function with respect to

inputs. This method has been used in many studies [15, 88, 5, 110, 140]. Figure

3-6 shows how, following this method, the probabilities of selecting five travel modes

vary with increasing driving costs in the Top 1 and 10 models, while holding all other

variables constant at their empirical mean values.

The choice probability functions of ASU-DNN appear more intuitive than those

of F-DNN for at least two reasons. The first difference between ASU-DNN and

F-DNN is in the probability of selecting driving as the driving costs approach zero.

ASU-DNN predicts that individuals exhibit 70% probability of selecting driving when

driving costs become zero, whereas F-DNN predicts this probability being close to

100%. The latter value appears unreasonable because all the other variables includ-

ing driving time is fixed as the mean value of the sample, resulting in the likelihood

of the selection of alternative travel modes. The second difference is with regard to

the substitution pattern between the five travel modes; specifically, F-DNN predicts

that the probability of catching buses will decrease dramatically as the driving cost

increases beyond $15, whereas ASU-DNN predicts that this probability will increase

marginally. The substitute effect between driving and catching buses predicted by

ASU-DNN appears to be more reasonable because the reason for the dramatic de-

crease in the probability of selecting buses as the price of driving increases is unclear.

Note that the substitution pattern of travel modes in ASU-DNN describes that in-

dividuals could switch from driving to the other modes in a proportional manner,
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(a) F-DNN (Top 1 Model) (b) ASU-DNN (Top 1 Model)

(c) F-DNN (Top 10 Models) (d) ASU-DNN (Top 10 Models)

Figure 3-6: Choice probability functions of ASU-DNN and F-DNN in the SGP testing
set

which is similar to a standard multinomial logit model. This regularity in ASU-DNN

is caused by the built-in alternative-specific connectivity design.
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3.6 Conclusion

This study is motivated by the challenges in the application of DNN to choice analysis,

including the tension between domain-specific knowledge and generic-purpose mod-

els, and the lack of interpretability and effective regularization methods. In contrast

to most of the recent studies in the transportation domain that straightforwardly

apply various DNN models to choice analysis, we demonstrate that the benefit could

flow in the other direction: from domain knowledge to DNN models. Specifically, it

is feasible to inject behavioral insights into DNN architecture owing to the implicit

RUM interpretation in DNN. By using the alternative-specific utility constraint, we

design a new DNN architecture ASU-DNN, which achieves a certain compromise be-

tween domain-specific knowledge and generic-purpose DNN, and between the hand-

crafted feature learning and automatic feature learning paradigms. This compromise

between is significantly effective, as demonstrated by our empirical results that ASU-

DNN model is both more predictive and interpretable than F-DNN. ASU-DNN could

outperform F-DNN by approximately 2− 3% in both validation and testing datasets

regardless of the values of DNN’s other hyperparameters. The behavioral insights

from ASU-DNN are also more reasonable than those from F-DNN, as shown in the

choice probability functions of the five travel modes. Theoretically, this alternative-

specific utility constraint can be considered as a regularization method. This causes

the DNN architecture to be sparser, resulting in a lower estimation error. This insight

is supported by our empirical result, because the alternative-specific utility constraint

as a domain-knowledge-based regularization is more effective than other explicit and

implicit regularization methods, and architectural hyperparameters. In addition, the

comparison between ASU-DNN and F-DNN could function as a behavioral test, and

our results indicate that individuals are more likely to compute the utility based on

an alternative’s own attributes rather than the attributes of all the alternatives. This

finding is consistent with the long-standing practice in choice modeling.

A caveat is the potentially large approximation error of ASU-DNN, because this

constraint could be incorrect in reality. However, it is important to note that this
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problem exists in any modeling practice because any prior knowledge could be incor-

rect. The method of using prior knowledge in ASU- DNN is fundamentally different

from that in traditional choice models. ASU-DNN starts with a universal approxi-

mator F-DNN as a baseline and “builds downward” F-DNN by using only a piece of

prior knowledge (alternative-specific utility in this study) to reduce the complexity of

F-DNN. In contrast, traditional choice modeling starts from scratch as a baseline and

”builds upwards” a choice model by using all types of prior knowledge (e.g. linearity

and additivity of utilities). The former is a significantly more conservative method

of using prior knowledge. As a result, the downward-built models are more robust to

the function misspecification problem.

Regardless of certain caveats, our results are promising because they present a

solution to many challenges in DNN applications. More importantly, it indicates a

new research direction of using utility theory to design DNN architectures for choice

models, which could become more predictive owing to lower estimation errors and be

more interpretable owing to the knowledge introduced into DNN as regularization.

We consider that this research direction has immense potential because both utility

theory and DNN architectures are exceptionally rich and active research fields. The

alternative-specific utility connectivity is only a tiny piece among a vast number of

insights in utility theory. Therefore, the immediate next steps could be to use more

flexible utility functions (such as those in nested and mixed logit models) to design

novel DNN architectures. Future studies could follow this thread of ideas to create

more noteworthy and practical DNN architectures for choice analysis.
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Appendix I. Proof of Propositions 4 and 5

Proof of Proposition 4. This proof can be found in all choice modeling textbooks

[130, 13]. With Gumbel distributional assumption, Equation 3.3 could be solved in

an analytical way:

𝑃𝑖𝑘 =

∫︁ +∞

−∞

∏︁
𝑗 ̸=𝑘

𝑒−𝑒−(𝑉𝑖𝑘−𝑉𝑖𝑗+𝜖𝑖𝑘)

𝑓(𝜖𝑖𝑘)𝑑𝜖𝑖𝑘

=

∫︁ ∏︁
𝑗

𝑒−𝑒−(𝑉𝑖𝑘−𝑉𝑖𝑗+𝜖𝑖𝑘)

𝑒−𝜖𝑖𝑘𝑑𝜖𝑖𝑘

=

∫︁
𝑒𝑥𝑝(𝑒−𝜖𝑖𝑘

∑︁
𝑗

−𝑒−(𝑉𝑖𝑘−𝑉𝑖𝑗))𝑒−𝜖𝑖𝑘𝑑𝜖𝑖𝑘

=

∫︁ 0

∞
𝑒𝑥𝑝(−𝑡

∑︁
𝑗

𝑒−(𝑉𝑖𝑘−𝑉𝑖𝑗))𝑑𝑡

=
𝑒𝑉𝑖𝑘∑︀
𝑗

𝑒𝑉𝑖𝑗

(3.18)

in which the fourth equation uses 𝑡 = 𝑒−𝜖𝑖𝑘 . Note this formula in Equation 3.18 is

the Softmax function in DNN. 𝑉𝑖𝑘 is both the deterministic utility in RUM and the

inputs into the Softmax function in DNN.

Proof of Proposition 5. This proof can be found in lemma 2 of Mcfadden (1974)

[85]. Here is a brief summary of the proof. Suppose that one individual 𝑖 firstly

chooses between alternative 𝑘 and 𝑇 alternatives 𝑗. Then according to Equations 3.3

and 3.18,

𝑃𝑖𝑘 =
𝑒𝑉𝑖𝑘

𝑒𝑉𝑖𝑘 + 𝑇𝑒𝑉𝑖𝑗

=

∫︁
𝐹 (𝜖𝑖𝑘 + 𝑉𝑖𝑘 − 𝑉𝑖𝑗)

𝑇𝑑𝐹 (𝜖𝑖𝑘)

(3.19)

Suppose that the individual 𝑖 chooses between alternatives 𝑘 and alternative 𝑙 in

another choice scenario, and alternative 𝑙 is constructed such that 𝑇𝑒𝑉𝑖𝑗 = 𝑒𝑉𝑖𝑙 . Then

84



𝑃𝑖𝑘 =
𝑒𝑉𝑖𝑘

𝑒𝑉𝑖𝑘 + 𝑒𝑉𝑖𝑙

=

∫︁
𝐹 (𝜖𝑖𝑘 + 𝑉𝑖𝑘 − 𝑉𝑖𝑙)𝑑𝐹 (𝜖𝑖𝑘)

