
©Copyright 2021

An Yan



Fairness-aware Spatio-temporal Prediction for Cities

An Yan

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2021

Reading Committee:

Bill Howe, Chair

Carole L. Palmer

Cynthia Chen

Program Authorized to Offer Degree:
Information Science



University of Washington

Abstract

Fairness-aware Spatio-temporal Prediction for Cities

An Yan

Chair of the Supervisory Committee:
Associate Professor Bill Howe

Information School

Equitable prediction is of critical importance to urban applications such as transportation

resource allocation and predictive policing. Decisions based on unfair predictions may lead

to inequitable service distribution or impose disproportionate impact on underrepresented

minorities. Machine learning based spatio-temporal prediction models have been widely

adopted in urban settings, but few of them have built fairness into their design. This dis-

sertation is a pioneering work to explore a suite of fairness-aware spatio-temporal prediction

methods for cities, including measuring fairness for urban applications (metrics), designing

fairness-aware spatio-temporal prediction algorithms (algorithms), learning bias-free data

representations (data), and evaluating fairness-aware systems for real-world applications

(applications). Specifically, I propose FairST, a fairness-aware spatio-temporal prediction

model based on 3D convolutional neural network. A key feature of FairST is the integra-

tion of fairness regularizers to the model to encourage equitable prediction. I also propose

two fairness metrics that measure equity gaps between social groups for urban mobility sys-

tems. Experiments on two real-world new mobility datasets demonstrate that FairST is

able to close more than 80% of fairness gap while achieving better accuracy than state-of-

the-art but fairness-oblivious baseline methods. Further experiments show that FairST is

able to reduce unfairness for multiple attributes without sacrificing much accuracy. I pro-

pose an unsupervised algorithm framework to learn fair, accurate, and reusable (FAR) data



representations, the EquiTensors, for heterogeneous and multi-dimensional urban datasets.

Experiments with 23 input datasets and 4 real applications suggest that EquiTensors could

help mitigate the effects of the sensitive information embodied in the biased data. Mean-

while, applications using EquiTensors outperform models that ignore exogenous features and

are competitive with ”oracle” models that use hand-selected datasets. EquiTensors can be

trained and released by government agencies or trusted data brokers over both public open

data and unreleased data. It presents a novel way to allow downstream applications a means

of improving accuracy, avoiding data discovery and pre-processing, and limiting their ex-

posure to new sources of discriminatory bias. This dissertation will make methodological

contributions to urban data science and machine learning research. The proposed methods

will inform the development of fairness assessment measures and bias-removal strategies for

stakeholders such as public resource/service distributors and government agencies, allowing

for intelligent and responsible decision-making that benefits all citizens.
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Chapter 1

INTRODUCTION

Predicting dynamic urban activities such as energy consumption, air pollution, public

safety, travel time, and traffic flows has become a fundamental task for the public and private

sector. For example, mobility system operators such as ride-hailing and bikeshare companies

often use accurate demand estimates to guide resource optimization and maximize system

utility [146, 85, 9, 115]. Law enforcement agencies increasingly rely on crime prediction to

deploy police forces [124].

Many modern prediction systems for cities are based on machine learning and urban data.

However, machine learning algorithms can be discriminatory because they can reproduce and

magnify the biased signals embedded in the data [186, 81, 6, 26]. Increasing evidence has

shown that algorithms may produce unfair predictions for urban applications. Recent studies

show that algorithms that distribute app-based mobility services may discriminate against

people of color [15, 50]. For example, influenced by Uber’s pricing algorithm, neighborhoods

with more white people experienced higher service quality [132]. Similar concerns were

raised in public safety domain. For example, one study [101] revealed that a widely-used

predictive policing tool, PredPol, would reinforce the bias in the police records, resulting in

disproportionate policing of minority communities. Moreover, decisions informed by unfair

predictions are likely being incorporated into the prediction models as the ground truth,

producing a negative feedback loop and reinforcing the structural inequity [26].

