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Smart, personal devices that interact with individuals make it possible to trigger desired

behavioral changes with personalized incentives. Personalized incentives are the incentives

that suit an individual’s preferences. In this dissertation, individual preferences refer to a

set of parameters describing how the individual values each influential factor in a travel

alternative. To trigger behavioral changes with personalized incentives, a model that can

accurately and efficiently estimate an individual’s preferences from his behavior data is

required.

Two challenges exist in individual preference learning. For the first, the number of

observations available from each individual for individual preference learning is limited.

This issue causes difficulties in preference updating. For the second, the observability of

the choices made is limited. This is because that it is not possible to directly observe the

preference parameters – the only information that can be observed is an individual’s choice-

making behavior. The two challenges prevent the use of traditional preference-learning

techniques such as advanced econometric models (e.g., discrete choice models) derived from

Random Utility Maximization (RUM) [19].Other techniques such as machine learning also

cannot be applied for similar reasons [116, 137]. New methods are needed for individual

preference learning.



This dissertation contributes to the existing literature in travel behavior studies by

proposing individual preference learning methods such that personalized incentives could

be accurately estimated to trigger behavioral changes, and proposing a design of an online

experiment to collect travel behavior data. Specifically, two research questions are of inter-

est:

(1) What methodology could be used to learn an individual’s preferences with only a few

observations of choices made by him?

(2) How to collect individuals’ choice data to test the method proposed in the dissertation

in terms of triggering individual behavioral changes with personalized incentives? In the

dissertation, the behavior data is collected via a carefully designed online experiment utiliz-

ing the AMT (Amazon Mechanical Turk) platform. Considering the validity and reliability

of the data, the dissertation contributes to the travel behavioral study in:

(1) a full factorial design of a randomized experiment with two factors (commuting time

and work flexibility, each with three levels) utilizing the online platform of AMT (Amazon

Mechanical Turk) to collect individuals’ travel choices on departure time in a sequence of

hypothetical scenarios, and

(2) a design of data quality control strategies, which refers to the design of some methods

to reduce and identify the low-quality data collected in the experiment.

These data quality control methods, such as understanding check, response consistency

check, responding time record, and social desirability scale, can be applied to other online

experiments and behavioral studies.

To learn an individual’s preference from a few choices made by him, a model structure

that integrates a time-varying model and the collaborative learning model is proposed in

the dissertation. The time-varying model is used to replace the original constant preference

parameter to a time-dependent function, allowing an individual’s preferences to fluctuate

in his choice-making process. The collaborative learning model can exploit the underly-

ing canonical structure of individuals’ preference variation in a heterogeneous population.

Specifically, the collaborative learning model could identify several patterns of preference



changes (known as ”canonical models”) that exist in the population. With the canonical

models, each individual’s preference change can be expressed by a linear combination of

all those canonical models. Considering the model’s computation time, an online updating

strategy for the proposed model is also proposed, such that individual preferences could be

learned accurately and efficiently. Detailed specifications of two different formulations of

the time-varying model are presented in the dissertation, with some explorations on model

properties with simulations. The models are also applied to the real-world dataset collected

in the online experiment. Results show that the proposed models can achieve higher accu-

racy in parameter learning and behavioral prediction than traditional preference learning

models such as the logit model and the mixed logit model.
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Chapter 1

INTRODUCTION

1.1 Research motivation

1.1.1 Personalized alternatives in triggering behavioral changes

Let’s see two stories first.

Loki drives to work every morning. He departs from his home at around 8 : 00, and

arrives at his office at 8 : 45− 8 : 50. In the afternoon, he leaves his office at 5 : 00. Usually,

it takes him about 30− 35 minutes to drive back home.

Kabie also drives to work every day. She leaves her home at 8 : 00 in the morning, and

leaves her office at 5 : 30 in the afternoon. Typically, her commuting time is about 20− 25

minutes. Loki and Kabie are just two commuters in Seattle who drives alone to work and

suffer from the bad traffic during peak hours every day. In fact, Seattle ranks the 2nd worst

commuting time among 62 cities in the U.S., having 44% of its residents commuting to

work by driving alone in a car, truck or van [151]. Since driving alone, or solo driving, is

widely known as an unsustainable travel mode that produces congestion and pollution, it is

expected that the traffic congestion could be relieved if we can persuade those solo drivers

to change their travel behaviors, e.g., to switch from driving alone during peak hours to

taking public transit or to travel at non-peak period.

Now, if you are asked to persuade drive-alone commuters to change their travel behaviors,

what would you do? Or, let’s consider a simpler question, how could you persuade Loki

and Kabie to change their behaviors?

It is for sure that given the limited information above, we almost know nothing about

the two commuters. This always happens when traditional generic incentives are provided

in Transportation Demand Management strategies: we toll the freeway during peak hours

or according to the traffic conditions; we set HOV and HOT lanes to encourage car-sharing;

or we provide monthly pass of public transit to facilitate mode switch [151, 155, 43]. While,
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at the group level, we know that a certain percentage of the individuals would change their

behaviors in response to these strategies, we have limited individual-specific knowledge

about a specific driver, and could barely predict whether he would like to make the change

if a certain strategy is provided. In our circumstance, we may not be able to tell whether

Loki would be willing to take public transit if we provide a free pass to him, or whether

Kabie would consider leaving home 50 minutes later than she usually does if we tell her

that the traffic on the road could be much better at that time.

Let’s try to get some more information about our two commuters. Loki’s office is in

downtown Seattle, which is 13 miles away from his home located in North Seattle. He has

flexible working schedules, but every morning, he needs to drop his children off at a school

near his home. It is his wife’s responsibility to pick up the children in the afternoon, and

the whole family always have dinner together. Kabie lives in a neighborhood which has a

lake and several small parks. Her office is about 5 miles away from her home. She lives

together with her dog. At weekends, she always walks her dog in the parks.

Getting a little bit more information about the commuters would help us provide more

suitable alternatives, which are the alternatives promoted after taking individual-specific

information, i.e., his constraints and preferences, into consideration. An individual’s pref-

erences here in travel choices refer to how the individual values different influential factors

(such as travel time, travel cost) when he considers whether to select an alternative, which

will further impact how attractive the alternative is for him. For example, we may know

that Loki is likely to have low sensitive on departure time changes and the mode of transit,

since he is responsible for sending his children to school and may not be willing to be absent

from the dinner with his family. Therefore it is hard to persuade him to change behaviors by

providing free transit pass or suggesting him to depart later. Route change may be possible

for Loki if we provide some extra incentives as a compensation. Similarly, Kabie might be

able to switch mode if incentives are provided, given her positive preferences on outdoor

activities.

Assume that we have chosen another route for Loki, which also goes by his children’s

school (i.e., this new route won’t impact him on sending children to school) but will be 2.5

miles longer than his original route. Let’s further assume that we can use cumulative reward
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points as incentives, which could be redeemed to digital monetary credits and exchanged to

services in many online stores. Now the question becomes: how many incentives should we

provide to him? Similarly, how many points should we award to Kabie if we suggest her to

bike to work?

1.1.2 Personalized alternatives, individual preferences, and personalized incentives

What we are doing to Loki and Kabie now is to shift individuals’ travel behaviors via per-

sonalized travel alternatives and incentives, which is also the goal of an existing personalized

system Tripod [9, 10, 165]. For system Tripod, personalization means identifying an alterna-

tive set unique to an individual according to his trip request and the utilities of alternatives

are calculated with the preferences learned from his historical behaviors. The personal-

ized system allocates incentives according to the contribution of the individual’s behavioral

change to the entire network that is predicted with micro-simulation of the network system

[9, 10]. With Tripod, the personalized amounts of incentives provided to Loki and Kabie

would be decided by the degree to which their behavioral changes can help relieve traffic

congestion, reduce air pollution, or save energy.

It could be seen that for Tripod, behavioral consideration on whether the incentive is

attractive enough for the individual to accept the promoted alternative(s) is not accounted

for. This is exactly what this dissertation aims to achieve by determining the right amount of

incentives such that the probability of the individual’s accepting the promoted alternative

is greater than a set threshold (e.g., 60%). In other words, by providing this type of

personalized incentives, we are able to tell the probability of Loki’s or Kabie’s accepting

and behavioral changing.

Ideally, both behavioral and system-level considerations shall be accounted for when

providing personalized incentives. System-level considerations are not incorporated and

they relate to, for example, deciding which promoted alternative(s) shall be presented to

which individual, minimizing total reward points given subject to a minimum threshold

improvement in system performance, or addressing equity concerns such that reward points

are not doled out to favor those who may manipulate the system for more rewards. Achiev-
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ing these system-level goals at the same time would require significant research that goes

significantly beyond the current scope of the dissertation, which aims to address challenges

at the individual level, or more specifically, learning individual preferences for personalized

recommendations. Some preliminary results with system-level considerations are presented

in paper [194].

Again, how many reward points are needed for the two commuters to change behaviors

requires us to know their preferences. Let’s give a more clear definition of the “individual

preferences”:

The individual preference refers to a set of parameters βr (r ∈ 1, 2, . . . , R),

each of which describes how the individual values an influential attribute xr

of a travel alternative (R gives the total number of influential attributes of an

alternative, e.g., trip cost, trip time, reward points).

If we know how Loki values his travel time and the reward points, we may be able to provide

him incentives that could make him feel the promoted alternative is attractive. For instance,

we may be able to tell him: “Hi Loki! Would you like to have a one-month subscription of

Disney+ for free? You only need to drive this route to your work for 10 times this month

and gain 100 points!” Similarly, we may also be able to nudge Kabie: “Consider riding

to your work for 5 days! You could gain 50 reward points, which equals to 5 coupon in

PetSmart for your dog!”

It can be imagined that with these personalized incentives, the probability of Loki and

Kabie’s acceptance will be significantly higher than that with generic incentives. If we can

provide incentives to all those drive-alone drivers, more people may switch to sustainable

travel behaviors. The key task in providing personalized incentives is to learn each indi-

vidual’s preferences, namely, to know how each values different influential factors in his

choice-making process. This task requires to consecutively interact with each individual,

obtain his data, and learn his preferences with a model. In the past decade, the rapid

proliferation of smart, personal devices has not only generated enormous data that allow us

observe people’s travel trajectories in time and space at an unprecedented scale [32], but also

provided a medium that revolutionized the interactions between people and devices. Today,

personalized interactions with individuals are a reality, and how to learn each individual’s
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preferences from his data is an essential problem in the whole process.

1.2 Challenges in individual preference learning

Two challenges exist in individual preference learning. The first challenge is the limited

number of observations available to the learning system, since a single individual can only

generate a few observations [194]. This challenge prevents the use of traditional preference-

learning techniques such as advanced econometric models (e.g., discrete choice models)

derived from Random Utility Maximization (RUM) [19]. Preferences estimated from such

models represent averages for a sample or a group, thus not satisfying the personalization

goal. Even regressions with only an individual’s data are difficult to apply due to the

limited number of observations. Other techniques such as machine learning cannot be

applied for similar reasons [116, 136, 137]. Also, machine learning techniques do not provide

explanations for decision-making choices, even though their prediction accuracy can be high

[128].

Additionally, this challenge is an obstacle to capturing preference changes. An individ-

ual’s preference may not be stable or unchanged, but vary along with the choice scenarios

or gradually evolve with personal experiences [21, 97, 81, 104], capturing preference changes

may be the key point in preference estimation and behavior prediction. However, since an

individual’s preference can change even when he makes one choice, the issue of the limited

observations also exists in the preference updating process. Regression models with only an

individual’s data are not applicable because the estimates of these models are the averages

for a period rather than the preference at the latest time step.

The second challenge is the lack of observability: given two alternative choices one

being the default choice (0) and the other being the promoted one (1), based on RUM,

we can write the probability of choice (1) being selected as p1 = Pr(U1 > U0), where

Ui = Vi + εi(i ∈ 0, 1) and is the utility associated with choice i, with Vi as the measurable

systematic utility (Vi =
∑

k βkxk), and εi as the random utility [19]. Unfortunately, none

of the key terms in this setup (p1, Ui, or Vi ) can be directly observed. The only piece

of information that is directly observed is whether the individual accepts or rejects the

promoted choice. This observable choice contains limited information, since if choice (1) is
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selected, it means p1 ∈ (0.5, 1), which can be the result of many possibilities for βk.

This dissertation aims to propose methods that could learn an individual’s preferences

with only a few observations of his choices.

1.3 Research question

This dissertation aims to answer the question: How to learn and update an individual’s

preference with only a few observations of his choices available?

Two sub-questions are closely related to the research question:

1. What methodology could be used to estimate individual preference with only a few

observations of choice made by him?

2. How to collect people’s choice data to test the method proposed in the dissertation in

terms of triggering individual preferences with personalized incentives?

1.4 Overview of the methodologies in the dissertation

1.4.1 Personalized control system and the particle filter model in individual preference

learning

A personalized control system that can interact with each individual is designed to learn

individual preference, such that it is possible to trigger the desired behavioral change by

providing personalized incentives, rather than generic incentives implemented in traditional

TDM strategies. The system is able to consecutively provide sustainable alternatives with

personalized incentives to the individual, obtain his responses, and learn/update his prefer-

ences from his choices. To achieve this, three modules in the system work sequentially: (1)

At each time step, when an individual submits a trip request, a promoted sustainable travel

alternative with personalized incentives are presented to the individual in module PRE-

DICTION, together with the default travel option. The personalized incentive is calculated

based on RUM, given the attributes of the alternative and his preference estimated at the

previous time step. (2) The individual’s response, e.g., the choice he makes, is captured in

module MEASUREMENT. (3) With the individual’s choice and the alternatives presented
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to him, his preference is learned and updated in module UPDATE by a preference learning

algorithm embedded in the system. Again, the updated preference parameters are sent to

the PREDICTION module to estimate the personalized incentives at the next time step.

To tackle the challenge of learning with a limited number of observations, the particle

filter is adopted in the preference learning algorithm in module UPDATE in [194], which

is a bayesian approach in parameter estimation and can update the estimates with only

one new data point. To tackle the challenge of lack of observability, an additional piece

of information is solicited in module MEASUREMENT: besides the choice, the individual

is also asked to estimate the level of attractiveness of the proposed alternative with a

scale. Moreover, the “divide-and-conquer” strategy is also adopted in module UPDATE

with carefully designed alternatives presented to the individual, such that it is possible to

estimate only one parameter at each time the learning algorithm runs.

Though the preference learning algorithm based on the particle filter can tackle the chal-

lenge in individual preference learning, there is still plenty of room for improving the learning

model in module UPDATE. For the first, soliciting additional information on the utility ra-

tio increases the burden of the respondents. Ideally, we hope that the learning algorithm

can learn an individual’s preferences from his choices, which means that the individual only

needs to make selections in the choice scenarios. For the second, the individual preference

learning algorithm based on particle filter approach only utilizes ”individual-level” informa-

tion, while ”group-level” information in the whole population is not considered. Preference

learning with individual-level information means that the learning is based on a person’s

data, including the choices he has made and the contexts of those choices. It focuses on

individual uniqueness, and the underlying hypothesis is that each individual has his pe-

culiar tastes toward various factors that matter in a choice scenario. Preference learning

with ”group-level” information means learning combines many individuals’ data, including

their choices, the contexts of those choices, and individuals’ characteristics and behavioral

history. It focuses on the similarity between individuals, and the underlying hypothesis is

that there is at least a certain degree of commonality in preferences shared by multiple indi-

viduals. In this dissertation, it is believed that both hypotheses are likely true to a certain

extent, and possible models that can utilize information in both levels are proposed. It
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might help improve individual preference learning accuracy if knowledge from the massive

individuals’ data is also extracted in the preference learning process. For the third, the

“divide-and-conquer” strategy requires carefully-designed promoted alternatives (at least in

the first few choice-making scenarios) to make sure all the preference parameters can be

learned and updated by the algorithm. It could be imagined that in the real-world situation,

the promoted alternatives are likely to be decided by the real-time traffic conditions, rather

than being deliberately designed. For the fourth, the preferences learned by particle filter

model, or even by simple logit regressions, are highly unstable. The learned preferences

can be seen as stable if they are in a reasonable range without many unexpected extreme

values in the learning and updating process. Since the data that can be used in the learning

process is limited, the influence of the noise becomes significant in models such as particle

filter and logit regression, which may result in extreme values that are significantly different

from other values even in order of the magnitudes. The particle filter model we used in the

online experiment deals with this problem by manually setting reasonable ranges based on

domain knowledge and a hypothetical budget, yet this may cause loss of the information

and may not be applicable if the domain knowledge is not known.

Considering these four problems, other possible methodologies that could be used to

learn individual preferences in module UPDATE are needed.

1.4.2 Online experiment

To test the system’s performance in terms of triggering behavioral changes by learning indi-

vidual preferences and providing personalized incentives, an online experiment is designed

and conducted to collect individuals’ stated choices in the real world. The performance of

these models is evaluated by the percentages of the models’ correct predictions on individ-

uals’ choice-making behaviors towards the promoted alternatives.

Considering the validity and reliability of the data collected in the online experiment,

the design of the experiment includes two parts: (1) the design of the online experiment,

and (2) the design of data quality control, which refers to a design of methods to reduce and

identify the low-quality data collected in the experiment. The first part is related to data
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Table 1.1: Table of notations.

Notation Meanings

i Individual i

j, J Alternative j, alternative l, where j ∈ (1, 2, . . . , J)

r,R Can be in circumstances when referring to the rth attribute of an alternative,

or rth dimension of the preference vector, where r ∈ (1, 2, . . . , R)

k,K The kth canonical model in a collaborative learning model, where k ∈ (1, 2, . . . ,K)

Uijt Utility of alternative j for individual i at time step t

xit Vector of the attributes in choice scenario t (the binary choice at time step t)

for individual i

βi Vector of parameters/preferences of individual i corresponding to all attributes

ε Random term drawn from a certain distribution

Vijt Systematic utility of alternative j for individual i at time step t

Pijt Probability for individual i choosing alternative j at time step t

yit The choice made to the proposed alternative in the binary choice at time step t

by individual i. The individual accepts the alternative if yit = 1

∆V01 Difference between V0 and V1
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validity, which is the design of the scenarios and experiment groups. In the experiment,

each individual is asked to make binary choices to a hypothetical scenario sequence, in which

he needs to decide when to depart for work. Two factors are considered influential when

deciding random groups: typical commuting time, work (arrival time) flexibility level. Each

factor is categorized into three levels, forming nine groups in the full factorial design of the

randomized experiment. The second part is related to the reliability of the data collected.

Since the experiment is conducted online, and the respondents are recruited from AMT

(Amazon Mechanical Turk) platform, several reasons may result in low-quality responses in

the experiment:

1. Respondents do not understand in the hypothetical background setting.

2. Respondents are motivated by receiving payment for participating in the experiment.

3. Respondents tend to respond in a socially desirable way.

Considering these possible reasons, several checks are designed and applied in the experi-

ment. These include questions checking the respondents’ understanding of the background

settings, the consistency in an individual’s responses, the responding time, and a social de-

sirability scale. The design of the behavioral experiment, especially the design of the checks,

significantly helps reduce low-quality data in the experiment. Simultaneously, it contributes

to behavior data collection by providing possible methods to control data quality in the be-

havioral experiment.

The the real-world dataset collected in online experiment is used to test the performance

of the individual preference learning models proposed later in this dissertation. The per-

formance of the model refers to the percentage of the individual accepting the promoted

alternative (for the particle filter model which is already used in the system), or the per-

centage of the correct prediction on the individual’s behavior (accepts or rejects) given the

promoted alternatives (for other models).
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1.4.3 Individual preference learning utilizing collaborative learning model

Regarding the limitations listed earlier in Section 1.4.1, this dissertation proposes to inte-

grate a time-varying model and a collaborative learning model. The time-varying model

integrated replaces the original constant preference parameter β to a time-dependent func-

tion β(t), allowing an individual’s preferences to fluctuate in his discrete choice-making

process. Specifically, while in the traditional logistic model, the probability of the proposed

alternative being chosen in the tth binary choice (the binary choice at tth time step) by

individual i (yit = 1) is
exp(βT

i xit)

1+exp(βT
i xit)

(xit is the differences of the attributes between two alter-

natives at time step t), in this dissertation, βi is converted to a time-dependent model βi(t),

which may change with t. The basic idea of the collaborative learning structure is to exploit

the underlying canonical structure in individuals’ preference variation of a given population

with heterogeneity [112, 111, 113]. The canonical structure can be seen as a system used to

express and represent all the individuals’ preference variations in the dataset. In a canonical

structure, several preference variation patterns (called “canonical models”) can be identi-

fied from the whole dataset, and each individual’s preference variation is then represented

by a combination of those common patterns. In the current study, collaborative learning

model splits the learned preferences into two parts: (1) canonical models in the format of

the time-dependent model β(t), which represent the common time-varying patterns/types

of preference identified from all the individuals in the population, and (2) a membership

vector1, representing the degrees of the resemblance of the individual’s preferences to those

canonical models. With the structure, each individual’s preference is presented with a lin-

ear combination of all the canonical models, which means that it integrates the group-level

similarities (represented by canonical models) and individual-level personality (represented

by his membership vector).