=

∫︁
𝐹 (𝜖𝑖𝑘 + 𝑉𝑖𝑘 − 𝑉𝑖𝑗 − 𝑙𝑜𝑔𝑇 )𝑑𝐹 (𝜖𝑖𝑘)

(3.20)

By construction, Equations 3.19 and 3.20 are equivalent

∫︁
𝐹 (𝜖𝑖𝑘 + 𝑉𝑖𝑘 − 𝑉𝑖𝑗 − 𝑙𝑜𝑔𝑇 ) − 𝐹 (𝜖𝑖𝑘 + 𝑉𝑖𝑘 − 𝑉𝑖𝑗)

𝑇𝑑𝐹 (𝜖𝑖𝑘) = 0

Since 𝐹 (𝜖) is transition complete, meaning that ∀𝑎, 𝐸ℎ(𝜖+𝑎) = 0 implies ℎ(𝜖) = 0,∀𝜖,

it implies

𝐹 (𝑉𝑖𝑘 − 𝑙𝑜𝑔 𝑇 ) = 𝐹 (𝑉𝑖𝑘)𝑇 ,∀𝑉𝑖𝑘, 𝑇

Taking 𝑉𝑖𝑘 = 0 implies 𝐹 (−𝑙𝑜𝑔 𝑇 ) = 𝑒−𝛼𝑇 . Taking 𝑉𝑖𝑘 = 𝑙𝑜𝑔 𝑇 − 𝑙𝑜𝑔 𝐿 implies

𝐹 (−𝑙𝑜𝑔 𝐿) = 𝐹 (𝑙𝑜𝑔 𝑇/𝐿)𝑇 . Hence 𝐹 (𝑙𝑜𝑔 𝑇/𝐿) = 𝐹 (−𝑙𝑜𝑔 𝐿)1/𝑇 = 𝑒−𝛼𝐿/𝑇 . Therefore,

𝐹 (𝜖) = 𝑒−𝛼𝑒−𝜖 . This is the function of Gumbel distribution when 𝛼 = 1.
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Appendix II. Hyperparameter Space

Hyperparameters Values
Panel 1. Invariant Hyperparameters

Activation functions ReLU and Softmax
Loss Cross-entropy

Initialization He initialization
Panel 2. Varying Hyperparameters of F-DNN

M [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12]
Width 𝑛 [60, 120, 240, 360, 480, 600]

Panel 3. Varying Hyperparameters of ASU-DNN
𝑀1 [0, 1, 2, 3, 4, 5, 6]
𝑀2 [0, 1, 2, 3, 4, 5, 6]

Width 𝑛1 [10, 20, 40, 60, 80]
Width 𝑛2 [10, 20, 40, 60, 80, 100]

Panel 4. Varying Hyperparameters of F-DNN and ASU-DNN
𝛾1 (𝑙1 penalty) [1.0, 0.5, 0.1, 0.01, 10−3, 10−5, 10−10]
𝛾2 (𝑙2 penalty) [1.0, 0.5, 0.1, 0.01, 10−3, 10−5, 10−10]
Dropout rate [0.5, 0.1, 0.01, 10−3, 10−5]

Batch normalization [𝑇𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒]
Learning rate [0.5, 0.1, 0.01, 10−3, 10−5]

Num of iteration [500, 1000, 5000, 10000, 20000]
Mini-batch size [50, 100, 200, 500, 1000]

Table 3.2: Hyperparameter space of F-DNN and ASU-DNN
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Appendix III. Alternative-Specific Connectivity De-

sign and Other Reglarizations in SGP Validation Set

Figure 3-7 compares the alternative-specific connectivity regularization to other regu-

larization methods in the validation set of SGP. The results are very similar to Figure

3-5.

(a) 𝑙1 Regularization (b) 𝑙2 Regularization

(c) Learning Rates (d) Number of Iteration (e) Size of Mini Batch (f) Batch Normalization

(g) Depth of DNN (h) Width of DNN (i) Dropout Rates

Figure 3-7: Comparing Alternative-Specific Connectivity to Explicit Regularizations,
Implicit Regularizations, and Architectural Hyperparameters in SGP Validation Set
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Chapter 4

Essay 3: Theory-Based Deep

Residual Neural Networks

4.1 Introduction

To understand individual decision-making, researchers can adopt two disparate mod-

eling paradigms, either theory- or data-driven methods. On the one side, economists

have been developing and using decision-making theories to understand individual

decision-making for decades [91, 64, 131, 33, 112, 97]. On the other side, many

decision-making questions can be simply treated as a classification task, to which

any machine learning (ML) classifier can apply. ML classifiers and particularly deep

neural networks (DNNs) have been ubiquitously used in various fields like health

care, computer vision, language recognition, and many studies in economics, showing

extraordinary prediction power and flexibility [72, 65, 73, 76, 40].

Theory- and data-driven models have their own pros and cons, particularly in

terms of the tradeoff between prediction power and interpretability. One important

weakness of the DNNs is its lack of interpretability, which even machine learning

researchers generally admit [72, 80, 34]. In the field of individual decision-making,

interpretability is particularly crucial for various important reasons, such as safety in

the use of autonomous vehicles, knowledge distillation for academic researchers, and

transparency in local governance [80, 34, 39]. As opposed to the “black box” DNNs,
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parsimonious decision-making theories are much more interpretable, although they

can be misspecified, leading to their relatively low prediction accuracy. The high pre-

diction power and low interpretability of the DNNs and the low prediction power and

high interpretability of decision-making theories are complementary. It appears to be

a natural question whether researchers can synthesize these two modeling approaches

to retain both the high prediction accuracy in DNNs and the high interpretabil-

ity in decision-making theories. However, since DNNs and decision-making theories

emerged from two different research communities (computer science and economics),

it is unclear whether this synthesis is even possible, let alone the question of jointly

improving prediction accuracy and interpretability in the context of decision-making

analysis.

To fill these research gaps, this study designs a theory-based residual neural net-

work (TB-ResNet), demonstrating that the synthesis of DNNs and decision-making

theories is not only feasible but also desirable owing to the joint improvement of model

prediction and interpretation. First, as a premise of introducing TB-ResNets, we re-

count the results in McFadden (1974) [85], showing that DNN has an implicit utility

maximization interpretation. Second, by using an analogy to ResNet, which consists

of an identity and a DNN feature mapping, we create the framework of TB-ResNets,

which linearly combines the handcrafted utility specification from decision-making

theories and the automatically learnt utility specification from DNNs. The two parts

are trained in a sequential way, first the decision-making theory and then the DNNs,

so that the decision-making theory can retain a large amount of information to sta-

blize the local pattern of the TB-ResNets. Third, three instances of TB-ResNet are

designed based on the choice modeling reasoning (CM-ResNet) for common choice

analysis, the prospect theory (PT-ResNet) for risk preference, and the hyperbolic dis-

counting (HD-ResNet) for time preference. The relationship between TB-ResNets,

CM-ResNet, PT-ResNet, and HD-ResNet are visualized in Figure 4-1. To empirically

test the effectiveness of the TB-ResNets, we applied the CM-ResNet, PT-ResNet,

and HD-ResNet to three datasets. Our results show a considerable improvement of

all three TB-ResNets than the CM, PT and HD models and the DNNs in terms of
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the out-of-sample model prediction, the interpretation of utility functions, and the

robustness to adversarial attacks.

TB-
ResNets

PT-
ResNet

HD-
ResNet

CM-
ResNet

Figure 4-1: Relationship Between TB-ResNets, CM-ResNet, PT-ResNet, and HD-
ResNet

The study makes the following contributions. First, while relatively straightfor-

ward, it is the first study that demonstrates the feasibility of using DNNs to tackle

generic decision-making problems. Compared to other ML classifiers, DNNs are closer

to the classical choice modeling due to the framework of random utility maximiza-

tion (RUM). Second, TB-ResNets represent one way of combining theory- and data-

driven methods, achieving higher prediction power and interpretability than either

pure theory- or data-driven methods. TB-ResNets are very generic, since many other

decision-making problems can be framed in the same way, as long as they are under

the utility maximization framework.