This dissertation aims to incorporate fairness into urban prediction systems. The core

enabling methodologies are related to two research areas: fairness in machine learning and

spatio-temporal prediction for cities. The emerging field of fairness in machine learning

seeks to identify biases and remove biases embodied in data or algorithms. Spatio-temporal
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prediction research focuses on developing algorithms that can capture the spatial and tempo-

ral dynamics of urban activities. However, fair machine learning community invests almost

exclusively in methods, which are only tested in cases such as loan distribution, college ad-

mission, and advertising so far. There is a dearth of research on designing fairness-aware

approaches for spatio-temporal context and urban applications. Furthermore, to the best

of our knowledge, few existing work in predicting urban activities considers fairness in their

solutions. This dissertation bridges the gap between fairness in machine learning and spatio-

temporal prediction for cities. Based on real-world urban data and applications, I intend to

explore several challenging yet open questions: How to accurately model the spatio-temporal

dynamics of urban activities (utility)? How to measure the fairness of spatio-temporal pre-

dictions in various urban applications (metrics)? How to discover and remove discriminatory

signals from urban data (data)? How to design fairness-aware machine learning algorithms

(algorithms)? The goal of the study is to propose spatio-temporal prediction methods that

can achieve fairness and utility at the same time, providing building blocks for cities to create

equitable and efficient decision-making systems that benefit all citizens.

1.1 Definitions

Before proceeding to the rest of the dissertation, there are a number of important terms,

including fairness, discrimination, and bias, that deserve clarification. These terms may be

ambiguous to readers or have controversial meanings. This section first reviews the definitions

of fairness and discrimination, and discusses methods to measure fairness in various contexts.

It then focuses on the fairness definitions and metrics that this dissertation is grounded in.

The final part of this section reviews the definitions of two types of bias that are common in

urban predictions and urban data.

1.1.1 Discrimination and Fairness

Discrimination is generally understood as disadvantageous treatment of an individual based

on his or her membership in protected group(s) (e.g., race and age) [186, 110, 6]. Fairness
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is broadly considered as “the absence of discrimination” [76].

There are many ways to measure fairness, depending on the context. For example,

Title VII - equal employment opportunity under the United States Civil Rights Act forbids

discrimination based on sensitive attributes such as sex and color in employment [64]. To

enforce Title VII, the “80% Rule” was advocated by the US Equal Employment Opportunity

Commission to detect disparate impact in employee selection procedures. The 80% Rule

states that if the selection rate for minorities is less than 80% of the rate of non-minorities,

the procedure is considered to be discriminatory [36, 6].

In academia, the implementation of the Civil Rights Act in 1964 ushered in a plethora

of research on discovering and measuring discrimination and fairness in many fields such

as employment [37], education [28], transportation [63, 50], and housing [169], etc. Many

studies examine fairness using statistical tests like regression slope test [169] and t-test, which

typically check whether the differences in target variables (e.g., salary) between demographic

groups are significant [186]. For example, Hughes and MacKenzie [63] investigated the

relationships between wait times for UberX and socioeconomic indicators in Seattle using

regression methods. The underlying fairness definition of this line of approaches is that the

target variables (e.g., hiring decisions, transportation resources) should not be (unjustifiable)

associated with the sensitive attributes.

Recently, the use of automatic decision-making systems powered by machine learning

and big data has become prevalent across application domains (e.g., loan distribution, online

ads delivery). Fairness metrics such as statistical parity [35] and equalized odds [57] have

been the mainstream way for measuring fairness in machine learning. Fairness metrics have

several advantages: 1) Metrics can indicate the extent of discrimination [11, 78, 186]. 2) It is

generally straightforward for machine learning models to incorporate fairness metrics as ad-

ditional objectives to their optimization process. 3) Metrics don’t rely on strict assumptions

like independence and random sampling that statistical tests require [186].

We focus on fairness metrics used in machine learning research, as it is most pertinent to

the methods developed in this dissertation. We now review the underlying fairness definitions
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of different metrics used in machine learning.