The integrated model deals with the first challenge in individual preference learning

by introducing group-level information into individual learning. From the perspective of a

1There could be several membership vectors for each individual if the preferences have multiple dimen-
sions, i.e. if there are multiple attributes that matter in the decision-making process, as shown in this
dissertation in Chapter 5. In general, the number of the membership vectors, or the formulation of the
membership vector, is decided by the formulation of the canonical models.
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single individual, more information is brought in his preference learning process. The model

deals with the second challenge by utilizing the log-likelihood function of the binary logit

model. The integrated model described in the previous paragraph is a general structure

of the model. In this dissertation, the integration of β(t) and the collaborative learning

model is first preliminarily illustrated with β(t) being a polynomial model. The purpose is

to present how a time-varying preference model could be integrated with the collaborative

learning model. Choosing β(t) as a polynomial model in the illustration is because, for

the first, the polynomial models allow to express time-dependent variations, while the only

influential variable is t. This simple model is effective and can capture patterns in a range

of applications. For the second, to further show that the polynomial model could capture

preference changes in an individual choice-making process, some regressions have been run

with individual preferences learned by the particle filter model embedded in the online

experiment. The regression results show that polynomial models can fit an individual’s

preference data statistically significantly.

Though the polynomial model could capture the changes in preferences over time, it is

not the best model to describe the preference changes. To select a better model of β(t) that

could describe the preference changes in the choice-making process, this dissertation further

proposes to use a time-invariant model as β(t). Literature suggests that an individual’s

preference may vary according to the choice scenarios or evolve gradually with personal

experiences [21, 97, 81, 104]. Thus, in a proposed model of changing preferences following

the formulation of a time-invariant system, β(t) is impacted by both β(t − 1) and the

attributes in the scenarios at the time step t.

The integrated model is able to (1) learn each individual’s preference utilizing both

individual-level and group-level information, (2) learn and update an individual’s prefer-

ences given only one or a few observations available from him, (3) capture or allow an

individual’s preferences to vary over time in the individualized modeling, (4) have no re-

quirements on scenario design in the learning process, and (5) only need individuals to

make selections, i.e., no other responses required. This model structure meets all the needs.

However, this method is computationally costly. The integrated model can be solved with

a parameter estimation algorithm similar to the parameter estimation algorithm presented
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in [111, 112, 113], with which all the parameters in the canonical models and membership

vectors could be estimated. When a few new observations are available, and an individ-

ual’s preference needs to be updated, the new estimates can only be obtained by re-running

the whole model and re-estimating all the parameters in canonical models and membership

vectors. In other words, considering the computational cost, the algorithm can be ineffi-

cient when the population is large, but only several parameters might change and need to

be updated. Thus, a two-stage (online and offline stages) parameter updating strategy is

proposed in the dissertation, in which the online-updating algorithm can be used to just

update the individual-specific parameters without the need to re-estimate the whole model.

The assumption of the two-stage updating method is that the common patterns/types of

individual preferences (i.e., the parameters in canonical models) shared by all individuals

in the population would not change significantly in a short time, thus do not need to be

updated frequently. We call the updating process “online updating” when only part of the

parameters, i.e., an individual’s membership vector, are revised while the canonical models

are fixed. Accordingly, “offline updating” refers to the process when all parameters are

updated with the iterative updating method used by the original collaborative learning

model. In practice, the online updating process can take place several times each day for

an individual, while the offline-updating may only happen periodically, e.g., once a week

or so. In this dissertation, the two-stage updating strategy is applied to the parameter

estimation process of both integrated models, which are further tested with simulations and

the real-world dataset collected in the experiment.

1.5 Contributions

The main contribution of this dissertation includes:

1. The dissertation proposes a model structure integrating a time-varying preference

model and the collaborative learning model such that it is possible to learn and update

an individual’s preference given only a few choices available from the individual.

2. To deal with the computation pressure in individual preference updating, the dis-

sertation proposes an online-updating strategy for the learning model, such that an
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individual’s preferences can be estimated accurately and efficiently.

3. The dissertation proposes a design of an online experiment, showing a way to conduct

and collect data for behavioral study. More importantly, the dissertation proposes

a series of checks that can be used in the online experiment to control data quality,

which is essential in online experiment and behavioral study.

1.6 Dissertation outline

The dissertation presents the work mainly in six chapters:

Chapter 2 delivers a literature review on relevant studies. The relevant studies include

three main parts: (1) A brief introduction of RUM theory and the binary discrete choice

model, which is based on the choice-making model we use in the dissertation. (2) A brief

introduction of the Choice-Based Conjoint analysis, which is a commonly used preference

learning method for choice-making behavior. A discussion on why the Choice-Based Con-

joint analysis is not appropriate for the dissertation’s problem is also presented. (3) The

collaborative learning model adopted in the dissertation and the Latent Class Choice Model

is compared, where the latter is also used in choice behavior analysis and has a similar struc-

ture with the collaborative learning model.

In Chapter 3, we describe a personalized control system, with which promoted alterna-

tives could be presented to the individuals, the choice data could be obtained, and individual

preferences could be learned and updated. We present the three modules of the system,

along with the flowchart and the necessary details.

With the personalized control system, an experiment is designed and conducted to test

the system’s performance and collect a real-world dataset. The design of the experiment is

elaborated in Chapter 4. The experiment mimics the personalized control system’s interac-

tion process, sequentially presenting choice scenarios to each individual and collecting his

responses. After basic data cleaning and data processing steps, the dataset is used to test

the performance of the models proposed in the following sections.

With some illustration of the collaborative learning model, Chapter 5 presents the inte-

gration of a time-varying preference model with the collaborative learning model to capture
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preference changes in the sequential choice-making process. In this chapter, the polynomial

model with only one variable is used as the time-varying preference model to capture the

changes of an individual’s preferences. The polynomial model describes the trajectories of

the preferences over time in the sequential choices, thus allows the preferences to change in

the process. The model specification, parameter estimation algorithm, and the simulation

results are presented in the chapter.

The model specification of integrating the collaborative learning structure and a time-

invariant model is presented in Chapter 6. The time-invariant model describes how the

attributes impact the preferences in each scenario and how the preferences evolve. The

parameter estimation algorithms and the simulation results of both models are presented

whereafter.

The last chapter provides a summary and a discussion of the works presented in the

dissertation, including limitations, possible reasons, and other related issues. The discussion

chapter also proposes future research directions.
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Chapter 2

LITERATURE

2.1 Discrete Choice Model and Random Utility Maximization Theory

One of the most widely accepted models, the discrete choice modeling, is used to describe

and predict the probability of selecting a choice from a finite choice set in a probabilistic

fashion, based on the Random Utility Maximization (RUM) theory [174]. It is the basic

assumption of the choice-making behaviors in the dissertation, and the basic choice-making

model in the various preference learning models presented in later chapters. In this sub-

section, a brief introduction of RUM and the binary discrete choice model is presented.

2.1.1 Random Utility Maximization (RUM)

Assume that an individual is facing J alternatives in a choice-making scenario. For the

individual, each alternative j has a certain level of utility, denoted as Uj . The utility is a

concept quantifying the attractiveness of an alternative in a choice scenario. The utilities

of all the alternatives are known to the individual but not by a researcher. The individual

chooses the alternative that provides the greatest utility, i.e., the individual would choose

alternative j if and only if Uj > Ul (∀j 6= i) [174].

From the researcher’s perspective, the individual’s choice behavior among a finite set

of alternatives may be influenced by a number of factors, including some socioeconomic

and socio-demographic characteristics of the individual, the influential factors in each al-

ternative, and the external environments. We denote the attributes of all these factors as

xr, r ∈ (1, 2, ..., R). With a set of parameters βr quantifying the effects of these factors, the

researcher can specify a function to express the utility the individual obtains if he chooses

alternative j: Vj =
∑

r βrxjr (the systematic utility).

Notice that here the utility captured by the researcher Vj and the utility known to

the individual himself Uj are denoted differently. Because that there are aspects of utility
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that the researcher does not or cannot observe, the two utilities are different and have a

relationship of Uj = Vj + εj , where εj captures the factors that affect the utility that is

known to the individual but is not included in Vj [174].

Given Uj > Ul (∀j 6= i), the probability statements in the individual’s choice-making

process can be written as:

Pj ≡ P (The individual choosing alternative j over alternative l)

= P (Uj ≥ Ul) ∀j 6= l ∈ (1, 2, ..., J)

= P (Vj + εj ≥ Vl + εl) ∀j 6= l ∈ (1, 2, ..., J)

= P (Vj − Vl ≥ εl − εj) ∀j 6= l ∈ (1, 2, ..., J)

(2.1)

As the researcher has no knowledge on εj ,∀j ∈ (1, 2, ..., J), he may assume that εj is

random. Typically, εj is assumed to follow a Gumbel or normal distribution, respectively

[174]. The logit model is derived under the assumption that εj follows the Gumbel distri-

bution. This is out of consideration for the calculation to obtain a closed-form expression

for the integral of the joint distribution of the random εj [174]. Probit model assumes that

the distribution is normal [174].

2.1.2 Binomial logit model

The binary logit model is used when there are only two alternatives for an individual to

select. Since all the choice scenarios are binary choices in the dissertation, a brief intro-

duction of the binary logit model is presented in the following. The reason of using binary

choice scenarios in the dissertation is that binary choice problem is believed to be the basic

problem in choice-making behavior study, as multi-choice problems can all be seen as a

combination of a sequence of several binary choices.

Suppose that the utilities of the two alternatives (0 and 1) in a binary choice scenario

are U0 and U1, respectively, for an individual. Following Equation 2.1, the probability

statement in binary choice scenario is [174]:
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P0 = P (U0 > U1)

= P (V0 + ε0 > V1 + ε1)

= P (V0 − V1 > ε1 − ε0).

(2.2)

With logistic model specification, the probability for an individual to choose alternative

0 is [174]:

P0 =
exp(V0)

exp(V0) + exp(V1)

=
1

1 + exp(V1 − V0)

=
1

1 + exp(β(x1 − x0))

=
1

1 + exp(β∆x)

(2.3)

The utilities V0 = βx0 and V1 = βx1 are the constant parts of the utilities of the two

alternatives. From Equation 2.2, it can be seen that only the differences of the utilities

matter in the choice-making process [174]. In other words, in the binary logit model,

the attribute of each influential factor is the difference between the attributes of the two

alternatives, x1−x0 = ∆x. Since all the choice scenarios are binary choice questions in the

dissertation, let the two alternatives in each scenario be alternative 0 (default alternative)

and alternative 1 (promoted alternative). For simplicity, the ∆ notation in the probability

function 2.3 will be omit hereafter. In other words, in the dissertation, all the attributes

x in the models refer to the difference of the corresponding attributes in alternative 1 and

alternative 0.

Given that the binary logit model is used in the whole dissertation, it is also necessary

to explain how the estimates are obtained for the binary logit model. The binomial logit

model’s estimation uses the Maximum Likelihood Estimation (MLE), with which the es-

timated parameters for β have the greatest likelihood/probability to obtain the observed

choices [174].

Let’s use an example to illustrate the estimation method. Assuming that we have M

observed binary choice behaviors (y1,x1), (y2,x2), ..., (yM ,xM ) for an individual, where
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ym ∈ (0, 1) refers to the alternative he selects, and xm refers to the vector of the differences

between the attributes of the two alternatives. We would like to predict his choice-making

behavior with a binary logit model. For each observation m, assume that P (ym = 1) =

exp(xmβ)
1+exp(xmβ) , and P (ym = 0) = 1− exp(xmβ)

1+exp(xmβ) . The likelihood function could be formulated

as [174]:

L(y|x;β) =
∏

m∈M+

exp(xmβ)

1 + exp(xmβ)

∏
m∈M−

[1− exp(xmβ)

1 + exp(xmβ)
] (2.4)

where M+ refers to the observations for which ym = 1, and M− to the observations for

which ym = 0.

The log likelihood function for the example is [174]:

lnL(y|x;β) =
M∑

m=1

{
ym ln

exp(xmβ)

1 + exp(xmβ)
+ (1− ym)[1− ln

exp(xmβ)

1 + exp(xmβ)
]

}

=

M∑
m=1

{
ym[xmβ − ln(1 + exp(xmβ))]− (1− ym) ln(1 + exp(xmβ))

} (2.5)

The MLE of β maximises the log-likelihood function of Equation 2.5. In the dissertation,

the objective functions of the optimization problems of the two proposed integrated models

are formed according to the log-likelihood function of the binary logit model. In the following

chapters, how the log-likelihood function is deduced will no longer be presented.

2.2 Comparison of the Latent Class Choice Model (LCCM) and the Collabo-
rative Learning Model

As briefly introduced in the first chapter of this dissertation, collaborative learning model

has a canonical structure, with which a set of canonical models are identified from all the

individuals’ data representing the common preference patterns, and a membership vector

is identified for each individual representing the degrees of the resemblance of the individ-

ual’s preferences to those canonical models. This structure may look similar to some people

familiar with the latent class choice model (LCCM), which is also used for choice behavior

analysis and assumes that there is unobserved preference heterogeneity among the popu-
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lation. This subsection will present a brief comparison between the collaborative learning

model and the latent class choice model.

The latent class choice model posits that an individual’s discrete choice behavior depends

not only on the attributes in a choice scenario, but also on the latent preference heterogeneity

that varies with factors that can not be directly observed by the analyst [73]. Thus, LCCM

assumes that there are group-level preference classes, and each individual belongs to one

of them. When identifying the classes with the choice data, LCCM assigns a membership

vector to each individual, representing the probabilities of the individual belonging to those

preference classes. Though LCCM looks similar to the collaborative learning structure and

even share the same name for the term “membership vector”, the collaborative model is

different from the latent class model of discrete choice in three aspects:

For the first, the assumptions of the two models are different. The latent class model

of discrete choice assumes that there exist several classes or groups of individuals, and the

individuals in the same class have the same preferences [26]. An individual’s membership

vector in the latent class model represents the probabilities for the individual to be in each

class [69, 29]. In other words, the latent class model assumes that each individual can be

seen as belonging to one class identified by the model, and his preference is the same as

other members in the class. For the collaborative model proposed in this dissertation, we

assume that several unique underlying preference patterns can be identified from the data.

However, an individual’s membership vector represents the degree of resemblance of the

individual’s preferences to each preference pattern. His preference is a linear combination

of all the preference patterns identified by the model, where the weights are his membership

vector.

For the second, the questions to be answered by the two models are different. LCCM

tries to answer the question of how many classes/groups there are among all individuals.

The functional relationship between the identified classes and some covariates are explored

such that it is possible to predict which class/group an individual may belong to, or what

response the individual would give, with probabilities. The proposed model aims to learn

each individual’s preferences on all the attributes in the choice-making process and to be

able to update the preferences efficiently.
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For the third, the estimates (i.e., the preferences) obtained are different. Though the

individual’s class may be predicted, his preferences conditional on a certain class are not

personal preferences but estimated at an aggregated level, assuming that the individual

has the same preferences as other people in the same class. The proposed model, however,

aims to learn each individual’s personal preferences with the canonical models and the

individual’s membership vector identified from the data.
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Chapter 3

DESIGN OF THE PERSONALIZED CONTROL SYSTEM

In this dissertation, we design a personalized control system to learn an individual’s pref-

erences, such that we could trigger the desired behavioral change by providing personalized

incentives, rather than generic incentives implemented in traditional TDM strategies. As

briefly introduced in Chapter 1, personalized incentives in this dissertation refer to those

incentives that are designed to suit an individual’s preferences and constraints, and the

individual’s preferences are captured by a set of parameters β describing how the individ-

ual values different influential attributes of alternative x (e.g., trip cost, trip time). Given

a sustainable alternative to be promoted and its attributes, the system uses the learned

individual preferences to present his incentives based on the theory of Random Utility Max-

imization (RUM) [80, 121]. According to RUM, the probability of choosing among multiple

alternatives depends only on the difference in their respective utilities, and an individual

will select the alternative that provides the maximum utility. Here, the utility is a concept

quantifying the attractiveness of an alternative in a choice scenario, and is assumed to be

indirectly related to the various characteristics of the alternative, the individual and the

surrounding environment (so called “indirect utility”) [19, 79]. Therefore, the incentive

presented is expected to add utility to the promoted alternative so that for the user, the

probability of accepting it is no lower than that of the non-promoted or default alterna-

tive (e.g., single driving). While individual preferences are not being directly observed,

the system is designed to learn preferences from interactions with the individual: (1) when

an individual is to conduct a trip, the system presents an incentive for the promoted al-

ternative relying on its previously estimated preferences along with other trip information

associated with the alternative; (2) the individual responds by accepting either the pro-

moted alternative or the default alternative and his decision is captured by the system so

that the preference estimates are updated. In the dissertation, a binary choice scenario is
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presented to the individual as the binary comparison involved in the scenario is the basis

for the choice-making behavior, and it could also be extended to a multi-choice scenario by

regarding the latter as a combination or a sequence of several binary choices.

Two challenges exist in achieving personalized learning, as stated in the chapter of in-

troduction in this dissertation. The first one is the limited number of observations that are

available to the system. Since each individual could only generate a few observations, and

the preference may vary during the choice-making process, traditional preference-learning

techniques such as advanced econometric models derived from RUM [19] and machine learn-

ing methods can not be used here [116, 136, 137].

The second issue is the lack of observability: given two alternative choices one being the

default choice (0) and the other being the promoted one (1), based on RUM, none of the

key terms including the probability of choice (1) being selected as p1, the utility associated

with choice i Ui = Vi + εi(i ∈ 0, 1) , the measurable systematic utility (Vi =
∑

r βrxr), can

be directly observed. The only piece of information that is directly observed is whether the

individual accepts or rejects the promoted choice.

To address the issue of limited sample size (which is also the core idea of personalization,

i.e., learning based on limited observations from a single individual), we propose a particle

filter approach that views βr as the underlying states to be learned. The use of the particle

filter approach however does not address the second issue, lack of observability, which has

two dimensions. The first one, as noted above, is reflected in that the acceptance or rejection

of an alternative by the individual conveys little information on the relative attractiveness

of the two alternatives. To deal with this, we design an interface to solicit additional

information. We assume that though p1, Ui, or Vi cannot be directly observed, we can

observe a utility ratio (Ru) that reflects the relative attractiveness of two alternatives. This

ratio function is consistent with RUM as choice (1) is selected if and only if Ru > 0.5. It also

conveys more information related to the individual’s preferences as it continuously changes

with U1.

The use of the ratio Ru, however, does not address the second dimension of the lack

of observability issue, which is related to the inherent trade-off nature of human decision

making. The utility function is the weighted sum of various factors that come into the
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decision-making process (e.g., travel time and travel cost), or Vi =
∑

r βrxr. In other

words, an infinite set of possible values for r s gives rise to a single Ru. It is thus important

to devise mechanisms to identify a unique set of βrs that most likely give the observed Ru.

Two solutions are proposed to address it. The first one is the “divide and conquer” strategy,

which decomposes a multi-dimensional problem into multiple conditional one-dimensional

problems by considering responses from a pair of choice scenarios sharing similar attribute

values. The second one is to add domain knowledge on travel behavior as constraints while

learning the preferences.

In the following, a detailed introduction of the proposed personalized system is presented.

After that, we simply introduce the limitations of the proposed model in preference learning,

leading to the online experiment and other preference learning models elaborated in the

following chapters.

3.1 System overview

Figure 3.1 provides an overview on how the system works. As noted earlier, the personalized

control (i.e. promoting behavior changes by providing personalized incentives) requires

individuals’ preferences learned via interactions with a system over time. Each interaction

can be triggered by a trip request from an individual. For clarity, an interaction triggered

by the tth trip request is noted as the interaction at time step t. A request consists of trip

information such as origin O, destination D, and departure time T . In each interaction,

following the framework of the particle filtering approach, three modules work sequentially

to update preference estimates, including PREDICTION, MEASUREMENT and UPDATE.

Based on trip information contained in the trip request and the previous estimates on the

individual’s preferences, the PREDICTION module formulates an alternative that is to be

promoted, and predicts the amount of personalized incentive needed for the individual to

accept the promoted alternative. For the personalized incentive, a reward points system,

which is widely used due to its quantitative nature [148, 88], is adopted and tested in the

system. The reward points earned by accepting the promoted alternative can be exchanged

for real rewards (e.g., a discount on transit fares). The MEASUREMENT module presents

the individual the binary choice scenario (one being the default alternative and the other
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Figure 3.1: Flowchart of the control system.

being the promoted alternative formulated in the PREDICTION module), along with the

information on trip attributes of each alternative such as travel cost and travel time as

well as reward points. The individual makes the decision by either accepting or rejecting

the promoted alternative, which is captured by the MEASUREMENT module. Lastly, by

utilizing the response collected, the UPDATE module updates preference estimates (βs).