The next section reviews related studies. Section 3 connects DNNs to RUM and

introduces the TB-ResNets and its three instances. Section 4 discusses the imple-

mentation of our experiments. Section 5 presents the results, and Section 6 concludes

our findings.

4.2 Literature Review

For decades, individual decision-making has been a classical research question in eco-

nomics, transportation, and marketing. There are three types of prevalent decision-
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making models: discrete choice models that analyze decision-making between several

alternatives, prospect theory models that analyze decision-making under risk and un-

certainty, and hyperbolic discounting models that analyze temporal decision-making.

In terms of choice modeling (CM), McFadden (1974) developped the seminal multi-

nomial logit model based on random utility maximization and applied the model

to travel behavioral analysis [85]. After McFadden (1974), several generations of

researchers refined the multinomial logit model by incorporating more statistical con-

cerns about heterogeneity, endogeneity, and more complicated substitution patterns

[129, 130, 13]. In terms of risk preference, Neumann and Morgenstein [91] created

expected utility (EU) model to analyze how individuals make decisions with risky in-

puts. Kahneman and Tversky [64, 131] created prospect theory (PT), which addresses

the abnormality that cannot be explained by the initial EU model [91, 105, 4, 124].

In the recent two decades, researchers gradually improved these models by specifying

the formulation of reference points or adding more interactions between attributes

and probabilities [127, 33, 71]. In terms of time preference, models have also been

developed for decades, including exponential discounting (ED) [112], hyperbolic dis-

counting (HD) [83], quasi-hyperbolic discounting (QHD) [96] and many others. Given

the prevalence of individual decision-making across a massive number of fields, the

three types of theories have been widely applied to analyze technology adoption, fuel

economy, travel behavior, policy decisions, insurance premium, procrastination, and

self-control [25, 94, 81, 97, 66].

These decision-making questions can be also treated as a classification task from

the perspective of machine learning (ML). Some researchers have started to explore

how ML relates to the classical econometrics methods and economics questions. For

example, researchers argued that ML classifiers can be used to establish an upper

bound of prediction accuracy in decision-making tasks [24]. Sometimes, ML methods

are simplified to 𝐿1 or 𝐿2 regularizations [102, 135]. Many studies also compare the

prediction accuracy of the traditional decision-making models and the ML classifiers,

and typically researchers conclude that ML classifiers such as DNN and random forest

can outperform the traditional models. This type of research widely exists in the
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transportation domain, analyzing the choice of travel modes or car ownership [95,

54, 144, 26, 27, 65, 128, 98], and also exists in economics, analyzing the demand of

general consumers [6]. However, the investigation into how decision-making questions

relate to DNNs is mainly limited to the comparison of prediction accuracy. Given

the importance of decision-making as one foundation of economics questions and

DNNs as one extraordinary powerful tool in the large family of ML classifiers, it is an

imperative to demonstrate how to adopt the DNN perspective to address decision-

making questions beyond prediction.

Despite DNNs’ high prediction accuracy, DNNs are often perceived as lacking

interpretability. This problem is partially unsurprising because DNNs were initially

designed to maximize the prediction power. DNNs and decision-making theories

focus on the difference between prediction and interpretation, or equivalently, on

predicting 𝑦 and estimating 𝛽 [90]. Model interpretation is important for companies

to explain their predictions to users to build up trusts; for governments to make

decisions transparent to citizens; and even for any model user to gain new knowledge

and generate new insights [80, 39, 34]. While recently many methods have been

created to improve the interpretability of DNNs [55, 108, 36, 5, 126], researchers still

agree that interpretability is generally missing [72, 80].

DNNs also lack robustness, implying that many attacks are available to generate

adversarial instances to fool the DNNs that predict accurately. Szegedy et al. (2014)

[126] firstly demonstrate that DNNs do not have local generalization: adversarial

examples are perceived as the same as initial pictures by human but are labeled

wrongly by DNNs with high confidence. To attack a DNN, several methods have been

created, including fast gradient sign method (FGSM); 2) one-step target gradient sign

method (TGSM); 3) basic iterative method; and 4) iterative least-likely class method,

as illustrated in [44, 99, 100, 74, 75]. To make the DNNs more robust, researchers also

designed adversarial training methods to counter the attacks. The adversarial training

methods include defensive distillation [100], adversarial training by using both clean

and adversarial examples [74], minimax formulation of robust optimization [84], and

the input gradient regularizations in training [110]. While all these methods are
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valid and effective robust training methods, we seek to improve the robustness and

interpretability of the DNNs by using domain-specific decision-making theories.

4.3 Theory

4.3.1 Theory-Based Residual Neural Networks (TB-ResNets)

The 𝑉𝑖𝑘 could be specified by DNN (𝑉𝐷𝑁𝑁,𝑖𝑘) or decision-making theories (𝑉𝑇,𝑖𝑘). The

DNN utility specification is:

𝑉𝐷𝑁𝑁,𝑖𝑘(𝑧𝑖, �̃�𝑖) = 𝑤𝑇
𝑚,𝑘Φ(𝑧𝑖, �̃�𝑖) = 𝑤𝑇

𝑚,𝑘(𝑔𝑚−1... ∘ 𝑔2 ∘ 𝑔1)(𝑧𝑖, �̃�𝑖) (4.1)

𝑚 is the number of layers of DNN; 𝑔𝑙(𝑡) = 𝑅𝑒𝐿𝑈(𝑊 𝑇
𝑙 𝑡); and 𝑅𝑒𝐿𝑈(𝑡) = max(0, 𝑡).

The utility specification 𝑉𝐷𝑁𝑁,𝑖𝑘 in DNNs enable a process of automatic learning,

relying on the superior approximation power of DNNs [59, 58, 30]. On the contrary,

𝑉𝑇,𝑖𝑘 represents the process of handcrafting utility specification based on decision-

making theories. Therefore, DNNs and decision-making theories are similar in that

both have implicit or explicit utility maximization assumption, but they are different

since decision-making theories rely on handcrafted features while DNN automatically

learns utility specification.

To combine the two types of utility specification, we create theory-based resid-

ual neural networks (TB-ResNets), which are composed of one theory-based feature

mapping 𝑉𝑇,𝑖𝑘(𝑧𝑖, �̃�𝑖) and one feedforward DNN 𝑉𝐷𝑁𝑁,𝑖𝑘(𝑧𝑖, �̃�𝑖). Formally,

𝑉𝑇𝐵−𝑅𝑒𝑠𝑁𝑒𝑡,𝑖𝑘 = (𝑉𝑇,𝑖𝑘 + 𝛿𝑉𝐷𝑁𝑁,𝑖𝑘)(𝑧𝑖, �̃�𝑖) (4.2)

where 𝑉𝑇,𝑖𝑘 represents the utility function of decision-making theories and 𝑉𝐷𝑁𝑁,𝑖𝑘

represents that from DNN. In Equation 4.2, 𝛿 adjusts the weight between the theory-

based and DNN utility functions. Therefore, TB-ResNets can be seen as a linear

combination of two model families with a flexible weighting controlled by 𝛿.

This TB-ResNet model needs to be trained in a two-stage manner: train 𝑉𝑇,𝑖𝑘 on
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the first stage and 𝑉𝐷𝑁𝑁,𝑖𝑘 on the second stage. This two-stage procedure allows the

TB-ResNet to find the best theory-based utility function on the first stage and to fit

the unexplained utility residuals on the second. This two-stage procedure appears

more reasonable than a simultaneous training procedure. Since a DNN is a universal

approximator [59, 58, 30], 𝑉𝐷𝑁𝑁,𝑖𝑘 can potentially capture all the valuable information

that could have been explained by 𝑉𝑇,𝑖𝑘, when 𝑉𝑇,𝑖𝑘 and 𝑉𝐷𝑁𝑁,𝑖𝑘 are jointly trained.

The simultaneous training would damage the interpretability of the theory-based

utility function 𝑉𝑇,𝑖𝑘 designed in TB-ResNet, and also the capacity of 𝑉𝑇,𝑖𝑘 stablizing

the whole input space.