There are mainly two popular fairness definitions in machine learning research. For Group

fairness, it asks for parity or approximate parity of some measures across protected groups

[26, 35]. For example, statistical parity asks for independence between predicted outcome

(e.g., hiring decisions) and sensitive attributes (e.g., gender, race). Equalized odds [57],

sometimes referred to as separation [4], requires equal true positive rates and false positive

rates across two groups. This definition stresses that the model should have equal accuracy

across groups instead of performing well only on the majority. Equal opportunity is similar

to equalized odds [57], but it only requires equal true positive rates. There are many other

variants of group fairness metrics such as calibration and predictive parity. Interested readers

can refer to [5, 25] for detailed discussions around each of them. Individual fairness says that

”any two individuals who are similar with respect to a particular task should be classified

similarly” [35]. To enforce individual fairness, ”similarity” between a pair of individuals from

advantaged and disadvantaged demographic groups respectively has to be defined. Group

fairness and individual fairness conflict with each other when there is a large dissimilarity

between two demographic groups. For example, when making hiring decisions based on

education level, if members of a demographic group A are over-represented in low education

and under-represented in high education, enforcing individual fairness would result in a lower

hiring rate for members in group A than B, thus violating group fairness [35].

There is no agreed upon definition for fairness so far. The fairness definition in this

dissertation is grounded in the notion of Group Fairness. The metrics developed

in Chapter 3 are based on the idea of statistical parity, and the metrics in Chapter 4 reflect

the spirit of equalized odds and equal opportunity. Group fairness is straightforward and

aligns well with equity visions of the government, such as equitable distribution of urban

resources across demographic groups in cities [118]. In particular, there is a correspondence

between group fairness and vertical equity, a concept in transportation equity literature.

Vertical equity is about allocating resources to individuals or groups that differ in income,

social class, mobility need, or ability [89, 17]. When there is an uneven distribution of
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transport supply across different socioeconomic groups in cities, vertical equity encourages

compensating for such inequalities by policies favoring disadvantaged groups[89]. This aligns

with group fairness (statistical parity) that the level of transportation supply in a city should

be the same across different groups.

1.1.2 Bias

Another term that is frequently used in this dissertation is bias. Suresh and Guttag [135]

identified six types of bias that may arise from automatic decision-making systems and

their input data: historical bias, representation bias, measurement bias, aggregation bias,

evaluation bias, and deployment bias. This dissertation is mainly concerned with historical

bias and measurement bias, as they typically arise in urban data. Historical bias refers

to “a misalignment between world as it is and the values or objectives to be encoded and

propagated in a model” [135]. It is not brought by sampling or measurement, but rather by

the world’s status, which is shaped by human practices. For example, a road network map

can accurately represent the locations and types of road segments in a city, but it reflects the

historical transportation infrastructure development strategies of a city, which might not be

favorable to disadvantaged communities. Housing prices, points of interest, and traffic flows

data may also embody this type of bias. Measurement bias often happens when proxy data

is used to approximate the variable of interest, which is not directly observable [135]. For

example, the number of trip starts is often used as a proxy for ride-share demand, but the

demand of people who cannot use this service (e.g., people who do not have smartphones

or internet access) is not captured in the data. Similarly, police incident reports or arrest

statistics are often used as a proxy for crime data, but they may reflect human bias rather

than the true distribution of crime [143, 135].

1.2 Research Objectives

This study aims to explore a suite of fairness-aware spatio-temporal prediction methods for

cities. There are four main research objectives: Modeling the spatio-temporal dynamics of
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urban activities (utility), measuring fairness for spatio-temporal settings (metrics), integrat-

ing fairness into prediction models (algorithms), and learning fair data representations from

heterogeneous urban data (data).

RO1: Modeling the spatio-temporal dynamics of urban activities. Urban ac-

tivities such as mobility demand usually exhibit complex spatial and temporal patterns, and

are influenced by many external factors such as weather and road network [85]. Therefore,

the keys to accurate predictions are the modeling of spatio-temporal dynamics and the incor-

poration of relevant exogenous data. Capturing the spatio-temporal patterns is challenging

because of the complex non-linear interactions of multiple variables in space and time. These

dynamics are usually beyond the capability of traditional methods such as time series anal-

ysis (e.g., ARIMA) or conventional machine learning methods (e.g., Naive Bayes). Another

prominent challenge lies in data integration. As open urban data with various dimensions

(e.g., temporal, spatial, or spatio-temporal) and formats (e.g., csv, shapefile) becomes in-

creasingly available, how to extract meaningful information from these heterogeneous data

sources and integrate them into a single prediction model presents a challenge [185].