The updated preference estimates are then fed into the next interaction. Each module is

described with more details as follows.

3.2 PREDICTION Module

As a response to an individual’s trip request, the PREDICTION module works to formulate

a binary choice scenario where (1) the promoted alternative is decided and (2) the number

of reward points associated with the promoted alternative is predicted. In this study, we

assume that the alternative to promote is known (e.g., when is a better time to depart), while

in real-world implementation, we may rely on real-time knowledge on the transportation

system to find one. The system predicts the required quantity of reward points by modeling

the individual’s choice-making behavior.
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Figure 3.2: System flowchart in detail.
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The estimation of the individual’s assessment towards the promoted alternative is mod-

eled via the predicted systematic utility V̂ t
1 :

V̂ t
1 (RP t) =

∑
k

β̂t−1
k ∆xtk + β̂t−1

RP RP
t

(3.1)

Here, given that the individual’s true preferences are not observable, V̂ t
1 (RP t) is esti-

mated using previously learned preferences including β̂t−1
k and β̂t−1

RP , which represent esti-

mated/predicted preferences on trip attribute differences ∆xtk and on reward points RP t

respectively.

According to RUM, the individual would select the alternative with the maximum utility.

Therefore, with an expectation that she would accept the promoted choice, RP t is calculated

such that

p1 =
exp V̂ t

1 (RP t)

1 + exp V̂ t
1 (RP t)

> 0.5 (3.2)

Here, p1 is the probability that an individual is expected to accept the promoted alter-

native given RP t points. In our system, we could adjust our expected probability of the

alternative to be accepted by pre-specifying p1 (p1 ∈ (0.5, 1.0)). Given a specific value of p1

(e.g., p1 = 0.6), RP t can be solved as:

RP t =
log( p1

1−p1 )−
∑

k β̂
t−1
k ∆xtk

β̂t−1
RP

(3.3)

It is possible that Equation 3.3 returns a negative value, suggesting no reward point is

needed to promote the alternative. In such a case, we let RP t = 0.

3.3 MEASUREMENT Module

MEASUREMENT module presents the individual the formulated binary choice scenario

and in turn, the individual makes his choice. For the particle filter model used in [194],

the system needs to solicit additional information (asking respondents to evaluate the at-

tractiveness of the proposed alternative) other than the choice data to learn and update

individual preferences. Thus, Figure 3.3 provides an example of the interface with a bi-

nary choice scenario and an additional question on how the individual evaluates the relative
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attractiveness of the promoted choice compared with the default choice. By asking the

additional question, the utility ratio Ru is assumed to be observed:

Ru =
exp(U1)

exp(U1) + exp(U0)
(3.4)

The individual answers the additional question by adjusting the slider between two ends

with one being “not attractive at all” and the other being “absolutely attractive” (see

Figure 3.3). Consequently, Ru can be measured based on the position of the slider.

There are errors accounting for omitted factors in U1 (factors that are important to the

individual’s decision-making process but not accounted for in the utility function), and the

error in adjusting the slider (which translates into Ru) by the individual. We term both

types of error as measurement noise in U1. The measurement obtained through the slider

is denoted as M and is expressed as:

M t =
exp(vm + βt∆x)

exp(vm + βt∆x) + 1
(3.5)

where for simplicity, t is used as the preference vector containing both preferences on trip

attributes βtr(r ∈ 1, 2, . . . , R) and the preference on reward points RP t at time step t, x is

used as the attribute vector containing both trip attribute differences and the number of

points, and m is referred as the measurement noise (accounting for both types of errors) fol-

lowing a certain distribution, e.g., vm ∼ N(0,m2). Equation 3.5 serves as the measurement

function in the particle filter approach.

3.4 UPDATE Module

Following a measurement on the choice made (or a measurement on the utility ratio ac-

quired by the slider), the UPDATE module works to update the preference estimates with

a preference learning and updating model embedded in the system.

In [194], the module works With the particle filter model and updates the preference

estimates via a Bayesian estimation scheme. Given the non-linearity in the measurement

function (Equation 3.5), the estimation is realized with a particle filter approach. The

particle filter approach is a sequential Monte Carlo sampling method and designed to infer
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Figure 3.3: An example choice scenario and an additional question.
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the state of a system from noisy measurements via a recursive predict-update scheme [34].

In the following, we first describe how the UPDATE model works and then give a summary

on its implementation in our system [54].

The preferences βt, although not observable, are estimated by utilizing the available

information contained in the noisy measurements, such as the one given by Equation 3.5.

More specifically, Bayesian estimation calculates a conditional probability density function

p(βt|M1:t) to represent βt by obtaining all the measurements up to time t (i.e. M1, . . . ,M t).

The conditional pdf is updated according to [54]:

p(βt|M1:t) =
p(M t|βt)p(βt|M1:(t−1)∫
p(M t|βt)p(βt|M1:(t−1)dβt

∝ p(M t|βt)p(βt|M1:(t−1) (3.6)

Essentially, to acquire the conditional pdf, we update the prior pdf p(βt|M1:t) by taking

the new measurement Mt into consideration, with the likelihood function p(M t|βt) following

the measurement function (Equation 3.5, where m ∼ N(0,m2)) and rewritten as:

p(M t|βt) =
1√

2πm
exp

{−[− log(1−Mt

Mt )−∆xTβt]m−2[− log(1−Mt

Mt )−∆xTβt]

2

}
(3.7)

And the prior p(βt|M1:(t−1) in Equation 3.6 is

p(βt|M1:(t−1)) =

∫
p(βt|βt−1)p(βt−1|M1:(t−1))dβt−1 (3.8)

where p(βt|βt−1) is the probability of preference evolution.

We assume that an individual’s preference evolution is in the following form:

βt = βt−1 + u, u ∼ N(0,Σ) (3.9)

Provided that preferences are stable in the very short term [63, 128], the evolution

function (Equation 3.9) suggests that the system takes values from the previous time step t−

1 for prediction but adds a process noise u. The process noise u here is to account for possible

fluctuations of individuals’ preferences over time and is also essential in learning dynamic

preferences (i.e. individuals’ preferences change over time). Equation 3.7 and Equation 3.8

define a recursive way to update βt , with the initial pdf available (i.e. p(β0|M0), M0 means

no measurement available). Due to the non-linearity in our measurement function, there is
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no analytical closed form solution. An approximate solution is obtained using the particle

filter approach, with Monto Carlo sampling.

The key idea of the particle filter is to approximate the posterior pdf with a set of

random samples with weights. These samples are particles. When the sample size is large

enough, these particles approach an approximate representation to the posterior pdf. Sup-

pose βt(βt
j , w

t
j) denotes a collection of J particles, where βt

j(j ∈ 1, 2, . . . , J) is a preference

sample and wt
j is its corresponding weight. A weighted approximation to the posterior pdf

is given in Equation 3.10, with weights update given in Equation 3.11 [54].

p(βt|M1:t) ≈
J∑

j=1

wt
jδ(β

t
j) (3.10)

wt
j ∝ wt−1

j

p(M t|βt
j)p(β

t
j |β

t−1
j )

q(βt
j |β

t−1
j ;M t)

(3.11)

Here, δ(βt
j) is a delta function centered at βt

j and q(βt
j |β

t−1
j ;M t) is the importance den-

sity, which is a known pdf to generate particles. Note here we assume that the importance

density only depends on the state and measurement at the previous time step t − 1. It is

often convenient to set the importance density to be the same as the prior p(βt
j |β

t−1
j ), such

that the weight update Equation 3.11 is further simplified as [54]:

wt
j ∝ wt−1

j p(M t|βt
j) (3.12)

With the updated preferences at UPDATE Module, the preferences are prepared for the

PREDICTION Module in the next scenario.

3.5 A problem in multi-dimensional learning

The problem of lack of observability arises when there are two or more parameters to be

learned, i.e, an infinite set of parameters could give rise to a single M . Two solutions are

proposed to address this problem: one being the “divide and conquer” strategy to modify

the particle filter as described above and the other imposing domain knowledge on travel

behavior as constraints in Monte Carlo sampling.
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3.5.1 Solution 1: Divide and conquer

In the usual setup of the particle filter approach, every update utilizes the current observa-

tion at time step t after the individual makes a choice on a scenario presented to him. The

likelihood function used in the update process is L = Pr(M t|βt
j), representing the likelihood

of observing M t, given the preferences represented by particle βt
j , where βt

j = βt−1
j +u , with

u representing the process noise from t− 1 to t. In the proposed divide and conquer strat-

egy, a multi-dimensional problem is decomposed into multiple, conditional one-dimensional

problems. The idea is that, when different scenarios possess alternatives sharing similar at-

tribute values, the relative attractiveness across alternatives only hinges upon that attribute

with different values. In summary, it takes two modifications in the previously introduced

update process.

1. Instead of using measurements in Equation 3.5 directly, we define a new measurement

function by: (a) identifying scenarios with similar attribute values, leaving only one

attribute whose values are different across scenarios; for example, two choice scenarios

could be (∆x1,∆x2,M), (∆x′1,∆x
′
2,M

′) where M and M ′ are two measurements

on the individuals’ responses to scenarios (∆x1,∆x2) and (∆x′1,∆x
′
2), with ∆x1 =

∆x′1; and (b) recalculating a modified measurement on the difference between the two

measurements M̄ = M −M ′.

2. Accordingly, we modify the likelihood function (e.g., L = Pr(M−M ′|∆x2−∆x′2, β2))

such that the likelihood of obtaining the modified measurement is only conditioned

upon a single parameter (e.g., β2), and the attribute it associates with, or the difference

between two different attribute values from different scenarios (e.g., ∆x̄ = ∆x2−∆x′2).

Specifically, the likelihood function in Equation 3.12 is modified as:

p(M t|βtj) =
1√

2πm
exp

{−[− log(1−M̄t

M̄t )−∆x̄βtj ]m
−2[− log(1−M̄t

M̄t )−∆x̄βtj ]

2

}
(3.13)

Given that attribute values are available, the one-dimension parameter is thus solvable.
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3.5.2 Solution 2: Sampling with domain knowledge

Domain knowledge refers to existing knowledge about travel behavior in existing studies.

Past studies in travel behavior have revealed many insights on (1) what factors tend to

matter in what types of behavior scenarios? For example, in departure time choice scenarios,

only a limited number of factors (e.g., scheduled delay and travel time) are found to matter

[64, 119, 132, 49]; (2) how various factors may affect travel behavior choices? For example,

the parameters for travel time and travel cost must be negative and a rough range could

be identified for each parameter from previous studies. In some cases, not only ranges are

available but also their approximated distribution forms. Such knowledge can be useful in

the re-sampling scheme within the particle filter process in providing us the information on

what types of distributions to be re-sampled from.

3.6 Limitations of the proposed preference learning model

The model utilizing particle filter approach described in this chapter tackles the two chal-

lenges in individual preference learning, and succeeds in updating an individual’s preferences

at each time he makes a choice. However, from the description of the model presented in

foregoing paragraphs, there are at least three limitations that can be improved.

For the first, the particle filter model deals with the challenge of the limited observability

issue in choices by soliciting additional information on the utility ratio in the MEASURE-

MENT Module. This allows the system to obtain more information besides the choice

behavior of rejection or acceptance. However, it also increases the burden on the respon-

dents, which may cause fatigue and may bring in noises in the observations. Specifically,

from the equations, we could see that the preference estimation process of the particle filter

model does not utilize the information of the individual’s behavior (acceptance or rejection)

but only the response of the utility ratio, which means that the individual’s inaccurate

evaluation will directly impact the preference learning accuracy. It is expected that the

model in the UPDATE Module could learn individual preferences from the observations of

an individual’s choice data.

For the second, the particle filter model does not fully utilize all the information of the
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data collected in individual preference learning. As we stated in the chapter of introduction,

the particle filter algorithm only utilizes the information in the data generated by the

individual himself, but the information in the data generated by all the individuals in

the whole population is not considered. In the dissertation, we believe that while each

individual has his peculiar tastes toward various factors that matter in a choice scenario,

there is at least certain degree of commonality in preferences shared by multiple individuals.

By exploring the responses from all the individuals, possible common preference patterns or

structures may be identified, revealing the similarity and commonality in the heterogeneous

population. Integrating the individual- and group-level information may help increase the

preference learning accuracy of the individual preference learning algorithm, or at least help

when the number of observations from an individual is very limited.

For the third, the particle filter model has a requirement on the travel scenario design.

The ‘divide-and-conquer” strategy applied in the particle filter model solves the problem in

multi-dimensional learning, however it requires the model to search for and find a scenario

that (1) shares similar attribute values with the current scenario, and (2) only has one

influence factor that has different values from the current scenario, from the individual’s

choice scenarios in history. If there are no eligible scenarios found in his historical data, his

preferences could not be updated. Moreover, considering the preference changes over time,

we might have to add constraints to the temporal intervals in which the eligible scenarios are

searched. Thus, to make sure that all the preference parameters can be learned and updated

by the model, a carefully-designed set of scenarios is required, which may not be possible in

a real-world application. It is expected that the impact of the design of the scenarios would

have limited influences on the performance of the individual preference learning model.

For the fourth, the stability of the estimates obtained from the particle filter model

is low. The stability of the learned preferences refers to whether the estimates can be in

a reasonable range and won’t result in extreme values due to one noisy observation. It

is easy to obtain extreme or unrealistic values that are significantly different from other

estimates with particle filter model and logit models when the number of observations is

very small, which is the case here in individual preference learning. The extreme values

obtained by the preference learning model can cause problems in the personalized control
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system. For example, it may result the inaccurate estimation of other dimensions of the

individual preferences, extreme values in calculated attributes of the proposed alternative,

or the breakdown of the system.

With the personalized control system with particle filter model embedded in UPDATE

Module, we are able to conduct an online experiment and collect stated preference data from

respondents in real-world. The experiment enables us to learn the system’s performance

in terms of persuading behavioral changes with personalized incentives, and to obtain a

real-world choice dataset such that the performance of other proposed preference learning

models can be tested. In the next chapter, we will elaborate on the design of the online

experiment in detail. Meanwhile, to solve the three issues in the particle filter model, a new

model structure is proposed in later chapters (Chapter 5 and 6).
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Chapter 4

THE DESIGN OF AN ONLINE EXPERIMENT

The personalized system introduced in the previous chapter describes an iterative pro-

cess to collect behavioral data, learn and update an individual’s preferences, and provide

personalized incentives to trigger desirable behavioral changes. In this chapter, an online

experiment is designed and conducted to mimic the personalized control system such that

we could learn the performance of the system in terms of persuading individuals for travel

behavior changes by learning preferences, and obtain a real-world choice dataset such that

the performance of other proposed preference learning models can be tested.

The online experiment is based on Amazon Mechanical Turk (AMT) platform. The

primary questions for this AMT experiment are related to the performance of the algo-

rithm and system proposed in [194]: What’s the performance of the system in terms of

persuading individuals for travel behavior changes by learning preferences? Thus, in the

data collection process during the experiment, each individual’s preferences are learned via

the proposed algorithm in paper [194]. Moreover, the experiment is conducted to explore

questions that could only be answered in interactions with individuals in the real world.

For example, influential factors of the system performance could be investigated in this

process, as information of these factors including trip attributes (e.g., travel time) and in-

dividual’s socio-demographic characteristics (e.g., age) can only be obtained and tested in

the experiment.

The data collected is further used to test the performance of the algorithms proposed in

this dissertation.

4.1 Research questions in the experiment

When interacting with an individual (in this AMT experiment), we could never know the

true values of his preferences. This means that we could no longer use the accuracy of
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estimation or percent error to evaluate the performance of the learning algorithm, and we

need to develop measures for the performance of the system in the experiment. One direct

observation for the performance of this system is that whether the respondents accept the

suggested alternatives. Therefore, a metric “acceptance ratio” (“AR”, the ratio that the

individual accepts the promoted alternative in all choices) is adopted as direct observation

and measure on the system performance in this experiment. Specifically, the metric could

be written as:

AR =
NTimes of accepting the promoted alternatives

NTotal times of choice made
(4.1)

Considering research objectives mentioned in the previous paragraph, there are several

research questions in this experiment:

1. As a test on our system in promoting sustainable travels, what is the acceptance rate

(AR) of the promoted alternatives?

By answering this question, we investigate how likely people would accept the alter-

native promoted by our system.

2. Comparing with what we expect (i.e., the expected probability of an individual ac-

cepting a promoted alternative, p1, is pre-specified when calculating the personalized

incentives), we may observe an unsatisfactory acceptance ratio (AR) in the experi-

ment. What are the possible reasons and how we could identify them? What response

checks and techniques could we use to reduce the risk?

This question focuses on anticipating potential reasons/obstacles leading to an unsat-

isfactory AR, designing checks to identify them, and giving possible solutions. The

main obstacles may come from two parts: (a) low quality of collected data (bad data)

and (b) the system design itself. We first discuss these two obstacles and come up

with checks and possible solutions in the following sub-section.

(a) Unreliable data from the respondents
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When the system interacts with people in our AMT experiment, the quality of

survey data might be a crucial influential factor deciding whether the results will

be grim or not. Because of this, in the survey, quality control and developing

checks to examine response quality are very important. One reason causing the

low quality of data may be that respondents are not paying enough attention

when completing the survey, which includes two aspects:

i. Not paying attention to understanding the question itself, i.e., understanding

what the scenario is and understanding what the questions are asking for

Our experiment relies on a description of our hypothetical background set-

ting for scenarios. Though we try to make the description concise, it is still

possible that respondents might not understand it well and move to answer

questions in scenarios. Understanding the hypothetical background setting

is very important in our experiment and might directly impact data qual-

ity as people’s reactions towards the following questions might be different.

We need to make sure that the respondents understand the hypothetical

background and understand what we are asking for in each question.

ii. Not paying attention giving responses to the questions

However, understanding the hypothetical background setting could not guar-

antee that the respondents answer the survey questions carefully and seri-

ously after thinking. It is possible that the respondents make their choices

randomly, or move the slider thoughtlessly. For example, we may observe an

inconsistency issue—the mismatch between the two questions in a scenario

(Figure 4.1): acception-or-rejection question suggests choice B is preferred

while the attractiveness evaluation question suggests that choice B is not at-

tractive. The challenge here is how to identify those respondents who answer

the survey questions thoughtlessly.

(b) System design

Assuming respondents participate in the survey with attention, some factors in

the system design itself would still lead to unsatisfactory AR:
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i. Measurement noise

Larger measurement noises may impact AR, though the magnitude of mea-

surement noises is unclear in interacting with respondents. Here, measure-

ment noises from a respondent could be reflected by the uncertainty in the

observed utility ratio Ru. For example, even for two identical scenarios, we

may observe two different utility ratio. A large measurement noise leads to

low accuracy in leaning preferences, resulting in unsatisfactory performance

in providing personalized incentives. We may observe another inconsistency

issue: though the utility of the promoted choice in a scenario is expected

to increase (decrease) compared with which in another scenario, the utility

ratio Ru in the former scenario evaluated by an individual does not corre-

spondingly increase (decrease). For example, since the rewards contribute

positively to the utility, we expect to observe a higher Ru given more reward

points with other trip attributes not changed. However, we may observe a

decreased Ru. This issue may be serious in cases where two scenarios have

similar attribute values, which easily confuses respondents as it is not easy

to give responses by perceiving differences among them.

ii. The list of reward items

Respondents would perceive the value of reward points by checking the re-

ward list, which shows items that points can be exchanged for. The system

will fail to persuade respondents if the reward list has not items that are

attractive to them.

3. How characteristics of travelers and trip scenarios play a role in affecting the accep-

tance ratio?

As we concern individual-level preference learning in the decision-making process, fac-

tors including some trip attributes (e.g., travel time, trip schedule flexibility, travel

cost, trip purpose) and individual’s socio-demographic characteristics (e.g., age, gen-

der, education, household characteristics) could be observed with real interactions

with people. We would like to explore how those factors and the performance of the
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system are related. By exploring the extent of these relationships, we could understand

the behavior of the system and assess its potentials in affecting different individuals

and in different situations. With AR being a measure of the system performance,

the relationship between these factors and AR could be investigated via regressions.

These factors are classified into several categories and are to answer sub-questions as

listed below:

(a) Factors relate to travel attributes (including main factors in the model), such

as travel distance/time, work schedule flexibility (in flextime or fixed-time work

schedule), travel cost, trip purpose (travel from or to home; commuting or non-

commuting), etc.

(b) Factors relate to personal attributes/attitudes. Personal attributes, such as age,

gender, income, profession, household structure, etc. Personal attitudes, such as

whether an individual has a regular/habituated travel behavior or has developed

a reliance on driving.