Our model is named as theory-based residual neural network because it is similar

to the deep residual neural network (ResNet). The ResNet consists of one identity

feature mapping and one feedforward DNN feature mapping

𝑉𝑅𝑒𝑠𝑁𝑒𝑡,𝑖𝑘 = (𝑉𝐼,𝑖𝑘 + 𝑉𝐷𝑁𝑁,𝑖𝑘)(𝑧𝑖, �̃�𝑖) (4.3)

where 𝑉𝐼,𝑖𝑘 represents an identity feature mapping 𝑉𝐼,𝑖𝑘(𝑥) = 𝑥. Intuitively, as the true

model is close to a linear specification, this ResNet specification might approximate

the true model better than a feedforward DNN. This reasoning is similar to our

reasoning of using theory-based utility function as the first stage training, because

the classical utility theory may have captured the valuable information in the true

model. This ResNet also implicitly involves a “two-stage” training procedure because

𝑉𝐼,𝑖𝑘 is fixed in the training process. Hence the training of ResNet is the same as

the second-stage training in the TB-ResNet. The ResNet has been empirically shown

and theoretically proved as a more efficient DNN architecture than feedforward DNN

[52, 79].

By its design, it is expected that this TB-ResNet can improve the prediction

accuracy and the interpretability of both DNNs and decision-making theories. Com-

pared to a pure theory-driven model, the insights from theory is maintained in the

𝑉𝑇,𝑖𝑘 of the TB-ResNet, and the second-stage training of TB-ResNet can improve the

prediction accuracy since the DNN part of the TB-ResNet can address the misspeci-
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fication error that commonly exists in any theory-based model. The second-stage of

TB-ResNet can also improve the interpretability by augmenting the 𝛿𝑉𝐷𝑁𝑁,𝑖𝑘 util-

ity function to 𝑉𝑇,𝑖𝑘, rendering the final utility function richer than the simple 𝑉𝑇,𝑖𝑘.

Compared to a DNN model that does not have regular local information, TB-ResNet

is more interpretable owing to the theory-based utility function, which stablizes the

local information for the whole input domain. Therefore, TB-ResNets should be more

robust than DNNs regarding the adversarial examples, since it would be more difficult

to create adversarial examples in the local region of each instance for the TB-ResNets

when the local information is stablized by the theory-based utility function in TB-

ResNets. TB-ResNets are also likely to improve the prediction accuracy of DNNs,

when the decision-making theory is informative in capturing the true behavior. In

short, as TB-ResNets combine decision-making theories and DNNs, we expect TB-

ResNet to incorporate the strength from both sides and address the weaknesses for

each other.

4.3.2 Three Instances of TB-ResNets

Choice Modeling Based Resisual Neural Networks (CM-ResNets)

TB-ResNets can take different forms in different contexts. In the choice modeling

setting, we use the typical linear utility specification in choice modeling practice as

the theory part of TB-ResNets. Replacing the 𝑉𝑇,𝑖𝑘 in Equation 4.2 by 𝑉𝐶𝑀,𝑖𝑘 and

removing index 𝑖 from all functions for simplicity, the CM-ResNet is formulated as

𝑉𝐶𝑀−𝑅𝑒𝑠𝑁𝑒𝑡,𝑘 = (𝑉𝐶𝑀,𝑘 + 𝛿𝑉𝐷𝑁𝑁,𝑘)(𝑧, �̃�) (4.4)

𝑉𝐶𝑀,𝑘 = 𝑤𝑥𝑘
𝑥𝑘 + 𝑤𝑧𝑧 (4.5)

where 𝑤𝑥𝑘
represents the parameters for the alternative-specific variables and 𝑤𝑧

represents the paarameter for the individual-specific variables. Despite its simplicity,

this linear specification of 𝑉𝐶𝑀,𝑘 is widely used in the choice modeling practice.
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Prospect Theory Based Residual Neural Networks (PT-ResNets)

In the risk preference setting, we use prospect theory as the theory part of TB-

ResNets. Replacing 𝑉𝑇,𝑖𝑘 in Equation 4.2 by 𝑉𝑃𝑇,𝑖𝑘, the PT-ResNet is formulated

as

𝑉𝑘 = 𝑉𝑃𝑇−𝑅𝑒𝑠𝑁𝑒𝑡,𝑘 = (𝑉𝑃𝑇,𝑘 + 𝛿𝑉𝐷𝑁𝑁,𝑘)(𝑧, �̃�) (4.6)

𝑉𝑃𝑇,𝑘 =
∑︁
𝑗

𝑣(𝑥𝑘𝑗)𝜋(𝑝𝑘𝑗) (4.7)

𝑣(𝑥𝑘𝑗) =
{︁ 𝑥𝑟

𝑘𝑗 𝑥𝑘𝑗 ≥ 0

−𝜆(−𝑥𝑘𝑗)
𝑟 𝑥𝑘𝑗 ≤ 0

(4.8)

𝜋(𝑝𝑘𝑗) = 𝑒−(−𝑙𝑛 𝑝𝑘𝑗)
𝛼

(4.9)

𝛼 = 𝛼(𝑧) = 𝛼0 + 𝑧′𝑤𝛼𝑧 (4.10)

𝑟 = 𝑟(𝑧) = 𝑟0 + 𝑧′𝑤𝑟𝑧 (4.11)

𝜆 = 𝜆(𝑧) = 𝜆0 + 𝑧′𝑤𝜆𝑧 (4.12)

where 𝑗 is the index of uncertain monetary payoffs; 𝑥𝑘𝑗 is the monetary payoff for

alternative 𝑘 at the value indexed by 𝑗; 𝑝𝑘𝑗 is the probability of 𝑥𝑘𝑗; 𝛼 represents

the probability weighting factor; 𝑟 represents the concavity of value functions; 𝜆

represents the loss aversion factor; 𝛼, 𝑟, and 𝜆 are individual specific and can be

partially explained by socioeconomic variables 𝑧. The specification in Equations from

4.6 to 4.12 is basically the same as Tanaka et al. (2010) [127]. 1

1There are two slight differences between our PT model and Tanaka et al. (2010): the initial paper
used a non-parametric method to estimate individuals’ risk preference parameters and sequentially
estimated the coefficients 𝑤𝛼𝑧, 𝑤𝑟𝑧, and 𝑤𝜆𝑧, while our PT model follows a parametric method and
simultaneously estimates all the coefficients.
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Hyperbolic Discounting Based Residual Neural Networks (HD-ResNets)

Similarly, another instance of TB-ResNets is the hyperbolic discounting residual net-

work (HD-ResNet) for time preference, formulated as following.

𝑉𝑘 = 𝑉𝐻𝐷−𝑅𝑒𝑠𝑁𝑒𝑡,𝑘 = (𝑉𝐻𝐷,𝑘 + 𝛿𝑉𝐷𝑁𝑁,𝑘)(𝑧, �̃�) (4.13)

𝑉𝐻𝐷,𝑘 =
∑︁
𝑗

𝑥𝑘𝑗𝛽𝑒
−𝑟𝑡𝑘𝑗 (4.14)

𝛽 = 𝛽(𝑧) = 𝛽0 + 𝑧′𝑤𝛽𝑧 (4.15)

𝑟 = 𝑟(𝑧) = 𝑟0 + 𝑧′𝑤𝑟𝑧 (4.16)

where 𝑥𝑘𝑗 is the monetary payoff and 𝑡𝑘𝑗 is the associated time; 𝑟 is the conventional

time discounting factor; 𝛽 is the present-bias factor; both 𝑟 and 𝛽 can be partially

explained by socioeconomic variables 𝑧. Again the specifications from Equation 4.13

to 4.16 are the same as Tanaka et al. (2010) [127]. While this 𝑉𝐻𝐷,𝑘 is actually more

generic than the hyperbolic discounting model, we will call it hyperbolic discounting

(HD) for simplicity throughout our study.