This dissertation proposes a generic framework for modeling urban activities based on

convolutional neural networks (CNN). We partition a city into a regular grid and slice a

study period into equal time intervals, forming a spatio-temporal grid (or tensor). We aggre-

gate urban activities (e.g., criminal incidents) and all exogenous features into the common

grid. We use a 3D convolutional neural network (3D CNN) as the core building block in our

model to capture spatio-temporal dynamics. To incorporate the exogenous features such as

weather and traffic, we adopt a three-stream model architecture that fuses together 1D, 2D,

and 3D convolutional layers, respectively. A 1D CNN is used to extract information from 1D

temporal features such as city-wide temperature, and a 2D CNN is used to extract informa-

tion from 2D spatial features such as house prices. This novel architecture is applicable to a

wide range of spatio-temporal prediction problems and can accommodate arbitrary number

of exogenous features.

RO2: Measuring fairness for spatio-temporal settings. Although the specification
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and assessment of fairness metrics is an active research area [52, 64], most of the proposals

are inapplicable to spatio-temporal settings. First, the prediction targets in spatio-temporal

settings (e.g., ride-hailing demand) are typically continuous whereas many fairness metrics

such as statistical parity and equalized odds are designed for discrete classification settings

[35, 57]. Second, in spatio-temporal settings, each record is usually a geographic area rep-

resenting an entire subpopulation, and therefore cannot necessarily be assigned a specific

attribute value (e.g. white), but rather a percentage of the subpopulation that has that

value (e.g. percentage white). Among the few studies that propose fairness metrics for

regression, a categorical sensitive attribute is typically required [18, 11]. Finally, fairness

assessment can be application specific. For example, ride-hailing companies may consider

examining fairness on a per capita basis as the demand is typically positively associated with

zonal population [39]. However, fairness metrics thus far are generic across applications. To

address these challenges, this dissertation proposes to adapt a set of exiting fairness metrics

for spatio-temporal settings and discusses their variations for specific urban applications.

RO3: Integrating fairness into the prediction model. Machine learning algorithms

can replicate and amplify the biases encoded in the training data [26, 19]. Researchers have

proposed a variety of remedies that occur at all stages of machine learning pipeline, including

pre-processing [71], training [35, 176], and post-processing [38, 57]. Nevertheless, existing

studies largely focused on classification settings using conventional machine learning meth-

ods and rarely considered spatio-temporal applications driven by neural networks. Moreover,

current literature provided limited theoretical discussion or empirical experiments on address-

ing multiple sensitive attributes scenarios. This dissertation bridges these research gaps by

integrating fairness in spatio-temporal predictions using deep neural networks. Specifically,

we incorporate fairness metrics as additional constraints (i.e., regularizers) in the loss func-

tion of the prediction models. Multiple sensitive attributes can be naturally handled via a

weighted sum of fairness regularizers for each attribute in the loss function. We discuss the

trade-offs between accuracy and fairness through experiments on real-world datasets.

RO4: Learning fair data representations from heterogeneous open urban data.
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The use of relevant exogenous features can improve prediction accuracy [181, 174]. In ur-

ban applications, many prediction problems are potentially influenced by a common set of

spatio-temporal factors (e.g., weather, housing prices, traffic, road networks). For example,

predicting bikeshare demand depends on weather, topography, and traffic [160, 115], but the

same data sources are also helpful for predicting citywide crowd flow and accident patterns

[181, 174]. Researchers in urban data science often rely on open datasets to produce exoge-

nous features for their predictive analysis or model development [164]. However, open data

are often too noisy, incomplete, and biased to use directly in research [171, 67]. In particu-

lar, most urban datasets are polluted by systemic socioeconomic and racial discrimination.

For example, housing prices reflect historical discriminatory urban development policies [8],

public safety data reflects racist policing practices [126], and transportation data reflects bi-

ased policies toward wealthy neighborhoods [123]. These sources of bias are propagated into

prediction tasks, resulting in unfair predictions [186, 6] and exacerbating structural inequity.

Nevertheless, thus far there is no generalized approach for integrating open urban data in

support of fair spatio-temporal prediction.