Figure 4.1: Screenshot of a scenario presented to an individual.



41

4.2 Overall design of the experiment

4.2.1 The general plan

The current AMT experiment focuses on studying departure time change. We consider this

type of behavioral change because that departure time change is more applicable in most

cities, as they rely less on building new facilities compared with persuading mode change,

such as expanding the coverage of transit networks or constructing a ride-sharing matching

platform.

To answer those research questions as we discussed earlier, there will be several indepen-

dent sub-experiments, each of which is conducted using an online survey. Each survey will

be completed by a random group of respondents. According to the research questions, each

survey may be different from other surveys in typical commuting time or types/levels of

flexibility in scenario setting. Steps designing and implementing a sub-survey are discussed

in detail in the following subsections.

4.2.2 Survey design

To answer the questions raised earlier, the survey contains four sections (Figure 4.2). Sec-

tion A aims to investigate the individual’s travel behaviors. Section B will be a series of

hypothetical choice scenarios, which is the most important part of the survey. Section C

collects some socio-demographic information from the respondent. Section D is a short

social desirability scale evaluating whether a respondent is more likely to behave in a so-

cially desirable way. In the following, we first brief some preparation works for survey

design/implementation, then talk about each section in the survey, focusing on Section B.

4.2.2.1 The beginning of the survey

1. Sample screening

Focusing on promoting sustainable alternatives, the targeted population in our study

is the group of people who usually take single driving trips. With the filtering feature

on AMT, we limit our sample framework to those AMT users who are adults and own
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Figure 4.2: The flowchart of the online experiment.

at least one car in their households.

2. Webpage design for online survey

Due to the complexity of conducting our interactive survey and the limited function

of the AMT platform, we hire a professional programmer to design an independent

survey platform (a web page). Therefore, the planned HIT (Human Intelligent Task)

on AMT will be a one-page website showing a brief introduction on the task, a link to

our independent web page, and an input box for certification code. Each individual

could access our survey via the link on the HIT page, and after the individual finishes

the survey, he will be assigned a unique certification number. The individual will be

required to enter the assigned code to the AMT page so that we could match his work

on our survey web page and his ID on AMT.
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4.2.2.2 Survey Section A

Section A collects data on the individual’s travel habits and other activity-related infor-

mation, such as work schedule flexibility, single car trip frequency, etc. Some questions in

Section A are conditional, thus may not be applicable for every respondent.

4.2.2.3 Survey Section B

Section B contains a series of hypothetical choice scenarios. In each scenario, information

provided includes trip purpose, trip-related attributes, reward points, and a list of rewards

that could be exchanged with a certain amount of reward points. We place the list together

with the scenarios instead of the beginning of the survey to ensure that the individual is

aware of the value of the reward points when he makes choices. In the following, we describe

each step to formulate choice scenarios.

1. Model selection: decide the travel choice-making model (the utility model)

An individual schedules her travels by balancing traveling in congested traffic and

a desired arrival time. To encourage an individual to depart at a time out of the

rush hour which might contribute congestion (according to the literature review, the

default departure time is assumed within the rush hours), we provide a certain amount

of incentives so that the scheduled time delayed using the promoted alternative is

compensated.

Since preference estimates are learned using data from one individual only, only

alternative-based attributes contribute to the utility model. Travel time and schedule

delay (early or late) are selected as relevant alternative-based attributes based on ex-

isting studies, which report that these two factors are the primary ones in departure

time choices for commuting trips [64, 162, 119, 132, 49, 91]. Consequently, our utility

model involving travel time, schedule delay and reward points can be expressed as:

U1 = βTTS × TTS + βSDE × SDE + βSDL × SDL+ βRP ×RP + ε (4.2)
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Here, SDE and SDL are minutes scheduled earlier and later than the desired arrival

time, respectively, and for any individual, only one of them is used. TTS is travel

time savings in minutes, and RP is the number of reward points. Coefficients of SDE

and SDL are expected to be negative, while those of TTS and RP are positive.

2. Choice scenario design

Our goal is to design a set of scenarios from which we could get as much information

from the individual as possible so that the preference learning would be efficient.

This means there should be enough variations in the combinations of attributes in

the scenarios. We also need to make sure that all the scenarios are reasonable and

realistic.

Considering the utility function and our research questions, information related to 5

attributes/factors may be presented to respondents in scenarios, including SDL/SDE,

travel time saved, travel time, schedule flexibility and the type of incentive strategy.

The table below gives a summary of attributes with their levels considered in the

experiment.

The design of the levels of each attribute refers to the existing studies and reports.

(a) SDE/SDL

[91] suggests that for most of the commuters, the earliest acceptable arrival time

is one hour ahead of the working start time. Unfortunately, no schedule delay

late (SDL) is reported. No statistical description of the specific range of schedule

delay is reported.

With a survey dedicated to studying commuters’ time choice, [163] reports that

a regular time of arrival 42.5 minutes early and 17.5 minutes late.

With a stated preference survey, [49] reported that commuters are willing to

trade 1.23 min of travel time for every 1 min of late schedule delay and 0.83 min

of travel time for early schedule delay. Therefore, the late schedule delay is, on

average, more onerous than the early schedule delay.
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Table 4.1: Attribute levels in the experiment.

Attributes Levels

Attributes in utility function

SDL/SDE
3 levels for SDE: 10, 30, 60 min

3 levels for SDL: 10, 30, 60 min

TTS (percentage of original travel time)
L1 slight congestion - 10%

L2 severe congestion - 60%

Factors that may be considered in randomized group experimental design

Flexibility

L1 no flexibility - “your company requires all employees

to arrive no later than 8:00 am.”

L2 low flexibility - “your company encourages all

employees to arrive no later than 8:00 am.”

L3 high flexibility - “your company has no requirements

for arrival time, but most of the staff arrive between

7:00 am and 9:00 am.”

Original Travel Time

L1 short commute - 10 min

L2 moderate - 25 min

L3 long commute - 60 min
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Based on previous reviews, the levels for scheduled delay in this experiment are

set as: 3 levels for SDE (10, 30, 60 min) and 3 for SDL (10, 30, 60 min).

(b) TTS

For delay analysis, referring to TTI 2015 Urban Mobility Scorecard [158], in

peak travels, trips would experience extract travel time: about 10% with low

congestion level and 60% with severe congestion level. Therefore, these two levels

will be reflected in attribute Travel Time Saved, meaning in our hypothetical

scenarios, by changing departure time, a commuter could save his travel time by

either 10% or 60%.

(c) Average travel time

Referring to the National Report on Commuting Patterns and Trends from

AASHTO in 2013 [135], average travel time for people who drive alone is 24.19

minutes. For carpooling, the average travel time might be 38.89 minutes. The

report uses 20 minutes and 60 minutes as dividing points for short commutes and

long commutes. Thus, 10 minutes, 25 minutes, and 60 minutes are selected to

represent three commute time levels in the scenarios, where about 10% of people

have commuting time shorter than 10 minutes, and about 10% of people have

commuting time longer than 60 minutes.

An example of the scenario background setting description is shown in the fol-

lowing. Then the two alternatives presented to the respondent are shown in

Figure 4.1.

Imagine that recently your company moved to a new place, and your com-

pany encourages all employees to arrive no later than 8:00 am. With your

experiences during the last week, you find that if leaving home at 7:00 am,

it would take you 60 minutes to reach your office by driving due to the

heavy traffic.

Also imagine that now your local Department of Transportation launches

a program, which could suggest you a departure time (might be earlier or

later than 7:00 am) according to the real traffic situation. By adopting the
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suggestion, you could likely spend less time on road. As an incentive, you

earn a reward if you change your departure time following the suggestion.

Of course, you can reject the suggestion, still choosing to depart at 7:00

am as what you did in last week.

Each of the following scenarios contains a description of a suggested de-

parture time to travel to work. Remember that the “default alternative”

(the commuting choice you find, namely, departure at 7:00 am and arrive

at 8:00 am) is always an option, so that you could compare it with the

suggested alternative (depart at 8:30 am and arrive at 9:10 am) and make

your choice based on the information given in each alternative.

(Contents in italic could be replaced by the information of other Flexibility

levels of Travel Time levels)

3. Reward points: Assign the value of reward points, and design a list of rewards that

the respondents can exchange to

The individual shall know the value of the reward points he earns from a travel behav-

ioral change, so that he can evaluate the utility of the promoted alternative together

with the incentive we provide. The worth of reward points is reflected by the rewards

that the individual could be used to exchange to, which is indicated by placing a note

(i.e., a sentence) together with the scenario.

The sentence in the scenario could be:

“For every 100 points, you earn a $5 credit for Uber/Lyft, or $5 credits towards Apple’s

iTunes Store.”

Since the individual may view trivial the points earned at one time, to enhance the

influence of the incentive, besides indicating the points earned at one time, we display

the total points accumulated right above the sentence. See Figure 4.1 for an example.



48

4.2.2.4 Survey Section C

After finishing the sequence of binary choices, in Section C, the individual is requested to an-

swer some questions related to her socio-demographic characteristics, so that we investigate

how these characteristics would affect the system performance.

4.2.2.5 Survey Section D

Social desirability is a common type of bias that impacts the validity of survey data [131].

We use a Social Desirability Scale (SDS) to test whether participants’ responses are resulted

from their tendency of behaving in a socially desirable way, rather than reflecting their own

preferences. Participants were asked at the end of the experiment to answer a short SDS

survey with ten items [57, 171]. This is one of the data quality control methods used in the

online experiment.

4.2.3 Randomized experimental design

Since the experiment also aims to study the impacts of travel time and flexibility, in the

online experiment, the randomized experimental design is conducted.

In our preliminary consideration for Flexibility and Travel Time, respondents could be

randomly distributed into 9 groups using a full design. Different groups are different in

terms of the combination of these three factors, reflected by the scenarios presented to

respondents in each group: the description of the background setting (e.g., the flexibility

requirements of the company) and the default choice are different. As we will utilize the

same platform (AMT) and the same sample screening method to select both groups of

respondents, we assume that each group of respondents represents the same population on

the AMT platform.

Moreover, since the experiment is conducted online on the AMT platform, several strate-

gies are designed and used in the survey to control the response quality in the data collection

process. Details of the quality control strategies are introduced in the next subsection.
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Table 4.2: Randomized experiment design

Flexibility Travel Time

Group 1 L1 L1

Group 2 L1 L2

Group 3 L1 L3

Group 4 L2 L1

Group 5 L2 L2

Group 6 L2 L3

Group 7 L3 L1

Group 8 L3 L2

Group 9 L3 L3

4.3 Response quality control and data cleaning

4.3.1 Response quality control strategies

AMT has been a useful tool and applied to various types of research and experiments across

disciplines, with comparisons between AMT and other tools suggesting the reliability of

AMT for data collection [28, 44, 70]. However, the same as traditional offline surveys, data

collected from AMT may contain data/responses of low quality (e.g., careless responses).

To minimize its effects, we design the experiment using standard quality-control techniques

and identify data of low quality [90, 126]. In our experiment, reasons getting low-quality

data include (1) since the experiment, as a stated preference survey, relies on participants’

understanding in the hypothetical background setting, those who do not pay attention to

the introduction of our background setting will produce unqualified responses; (2) motivated

by only the payment for participating the experiment, some participants may give responses

randomly and speedily; (3) some participants may respond in a way that is socially desirable.

With all these concerns, we apply several techniques to designing the experiment and develop
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metrics to examine the data quality of a total of 926 completed surveys we collected [20,

120, 126].

Several strategies are applied to control the quality of the responses. In the following,

these strategies are briefly discussed together with the outcomes.

1. Check participants’ understandings in background settings

After introducing the background settings and before proceeding to scenario choice

questions, participants are required to answer three simple and straightforward ques-

tions on the background settings. Those who fail any one of those three questions

are forced to quit the experiment. Our database shows that besides those 926 partici-

pants who successfully finished the experiment, about 300 participants failed to check

questions and quit the experiment, suggesting that these check questions effectively-

identified participants who did not pay attention to understanding the background

settings.

2. Consistency check

We assume those who provide inconsistent responses were not paying attention to

the experiment. Questionnaires containing a large number of inconsistent responses

should be removed. The inconsistency could be checked in two ways: (1) response

is inconsistent if a participant rejects (accepts) a recommendation while evaluating

it as attractive (not attractive) using the slider; (2) a response to the current rec-

ommendation is inconsistent, if, compared with the historical response to a previous

recommendation, the current one is of higher utility but is given a lower evaluation in

terms of its attractiveness (we assume a higher RP, higher TTS, or lower SDE/SDL

gives a higher utility). We observe that while the maximum number of inconsistent

responses is 20 for a participant, more than 60% of the participants have fewer than

5 inconsistent responses.

3. Repeated question
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We repeat the first scenario at the end of Section B, and the differences within re-

sponses on the two scenarios are used to qualify whether the participant is paying

attention throughout the experiment. In our sample, 84.6% of the participants make

consistent selections (i.e., among the 84.6% of questionnaires, the rejection (accep-

tance) choices are consistent between the first and the last scenarios). And 79.9% of

the participants give two evaluations on the attractiveness of the same recommenda-

tion in the two scenarios with a difference no larger than 0.2 (∆M ≤ 0.2).

4. Timing

For each participant, the time spent responding to each choice scenario is recorded.

We assume that too long or too short timing can be a potential indicator that par-

ticipants did not respond to presented scenarios thoughtfully. In our sample, 60.0%

of participants finished the sequence of hypothetical choice scenarios between 110 to

260 seconds (i.e., 8.46 to 20 seconds per scenario), with a median at 195 seconds.

5. Social Desirability Scale

As introduced earlier, Section D in the survey is a short Social Desirability Scale, work-

ing on testing the existence of the social desirability bias in the responses. The replies

from respondents who have been flagged by the scale may need further investigation

in the data analysis stage.

4.3.2 Dataset after cleaning

In the data cleaning process, each questionnaire is assigned with a score as an indicator

of its quality. Specifically, a questionnaire is ranked based on measurement from each

check technique and the score is calculated as the sum of all ranks. Figure 4.3 gives the

cumulative distribution of scores for all participants, with a higher score indicating a lower

quality. Based on the Elbow rule, it is shown that a score at 3 is a good threshold classifying

questionnaires (Figure 4.3). Based on this threshold, we remove 98 surveys (about 10.6%).

Finally, we have 826 eligible questionnaires in total, 387 of which are completed by

females and 439 by males. About 70% of the participants are 40 or younger. The median
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Figure 4.3: Cumulative distribution for the performance score.

annual income falls between $50, 000 and $75, 000. According to their stated commuting

time in their daily lives, the average commuting time is about 31.58 minutes. The correlation

between the SDS score and AR is −0.003, which indicates that social desirability does not

play a significant role in affecting participants’ different choice-making in our survey. The

gender, age, and income level distributions are shown in Figure 4.4.

This cleaned dataset of 826 individuals is used to test the performance of the proposed

models in the following two chapters.
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Figure 4.4: The distributions of respondents’ age, gender, and income levels.
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Chapter 5

INTEGRATING COLLABORATIVE LEARNING MODEL WITH A
SINGLE-VARIABLE POLYNOMIAL

5.1 Personality, commonality, and stability in the collaborative learning model

Assume that there is a group of 300 individuals, each has his own preferences on Scheduled

Delay Late βSDL (to arrive at the destination later than original scheduled) and Reward

Point βRP . Also assume that we know the preferences of all these people, and could draw

the distribution of the preferences as shown in Figure 5.1a. We could roughly tell that

there are three groups of individuals in the population, which can be seen as three different

types of individuals: Individuals of Type A dislike Scheduled Delay Late very much, and

also don’t feel the Reward Point can compensate; individuals of Type B also don’t enjoy

Scheduled Delay Late either, but feel that Reward Point is very attractive; individuals

of Type C enjoy both Scheduled Delay Late and Reward Point. The preferences of the

three different types of individuals, and the individuals in each group could be identified by

applying any clustering method to this preference dataset. From the figure we could also

see that βSDL and βRP of all the 300 individuals have boundaries: βSDL ∈ [−0.4, 0.2], and

βRP ∈ [−0.1, 0.6], and the preferences are roughly distributed within a bounded triangle

area.

However, in common cases, we do not know individuals’ preferences, and need to estimate

with some methods. As we discussed in Section 3.6, the stability of the estimates obtained

from methods such as logit model or particle filter is low, meaning that the estimates can

be extreme or unrealistic values due to noisy observations. The stability issue could be

severe when the number of observations is small. To increase the stability of the estimates,

the preference learning model is expected to be able to add constraints, or restrict the

estimates in certain ranges in the learning process. For example, in the current case with

the 300 individuals, if we could identify the triangle area and restrict the estimates in the
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area at each time step, the estimated preferences will be more stable without extreme values.

This is how the collaborative learning model provides stable estimates in individual

preference learning: identifying the preference area with all individuals’ preferences, and

formulating each individual’s preference in a way such that it would be in the area. We’ll

briefly illustrate how this works in collaborative learning model with our example.

To identify the area, we first identify the vertexes. Assumes that there are three in-

dividuals, who may or may not really be in the population. The first individual i1 with

preferences (βi1SDL, β
i1
RP ) is an extreme person of Type A. The “extreme person” of Type

A means that for any individual with preferences (βiSDL, β
i
RP ) in the population, he would

either dislike SDL less than individual i1, or dislike RP less than i1, i.e., βiSDL ≤ βi1SDL or

βiRP ≤ β
i1
RP . Similarly, the second individual i2 with preferences (βi2SDL, β

i2
RP ) is an extreme

person of Type B. Any individual i with (βiSDL, β
i
RP ) would either dislike SDL less than

individual i2, or like RP less than i2, i.e., βiSDL ≤ βi2SDL or βiRP ≤ βi2RP . For the third

individual, we have that any individual i with (βiSDL, β
i
RP ) would either like SDL less than

individual i3, or like RP less than i3, i.e., βiSDL ≤ βi3SDL or βiRP ≤ βi3RP . Since the three

“extreme persons” are the extreme cases of the three types of preferences in the population,

they represent three types of preferences that exist in the population and shared by all the

individuals - Let’s call them the three “common types of preferences”.

In Figure 5.1b, three red points are added to represent the three common types of pref-

erences. The preferences (βiSDL, β
i
RP ) of any individual i could be written as (βiSDL, β

i
RP ) =

ci1(βi1SDL, β
i1
RP ) + ci2(βi2SDL, β

i2
RP ) + ci3(βi3SDL, β

i3
RP ), where i ∈ (1, 2, . . . , 300), ∀cir ≥ 0 and∑3

r=1 c
i = 1.

Now we have a new system to express each individual’s preferences. Remember that

each vertex represents a common type of preference in the population - we obtain the

commonality from all the individuals’ preferences. With the parameters ci, we know that

each individual i’s preferences resemble the preferences of each common type of preferences

to different degrees, which reflects each individual’s personality (we could also see that as

vertexes, the three common types of preferences do not resemble the other two at all, they

should be significantly different from each other). Since each individual’s preferences are

generated by combining the three common types of preferences, the estimates would always
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be constrained by the preferences of the three common preference types and have upper and

lower boundaries. In other words, they will always be stable and no extreme values would

generated given an noisy observation.

From this simple case, we may have a feeling about how the collaborative learning

model works. For a certain objective (e.g., preferences – as shown in the previous example,

preference changing patterns – as shown in the following sections) that we are exploring,

collaborative learning model identifies the common types of the objective in the population,

and use these common types of objectives to express that of each individual with a set

of individual-specific parameters cir. The common types of objectives are called canonical

models in the collaborative learning model, while the vector of the parameters cir is called

the membership vectors. Because the collaborative learning model successfully solves the

problems we raised in previous, in the dissertation, the collaborative learning model is

utilized for individual preference learning and capturing preference changes over time.

Not like the example in this section, in reality, we could not have a figure showing the

distribution of the preferences of all the individuals, and we may not know that there should

be three vertexes/common types. Typically, different numbers of vertexes are tested, and

the most suitable number of vertexes will lead to the best performance of the model.