4.4 Experiment Setup

4.4.1 Datasets

This study uses the three datasets in the experiments. The first dataset was collected

in Singapore in 2017, focused on the adoption of five travel modes consisting of

walking, buses, ridesharing, driving, and autonomous vehicles. The second and third

datasets come from Tanaka et al. (2010) [127], focused on the risk and time preference

with two alternatives in the choice sets. All three cases collected the data by stated

preference surveys. The sample size of the three datasets are respectively 8, 418, 6, 335

and 5, 340. All three datasets are split into the training and testing sets with a ratio

of 4 : 1.
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4.4.2 Training

CM-ResNets, PT-ResNets, and HD-ResNets with varying 𝛿 factors are trained and

compared to the baseline models CM, PT, HD, and DNN. To implement the 𝛿 factor,

we used the 𝑙2 norm penalty with the penalty constant equals to 𝜆 in the second

stage training of TB-ResNets. Hence 𝛿 is approximately inversely proportional to 𝜆,

although the exact mapping of their magnitudes is unclear. The 𝜆 penalty constant

varies from the weakest (1𝑒 − 10) to the strongest (about 1.0) to demonstrate the

transition of TB-ResNets from DNN to decision-making theories. To focus on the

investigation into the 𝛿 (or similarly 𝜆) factor, we fix the DNN architecture in all our

experiments, by using these hyperparameters: (1) depth = 3; (2) width = 100; (3)

number of iterations = 5000; and (4) size of mini-batch: 100. These hyperparameters

are chosen by manual adjustment before our formal experiments.

To train a TB-ResNet, we follow the two-stage training procedure: first stage

trained on decision-making theories and the second stage fitting utility residuals. On

the first stage, empirical risk minimization (ERM) is formulated as following:

min
𝑉𝑇,𝑖𝑘∈ℱ

𝐿(�̃�𝑖, 𝑧𝑖;𝑤) = min
𝑉𝑇,𝑖𝑘∈ℱ

− 1

𝑁

𝑁∑︁
𝑖=1

𝐾∑︁
𝑘=1

𝑦𝑖𝑘 log
𝑒𝑉𝑇,𝑖𝑘(�̃�𝑖,𝑧𝑖)∑︀𝐾
𝑗=1𝑒

𝑉𝑇,𝑖𝑗(�̃�𝑖,𝑧𝑖)
(4.17)

which is the same as maximum likelihood estimation (MLE). ℱ represents the class

of decision-making theories. The second stage is conditioning on 𝑉𝑇,𝑖𝑘 trained on the

first stage. With 𝒢 representing the class of functions in DNN, second-stage training

is:

min
𝑉𝐷𝑁𝑁,𝑖𝑘∈𝒢

𝐿(𝑉𝑇,𝑖𝑘, �̃�𝑖, 𝑧𝑖;𝑤) = min
𝑉𝐷𝑁𝑁,𝑖𝑘∈𝒢

− 1

𝑁

𝑁∑︁
𝑖=1

𝐾∑︁
𝑖=1

𝑦𝑖𝑘 log
𝑒(𝑉𝑇,𝑖𝑘+𝛿𝑉𝐷𝑁𝑁,𝑖𝑘)(�̃�𝑖,𝑧𝑖)∑︀𝐾
𝑗=1 𝑒

(𝑉𝑇,𝑖𝑗+𝛿𝑉𝐷𝑁𝑁,𝑖𝑗)(�̃�𝑖,𝑧𝑖)

(4.18)
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4.5 Experiment Results

4.5.1 Comparing Model Performance

Table 4.1 summarizes the model performance of the three groups of models, including

choice modeling (CM), prospect theory (PT), and hyperbolic discounting (HD) re-

spectively in three panels. Each panel includes the decision-making models, the DNN

models, and the TB-ResNets with varying regularization constants. The regulariza-

tion constants are chosen to show the compromise between DNNs and decision-making

theories. Since the optimum regularization constant is data-specific, the best TB-

ResNet for CM, PT, and HD are associated with different regularization constants.

The two columns in Table 4.1 report the prediction accuracy and cross-entropy losses,

both evaluated in the testing sets.

Prediction
Accuracy
(Testing)

Cross-entropy
Loss (Testing)

Panel 1. Performance of CM Models

DNN 55.2% 2.759
CM ResNet (𝜆 = 1e-10) 56.4% 2.820
CM ResNet (𝜆 = 0.005) 57.3% 1.457
CM ResNet (𝜆 = 0.01) 56.8% 1.343
CM 44.7% 1.384

Panel 2. Performance of PT Models

DNN 87.5% 0.405
PT ResNet (𝜆 = 1e-05) 89.3% 0.305
PT ResNet (𝜆 = 0.0001) 89.0% 0.321
PT ResNet (𝜆 = 0.01) 75.8% 0.545
PT 69.9% 0.584

Panel 3. Performance of HD Models

DNN 72.8% 0.853
HD ResNet (𝜆 = 1e-05) 75.9% 0.449
HD ResNet (𝜆 = 0.001) 78.5% 0.491
HD ResNet (𝜆 = 0.01) 57.3% 0.685
HD 55.5% 0.687

Table 4.1: Performance of CM, PT, and HD Models
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First, before analyzing the performance of the TB-ResNets, Table 4.1 demon-

strates that the DNN models dramatically outperform decision-making theories in

terms of prediction accuracy, although it is not necessarily the case when evaluated

by cross-entropy losses. In the three panels in Table 4.1, the prediction accuracy of

DNNs is 55.2%, 87.5%, and 72.8%, which are respectively 10.5%, 17.6%, and 17.3%

higher than the corresponding models based on decision-making theory (CM, PT,

and HD). This higher prediction accuracy of DNNs is consistent with the previ-

ous studies, which found the better performance of DNNs in a variety of scenarios

[95, 144, 26, 65, 98]. However, DNNs do not necessarily outperform decision-making

theories in terms of cross-entropy losses. In fact, the cross-entropy loss of DNNs

is larger than the CM and HD models, and smaller than only the PT model. The

inconsistency between prediction accuracy and cross-entropy loss can be caused by

some DNN predictions that are correct but have relatively low confidence, since the

cross-entropy loss takes into account the probability value of the correct label.

Second, the CM-ResNets, PT-ResNets, and HD-ResNets can achieve a flexible

compromise between decision-making theories and DNN models in terms of prediction

accuracy and cross-entropy losses. On the one hand, the CM-ResNets, PT-ResNets,

and HD-ResNets become more similar to DNNs as the regularization constant (𝜆)

decreases. For example, when 𝜆 = 1𝑒−10, the prediction accuracy and cross-entropy

loss of the CM-ResNets is significantly close to that of DNN. On the other hand, the

CM-ResNets, PT-ResNets, and HD-ResNets become more similar to the CM, PT, and

HD models as the regularization constant (𝜆) increases. For example, when 𝜆 = 0.01,

the prediction accuracy and cross-entropy loss of the PT-ResNets are 75.8% and 0.545,

closer to the values of the PT model (69.9% and 0.584) than that of the DNNs (87.5%

and 0.405), as shown in panel 2. In addition, the transition of the TB-ResNets from

the decision-making theories to the DNNs appears not linear. For example, there is a

significant decrease of prediction accuracy from the CM-ResNet (𝜆 = 0.01) to the CM

model, while the variation of the DNN models and all the CM-ResNets is very small.

Ths transition is also specific to the evaluation metrics. In panel 1, the prediction

accuracy significantly decreases from the CM-ResNet (𝜆 = 0.01) to the CM model,
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while the cross-entropy loss significantly decreases from the CM-ResNet (𝜆 = 1𝑒−10)

to the CM-ResNet (𝜆 = 0.005).

Third, the CM-ResNets, PT-ResNets, and HD-ResNets are better than the linear

combination of DNN models and decision-making theories, as the three ResNets can

outperform both DNNs and decision-making theories in terms of prediction accuracy

and cross-entropy losses at certain values of 𝜆. Specifically, the CM-ResNet (𝜆 =

0.005) outperforms the DNN and the CM in terms of prediction accuracy, and its

cross-entropy loss is significantly lower than the DNN, although slightly higher than

the CM. The PT-ResNet (𝜆 = 0.0001) and the HD-ResNet (𝜆 = 0.001) outperform

the DNN and their corresponding PT and HD models in terms of both prediction

accuracy and cross-entropy loss. Therefore, some optimum 𝜆 exists for each one

panel, although the optimum values are different across the three scenarios.