5.2 Collaborative learning model in individual preference learning

5.2.1 Time-varying preference β(t) in Logistic Collaborative Model

The focus of the current chapter is to elaborate on an online preference learning and updat-

ing model whose basic structure is integrating the canonical structure and a time-dependent

preference model. The proposed model, the Logistic Collaborative Model with Time-varying

Parameters (LCM-T), allows an individual’s preferences to vary over time in the individu-

alized modeling. In other words, while in the traditional logistic model for binary choices,

the probability of an alternative being chosen by individual i at tth time step (yit = 1) is

Pr(yit = 1|xit) =
exp(βT

i xit)

1 + exp(βT
i xit)

(5.1)
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Figure 5.1: Distribution of the (a) two dimensional preferences of 300 individuals, and (b)

three vertexes of the triangle area.

where xit is the differences of the factor variables (attributes) between two alternatives at

time step t. In this paper individual i’s preference vector βi is converted to βi(t), which

means that the vector βi may be different when time t is different. An individual’s prefer-

ences may vary according to specific scenarios/attributes, or evolve gradually with personal

experiences [21, 97, 81, 104]. Considering the possible influential factors, there can be vari-

ous time-dependent models for β(t). In the current study, we use polynomial models as the

formulation of the time-dependent model β(t). The polynomial models allow us to express

time-dependent variations, while the only influential variable is the time step t. To further

prove that the polynomial model could capture preference changes in individual choice-

making process, we have also run some regressions with individual preference data. In our

previous study [194], we have collected responses for a sequence of 13 travel choice scenarios

from 826 individuals and learned their preferences during the process with the particle filter

approach. We ran polynomial regression models with the learned preferences. The results

show that either the linear, quadratic or cubic polynomial model can describe the preference



58

variation statistically significantly. Hereafter from Section 5.4.2 though Section 5.5, we use

a formulation of cubic model β(t) = q0 + q1t + q2t
2 + q3t

3 as an example to construct our

model and introduce our method.

5.2.2 The model formulation of logistic collaborative learning with time-varying parameters

(LCM-T)

5.2.2.1 The collaborative learning framework with time-dependent preference: illustration

with a simple example

We will first describe the idea of the collaborative learning structure and the proposed model

with the following example.

Assume that a group of people has made their travel choices for morning commuting for

several days. When deciding whether to bike or not, they all concern three factors: total

commuting time, their personal preferences on biking, and the weather. Different individuals

may value each factor differently when making their commuting choices. We could say that

an individual’s preference on each factor forms a dimension of an individual’s preferences,

i.e., the preferences have 3 dimensions: preference on commuting time, preference on biking,

and preference on the weather. It can be imagined that when the attributes of these factors

in choice scenarios are different, people’s preferences may change. For example, given that

the weather is cloudy, some people’s preference on biking may fall due to a concern of

rain. Some other people, however, may feel it a good temperature and humidity to bike

to work. Thus, when the weather changes every day, an individual’s preference on biking

may also vary accordingly, e.g., the preference rises from 0.5 to 0.8 on the second day

which is cloudy, falls to −0.3 on the third day which is a rainy day, and so on. We define

the curve that describes how the preference value changes over time or in a sequence of

scenarios as “preference changing pattern”. It can also be imagined that the changing

patterns of different factors may not be the same: on a cloudy day, when an individual’s

preference on biking rises, his preference on commuting time or commuting cost may not rise

correspondingly. Thus we could see that the changing patterns of each preference dimension

may be discussed separately.
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To simplify in the explanation, let us only focus on one preference dimension (i.e., the

preference on biking) as an example, and assume that the changes of the preference on

biking will only be impacted by weather. Also, assume that we have only two types of

common preference changing patterns in the group: for preference changing pattern βA(t),

an individual’s preference on biking will be 1 on a sunny day, be 1 on a cloudy day, and

be 0 on a rainy day; for preference changing pattern βB(t), an individual’s preference on

biking will be 0 on a sunny day, be −1 on a cloudy day, and be −1 on a rainy day. We

can see that these two types are significantly different from each other: βA(t) represents a

bike-lover since the values of preference on biking in the choice-making process are always

non-negative, while βB(t) may represent someone who never bikes as the preference curve

keeps staying in the non-positive zone. These people exist, yet most people, as we could

imagine, are likely to be in between: in some choice scenarios, their preference on biking is

positive, and in some others, the preference is negative.

According to the collaborative learning framework, the two common preference changing

patterns βA(t) and βB(t) identified from this group of people are called “canonical models”,

which form the basic references for all the individuals’ preferences on biking. Specifically,

each individual’s preference on biking is assumed to be obtained with a combination of βA(t)

and βB(t). For example, an individual’s preference on biking can resemble βA(t) at a degree

of α. Since we assume that there are only two types of preference changing patterns here

in the group, this individual’s preference changing pattern would then resemble βB(t) at a

percentage of 1−α. The individual’s preference on biking would be αβA(t) + (1−α)βB(t).

The vector of the parameters (α, 1−α) is called this individual’s “membership vector” of his

preference on biking. Since each individual may have different values of α, the preferences

of each individual would be different.

With the example, we briefly describe the collaborative learning framework and the

preference changing patterns we mentioned in previous sections. We interpret the identified

“canonical models” as a set of “common types of preference changing patterns”, meaning

that these changing patterns are shared by all the individuals in the group, as each indi-

vidual’s preferences are composed of these canonical models with weights. Now, we can

move to the general description and mathematical formulation of the proposed Logistic
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Collaborative Model with Time-varying Parameters (LCM-T).

5.2.2.2 Mathematical formulation of Logistic Collaborative Model with Time-varying Pa-

rameters (LCM-T)

As we state in the introduction section, the collaborative learning framework exploits the

underlying canonical structure of the preference changing patterns in the population with

heterogeneity. With the framework, several common preference changing patterns are iden-

tified from all individuals’ data, which are assumed to be the basic structural elements of

the individual preferences for all individuals. Specifically, each individual’s preferences are

generated by linearly combining all the common preference changing patterns, in which the

weights towards these common preference changing patterns are identified from his own

choices. For each individual, the weights form his “membership vector”, which describes to

what degree his own preference changing pattern resembles each of the common patterns.

Now we write this model in a mathematical way. Assume that an individual’s preferences

have R dimensions, meaning that there are R attributes in each choice scenario, and βi in

Equation 5.1 is an R-dimensional vector. That means the individual i’s preference vector

is:

βi = [βi1(t), βi2(t), ..., βiR(t)]T (5.2)

Also assume that for individual i, the changing pattern of the rth dimension of his prefer-

ences can be described by a cubic polynomial function βir(t) = qir,0 + qir,1t+ qir,2t
2 + qir,3t

3

(r = 1, 2, ..., R; i = 1, 2, ..., N), as discussed in Section 5.2.1. For the whole population,

we assume that there are Kr canonical models (f1,r(t), f2,r(t), ..., fKr,r(t)) for rth prefer-

ence dimension βr(t), representing Kr common changing patterns identified from all N

individuals. Thus, formulation of the canonical models should be the same as the chang-

ing pattern of the preference dimension, which means the cubic polynomial equation, i.e.,

fk,r(t) = qkr,0 + qkr,1t + qkr,2t
2 + qkr,3t

3. Assigning each individual i with a membership

vector ci,r = [c1,ir, c2,ir, ..., cKr,ir]
T ,
∑

k ck,ir = 1, representing the degree of resemblance

of the individual’s rth dimension of his preferences βir(t), to the canonical models. Now,

with the canonical models and the individual’s membership vector, the individual i’s prefer-
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ence βir(t) could be expressed with a linear combination of the membership vector and the

canonical models: βir(t) =
∑

k ck,irfk,r(t), k = 1, 2, ...,K. Similarly, we could assume that

other preference dimensions for individual i can also be expressed with the corresponding

membership vectors and the canonical model sets. In total, there will be R different sets of

canonical models for all R dimensions of the preferences, and each individual has R mem-

bership vectors correspondingly. With the canonical models and the membership vectors,

all the individuals’ preferences can be expressed.

Now we rewrite some of the notations such that we could use them in the formula

expressions. The parameters of a canonical model fk,r(t) = qkr,0 + qkr,1t + qkr,2t
2 + qkr,3t

3

could be denoted by a R-dimensional parametric vector: qk,r = [qkr,0, qkr,1, ..., qkr,R]T . Then,

βir(t) could be written as a product of two vectors, i.e., βir(t) =
∑

k ck,irqk,r
Tvr(t), where

vr(t) is the time-dependent vector which gives the form of the canonical models. For

example, if the canonical model is in a linear form fk,r(t) = q0 + q1t, it could be seen as

fk,r = qk,r
Tvr(t), where the parameter vector qk,r = [q0, q1]T and the time-dependent vector

vr(t) = [1, t]T .

For the binary logistic model as shown in Equation 5.1, we can have:

Pr(yit = 1|xit) =
exp(βT

i xit)

1 + exp(βT
i xit)

=
exp(xT

it(QCi)
TV (t))

1 + exp(xT
it(QCi)TV (t))

Pr(yit = 0|xit) =
1

1 + exp(βT
i xit)

=
1

1 + exp(xT
it(QCi)TV (t))

(5.3)

The log-likelihood function of the binary logistic model then can be written as:

l(β) = − log(1+exp(βT
i xit))+yit(β

T
i xit) = − log(1+exp(xT

it(QCi)
TV (t)))+yit(x

T
it(QCi)

TV (t))

(5.4)

To formulate the log-likelihood function in the collaborative learning framework for

parameter estimation, we further write up the Kr canonical models as a matrix: Qr ≡

[q1,r, q2,r, ..., qKr,r] ∈ RR×Kr . Then, we could rewrite βir(t) = (Qrcir)
Tvr(t). Given that

each individual’s preferences have R dimensions, and each dimension has a set of canonical

models, an individual may have R different membership vectors towards R dimensions of

his preferences. Now the individual i’s preference vector in Equation 5.2 can be further
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written as:

βi = [βi1(t), βi2(t), ..., βiR(t)]T = [(Q1ci1)Tv1(t), (Q2ci2)Tv2(t), ..., (QRciR)TvR(t)]T

We also need to formulate βT
i xit. To do this, we combine the membership vectors for all

dimensions of the preferences of individual i into a diagonal matrixCi = diag(ci1, ci2, ..., ciR).

We further combine the canonical models for each dimension into a big matrix Q =

diag(Q1,Q2, ...,QR) and combine the time-dependent vectors vr(t) for the R forms of

the canonical models into V (t) = [v1(t),v2(t), ...,vR(t)]T . Then βT
i xit could be written

as βT
i xit = xT

it(QCi)
TV (t). At time step t, the result of (QCi)

TV (t) is a R × 1 vector

[βi1(t), βi2(t), ..., βiR(t)]T .

To learn all the parameters in C and Q, we pool all the data from all individuals

together, which leads to the following formulation:

min
C1,C2,...,CN,Q

N∑
i=1

1

ni

ni∑
t=1

{
log(1 + exp(xT

it · (QCi)
TV (t)))− yit(xT

it · (QCi)
TV (t))

}
,

s.t. cir ≥ 0, cTir1 = 1 i = 1, ..., N ; r = 1, ..., R.

(5.5)

Here, ni is the number of measurements/observations from individual i. We name the

model of the optimization framework in Equation 5.5 as the Logistic Collaborative Model

with Time-varying Preferences (LCM-T). In LCM-T, while t changes, the attributes xit

changes accordingly, representing the specific attributes for the scenario at time step t.

The time-dependent vector V (t) also changes, leading to the changes of each dimension

of individual i’s preferences. It could be noticed that now in our LCM-T, the sequences

of the choice scenarios play a role in determining the decision variables. This is different

from the previous optimization works done with the collaborative learning framework in

[113, 112, 111].

As stated in the previous section, we assume that all the preference dimensions for an

individual could be described with cubic polynomial models, i.e., v1(t) = v2(t) = ... =

vR(t) = [1, t, t2, t3]T = vt. Thus, the formation of all the canonical models (k = 1, 2, ...,Kr)

for any dimension βr could be written as fk,r(t) = qk,r
Tvt, where the parameter vector
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qk,r = [q1,kr, q2,kr, q3,kr, q4,kr]
T , i.e., R = 4,∀r ∈ {1, 2, ..., R}.

5.2.3 Online Logistic Collaborative Model with Time-varying Parameters (OLCM-T)

With the optimization problem shown in Equation 5.5, we can estimate the canonical pa-

rameters matrix Q and the membership matrix C iteratively with a parameter estimation

algorithm similar to the one in [112]. However, the computation process may take time.

Thus, this wholesome update of all parameters of all individuals based on only a few obser-

vations from one individual is not efficient. To update an individual’s preferences when a

new observation is available, we separate the process of canonical model updating and mem-

bership vector updating of the Logistic Collaborative Model with Time-varying Parameters

(LCM-T) into two stages — “offline updating” and “online updating”. The proposed Online

Logistic Collaborative Model with Time-varying Parameters (OLCM-T) we are focusing on

in this paper is the algorithm of the online stage.

In the online updating stage, an individual’s membership vectors will be updated given

his own data, while the canonical models are not updated. The online updating could also

be used to learn the membership vectors when a new user comes to the system.

Assume that for individual i, there are ni observations yit, t = 1, 2, ..., ni available. In

online updating process, the optimization problem in Equation 5.5 becomes:

min
Ci

ni∑
t=1

{
log(1 + exp(xT

it · (QCi)
TVt))− yit(xT

it · (QCi)
TVt)

}
,

s.t. cir ≥ 0, cir
T1 = 1 r = 1, ..., R.

(5.6)

Here, Vt = [vt,vt, ...,vt]
T , where vt = [1, t, t2, t3]T . Q = diag(Q1,Q2, ...,QR) is the

diagonal matrix of the canonical models of each dimension, where Qr = [q1,r, q2,r, ..., qKr,r],

r = 1, 2, ..., R is the parameter matrix of Kr canonical models for preference dimension r.

xit and yit, t = 1, 2, ..., ni are the attributes and choices in the t’s scenario for individual

i, which are also known. The decision variables are individual i’s R membership vectors

towards each dimension of the preferences. For each dimension r, his membership vector

cir ≥ 0, and the
∑Kr

k=1 ck,ir = 1. Since each dimension of the individual’s preferences is a

linear combination of the corresponding canonical models, each preference dimension is also
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time-dependent and change in a form of the cubic polynomial.

5.2.4 Relationship between Online Updating and Offline Updating

In the work of [194], an algorithm based on Random Utility Maximization theory utilizing

a particle filtering method is used to learn and update an individual’s preferences, such that

tracking preference changes is possible. The proposed LCM-T can capture the preferences

changes by estimating Q and C iteratively. However, compared with the particle filter

method, the updating process of the proposed Logistic Collaborative Model with Time-

varying Parameters (LCM-T) would be cumbersome, especially when we are interested in

updating only several individual’s preferences (assume that the whole population is large).

In other words, the whole computation process of the optimization problem needs to be

taken, even when only a few individuals have new data available, and their preferences are

to be updated. Because of this, the real-time preference updating for each individual may be

inefficient to implement with the proposed Logistic Collaborative Model with Time-varying

Parameters (LCM-T).

The two-stage updating structure of the proposed LCM-T could solve the problem:

by having an online and an offline updating stage, we could apply the proposed online

updating method to the new data obtained by an individual and only update his membership

vectors with much shorter computation time. Since the canonical models are vital in the

preference learning process but they are not updated in the online updating stage, the offline

updating stage needs to be applied once after a time, during which both canonical models

and individuals’ membership vectors are updated using much more data in history. In other

words, the online updating stage is taken more frequently than the offline updating stage.

Since the online and offline updating stages are taken iteratively in the LCM-T model, a

linkage between the two stages should be built, and several questions need to be answered.

For example, one question is related to the updating rule of the membership vectors. As

the membership vectors are updated both in online and offline stages, the updates from the

two stages may be different from each other. How to update the membership vectors in the

iterative process such that little information is lost may worth exploration. One possible
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method is to add friction factors in the offline-updating process, such that the information

from both online and offline stages could be maintained in the membership vectors. Another

question could be related to the time interval between two offline updates. If offline updating

is taken rarely, the model may have low accuracy, while if the offline updating is taken very

frequently, the model may have low efficiency. This may need more explorations with real-

world data, and the conclusions may differ significantly when having different applications.

These questions are beyond the scope of the current paper, where we primarily focus on the

online updating process when the canonical models are assumed known from the previous

offline updating step. In the following sections, we are only considering the online updating

stage.

5.3 Parameter Estimation Algorithm for Online Logistic Collaborative Model
with Time-varying Parameters (OLCM-T)

In the online updating stage, an individual’s membership vectors are to be updated. Based

on Equation 5.6, given his new data yi1, ..., yit, the objective function for individual i could

be written as:

min
cir,r=1,2,...,R

ni∑
t=1

{
log

(
1 + exp

( R∑
r=1

xr,it(Qrcir)
Tvt
))
− yit

( R∑
r=1

xr,it(Qrcir)
Tvt
)}
,

s.t. cir ≥ 0, cir
T1 = 1 r = 1, ..., R.

(5.7)

In Equation 5.7, the decision variables are the membership vectors of individual i. Given

Q1,Q2, ...,QR and vt, the Lagrangian function of the formulation shown in Equation 5.7

could be written as:

L =

ni∑
t=1

{
log

(
1+exp

( R∑
r=1

xr,it(Qrcir)
Tvt
))
−yit

( R∑
r=1

xr,it(Qrcir)
Tvt
)}

+

R∑
r=1

µr(c
T
ir1−1)

(5.8)

In equation 5.8, we introduce the Lagrangian multiplier µr for constraint cTir1 = 1. To

get the optimal cir, r = 1, 2, ..., R, we could derive the gradient of the objective function

regarding cir:
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∂L

∂cir
=

ni∑
t=1

{(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
− yit

)
× xr,itQT

r vt

}
+ µr1 = 0 (5.9)

According to Karush–Kuhn–Tucker conditions, we also have ∂L
∂ck,ir

ck,ir = 0 (k = 1, 2, ...,Kr; r =

1, 2, ..., R), which could lead to the following equation:

∂L

∂ck,ir
ck,ir =

ni∑
t=1

{(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
−yit

)
×xr,it(Qr

Tvt)kck,ir

}
+µrck,ir = 0

(5.10)

Given cir1 = 1, i.e.,
∑Kr

k=1 ck,ir = 1, Equation 5.10 could further be modified as:

ni∑
t=1

{(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
− yit

)
× xr,it(Qr

Tvt)
Tcir

}
+ µr = 0 (5.11)

With Equation 5.11, we could write µr in the following way:

µr =

ni∑
t=1

yit × xr,it(Qr
Tvt)

Tcir −
ni∑
t=1

exp(
∑R

r=1 xr,it(Qrcir)
Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
× xr,it(Qr

Tvt)
Tcir

(5.12)

Replace µr in Equation 5.10 with Equation 5.12:

ck,ir ×
{ ni∑

t=1

(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
− yit

)
× xr,it(Qr

T v(t))k

+

ni∑
t=1

(
yit −

exp(
∑R

r=1 xr,it(Qrcir)
Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)

)
× xr,it(Qr

Tvt)
Tcir

}
= 0

(5.13)

Since ck,ir should be non-negative, we define δ+(x) ≡ max(x, 0) and δ−(x) ≡ min(x, 0),

with which Equation 5.13 could be separated into a positive part and a negative part:
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ck,ir ×
{ ni∑

t=1

[
δ+

(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
× xr,it(Qr

Tvt)k

)
− δ−

(
yit × xr,it(Qr

Tvt)k

)

+δ+

(
yit × xr,it(Qr

Tvt)
Tcir

)
− δ−

(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
× xr,it(Qr

Tvt)
Tcir

)]}
−ck,ir ×

{ ni∑
t=1

[
− δ−

(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
× xr,it(Qr

Tvt)k

)
+ δ+

(
yit × xr,it(Qr

Tvt)k

)

−δ−
(
yit × xr,it(Qr

Tvt)
Tcir

)
+ δ+

(
exp(

∑R
r=1 xr,it(Qrcir)

Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcir)Tvt)
× xr,it(Qr

Tvt)
Tcir

)]}
= 0

(5.14)

With Equation 5.14, we could derive an iteratively updating rule for cir similarly as

[111, 113, 112]:

cm+1
k,ir = cmk,ir ×

{ ni∑
t=1

[
− δ−

(
exp(

∑R
r=1 xr,it(Qrc

m
ir )Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcmir )Tvt)
× xr,it(Qr

Tvt)k

)
+ δ+

(
yit × xr,it(Qr

Tvt)k

)

−δ−
(
yit × xr,it(Qr

Tvt)
Tcmir

)
+ δ+

(
exp(

∑R
r=1 xr,it(Qrc

m
ir )Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcmir )Tvt)
× xr,it(Qr

Tvt)
Tcmir

)]}
/

{ ni∑
t=1

[
δ+

(
exp(

∑R
r=1 xr,it(Qrc

m
ir )Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcmir )Tvt)
× xr,it(Qr

Tvt)k

)
− δ−

(
yit × xr,it(Qr

Tvt)k

)

+δ+

(
yit × xr,it(Qr

Tvt)
Tcmir

)
− δ−

(
exp(

∑R
r=1 xr,it(Qrc

m
ir )Tvt)

1 + exp(
∑R

r=1 xr,it(Qrcmir )Tvt)
× xr,it(Qr

Tvt)
Tcmir

)]}
(5.15)

In Equation 5.15, the superscript m refers to the order of iteration. By introducing δ-

functions, we ensure that the numerator and the denominator are both non-negative. There-

fore, given any positive initial membership vectors cir, r = 1, 2, ..., R, the non-negativity

requirement of the membership vectors is guaranteed.