TB-ResNets outperform DNNs because of the localization and norm regulariza-

tion in TB-ResNets, and TB-ResNets outperform decision-making theories because

the second stage training of TB-ResNets addresses the misspecification problem in

the CM, PT, and HD models. First, the first stage training in TB-ResNets aids in

localizing the training model, and this localization can help the second stage training

by reducing the estimation error. One extreme example is that the first stage train-

ing has no misspecification error. In this case, the first stage training of TB-ResNets

has almost recovered the correct model, and thus TB-ResNets can outperform DNNs

owing to the smaller estimation error of decision-making theories. The second-stage

training of TB-ResNets is only a local searching centered around the decision-making

model estimated on the first stage, while the training of a full DNN is a global search-

ing in the whole DNN model family. In fact, the decision-making theory is used in

the TB-ResNets in a way similar to the Bayesian prior. When the prior knowledge

is informative, it helps to improve the model generalizability. Second, the 𝜆 term is

implemented as the norm regularization for the parameters of the TB-ResNets. With

norm regularization, the model complexity of TB-ResNets is better controlled. As to

the better performance of TB-ResNets over the decision-making theories, the reason

is more straightforward. While the CM, PT, and HD models are all classical models,
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they must have misspecification problems since they are specified based on expert

knowledge, which is not complete compared to the true data generating process. For

example, the PT relies on only three parameters to capture the risk preference and

the HD relies on only two parameters to capture the intertemporal decision-making,

while real human decision-making can be much more complicated than these par-

simonious theories. Since DNNs have been proved to be a universal approximator

[59, 58, 30], it can be used to fit the utility residuals to address the misspecification

problem in decision-making theories.

4.5.2 Interpretation of Utility Functions

Due to the implicit utility interpretation in DNNs, TB-ResNets can be seen as a

process of automatically augmenting utility functions to handcrafted utility theory

(CM, PT and HD). While DNNs have been widely criticized as "black box" in terms

of its statistical and optimization properties, it is relatively straightforward to show

how inputs and outputs are related by using visualization and sensitivity analysis

[88, 140]. Figures 4-2, 4-3, and 4-4 show how utility values relate to the different

values of inputs. In Figure 4-2, the five graphs on the upper row visualize how the

utility of taking buses varies with the monetary cost (x-axis) and the in-vehicle travel

time (y-axis), and the ten graphs on the lower row visualize how the utility varies

with the monetary cost (x0) and the in-vehicle travel time (x1) respectively, holding

all the other variables constant. The formats of Figures 4-3 and 4-4 are similar to

Figure 4-2 except for the meaning of the variables. In Figure 4-3, the monetary payoff

and winning probability are the x- and y-axes on the upper row and the x0 and x1

on the lower row. In Figure 4-4, the monetary payoff and time are the x- and y-axes

on the upper row and the x0 and x1 on the lower row.

As shown in Figures 4-2a-4-2e, the CM-ResNets as the compromise of the CM

and DNN models can address the problem of irregularity in the DNN models and

the misspecification in the CM model. On the one side, the utility function of the

CM model is very regular, as shown by the decreasing utility values of taking buses

with increasing values of bus costs and in-vehicle travel time, as shown by Figures
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(a) DNN (55.2%) (b) CM ResNet
(𝜆 = 1𝑒 − 10;
56.4%)

(c) CM ResNet
(𝜆 = 0.005; 57.3%)

(d) CM ResNet
(𝜆 = 0.01; 56.8%)

(e) CM (44.7%)

(f) x0 (g) x1 (h) x0 (i) x1 (j) x0 (k) x1 (l) x0 (m) x1 (n) x0 (o) x1

Figure 4-2: Utility Functions of CM-ResNets

4-2e, 4-2n, and 4-2o. While this utility function of CM has regular countours, it is

highly likely the true utility function is more complex than the linear specification,

leading to the large misspecification error and low prediction accuracy of the CM

model. On the other side, the utility function of a DNN model has very irregular

countours. Specifically, as shown in Figure 4-2f, the DNN predicts that the utility

of using buses firstly decreases and then increases as the cost increases, which is not

reasonable. While the DNN model can provide higher prediction accuracy than the

CM model, the irregular utility function generates the difficulty of interpreting the

DNN model in a reasonable way. However, as opposed to both DNNs and CM models,

the CM-ResNets can achieve a desirable compromise between the two models. As the

regularization constant 𝜆 increases, the utility function of CM-ResNets becomes more

regular and similar to the CM model, and as 𝜆 decreases, the utility function becomes

more irregular and thus similar to DNNs. For example, the CM-ResNet (𝜆 = 0.005)

model is similar to the CM model, since it has a relatively regular utility countour and

the utility values decrease as the cost and in-vehicle travel time increase. But unlike

the CM model, the CM-ResNet (𝜆 = 0.005) has richer patterns, which can capture

the real decision-making mechanism better than the CM model. The CM-ResNet

(𝜆 = 0.005) model retains the monotonicity in the utility function, which is more
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reasonable than the DNN model. Therefore, the CM-ResNet model becomes more

interpretable than the DNN owing to the regular local pattern of the utility function.

Both the PT-ResNets and HD-ResNets also present an effective compromise be-

tween the decision-making theories and the DNN models, similar to the findings in

the CM-ResNets. As shown in Figure 4-3, the utility function of the PT model (Fig-

ure 4-3e) is the same as its original theory: the utility function with respect to the

monetary value has a concave shape (Figure 4-3n) and the utility function main-

tains the S-shaped relationship with respect to the winning chances (Figure 4-3o).

The bottomline of the PT utility function is its monotonic increasing property, since

larger winning rates and monetary payoff leads to a higher probability of choosing

the alternative. However, this monotonic increasing property is violated in the DNN

model, as shown in Figures 4-3a, 4-3f, and 4-3g, rendering the DNN model impossible

to interpret. Unlike both the PT and the DNN models, the PT-ResNet (𝜆 = 0.0001)

retains the monotonicity of the PT model and improves it by allowing a richer pattern

augmented by the second-stage training; the PT-ResNet is more interpretable than

the DNN model, as its utility function is monotonically increasing with respect to the

monetary value and the winning chances (Figure 4-3j and 4-3k). As a reminder, this

PT-ResNet (𝜆 = 0.0001) also achieves higher prediction accuracy than both the DNN

and the PT model. In terms of the HD models, the HD-ResNet reveals a similarly

successful pattern, showing richer utility patterns than the HD model and more reg-

ular and interpretable pattern than the DNN model. The utility function is supposed

to increase with higher monetary value and decrease with longer waiting time (more

temporal discounting), as shown in Figures 4-4e, 4-4n, and 4-4o. The best HD-ResNet

(𝜆 = 0.001) retains these patterns with richer details revealed, and is more reasonable

than the DNN model (Figures 4-4a, 4-4f, and 4-4g), in which the utility of one future

payoff increases as the waiting time increases.

There are two reasons why the CM-ResNets, PT-ResNets, and HD-ResNets are

more interpretable than the DNN models. The first reason comes from the weakness

of DNNs in function estimation, in that DNNs can achieve the same high prediction

accuracy with totally different model parameters [19]. As a result, the local utility
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(a) DNN (87.5%) (b) PT ResNet (𝜆 =
1𝑒− 5; 89.3%)

(c) PT ResNet (𝜆 =
0.0001; 89.0%)

(d) PT ResNet (𝜆 =
0.01; 75.8%)

(e) PT (69.9%)

(f) x0 (g) x1 (h) x0 (i) x1 (j) x0 (k) x1 (l) x0 (m) x1 (n) x0 (o) x1

Figure 4-3: Utility Functions of PT-ResNets, PT, and DNNs

(a) DNN (72.8%) (b) HD Resnet (𝜆 =
1𝑒− 5; 75.9%)

(c) HD Resnet (𝜆 =
0.001; 78.5%)

(d) HD Resnet (𝜆 =
0.01; 57.3%)

(e) HD (55.5%)

(f) x0 (g) x1 (h) x0 (i) x1 (j) x0 (k) x1 (l) x0 (m) x1 (n) x0 (o) x1

Figure 4-4: Utility Functions of HD-ResNets, HD, and DNNs

pattern of the DNN model can be very irregular even when it achieves the highest

prediction accuracy. The second comes from the strength of the TB-ResNets. The

utility specification of TB-ResNet equals to 𝑉𝑇 + 𝛿𝑉𝐷𝑁𝑁 , which is a compromise be-

tween decision-making theories and DNNs. The 𝛿 factor in TB-ResNets retains the

flexibility between decision-making theory and DNN. With only a small amount of

utility augmented to 𝑉𝑇 , TB-ResNets provide reliable and interpretable utility spec-

ification, similar to but still different from the decision-making theories. Intuitively,

the decision-making theory is used to stablize the local utility patterns, particularly
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when the 𝛿 factor is small.