In summary, the membership vectors could be learned and updated iteratively with the

following steps:

1. Input: Q, vt = [1, t, t2, t3]T , xr,it, yit, initial value c0
ir, for all r = 1, 2, ..., R; t =

1, 2, ..., ni;

2. For m = 1, 2, ..., iteratively update each dimension of each membership vector cm+1
k,ir
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with Equation 5.15, given cmir calculated in the previous iteration step;

3. Give a pre-determined criteria ε. When γm =
∑R

r=1 ‖c
m+1
ir − cmir‖22 ≤ ε, stop the

iteration.

5.4 Simulations

The purpose of the simulation is to test the performance of the proposed model using online-

updating strategy. Given the online-updating strategy is a real-time updating method, the

model is expected to estimate and update an individual’s preferences at each time step when

new data points are available. Thus, we will (1) generate the true values of the preferences

for each individual for several successive time steps, (2) generate attributes for the choice

scenario at each time step, and (3) generate the responses to the scenario based on his the

true preferences at each time step. Notice that when generating the true preferences for

each individual at step (1), we need to generate the canonical models (polynomial models

in the current study) and membership vectors for all individuals, such that we can obtain

each individual’s preference changing model with the method we propose in Section 2, and

estimate his preferences at each time step.

The performance of the model is evaluated with two metrics, Average Absolute Error,

and Prediction Accuracy.

Average Absolute Error measures the difference between learned coefficients and the

true ones (Equation 5.16):

Average Absolute Error =
1

N

N∑
i=1

|βi − β̂i|. (5.16)

Prediction Accuracy measures how the model performs in behavioral predictions, as

shown in Equation 5.17:

Prediction Accuracy =
NNumber of predictions that are consistent with the actual choices made

NNumber of predictions made in total
(5.17)

The performance of the proposed Online Logistic Collaborative Model with Time-varying

Parameters (OLCM-T) with time-varying preferences is compared with several benchmark
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methods including (1) the independent logistic regression model (ILM) that learns the

regression coefficients of each individual solely based on his own data; (2) the mixed-effect

logistic regression model (logistic MEM) that considers the coefficients of individuals are

extracted from a certain distribution; (3) the one-size-fits-all logistic regression model (LR)

that treats all individuals homogeneously, combines all individuals’ data and estimates one

set of preferences; (4) the original Logistic Collaborative Learning (LCM) model, where

individual preferences are constant values βr rather than time-varying variables βr(t). In

LCM, the canonical models represent different utility models in a format of U =
∑

r βrxr,

and different canonical models have different βr.

The simulations in this section test each model’s performance when available data points

increase over time. In other words, at the beginning of the updating period, the data

points obtained from each individual may be limited (i.e., the so-called sparse sampling

condition), and as time goes by, the sampling condition may become denser when more and

more available data points could be collected. This happens commonly in various realistic

circumstances, and we will show that the proposed method has advantages when dealing

with it.

5.4.1 Data generation

Two coefficients are varying in the simulation, such that we could see the performance of

the proposed algorithm and make comparisons: (1) the number of attributes in the utility

model R, i.e., the number of factors in a choice scenario, or the number of the preference

dimensions; (2) the number of canonical models for each preference dimension K (here in

the simulation we are assuming that different preference dimension has the same number of

canonical models, though the models are different). With R and K assigned, we could set

the true preferences for the group of individuals with preference heterogeneity.

5.4.1.1 Generate suitable formulation for different canonical models

A given number of canonical models are generated by randomly setting the parameters

of the cubic polynomial models. For each cubic polynomial model q0 + q1t + q2t
2 + q3t

2,
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we need to set 4 parameters. Since the canonical models represent different preference

changing patterns, they need to be different enough from each other. To guarantee this,

for each preference dimension, we can let the canonical models be polynomial models of

different degrees. For example, we may let one canonical model be a cubic polynomial, and

other canonical models be a quadratic model, a linear model, and a constant model. We

can also let different canonical models have opposite signs. For example, in canonical model

q1
0 +q1

1t+q
1
2t

2 +q1
3t

3 and canonical model q2
0 +q2

1t+q
2
2t

2 +q2
3t

3, q1
3 and q2

3 could have opposite

signs such that the two canonical models are significantly different from each other.

5.4.1.2 Generate appropriate parameters for canonical models

We obtain the magnitudes/ranges of the 4 parameters in the cubic polynomial model by

running regressions with the learned preferences we obtained in our previous study [194]. As

we stated in Section 4.3.2, we have individual preferences for 826 respondents in 13 binary

choice scenarios. We run regressions for each individual, and obtain the magnitudes for q0,

q1, q2, and q3 in the cubic polynomial model. Then, the parameters of each canonical model

are selected randomly from corresponding ranges:

q0 ∈ [−0.25, 0.25]; q1 ∈ [−0.05, 0.05]; q2 ∈ [−0.008, 0.008]; q3 ∈ [−0.0005, 0.0005]

Since we would like to guarantee that the canonical models are different from each other,

some parameters are set to be 0 intentionally. For example, to obtain a quadratic polynomial

model, we will let q3 = 0 and q2 6= 0.

5.4.1.3 Generate membership vectors

With canonical models, each individual’s membership vectors need to be decided such that

his preferences βi could be obtained via βi = (QCi)
TVt. Given the requirements that

cir1 = 1 and ck,ir ≥ 0, we use Dirichlet distribution to model the membership vectors (the

commend is rdirichlet in R). In the simulation, we let each individual has his dominant

preference changing model for each dimension of his preferences. This is achieved by setting

one large value (e.g., 10) in the p-length vector α and let other values of the vector be small

(e.g., 1). With the given number of canonical models K, we equally split the total population
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into K sub-groups, and individuals in one sub-group will have the same “dominant model”,

which refers to the canonical model to which the preference changing patterns of these

individuals will resemble more than others.

For example, assume that we are generating true preferences for a condition where the

individual preferences are 3-dimensional and there are 2 canonical models for each dimen-

sion. The whole population is split into 2 sub-groups, each with 120/2 = 60 individuals.

Each individual has 3 membership vectors corresponding to the 3-dimensional preferences.

Each membership vector has 2 values in response to the 2 canonical models. For the first

sub-group, we may let the first canonical models be the “dominant models” for all prefer-

ence dimensions. The corresponding value for the “dominant model” in each membership

vector will be significantly larger than the other, e.g., (0.9, 0.1). Meanwhile, for the second

sub-group, we need to set the second canonical models be the “dominant models” for all

preference dimensions. An example of the membership vector for one preference dimension

of an individual in the second sub-group could be (0.1, 0.9).

5.4.1.4 Generate attributes in choice scenarios

We then generate choice scenario attributes xit for each individual i at each time step. With

the generated attributes at each time step t, an individual’s choice in the scenario can be

predicted using binary logit model:

p1 = Pr(yit|xit) =
exp(xT

itβit)

1 + exp(xT
itβit)

=


> 0.5 yit = 1

≤ 0.5 yit = 0

(5.18)

We randomly select the values of the attributes from a uniform distribution U(0, 100),

which is consistent with the magnitudes of the attributes in the online experiment in [194].

The consistency in the magnitudes of the attributes and the preferences helps ensure the

reliability of the simulations in the current study. Given the number of attributes R, we first

randomly select R − 1 values from a uniform distribution U(0, 100) for each individual at

each time step. We then randomly select p1 from a uniform distribution U(0, 1). With p1, we

could calculate the last attribute required using the discrete choice-making model such that



72

his probability to select the promoted choice is the pre-determined value p1. By generating

attributes in this way, we avoid the system from aborting due to large exp(xT
itβit), and make

it possible for us to control the balance of the responses (i.e., the percentages of acceptance

and rejections in responses).

5.4.1.5 Levels of noise in responses

We also test the performance of the model given different levels of noise in responses, i.e.,

10% (0.1), 20% (0.2), 30% (0.3), which represent the percentages of the incorrect responses

for each individual in all his choices. To achieve this, a random number between 0 and 1

is generated after generating a scenario and the corresponding true response from the true

preferences. If the number is smaller than the noise level (e.g., 0.1), we turn the response

to the opposite (from acceptance to rejection, or from rejection to acceptance), making the

response in this scenario an incorrect response.

5.4.1.6 simulation of the online-updating process

To mimic the online updating process over time, we assume that at each time point, one data

point could be obtained from each individual. For a given time step, the data that could be

used to learn the preferences of the individual is the set of the data points obtained from

all previous time steps and the new data point obtained at the current time step. Another

10 data points are also generated at each time step for testing. In other words, at time step

t, we generate 1 + 10 = 11 data points with the performances of the time step t. Among

all the 11 data points, one is the new observation at this time step, and the other 10 data

points consist of the testing set.

In our simulation, we set the total number of individuals N = 120, set the number of

preference parameters in utility function R = 4 (i.e., the individual preferences have four

dimensions), and set the number of canonical models for each preference dimension K = 2.

With this basic setting, each individual has four membership vectors towards the four

dimensions of his preferences, and each dimension of his preferences could be described by

the two canonical models of that preference dimension and his membership vector towards
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that dimension. Tests regarding the performances of the model with different numbers of

canonical models and different numbers of dimensions (i.e., the number of variables in the

utility function) are also conducted accordingly.

We present the results of the prediction accuracy, computation time, and the Aver-

age Absolute Error of an estimate for each model (Online Logistic Collaborative Model

with Time-Varying preferences, Independent Logit Model using data from one individual,

Logistic Regression with data from all individuals, Mixed Effect Model, and Logistic Col-

laborative Model with constant preference parameters) in online updating over time, with

the OLCM-T (Online Logistic Collaborative Model with Time-Varying preferences) having

four parameters in the utility model and two canonical models in each preference dimen-

sion. Notice that though the scenarios and responses are the same when testing all the five

models, the division of training sets and testing sets are only used in simulations of OLCM-

T model. We then show the differences in prediction accuracy rates when changing the

number of canonical models in each preference dimension, and when changing the variable

numbers for our proposed OLCM-T model.

5.4.2 Simulation results

The results of the prediction accuracy of each model at each time step are presented in

Figure 5.2. In the experiment, at time t = 1, each individual has 1 data point available

for estimation. As time goes from t = 1 to t = 15, the data points collected from each

individual increase from 1 to 15. In general, the prediction accuracy of all the five mod-

els increases over time when more data are available in preference learning and updating

process, among which the proposed OLCM-T (Online Logistic Collaborative Model with

Time-Varying preferences) considering time-varying preferences has better performances in

prediction accuracy comparing with all other models. Since the best number of canonical

models of LCM (Logistic Collaborative Model with constant preference parameters) is not

known in the simulation, cross-validation is applied to identify optimal K before evaluating

the performance of LCM (Logistic Collaborative Model with constant preference parame-

ters). The average absolute error of the estimates obtained by each model is presented in



74

Figure 5.2: The prediction accuracy of each model over time in online updating process.

Figure 5.3: Convergence performance of the computational algorithm in the proposed Online

Logistic Collaborative Model (OLCM-T)



75

Figure 5.4: The prediction accuracy of (a) Online Logistic Collaborative Model with Time-

Varying preferences (OLCM-T) with different number of canonical models, and (b) OLCM-T

with different number of dimensions.
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Figure 5.5: The prediction accuracy of Online Logistic Collaborative Model with Time-

Varying preferences (OLCM-T) and original Logistic Collaborative Model (LCM) when

having different level of noise in response.

Table 5.1. The proposed OLCM-T (Online Logistic Collaborative Model with Time-Varying

preferences) has the lowest absolute error for each preference parameter when the available

data is very limited.

The loss function of our model could be the sum of the minus log-likelihood of the

logistic function. Figure 5.3a shows the average loss after each iteration of updating with

the updating rule shown in Equation 5.15, and Figure 5.3b presents the histogram of the

number of iterations before reaching a pre-specified convergence criterion, i.e., |Loss(t) −

Loss(t− 1)| < 0.1. Besides the criterion, we also set the maximum number of iterations to

be 500. It could be seen that more than two-thirds of the total simulations converge within

20 iterations, and only about 1.5% of the simulations do not converge within 500 iterations.

The computation time for the proposed OLCM-T (Online Logistic Collaborative Model

with Time-Varying preferences) is significantly longer (7788.792s) than the LCM (Logistic

Collaborative Model with constant preference parameters) method (713.321s) where the

preference changing is not considered. This could be reasonable because each individual

now has multiple membership vectors (consistent with the number of preference dimensions),
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Table 5.1: Results Model Comparison

Model OLCM-T LCM ILM LR MEM

Average Computation Time (s) 7788.792 713.321 17.123 0.644 835.062

Average Absolute Error 0.101 0.945 5.175 1.100 0.445

such that more parameters in membership vectors need to be estimated. Because of this,

the current method may require more iterations before convergence, which may significantly

extend the computation time. Notice that the computation time counted here in Table 2 is

the total computation time for 15 time steps and 120 individuals. As the proposed online

algorithm OLCM-T is designed to be applied to each individual at each time step, the

individual updating time at each time step would be much shorter (about 4.33 seconds).

We further test the performance of the proposed OLCM-T when the number of dimen-

sions and the number of canonical models change. From Figure 5.4a we could see that when

the number of canonical models increases, the performance of the model decreases. This

is possibly because that when the number of canonical models increases, the number of

parameters that need to be estimated also increases. Given that the available observations

are the same, more parameters to be estimated may lead to lower accuracy in estimation.

Meanwhile, the computation time does not show significant differences in the process. In

Figure 5.4b we could see that for the first few time steps, the prediction accuracy would be

higher when there are fewer numbers of dimensions (fewer variables in the model). As more

data are obtained in the learning process, the performances would become similar to models

with different numbers of dimensions. Figure 5.5 also shows that in general, the proposed

OLCM-T has higher prediction accuracy compared with LCM when the responses fed to

the model have some noises.

5.5 Real-world Case Study

To see the performance of OLCM-T with real-world data, we apply our model to the dataset

we collected in an online experiment we conducted in [194]. Similar to the simulation section,
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in the real-world case study, we again compare the performance of the proposed OLCM-T

with independent logit model with data from one individual (ILM), traditional logit model

with data from all individuals (LM), mixed-effect model (MEM), and the original logistic

collaborative model where the parameters are constant rather than time-varying (LCM).

Moreover, we also compare the performance of OLCM-T with that of the latent class choice

model (LCCM) and the particle filter method (PF) we used in [194].

5.5.1 Dataset of commuting departure time choices

The dataset includes responses from 826 individuals recruited from the AMT (Amazon

Mechanical Turk) platform.

In the experiment, we randomly assign each participant into one of 9 experimental

groups, each with a specific hypothetical background setting on his original commuting

departure time, arrival time, typical commuting time, and the level of the flexibility in

his working starting time. Then the participant is required to make binary choices on

commuting departure time in 13 scenarios. In each scenario, he could select to depart

at an earlier or later time point suggested in the experiment or to stay unchanged and

depart at his original departure time. Information provided in each alternative includes

departure time, arrival time, total commuting time, and possible reward points that are

used to encourage the individual to accept the suggested alternative. Thus, we have four

variables in the utility model: changes in arrival time (including both scheduled delay early

SDE and scheduled delay late SDL), the minutes of travel time savings if the suggested

departure time is accepted TTS and the reward points RP.

U = βSDESDE + βSDLSDL+ βTTSTTS + βRPRP (5.19)

For each background setting of an experimental group, there are corresponding levels for

the attributes of a proposed alternative in a scenario. Specifically, there are three levels for

SDE and SDE (10 min, 25 min, and 60 min), two levels for TTS (10% for slight congestion,

and 60 for severe congestion), and RP is no larger than 100. The experimental groups

guarantee that there is preference heterogeneity in the population.



79

Figure 5.6: The data points used for model training and testing with real-world dataset at

each time step.

The first two scenarios are the same for all respondents in the experiment. Start from the

third scenario, the proposed alternative presented to a participant’s in the next time step will

be decided by the participant’s choice at the current time step and his preferences learned by

the individual preference learning algorithm proposed in [194]. With the updated preferences

at each time step, the background algorithm further prepares a proposed alternative for the

following scenario that is likely to be accepted by the participant. Thus, the amount of

RP needed is calculated according to RUM such that the proposed alternative is attractive

enough for the participant. If the required RP exceeds 100 points, the algorithm will change

the alternative by adjusting the levels of other attributes.

5.5.2 Application procedures of different models

Similar to the simulation section, we assume that at each time point, one data point could

be obtained from each individual. At each time step, the new data points obtained at the

current time step, together with all the data points obtained in previous steps, could be used

to learn the individual’s preferences. Also, at each time step, the following three scenarios

and choices are used as the test dataset to test the prediction accuracy given the preferences

learned at the current time step (as shown in Figure 5.6).

For the independent logit model (ILM), we run logit regressions for each individual with

his own data points at each time step. Since there are four parameters to be estimated, we



80

could not obtain estimates from time step 1 to time step 3 with ILM. For the traditional

logit model (LM), we run logit regression with data points from all individuals at each time

step, and make predictions assuming that all the individuals have the same preferences.

Since the scenarios at the first two time steps are the same for all respondents, we can

only obtain estimates starting from the third time step. Similar problems also exist in the

mixed-effect model (MEM) and the original logistic collaborative model (LCM).

For the particle filter method used in [194], we simply use the percentages of the ac-

ceptance at each time step in the dataset as the prediction accuracy. This is because that

the preference learning algorithm utilizing particle filter approach itself is embedded in the

experiment and each individual’s preferences are updated at each time step, and the pro-

posed alternative presented at each time step (starting from the third time step) to each

respondent is expected to be accepted by the respondent. Thus, we are able to obtain

the prediction accuracy of the particle filter algorithm proposed in [194] by calculating the

acceptance ratio at each time step in the experiment.

For the proposed OLCM-T, we first decide the suitable degree of the polynomial models

applied to this dataset using cross-validation. The results shown in Figure 5.7 suggest that

the best model suitable for our dataset is the quadratic polynomial model. We then explore

how many canonical models are needed for each dimension of the preferences. Similar to the

conclusion we obtained from simulations (Figure 5.4a), the results also show that having two

canonical models may lead to higher performance than having more canonical models. Thus

in this real-world case study, we use two canonical modes for each preference dimension for

OLCM-T. Cross-validation is also used to decide the number of canonical models for each

preference dimension for the original LCM, and we let it be 5.

Since we are testing the performance of the online-updating strategy for the proposed

LCM-T, at each time step, we will fix the canonical models and only update each indi-

vidual’s membership vector. Thus, we randomly select 80% of the 826 respondents (661

individuals) as a subset to learn the canonical models for this population, assuming that

the canonical models are also applicable for the rest 20% respondents (165 individuals).

Given the canonical models, the dataset of those 165 individuals is used to test the algo-

rithm of OLCM-T (online collaborativemodel with time-varying preferences) presented in
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Figure 5.7: Inaccurate prediction rates with different degrees of polynomial models.

Figure 5.8: The prediction accuracy of different models.
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Section 5.2.2.2. As the 661 individuals in the canonical learning group are randomly selected

from the population, we take independent random selection for 10 times.

5.5.3 Model application results

The performance of OLCM-T (online collaborative model with time-varying preferences)

shown in Figure 5.8 is the average of the 10 trials. From Figure 5.8 we could see that the

proposed OLCM-T has higher prediction accuracy than other models from the first time

step until the 9th time step, at which the prediction accuracy of LCM exceeds that of

OLCM-T (online collaborative model with time-varying preferences). This might because

while the canonical models of OLCM-T are fixed in the whole process, the original LCM

updates both canonical models and membership vectors at each time step, which may impact

the performance of the model in later time steps. Another observation one may notice is

that at the 10th time step (i.e., when 10 data points are available for each individual), the

performance of the independent logit model (ILM) has a sudden increase and becomes higher

than the performance of OLCM-T we propose. This is possibly due to some properties of

the dataset we have in the real-world case study and the characteristics of the individuals

in the experiment. Besides, our model is shown to be able to estimate a large number of

unknown variables, where ILM may require many more data points to get estimates. From

Figure 5.8, we could also notice that the performance of OCLM-T is just slightly better than

other models in early time steps. One reason may be that the polynomial model used here

to represent an individual’s changing preference is just a tentative example. Better models

that could capture the dynamic of the changing preferences may lead to better performance

and would require further explorations in our future work.

We’d like to present some results showing the changing preferences we learned in the

choice-making process. The results are obtained in one of the 10 times of independent

algorithm running. Same as other 9 times, in the beginning, 661 individuals’ data is ran-

domly selected to learn canonical models for the population. For each preference dimension,

two canonical models are identified. The dataset from the other 165 individuals is used to

test OLCM-T (online collaborative model with time-varying preferences) and learn their
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Figure 5.9: The ratio of between-cluster-sum-of-squares and total-sum-of-squares when di-

viding the individuals in to different number of clusters.

changing preferences.

To illustrate the changing preferences, we present the individual preferences learned

by OLCM-T in an aggregated way: we cluster the 165 individuals into clusters using k-

means according to their membership vectors (see Figure 5.9), and show each individual’s

preference changing curves in Figure 5.10. It can be seen that each individual has his own

preferences learned by the model, and each individual’s preferences are changing in his

choice-making process. As we expected, most individuals have negative βSDE and βSDL,

and positive βTTS and βRP , which is consistent with the common knowledge we have in

transportation behaviors. The changing pattern of each individual is different from each

other, possibly due to the different scenarios presented to him.

The results of the real-world case study show that our proposed model contributes to

the prediction of the behaviors, which further proves that people’s preferences may vary

over time when making sequential choices.
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Figure 5.10: The curves of each individual’s changing preferences (in light red, green, and

blue), and the average preference changing curves in each clusters (in red, green, and blue).
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Chapter 6

INTEGRATING THE COLLABORATIVE LEARNING MODEL WITH
A TIME-INVARIANT MODEL

In Chapter 5, we elaborate on integrating a time-varying model with the collaborative

learning model so that we could learn an individual’s changing preferences. The time-varying

model used in Chapter 5 is a polynomial model with one variable time step t. Though the

polynomial model could capture the variations in an individual’s preferences, it does not

connect the preferences with other available information in each choice scenario. In this

chapter, we will use another linear model as β(t) could not only capture the preference

changes but also describe how the related attributes impact the individual’s preferences.

6.1 Linear model of preferences with more factors

From literature, it is known that an individual’s preferences may vary according to specific

choice scenarios and attributes, or evolve gradually with personal experiences [21, 97, 81,

104]. Given that, we formulate a model that takes both influences in the formulation.

The adoption of this model type into the preference learning process is based on three

assumptions:

1. The attributes xt of the alternatives presented to an individual may change his pref-

erences when he makes a choice.

2. An individual’s preferences βt may also be related to his preferences βt−1 at the

previous time step.

3. The impacts of the preferences at the previous time step and the attributes at the

current time step to the preferences at the current time step may not evolve.

Denote the preference vector for individual i at time step t as βit. Also denote the

attribute vector for individual i at time step t, i.e., the vector of the attribute differences
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between the two alternatives, as xit. Then we could write the preference evolution equation

as:

βit = Aβi(t−1) +Bxit + vit (6.1)

where A and B are two matrices converting vector βi(t−1) and xit into the new state βit,

and vit is a random noise vector. We could notice that different from the polynomial model

in Chapter 5 where time t is directly in the equation, the time-varying model in this chapter

is not a direct function of time. The preference βit changes at each time step not directly

because of t, but because that the attributes xit and preferences βi(t−1) change at time step

t.

Further denote φi = vec([A B]T ). Given the notations, the predicted preferences of

individual i at time step t given the preferences β̂it and the attributes of the alternatives

xit at time step t can be written as:

β̂it = (IR ⊗ [βT
i(t−1) xT

it])φi = (IR ⊗Zit)φi (6.2)

where β is assumed to have R dimensions, [βT
i(t−1) xT

it] is denoted as Zit (the input matrix

as a whole), IR is a identity matrix of size R, and ⊗ represents the Kronecker product of

two matrices.

This equation we formulate shares similar formulation with Time-Invariant model, which

is commonly used to describe dynamic systems where the state is also assumed to be im-

pacted by the attributes at each time step and the state of the previous time step [30].

However, in the common time-invariant model, the state βit is assumed measurable. In

this kind of case, the observation can be directly compared with the predicted β̂it, and a

closed-form solution can be obtained [30]. However, in our study, the observation is indi-

vidual i’s choice behavior rather than the preferences (i.e., the state). Thus, we still have

the observability issue here, since we could not directly observe the preferences but the

choice behaviors. Again, we still use the discrete choice model to connect an individual’s

preferences and choice behaviors.

Given that the model shares some similarities with the time-invariant model, we also

name the time-varying model of β(t) shown in Equation 6.2. The specification of the
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integration of the time-varying model of β(t) and the collaborative learning model is then

illustrated in the following.

6.2 Time-Invariant Collaborative Model (TICM) specification

To be consistent with the notations of the canonical models in previous sections, hereafter we

use q to replace φs in the time-invariant model. Assume that there areK different parameter

vectors q1, q2, ..., qK , representing K common types of mapping relationship from βt−1 and

xt (i.e. Zit) to βt for all the N individuals in the population. We call the K common

types of mapping relationship the “canonical models”. Here qk = vec([Ak Bk]T ), and

βt = Akβt−1 +Bkxt + vt. The canonical model matrix is denoted as Q = [q1, q2, ..., qK ].

For each individual i, i = 1, 2, ..., N , there is a membership vector ci = [ci1, ci2, . . . , ciK ]T

assigned to him, representing the degree to which the mapping relationship of the individual

resembles the corresponding K canonical models. For an individual i, qi = Qci

At time step t, the individual i’s predicted preferences can be formulated as:

βit = IR ⊗ZitQci (6.3)

And the probability of the promoted alternative being chosen by individual i at time

step t is:

πi(xit) = Pr(yit = 1|xit) =
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

(6.4)

The log-likelihood function of the binary logit model given Equation 6.4 is:

l = − log(1 + exp{xT
itIR ⊗ZitQci}) + yit{xT

itIR ⊗ZitQci} (6.5)

To get the estimates, an objective function for the optimization problem integrating

time-invariant model and Collaborative Learning Model can be formulated as:

min
Q,ci

N∑
i=1

T∑
t=1

(
log
(
1 + exp(xT

itIR ⊗ZitQci)
)
− yit

(
xT
itIR ⊗ZitQci

))
s.t. ci ≥ 0, ci

T1 = 1 i = 1, ..., N.

(6.6)
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The objective function of Equation 6.6 is to minimize −l, the Equation 6.5 (equals to

maximizing the log-likelihood function of the binary choice model l).

6.3 Parameter estimation algorithm

To identify Q (canonical models) and ci (individual membership vectors) separately with

the formulation of the optimization problem shown in Equation 6.6, a two-step iteratively

updating strategy is adopted, following existing works where a similar strategy is applied

to a linear collaborative model [112, 111, 113]. Specifically, we iteratively optimize Q and

ci in the strategy: ci is fixed when Q is optimized in “Q-step”, and Q is fixed when ci is

optimized in “C-step”. In the following, the details of the strategy are presented.

6.3.1 Parameter estimation for canonical models (Q-step)

At Q-step, the parameters of canonical models Q are updated, while the individual vectors

ci are fixed. This means that the cis are known constants, i.e. the estimates obtained from

the previous ”C-step” iteration. Therefore, the objective function becomes:

min
Q

N∑
i=1

T∑
t=1

(
log
(
1 + exp(xT

itIR ⊗ZitQci)
)
− yit

(
xT
itIR ⊗ZitQci

))
(6.7)

To optimize Q, the optimization problem shown in Equation 6.7 needs to be reformu-

lated:

1. The canonical model matrix Q (which has K columns and 2R2 rows) can be converted

to a vector q, q = vec(Q). Assuming that an individual’s preferences βi has R

dimensions, as well as the attribute vector xit, the length of the vector q is 2KR2.

2. The term IR in Equation 6.7 is converted to IKR, which means that the size of the

identity matrix is expanded to KR.

3. We further convert xT
it to a matrix Xit = IK ⊗ xT

it, where IK is a identity matrix of

size K. Given the definition of the kronecker product, we have
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Xit =


xT
it . . . 0
...

. . .
...

0 . . . xT
it


K×KR

(6.8)

With the adjusted notations, the objective function of Equation 6.7 can be written as:

min
q

N∑
i=1

T∑
t=1

(
log
(
1 + exp(cTi XitIKR ⊗Zitq)

)
− yit

(
cTi XitIKR ⊗Zitq

))
(6.9)

Since cTi XitIKR⊗Zit is known at each time step t, we may define χit = cTi XitIKR⊗Zit.

Thus the objective function could be simplified as:

min
q

N∑
i=1

T∑
t=1

(
log
(
1 + exp(χitq)

)
− yit

(
χitq

))
(6.10)

This turns out to be the log-likelihood function of logistic regression, which could be

estimated by many existing methods for optimization problem-solving. We use CVXR,

an R package for specifying and solving convex programs [60] to solve the problem in

Equation 6.10.

6.3.2 Parameter estimation for membership vectors (C-step)

At C-step, the parameters of canonical models Q are fixed to be the estimates obtained

from the previous “Q-step”, while the individual vectors ci are to be estimated. Therefore,

the objective function becomes:

min
ci

N∑
i=1

T∑
t=1

(
log
(
1 + exp(xT

itIR ⊗ZitQci)
)
− yit

(
xT
itIR ⊗ZitQci

))
s.t. ci ≥ 0, ci

T1 = 1 i = 1, ..., N.

(6.11)

Given Q, the Lagrangian function of the objective shown in Equation 6.11 could be

derived as:
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L =

N∑
i=1

T∑
t=1

(
log
(
1 + exp(xT

itIR ⊗ZitQci)
)
− yit

(
xT
itIR ⊗ZitQci

))
+

N∑
i=1

λi(ci1− 1)

(6.12)

The complementary condition gives that ∂L
∂cik

cik = 0, where cik is the k’s dimension of

the membership vector of individual i. Thus, we :

∂L
∂cik

cik =
T∑
t=1

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

− yit
)[

(IR ⊗ZitQ)Txit

]
k
cik + λicik = 0 (6.13)

Adding ci1 = 1, i.e.
∑K

k=1 cik = 1, to equation 6.13, we could also have:

T∑
t=1

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

− yit
)
xT
itIR ⊗ZitQci + λi = 0 (6.14)

With Equation 6.14, we could obtain the formulation for the Lagrangian multiplier λi:

λi =
T∑
t=1

(
yit −

exp(xT
itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

)
xT
itIR ⊗ZitQci (6.15)

Plug Equation 6.15 into Equation 6.13, we have:

T∑
t=1

(
yit −

exp(xT
itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

)[
(IR ⊗ZitQ)Txit

]
k
cik

=
T∑
t=1

(
yit −

exp(xT
itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

)
xT
itIR ⊗ZitQcicik

(6.16)

I.e.,

T∑
t=1

(
yit
[
(IR ⊗ZitQ)Txit

]
k
− exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

[
(IR ⊗ZitQ)Txit

]
k

)
cik

=

T∑
t=1

(
yitx

T
itIR ⊗ZitQci −

exp(xT
itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

xT
itIR ⊗ZitQci

)
cik

(6.17)

Since cik should be non-negative, we define δ+(x) ≡ max(x, 0) and δ−(x) ≡ min(x, 0),

with which all terms in Equation 6.16 could be separated into a positive part and a negative

part:
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cik

{ T∑
t=1

[
δ+

(
yit
[
(IR ⊗ZitQ)Txit

]
k

)
− δ+

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

[
(IR ⊗ZitQ)Txit

]
k

)
+δ−

(
yit
[
(IR ⊗ZitQ)Txit

]
k

)
− δ−

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

[
(IR ⊗ZitQ)Txit

]
k

)]}
= cik

{ T∑
t=1

[
δ+

(
yitx

T
itIR ⊗ZitQci

)
− δ+

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

xT
itIR ⊗ZitQci

)
+δ−

(
yitx

T
itIR ⊗ZitQci

)
− δ−

(
exp(xT

itIR ⊗ZitQci)

1 + exp(xT
itIR ⊗ZitQci)

xT
itIR ⊗ZitQci

)]}
(6.18)

Let’s further define Q∗ = IR ⊗ ZitQ. With δ+(·) and δ−(·) in Equation 6.18, we are

able to derive an updating rule for cik such that the updated cik is positive:

cm+1
ik =cmik×{ T∑

t=1

[
+ δ+

(
exp(xT

itQ
∗ci)

1 + exp(xT
itQ
∗ci)

xT
itQ
∗ci

)
+ δ+

(
yit
[
(Q∗)Txit

]
k

)
− δ−

(
yitx

T
itQ
∗ci

)
− δ−

(
exp(xT

itQ
∗ci)

1 + exp(xT
itQ
∗ci)

[
(Q∗)Txit

]
k

)]}
/{ T∑

t=1

[
δ+

(
exp(xT

itQ
∗ci)

1 + exp(xT
itQ
∗ci)

[
(Q∗)Txit

]
k

)
+ δ+

(
yitx

T
itQ
∗ci

)
− δ−

(
yit
[
(Q∗)Txit

]
k

)
− δ−

(
exp(xT

itQ
∗ci)

1 + exp(xT
itQ
∗ci)

xT
itQ
∗ci

)]}

(6.19)

In summary, the learning algorithm for the proposed Time-Invariant Collaborative Model

(TICM) is:



92

TICM Learning Algorithm

Input

Data xit for individual i(i = 1, 2, · · · , N) at time step t(t = 1, 2, · · · , T );

Initial value Q(0) and c
(0)
i ;

Maximum number of rounds of iteration MIteration;

Output

QMIteration+1, cMIteration+1
i for i = 1, 2, · · · , N .

1. for each m in [0,MIteration]:

2. Convert Qm to qm, qm = vec(Qm); Convert xT
it to Xit, Xit = IK ⊗ xT

it;

3. Calculate χit = cTi XitIKR ⊗Zit with βi(t−1) and current cmi ;

4. Solve Equation 6.10 and get qm+1;

5. Transform qm+1 to Qm+1 by partitioning qm+1 to the 2R2 ×K matrix;

6. Calculate cm+1
i by applying Equation 6.19.

7. end for

6.4 Simplified Time-Invariant Collaborative Model (TICM)

While converting preferences βt−1 and xt to the current preferences βt with matrices A and

B (evaluation equation 6.1), we are assuming that each dimension of the current preferences

may be impacted by all the dimensions of the preferences and attributes. This is clearly

reflected in the equation: Let the rth dimension of the preference vector βit for individual

i at time step t be denoted as βrit. According to the evolution equation, βrit generated by

adding the product of the rth row of matrix A and βi(t−1), and the product of the rth row

of B and xt. This shows that the value of βrit not only depends on βri(t−1) or xrt , but is

also impacted by other dimensions of βit and xt. We may interpret this assumption in the

following way: the existence of other dimensions of βit and the present of other dimensions

of xt might possibly influence how the individual feels about xrt , i.e. βrt .

While this assumption can be reasonable, another issue arises. Assume that we have
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K canonical models with R-dimensional preferences, and the total number of parameters

to be estimated for canonical models is 2KR2. When the number of dimensions increases,

the number of parameters to be estimated increases from 2KR2 to 2K(R + 1)2. It can be

noticed that not only the number grows when R is getting bigger, but also the growth itself

increases. This may bring a heavy burden to the computation of the model. For example,

when R = 4, i.e., there are five attributes in each scenario that may be influential in the

choice-making behavior (thus, the individual preferences also have 4 dimensions), for each

canonical model, the number of parameters to be estimated is 2× 42 = 32. Each time when

the number of canonical models K increases by one, there are 32 more parameters to be

estimated. While the dimension increases to 5, the number of parameters for one canonical

model increases to 2 × 52 = 50. If the number of canonical models is comparatively large,

say, 7 or 8, the total number of parameters would be as many as 400. This may slow

down the computation speed, while at the same time reduce the learning accuracy of the

algorithm. Based on this consideration, we simplified the proposed model by assuming

that each dimension of the preferences is only impacted by the corresponding dimension

of preferences at the previous time step and the corresponding attribute. In other words,

we may let both A and B be diagonal matrices. This significantly reduces the number of

parameters to be learned for each canonical model.

In the following sections, we test this simplified Time-Invariant Collaborative Model

(TICM) by running simulation and applying the model on a real-world dataset.

6.5 Simulations

In the simulations, each individual’s preferences are described by time-dependent functions,

which may be impacted by the preferences of the previous time step and the attributes

of the current step, and his choice made at each time step is simulated based on his pre-

dicted preferences at the current time step according to his estimated model and the given

attributes.

Similar with the previous chapter, the performance of the proposed TICL is compared

with several benchmark methods including (1) the independent logistic regression model

(ILM) that learns the regression coefficients of each individual solely based on her own data;
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(2) the mixed-effect logistic regression model (logistic MEM) that considers the coefficients

of individuals are extracted from a certain distribution; (3) the one-size-fits-all logistic

regression model (LR) that treats all individuals homogeneously, combines all individuals’

data together and estimates one set of preferences; (4) the original LCM model, where

individual preferences are constant values rather than time-varying variables (the canonical

models represent different types of utility models). The simulations in this section test each

model’s performance with all data available.

Given that the true coefficients are known in the simulations, Average Absolute Error is

used as a metric to evaluate the performance of the models, which measures the difference

between learned coefficients and the true ones (Equation 6.20):

Average Absolute Error =
1

N

N∑
i=1

|βi − β̂i|. (6.20)

We also evaluate the performance of the models using Prediction Accuracy, as shown in

Equation 6.21:

Prediction Accuracy =
NNumber of predictions that are consistent with the actual choices made

NNumber of predictions made in total
(6.21)

6.5.1 Design of the simulation experiment and data generation

In simulations of the proposed Time-Invariant Collaborative Model (TICM), a given number

of canonical models are generated by manually setting the parameters. Since the canonical

models represent different preference changing patterns, they need to be different enough

from each other. For example, when the number of canonical models is set to be 2, we

may let the matrix A of one canonical model to be a matrix of zero, and the matrix B

of the other canonical model be zero. With this setting, the preferences generated by the

first canonical model are all impacted by the preferences of the previous time step, and the

preferences generated by the second canonical model are all decided by the attributes of the

current time step. Similarly, when we set the number of the canonical models to be 3 or

more, we could let the different dimensions of the preferences be impacted only by either A
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or B. For instance, assuming that we are generating 3 canonical models for preferences with

two dimensions. Two of the canonical models could still be obtained by setting A or B as

a matrix of zero. For the third canonical model, we may let the first preference dimension

be impacted by matrix A =

a11 0

0 0

, and the second preference dimension impacted by

matrix B =

0 0

0 b22

. Notice that since we use simplified Time-Invariant Collaborative

Model (TICM), both A and B are diagonal matrices. Then the three canonical models are

significantly different from each other.

With canonical models, each individual’s membership vectors need to be decided such

that her preferences βi could be obtained via βi = IR ⊗ ZitQci. Given the requirements

that ci1 = 1 and cki ≥ 0, we use Dirichlet distribution to model the membership vectors

(the commend is rdirichlet in R). In the simulation, we let each individual has her dominant

preference changing model. This is achieved by setting one big value (e.g., 10) in the p-

length vector α and let other values of the vector be small (e.g., 1). Also, to guarantee that

the βi are suitable in simulation, the βi are mandatorily constrained to be between −1 and

1. This is just to make sure that the calculated utilities will not be too large and cause

errors in simulations.

We then generate choice scenario attribute vector xit for each individual i at each time

step t. Considering the utility function Uit = xitβit used in the simulation, we randomly

select the value of each dimension of the attribute vector from a uniform distribution.

We also test the performance of the model given different levels of noise in responses, i.e.,

5% (0.05), 10% (0.1), 15% (0.15), which represent the percentages of the incorrect responses

for each individual in all his choices. To achieve this, a random number between 0 and 1

is generated after generating a scenario and the corresponding true response from the true

preferences. If the number is smaller than the noise level (e.g., 0.1), we turn the response

to the opposite (from acceptance to rejection, or from rejection to acceptance), making the

response in this scenario an incorrect response.

The proposed TICM learns the rule for how an individual’s preferences change over

time. With the rule, the individual’s preferences and his response given a new scenario
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with new attributes could be predicted. In this chapter, we first fed all the data into the

algorithm in the learning process. Then we tried to update the preferences at each time

step by setting a moving window to decide the datasets for training and testing shown in

Figure 6.1. In the figure, each cell represents one data point from one individual, and each

row represents all the data points from one individual. The moving window allows us to use

the latest data to train the model and make predictions. Similar to the Online Collaborative

Model with Time-Varying parameters (OLCM-T) discussed in Chapter 5, the evolution of

the Time-Invariant Collaborative Model (TICM) parameters over time can also be updated

with online and offline stages when new observations are available. Since this chapter aims

to preliminarily present a model that could be used to capture preference changes when

given different scenarios over time, how to update the parameters such that the evolution

of the model could be tracked is beyond the scope of this chapter, thus related simulations

and discussions are not provided here. To update the parameters and capture the evolution

of the models can be future studies of this dissertation.

In our simulation, we set the total number of individuals N = 240, the number of

preference parameters in utility function R = 2 (i.e., the individual preferences have 2

dimensions), and the number of canonical models for each preference dimension K = 2.