4.5.3 Robustness

Similar to the interpretability discussion, the CM-, PT-, and HD-ResNets become

more robust than DNN models. To test the robustness of these models, we used the

fast gradient sign method (FGSM) and the target gradient sign method (TGSM) to

generate the adversarial examples [44, 74]:

𝐹𝐺𝑆𝑀 : 𝑋𝑎𝑑𝑣 = 𝑋 + 𝜖× 𝑠𝑖𝑔𝑛(∇𝑥𝐿(𝑦, 𝑦)) (4.19)

𝑇𝐺𝑆𝑀 : 𝑋𝑎𝑑𝑣 = 𝑋 − 𝜖× 𝑠𝑖𝑔𝑛(∇𝑥𝐿(𝑦𝑡𝑎𝑟𝑔𝑒𝑡, 𝑦)) (4.20)

with varying 𝜖 ∈ [0.05, 0.1, 0.2]. Figure 4-5 shows the prediction accuracy of the

models, with upper row showing the results of FGSM and the lower row the results

of TGSM.

In the two cases of CM and HD models, both CM-ResNets and HD-ResNets are

more robust than the DNN models, as shown in Figures 4-5a, 4-5d, 4-5c, and 4-5f. In

all these figures, the DNN models are much less robust than both the CM and the HD

models, as the prediction accuracy curve of the DNNs decreases much quickly than

that of the CM and the HD models. For example, whereas the prediction accuracy

of the CM model is much lower than that of the DNN model when 𝜖 = 0, that of the

CM model is much higher than that of the DNN when 𝜖 > 0.1. As the CM-ResNet

and the HD-ResNet models are the combination of decision-making theories and the

DNN models, the two ResNets are more robust than DNNs, as shown by the orange

curves lying above the blue curves in Figures 4-5a, 4-5d, 4-5c, and 4-5f. This is quite

intuitive, since the gradients of the CM-ResNets and the HD-ResNets are much better

restricted, as shown in the previous subsection. With smaller gradient values, it is less

likely to identify the adversarial examples for the CM-ResNets and the HD-ResNets

around a small 𝜖 region.

The PT results are different from the CM and HD models, and it is because the

gradients of PT are categorically different from those of CM and HD. While CM and
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(a) CM FGSM (b) PT FGSM (c) HD FGSM

(d) CM TGSM (e) PT TGSM (f) HD TGSM

Figure 4-5: Prediction Accuracy in Adversarial Examples (FGSM and TGSM)

HD theories are designed to have smooth input gradients, PT has very large local

gradients. Specifically, the probability weighting function in the PT model can have

the gradient value close to infinity as the probability value approaches zero. As a

result, the PT model itself is designed to be sensitive to the adversarial examples

that are created by using the local gradient information. This can be seen in Figures

4-5b and 4-5e: the PT models not only have smaller prediction accuracy than the

DNNs as 𝜖 = 0, but also decrease much more quickly than the DNNs. As a result, the

prediction accuracy of the PT-ResNets decrease faster than the DNNs. While usually

this quick decrease of prediction accuracy implies that the system is less robust, here

this is caused by the specialty of the PT. In general, the gradients of decision-making

theories should be smoother than the DNN models, and thus the robustness of the

TB-ResNets should be improved, compared to the DNN models.
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4.6 Conclusion

This study tackles the decision-making problem by synthesizing the theory- and data-

driven methods. We firstly point out that RUM and DNNs are related, since DNNs

have an implicit utility maximization interpretation. This observation enables us to

design a TB-ResNet that synthesizes the decision-making theories and DNN models

by using a linear combination and a two-stage training procedure. Three instances of

TB-ResNets, including CM-ResNets, PT-ResNets and HD-ResNets, are created and

tested on three empirical datasets.

The empirical results demonstrates that TB-ResNets are better than both decision-

making theories and DNN models in terms of prediction accuracy, interpretability,

and robustness, as summarized in Table 4.2. Compared to decision-making theories,

TB-ResNets are more predictive since they incorporate the approximation power of

DNNs and are more interpretable by augmenting utility functions to enrich the reg-

ular but overly simplified utility function in decision-making theories. Compared to

DNNs, TB-ResNets are more predictive owing to their localization and regularization

offered by the first-stage training and more interpretable and robust since they use

the regular utility functions from the decision-making theories to stablize the local

information. These findings are consistent across the CM, PT, and HD scenarios.

CM, PT and HD DNN

Prediction Significant Improvement
(by addressing function

misspecification)

Marginal Improvement (by
localization and
regularization)

Interpretability Significant Improvement
(by augmenting and

enriching utility functions)

Significant Improvement
(by stablizing local

information)
Robustness NA Significant Improvement

(by stablizing local
information)

Table 4.2: Improvement of TB-ResNets Compared to Decision-Making Theories and
DNN

TB-ResNets reconcile the handcrafted decision-making theories and the automat-

ically learnt utility specification, which resonates with many recent discussions. The
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dominant performance of DNNs is owing to its capacity of automatically learning util-

ity specification, named as “end-to-end” systems that can “learn from scratch”, and

this power of automation is treated as its main strength over traditional methods that

rely on domain knowledge to handcraft features [90, 76]. However on the other side,

recently researchers argued that automatic feature learning with zero prior knowledge

seems not a viable approach. Liao and Poggio [78] contended that “being lazy is good,

but being too lazy is not”. In fact, the brittle DNN models indeed need other types of

inputs to make it more interpretable and robust. Our results of TB-ResNets provide

a tangible evidence for the viability of compromising handcrafted and automatically

learnt systems in the context of decision-making analysis.

While these results are promising, readers can improve upon these results in dif-

ferent ways. First, to obtain a more reliable utility specification by TB-ResNets,

it involves careful adjustment of regularization to guarantee the robustness of DNN

models used in the second-stage training of TB-ResNets, and the ideal way to impose

the regularization can be more complicated than the simple 𝐿2 penalty used in this

study. Second, the robustness problem in DNNs can be addressed by using robust

DNN training methods [93, 44, 74, 110], it is unclear whether our approach that uses

domain-specific knowledge is better than the generic robust DNN training methods.

Third, while the augmented utility specification by TB-ResNets can effectively adjust

the decision-making theory, these results still cannot tell scholars how to revise and

improve theories, which are important for the interpretation purpose. TB-ResNets

can be treated as a combination of an interpreter (decision-making theories) and a

predictor (DNNs). The sequential training approach can be seen as the first step of a

game between them. Researchers can further explore how to interact the two parts in

a more interactive and automatic manner. Overall, this study points out a direction

in which theory- and data-driven methods mutually benefit from each other, by using

the inductive data-driven model to enrich utility theory and using prespecified utility

theory to regularize complex data-driven models. Given the richness of DNN archi-

tectures, utility theories, and currently abundant computational power, we believe

these questions will yield more fruitful and interesting research results in the future.
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Appendix I: PT and HD Validation

We validated the individual risk and time preference parameters estimated from PT

and HD models. Table 4.3 shows the summary statistics of the five parameters.