With this basic setting, each individual a 2-dimensional membership vector towards the 2

dimensions of his preferences, and his preferences could be described by the two canonical

models and his membership vector. Tests regarding the performances of the model with

different numbers of canonical models and different numbers of dimensions (i.e., the number

of variables in the utility function) are also conducted accordingly.

We present the results of the prediction accuracy, computation time, and the Average

Absolute Error of an estimate for each model, with the Time-Invariant Collaborative Model

(TICM) having same numbers of preference dimension and canonical models.

6.5.2 Simulation results

Figure 6.2 shows the prediction accuracy of different models when in simulation settings

there 2, 3, 4, and 5 canonical models respectively. Notice that the number of canonical
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Figure 6.1: Illustration of the moving window in model training and testing.

Figure 6.2: Prediction accuracy when having different number of canonical models (with

2-dimensional preferences).
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Figure 6.3: Prediction accuracy when having different number of dimensions in preferences

(with 2 canonical models).

Table 6.1: Results Model Comparison

Model TICM LCM ILM LR MEM

Average Computation Time (s) 589.79 50.81 0.67 0.01 278.81

Average Absolute Error 0.721 0.605 0.375 253.9 0.911

TICM: Time-Invariant Collaborative Model; LCM: Original Logistic Collaborative Model; ILM: Indepen-

dent logit Model; LR: Logistic Regression; MEM: Mixed Effect Model
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Table 6.2: Prediction accuracy when data has different levels of noise.

Noise Level Prediction Accuracy

0% 0.92

5% 0.82

10% 0.76

15% 0.69

models is the setting for the true preferences of the population in the simulation. Thus the

Prediction Accuracy (PA) of each model is the prediction accuracy if the model is applied

to the data. It can be noticed that the PA (prediction accuracy) of LR (logistic regression),

MEM (mixed effect model), and LCM (original logistic collaborative model) significantly

decreases when the number of canonical models increases, which means the heterogeneity in

the population increases. LR (logistic regression) has the lowest PA (prediction accuracy)

is reasonable because the heterogeneity could not be captured by the logistic regression

(LR), which learns one set of preferences for all individuals. Though in different ways, LCM

and MEM (mixed effect model) could handle some taste variations. However, since the

mechanism of the preference changes is different from what is assumed in MEM and LCM

(original logistic collaborative model), their learning performances are not satisfactory. ILM

shows better prediction accuracy than the proposed TICM. This may be due to the settings

we have in the simulation, and this issue is further discussed in the last chapter.

Table 6.1 shows the average computation time and the average absolute error for different

models. Notice that the computation time and absolute error shown in the column of

TICM (time-invariant collaborative model) are for TICM with 2 canonical models and 3

dimensions, and the criteria for the iteration process is |Losst − Losst−1| < 0.05. The

results in Table 6.2 come from 10 independent simulation runs of TICM for 2-dimensional

preferences with 2 canonical models, at time step 10 when 10 data points are available.

Figure 6.4 shows the prediction accuracy at each time step when we use the moving
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Figure 6.4: Prediction accuracy when the parameters are updated at each time step with a

moving window for training dataset (the number of canonical models is 2).

window in the updating process. From time step 5, the previous 5 data points from each

individual are aggregated to be the learning dataset, and the following 5 data points are

used to test. Different numbers of preference dimensions are tested in the process, while the

number of canonical models is fixed at 2. No obvious trend could be found from the figure,

showing that while the size of the training dataset is unchanged, the prediction accuracy

remains at a stable level. Similar to Figure 6.3, the increasing number of dimensions has

mild impacts on the performance of the model.

6.6 Application to a real-world dataset

The dataset we use in this section is the same subset of the whole dataset collected in an

online experiment we conducted in our previous study, which includes 200 individuals and

their choice-making data of 13 sequential scenarios. For each individual, the first 10 data

points are used to train the model, and the last 3 data points are used for testing.

Similarly, Prediction Accuracy (PA) is used here as a metric to evaluate the performance

of the model when applied to the dataset.

PA =
NTimes when the prediction is inconsistent with the true choice

NTimes of the predictions made in total
(6.22)

Before applying the proposed TICM to the dataset, we need to decide the number of
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Table 6.3: Model Comparison

Model TICM LCM ILM LR MEM

Prediction Accuracy 0.847 0.827 0.818 0.468 0.695

TICM: Time-Invariant Collaborative Model; LCM: Original Logistic Collaborative Model; ILM: Indepen-

dent logit Model; LR: Logistic Regression; MEM: Mixed Effect Model

the canonical models. Figure 6.5 suggest that the best number of the canonical model for

the dataset is 5, with which the percentage of prediction error is 0.153. We also apply ILM,

LR, MEM, and LCM to the dataset. Similar to the previous chapter, here, the number

of canonical models for LCM is still chosen as 5. From the results shown in Table 6.3

we could see that TICM has the highest prediction accuracy PA = 0.847. LCM, which

integrates the collaborative learning structure with a utility function, has PA = 0.827,

slightly lower than the one of TICM. Since the dataset used here in this section is the same

as the one in Section 5.5, here the PAs of LCM (original Logistic Collaborative Model),

ILM (Independent Logit Model), LR (Logistic Regression), and MEM (Mixed Effect Model)

are the same as the results of these models at the 10th time step.

We further randomly sampled 10 other dataset with 200 individuals from the original

dataset obtained with the online experiment with 1839 individuals, and applied TICM to

estimate the average PA for each model. Table 6.4 shows that the proposed TICM does

return results with a higher accuracy rate than other models. With the proposed model,

an individual’s preferences at each time step are different, corresponding to the time step

and the attributes of the scenario. For example, the changes in the learned preference of

dimension SDE for an individual in our dataset are shown in Figure 6.6(a). We could see

that the higher the scheduled delay early (SDE) is, the lower his preferences towards the

attribute is, which means that he/she dislikes it more.

We also test the performance of TICM if we update the parameters at each time step,

as shown in Figure 6.1. At each time step, the previous 5 data points are used in training
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Figure 6.5: Prediction error rates when having different number of canonical models in

Time-Invariant Collaborative Model (TICM).

Figure 6.6: (a) Changes of the learned preference to attribute “Scheduled Delay Early”

(SDE) of an individual in his 13 sequential scenarios; (b) The scenario sequence displayed

to him (column “sde”, “sdl”, “tts”, and “reward pts”) and his responses (column “y”).
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Table 6.4: Prediction Accuracy - 10 Random selected Datasets.

Dataset No. TICM LCM ILM LR MEM

1 0.874 0.832 0.850 0.443 0.641

2 0.861 0.805 0.805 0.447 0.625

3 0.866 0.818 0.817 0.460 0.632

4 0.855 0.803 0.795 0.468 0.637

5 0.859 0.840 0.793 0.478 0.697

6 0.856 0.817 0.828 0.488 0.642

7 0.851 0.815 0.833 0.485 0.708

8 0.879 0.812 0.807 0.500 0.680

9 0.862 0.840 0.813 0.518 0.568

10 0.881 0.841 0.855 0.397 0.673

Average 0.864 0.822 0.820 0.469 0.640

TICM: Time-Invariant Collaborative Model; LCM: Original Logistic Collaborative Model; ILM: Indepen-

dent logit Model; LR: Logistic Regression; MEM: Mixed Effect Model
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Figure 6.7: Prediction accuracy if parameters in Time-Invariant Collaborative Model

(TICM) is updated at each time step with a moving window.

dataset, and the following 3 data points are used for testing. Figure 6.7 shows the results:

The proposed TICM has the best performance, and the prediction accuracy at each time

step is significantly higher than other models.
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Chapter 7

CONCLUSION AND DISCUSSION

7.1 Conclusion

Learning an individual’s preferences accurately and knowing how much the individual values

each influential factor is essential when providing personalized services or incentives. The

significant difficulties in addressing this problem are: (1) an individual’s data is always

limited, which may not be enough to learn and update his preferences with some commonly

used methods such as regression; (2) the observability of the data points is limited, as

an individual’s preferences could not be directly observed, and we could only observe the

individual’s choice behavior. In this dissertation, we propose a personalized control system

that could interact with individuals by presenting travel alternatives to an individual and

collecting his response (the choice data). The system may further learn the individual’s

preferences towards the influential factors with an individual preference learning algorithm

and calculate the appropriate amount of incentives to provide to the individual along with a

promoted alternative to increase the probability for the individual to accept the alternative.

An online experiment is designed and conducted in the dissertation to collect individual

behavioral data. The respondents of the experiment are recruited from Amazon Mechanical

Turk platform, and are asked to make sequential binary choices for commuting departure

time. Considering the validity and reliability of the data collected from online experiment,

the experiment is carefully designed in (1) a full factorial experiment with departure time

choice scenarios, and (2) the design of data quality control strategies, i.e., methods that help

reduce and identify low-quality data. Several data quality control checks are proposed in

the dissertation, such as understanding check, response consistency check, responding time

record, and social desirability scale. The experiment and the data analysis process show

that these checks can successfully reduce the low-quality data in the experiment, and are

very practical to be applied to other online experiments and behavioral studies. With the
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online experiment, a choice behavior dataset is also collected from the real world.

Concerning the difficulties in individual preference learning, the dissertation proposes

a methodology of integrating a collaborative learning framework with a time-dependent

model. The collaborative learning framework captures the common preference patterns

underlying the heterogeneous population with data from all individuals while also identifying

a unique membership vector for each individual with his observations. The collaborative

learning framework helps deal with the problem of insufficient observations in individual

preference learning. Also, this dissertation proposes two different time-dependent models

in the integration. The first one is a single variate time-dependent polynomial model,

which allows the existence of the preference changes over time. The second one is a time-

invariant model that captures both the evolution of the preferences and the impacts of the

attributes presented in each scenario. In other words, the first model makes the learned

preferences more accurately by allowing the fluctuations in preferences when people make

choices. The predicted preferences at each time step are the learned preferences of the

previous step, assuming that the preferences will not change dramatically quickly. In this

model, this dissertation further proposes a two-stage updating algorithm to update an

individual’s preferences when a new observation is available for him. The second model

learns the evolution model of the preferences. The predicted preferences at each time step

are calculated by the evolution model learned at the previous time step and the attributes

of the given scenario at the current time step. The parameter estimation algorithm uses all

the data, which means that the updating method is not real-time due to its computation

time.

The dissertation first uses simulations to explore the properties of the integration of the

collaborative learning framework and the two time-dependent models. Results show that the

proposed models can learn individual preferences, capture the preference changes, and even

provide more accurate behavior predictions than other models such as traditional logistic

models and mixed-effect models. To further test the performance of the proposed models

in the real world, this dissertation further designs and conducts a randomized experiment

to collect data from people. In the experiment, respondents are randomly assigned to

different groups and presented with different hypothetical background settings. After that,
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the respondents are asked to respond to a sequence of different departure time alternatives

are presented to the individuals with different amounts of incentives displayed. The collected

dataset is used to test the preference learning algorithms. Results reveal that the proposed

methods can predict the individuals’ choices in a more accurate way than other models.

7.2 Discussion

7.2.1 The simulation and the real-world case study of Time-Invariant Collaborative Model

(TICM)

Time-Invariant Collaborative Model (TICM) integrates the canonical learning structure and

the time-invariant model, such that the evolution function for an individual’s preferences

can be learned, and his preferences can be predicted given a scenario with a set of attributes.

When testing the performance of TICM, we use both simulations and application to a real-

world dataset. The prediction accuracy for different models in Figure 6.2 and Figure 6.3

shows that the independent logit model has better performance than the proposed TICM.

However, the performance comparison when applying the models to the real-world dataset

indicates that TICM has significantly higher Prediction Accuracy (PA) than other models.

A possible reason for this inconsistency may be the different number of data points fed to the

model in simulation and real-world application. When exploring the impact of preference

dimensions and the number of canonical models in simulations (Figure 6.3 and Figure 6.2),

we use 15 data points for each individual. Given the number of parameters to be estimated

in independent logit model (ILM) is limited (i.e., the number of unknown parameters are

just the number of dimensions, which is set to be 2, 3, 4, and 5 in the simulation tests), the

data points can be enough to learn an individual’s preferences. However, in real-world case

study, the data points that are available are much fewer than that in the simulation – 10 in

Table 6.4 and 7 in Figure 6.7. We could see that when there are only a few available data

points, the advantage of the TICM may come to light: that the proposed Time-Invariant

Collaborative Model can learn individual preference better than the Independent Logit

Model when the available observations are limited. Another possible reason is that the data

generation process in simulation is not appropriate, such that the generated data could



108

not significantly distinguish the proposed Time-Invariant Collaborative Model (TICM) and

Independent Logit Model (ILM) as the real-world dataset does. Further explorations are

needed with synthetic dataset to understand the properties of TICM and its underlying

mechanism.

7.2.2 Problems and Limitations of the Integrated Models

Individuals’ choice-making behaviors in transportation have been well-studied for decades.

Countless research has shown and verified findings in topics such as influential factors, model

types, and parameter magnitudes in travel-related choices. This information is known as the

domain knowledge in the transportation area, further building up the models of OLCM-T

(Online Logistic Collaborative Model with Time-Varying parameters) and TICM (Time-

Invariant Collaborative Model) models in this dissertation. For instance, we know well that

individuals’ valuation of time may change correspondingly when the duration changes or

when at a different time of day [7, 175]. Thus, in TICM, we assume that an attribute’s value

can impact a certain dimension of the preferences. We also know that the major influential

factors of the departure time decision are scheduled delays and travel time savings, and the

utility function for commuting departure time choices is typically formulated as a linear

function [64, 162, 119, 132, 49, 91]. There is also evidence showing that different tastes

towards a certain attribute exist among the population. For example, while in general

commuters would like to shorten their commuting time, some individuals who choose to

take public transit may gain positive emotional experiences as they behave in a social

desirable way and contribute to reduce traffic congestion and pollution [179]. With this

knowledge, we can embed the logistic model with the utility function and the format of the

evolution equation in the collaborative learning framework to capture the heterogeneity of

the population, and apply the models to a real-world choice data on commuting departure

time.

With the domain knowledge taking part in the model formulation, the integrated models

can capture the heterogeneity in the population and learn individual preferences in an

interpretable way. However, there would be at least two issues related to the reliance
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on the domain knowledge. For the first, those behaviors that are not reflected in the

domain knowledge may not be captured by the proposed models, e.g., the choice-making

behaviors that can not be described by the discrete choice model. For the second, in

areas where domain knowledge is limited, the proposed model framework may be hard to

apply. The application and generalization of the proposed model framework still needs more

explorations.

Moreover, there are some other problems that remain unclear in the logistic canonical

model (LCM). For the first, comparing with linear canonical model [111, 112, 113], the pa-

rameter estimation algorithm for LCM shows some instability in the mathematical property

of convergence. In simulations, this is reflected not only by the longer computation time

and more runs of the iteration but also by some jumps of the loss (obtained by the loss

function). Figure 7.1 shows an example of the loss curve for one simulation round with 3

canonical models and 4 dimensions in preferences. The loss reaches the lowest level after

around 50 to 60 iterations, but then jumps back a bit and fluctuate there till the end. More

explorations may be needed to study the convergence of the model.

For the second, the uniqueness of the solution may also be in question. In the simulations,

though the predicted preferences are close to the pre-set true preferences (and the predictions

are accurate), the identified canonical models and the learned membership vectors can

be significantly different from the true ones. Given the iteratively updating parameter

estimation algorithm to the objective function, it is unknown whether the estimates would

be local optimal or global optimal. Besides, another possible reason is that there exist

multiple solutions to the problem (also described in [194]). Given that the utility model

here is linear, it might be possible that multiple sets of solutions can satisfy the constraints,

especially when there are only a few observations available for each individual.

For the third, it can be noticed that at the initialization of the optimization problem

at the Q-Step in each iteration may impact the final estimates. In this dissertation, three

different settings of the initial values are tested: (1) fixed values, e.g., a vector of 0; (2)

the estimates obtained at the previous iteration; (3) a vector with random values. In most

cases, the three settings may return the same results, while the estimates can occasionally

be different. This may support that the solution returned by the estimation algorithm is the
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Figure 7.1: An example of a loss curve of one simulation.

local optimal. One possible way to deal with this can be to solve the optimization problem

multiple times with different initialization settings. However, this may be time-consuming.

In the simulation, we finally choose the second setting, i.e., the initialization is set to be

the estimates of the previous iteration. If the objective function with the estimates of the

previous iteration would return infinity or other incalculable values at a certain calculating

step, we will give a vector of 0 for the initialization at the step.

7.2.3 Comparison of the Online Logistic Collaborative Model (OLCM-T) and the Time-

Invariant Collaborative Model (TICM)

The proposed TICM differs from OLCM-T mainly in the formulation of the time-varying

model β(t). With the two different formulations, the way the model predicts the next step’s

preferences also differs. We will illustrate this in this section.

In the polynomial formulation of one preference dimension in OLCM-T βr(t) = q0 +

q1t + q2t
2 + q3t

3, the time t is directly impacting the preference value. In the learning

process, the polynomial model of t is used to capture the changes in the consecutive time
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steps. An example is shown in Figure 7.2: in the figure, the square points represents

an individual’s true preferences at each time step, while the curves with different colors

represent different polynomial models that aim to learn and capture the changes of the

preferences. We could see that the polynomial models enable the individual preferences to

fluctuate in the sequential choices so that the estimated preferences at each time step can be

closer to the true value. In other words, the polynomial model contributes to more accurate

estimates at each given time step. When making predictions for the next time step, the

OLCM-T model assumes that the preferences would stay unchanged, since the model could

not tell us how the preference will change even we know the future choice scenarios.

The formulation of TICM, as we elaborated earlier in Chapter 6, learn the preferences

in another way. It learns how the preferences react to the choice scenario, i.e., given the

attributes, how the preferences would be. In other words, TICM captures the underlying

mechanism of an individual’s preference changes over time. Because of this, when predicting

future behaviors, the learned preferences will change. The assumption in TICM is that the

way the individual’s preferences respond to the attributes in the choice scenario will be

unchanged (i.e., the A and B are unchanged over time in Equation 6.1). Notice that

in the dissertation, we also update the model at each time step with a moving window,

which enables A and B to change over time. Considering this, the model together with

the updating strategy makes the time-invariant model of β(t) in TICM be a time-variate

model, in which A and B become At and Bt.

7.3 Future works

This dissertation proposes a personalized control system to learn an individual’s preferences

from his choice data, such that possible personalized incentives could be provided to trigger

behavioral changes. In this dissertation, two models are proposed as the methodology in the

personalized control system’s UPDATE module. A two-stage preference updating method

is proposed for model OLCM-T, with test results showing optimistic performance in both

simulation and real-world dataset applications. However, it is still unclear whether the

two-stage updating method can be a universal updating strategy for this kind of preference

learning and updating problem where new observations are coming all the time. At least,
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Figure 7.2: An example of fitting a polynomial curve to capture preference changes in

consecutive time steps.
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the two-stage updating strategy has not been adopted by TICM in this dissertation, and

whether it is good to use it here is still a question. Possible designs and corresponding

simulations are expected to be taken in the future to test whether TICM could also utilize

this updating strategy and update each individual’s preferences in a real-time way.

Another very related topic that should be included in the dissertation is the interpreta-

tion of the results from the behavior aspect. In the online experiment, the respondents are

randomly assigned to different groups with different hypothetical background settings. This

is to guarantee that there is underlying heterogeneity among the respondents. Since both

models can identify the common patterns in the preference changes or preference evolution

with canonical models, further data analysis, and interpretations from the choice-making

behavioral aspect can be expected.

The personalized control system with individual preference learning algorithm aims to

provide personalized incentives to trigger individuals’ behavioral changes. Thus, a ran-

domized experiment could be designed, built, and conducted to test whether personalized

incentives can make more people change their behaviors. The procedure of the experiment

may refer to the flowchart of the personalized control system in Chapter 3 and the design of

the online experiment in Chapter 4: In the experiment, while an individual makes a selection

in a scenario among alternatives, the data is immediately fed into the individual preference

learning algorithm running at the backstage. The updated preferences obtained from the

learning algorithm are used to calculate the appropriate amount of incentives needed by

the individual in the next scenario. A control group is needed in the experiment, where the

respondents are provided with a random amount of incentives.

Also, at the current stage, the personalized control system only focuses on preference

learning and incentive provision at the individual level. For possible implementation in

the real world, some more works are needed. For instance, one question that needs to be

solved is what alternative should be proposed to each individual. To answer this question,

some other systems need to be developed and integrated besides the individual preference

learning system proposed in the dissertation, such as a road network with real-time traffic

information, an algorithm that could identify a travel alternative (e.g., a departure time,

a route) to be promoted to an individual, and a simulation platform that could predict
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future traffic conditions when some individuals change their behaviors. How to provide

personalized incentives, on the other hand, should also consider the performance of the

whole road network. For example, we also need a system or a rule to decide to whom the

personalized incentives should be provided (e.g., to those with whose changes the traffic

congestion could be relieved the most).
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