Overall, our results are relatively similar to Tanaka et al. (2010) [127]. The average

values of (𝜆𝑖, 𝛼𝑖, 𝑟𝑖) in PT are (1.654, 0.918, 0.623), as opposed to (2.63, 0.74, 0.61)

in Tanaka et al. (2010). The average values of (𝑏𝑖, 𝑟𝑖) in HD are (0.586, 0.006),

as opposed to (0.82, 0.078) in Tanaka et al. (2010). The slight difference could be

caused by the difference of the estimation procedures. For example, our training

for PT is a parametric estimation applied to the whole population, while Tanaka et

al. used a non-parametric method applied to individuals. The distributions of the

five individual preference parameters are relatively concentrated around the mean

values, and each individual could have different parameters depending on their socio-

economic variables. For instance, while the average loss aversion parameter is about

1.65, the max could be 3.1.

𝜆𝑖 (PT) 𝛼𝑖 (PT) 𝑟𝑖 (PT) 𝑏𝑖 (HD) 𝑟𝑖 (HD)

count 5068 5068 5068 4272 4272
mean 1.654 0.918 0.623 0.586 0.006
std 0.488 0.080 0.054 0.114 0.006
min 0.748 0.562 0.514 0.319 0.001
25% 1.249 0.893 0.584 0.503 0.002
50% 1.578 0.935 0.62 0.593 0.005
75% 2.000 0.973 0.655 0.667 0.009
max 3.178 1.000 0.815 0.913 0.056

Table 4.3: Summary of Five Parameters in PT and HD Models
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Chapter 5

Conclusion and Future Studies

This dissertation examines how to use DNNs for choice analysis. The first essay con-

nects DNNs to classical MNL models with utility interpretation, demonstrating that

it is feasible to derive from DNNs the economic information as complete as DCMs.

The second essay targets the architecture design perspective of DNNs, demonstrat-

ing how to use utility theory to control the global connectivity of the utilities. The

third essay designs a TB-ResNet, which synthesizes any utility maximization theory

and DNNs. The TB-ResNet improves the prediction accuracy, interpretability, and

robustness in comparison to both decision-making theories and DNN models. De-

tailed contributions have been discussed in each essay, so I only summarize the major

contributions of this dissertation at a very high level.

First, this dissertation bridges the perspectives between DNNs and utility theories.

While the two types of theories appear to arise from very different backgrounds, this

dissertation demonstrates their similarity owing to the implicit utility interpretation

in DNNs. As a result, researchers can approach the same choice modeling issue from

two different perspectives. For example, the utility specification is equivalent to the

architectural design of DNNs, so any new DNN architecture implicitly involves a

different utility specification and any new utility specification naturally relates to a

DNN architecture. Researchers can use utility theory to guide the architectural design

of DNNs, as demonstrated in essay 2, or reversely, design new DNN architectures

with high prediction accuracy to provide more insights into utility theory. Hence
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the theory building of PT can be treated as a architecture design problem from DNN

perspectives, and so are the other behavioral theories. The meta-architecture designed

through utility theories is more interpretable than many DNN architectures that are

built with focuses on only higher prediction accuracy. Associated with the similarity

between utility specification and DNN architectures, many other components are also

similar. The soft labels of DNNs are the same as choice probability functions, and

elasticities are just the same as the input gradients of DNNs.

Second, this dissertation lays out a new foundation for using DNNs to analyze in-

dividual decision-making, by contrasting the subtractive perspective in DNNs to the

additive perspective in classical choice modeling. Traditionally, researchers gradually

enrich a baseline model by adding more components and making more assumptions.

This additive approach is understandable in the traditional setting because the base-

line models are typically too simple to capture the reality. However, for DNN-based

choice models, the way to ask questions is opposite. We should ask how to remove

rather than enrich the components in order to improve DNNs. This subtractive rea-

soning is exactly opposite to the classical DCMs. Instead of going from simplicity to

complexity, researchers need to ask how to reduce rather than improve the heterogene-

ity of individuals’ preference, how to regularize rather than enrich local behavioral

patterns, how to impose rather than release monotonicity constraints. The difference

between the additive vs. subtractive reasoning can be formally revealed by using

statistical learning theory. Classical choice models mainly have large approximation

errors, which can only be reduced by enriching models, while DNN-based models

mainly have large estimation errors, which can only be reduced by simplifying mod-

els. To reduce the large estimation errors, researchers can explore any regularization

tool in the DNN framework, including the explicit regularizations such as 𝐿𝑝 penal-

ties, the implicit regularizations such as training time and number of iterations, and

the architectural design such as incorporating more skip connections. The sources of

imposing these constraints typically come from domain knowledge because domain

knowledge is typically associated with certain function classes. For locally regular

information, researchers can use more robust training methods. It is beyond the
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scope of this dissertation to demonstrate all these methods, and future studies should

examine whether these methods can work well in the context of choice analysis.

Third, DNN-based choice models follow the paradigm of prediction-driven in-

terpretation, rather than interpretation-driven prediction, which is the paradigm in

classical choice models. The prediction-driven interpretation approach starts with

model building that seeks to maximize the prediction accuracy, and then invites in-

terpretation in a post-hoc manner. This approach does not rely on the completeness

of experts’ knowledge, but mainly the approximation power of prespecified models,

such as DNNs. Therefore, it can avoid the limitation of domain experts’ knowledge

as well as the misspecification errors that plague any model built through domain

expertise. However, the process of prediction-driven interpretation does not imply

that no domain knowledge is used at all. As discussed in essays 2 and 3, the process

still involves certain pieces of domain expertise. For example, essay 2 uses the knowl-

edge about utility connectivity and essay 3 uses the behavioral model as the first

stage training. But in both cases, the domain-specific knowledge is used in a much

more conservative way than the traditional modeling methods. In both cases, certain

automatic learning capacity from DNNs is at least augmented to improve the predic-

tion power. Therefore, prediction-driven interpretation does not preclude the ex-ante

use of domain-specific knowledge, but at least partially rely on the extraordinary

approximation power of DNN models.

Lastly, each one of the three essays provides very concrete contributions. The first

essay provides an empirical recipe about how to derive all the economic information

from DNNs. Future studies can use the idea in any choice analysis setting. Essay 1

also functions as a gateway study that points out future directions that researchers

can explore to improve DNNs’ interpretability for economic information. One possi-

ble future research direction based on essay 1 is other interpretable information from

DNNs, rather than limiting to only the economic information. The second essay uses

the connection between utility specification and DNN architecture. Since ASU-DNN

follows the long-standing practice of choice modeling, the behavioral contents follow

the IIA constraint and still retain the flexibility owing to the DNNs’ approximation
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power. Theoretically, the perspective of utility connectivity graph points out the

relationship between DNN architectural design and the substitution patterns of al-

ternatives. Future studies can explore how to provide a new theoretical framework to

reframe the classical multinomial logit, nested logit, and mixed logit models, through

the meta-architectural design perspective. The TB-ResNet designed in essay 3 can

be used to combine any decision-making theory and DNN models for a wide range of

applications. Note that this TB-ResNet can be treated as one step dynamic between

theory- and data-driven methods, and future studies can explore further dynamics

between the two parts to simultaneously facilitate the improvement of theory and

DNN models.

This dissertation is restricted to (1) the simplest feedforward DNN out of a large

family of DNN models, (2) prospect theory and hyperbolic discounting models out of

a large family of decision-making theories, (3) one DCM model out of a large family

of econometrics models, and (4) one travel mode choice out of a vast number of indi-

vidual decision-making applications. Varying each component can lead to a different

research agenda. For example, future studies can investigate the combination of recur-

rent neural networks (RNNs), temporal decision-making theory, time-series economet-

rics models, and sequential consumption choice, answering the question about how to

synthesize temporal decision-making rules and RNNs. Future studies can also explore

the combination of CNN, panel regression, and paneled locational choice, answering

the question how to use CNN to reframe panel regression in the case of housing lo-

cational choice. In addition, future studies can also explore using new information

formats in choice analysis by including 2D matrix/image, 3D matrix/space/buildings,

1D ordered vector/text, or graphs. Using new information formats appears an appeal-

ing research direction because people naturally read texts or images before making

decisions. The unstructured data such as images and texts are also the key to unleash

the full predictive power of DNNs. It is impossible to enumerate all possible future

studies, and I hope future researchers can improve upon this dissertation and iden-

tify more interesting perspectives, models, and applications for choice analysis with

DNNs.
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