Based on the aforementioned observations, we propose an unsupervised algorithm to

learn fair data representations from a wide range of commonly used urban datasets, col-

lected mostly from open data repositories. The learned data representations can be used as

exogenous features in many downstream applications, and are fair, accurate, and reusable

(FAR principles). Such data representations could potentially help the downstream tasks

to achieve better accuracy while limiting their exposure to additional discriminatory sig-

nals. Meanwhile, they do not require access to the raw data and the training pipelines of

the downstream tasks. The proposed method is based on a convolutional denoising autoen-

coder that learns an integrated representation from heterogeneous multi-dimensional urban

datasets, an adversarial model that learns to detect a sensitive attribute (race, income, etc.)

from the learned representation, and a disentangling module that further separates the sen-

sitive attribute from other from other information in the latent space [62, 80, 106]. The

fairness approach combines adversarial learning [159, 157, 128] and learning disentangled
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representations [96, 29], but adapt them for an unsupervised data integration setting with

continuous and distributed sensitive attributes (e.g., percent of high income residents in a

region) as opposed to categorical attributes. To enhance the fidelity of the representation,

this dissertation explores an adaptive weighting scheme inspired by recent work in multi-task

learning [100, 168, 114, 94, 22].

1.3 Contributions

This dissertation makes methodological contributions to urban data science and machine

learning research. It is a pioneering work to explore a suite of fairness-aware spatio-temporal

prediction methods for cities, focusing on five aspects: utility, metrics, algorithms, data,

and applications. The proposed methods will provide fairness assessment measures and

bias-removal strategies for stakeholders such as public resource distributors and government

agencies, allowing for intelligent and responsible decision-making that benefits all citizens.

The main contributions are summarized as follows:

• A generic framework for accurate spatio-temporal prediction. We propose a

generic spatio-temporal prediction algorithm based on 3D convolution neural network

(3D CNN) to model complex spatio-temporal dynamics and integrate exogenous fea-

tures. We test its effectiveness with two mobility demand prediction cases (Chapter

3) and two public safety cases (Chapter 4). We show that our method outperforms

traditional methods and several state-of-art deep learning based methods.

• Novel fairness metrics. Drawing on existing work in quantifying fairness in the con-

text of machine learning, we describe two types of fairness metrics for spatio-temporal

settings in Chapter 3 and Chapter 4, respectively. The first type assumes that the

prediction values should be independent of the sensitive attributes, whereas the second

type assumes the prediction errors should be independent of the sensitive attributes.

In Chapter 3, we propose two metrics: region-based fairness gap (RFG) and individual-

based fairness gap (IFG) for urban applications. Both metrics measure the gap be-
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tween mean per capita prediction values (e.g., taxi demand) across demographic groups

(e.g., white and non-white groups) over a certain period of time. The difference lies

in that RFG focuses on discrete sensitive attributes while IFG deals with continuous

attributes. We show that prediction algorithms without fairness treatment can be

discriminatory against underrepresented minorities. Chapter 4 adapts three fairness

metrics to spatio-temporal settings: residual difference (RD), positive residual differ-

ence (PRD), and negative residual difference (NRD). RD, PRD, and NRD measure the

gap between the prediction errors across groups. We show that the use of exogenous

features may introduce additional biases to the prediction results.

• A supervised spatio-temporal prediction algorithm to remove biases dur-

ing model training. Based on the aforementioned prediction framework and fair-

ness metrics, Chapter 3 proposes FairST, a fairness-aware spatio-temporal prediction

framework. It aims to enforce independence between the predictions and the sensitive

attributes. FairST integrates RFG or IFG as regularizers into the loss minimization

pipelines to encourage fair prediction. It does not require bias-free training data and

can handle multiple sensitive attributes at the same time. Experiments on two real-

world new mobility datasets show that FairST is able to close more than 80% of fairness

gap for a single sensitive attribute and at the same time achieve better accuracy than

state-of-the-art but fairness-oblivious baseline methods. Further experiments show that

FairST is able to reduce unfairness for multiple attributes, outperforming baselines in

both accuracy and fairness.

• An unsupervised algorithm for fair integrations of heterogeneous urban

datasets. In Chapter 4, we propose an end-to-end model to learn fair data represen-

tations, called EquiTensors, from a wide range of commonly used urban datasets.

EquiTensors aim to improve the downstream prediction accuracy without introducing

much extra biases. We introduce FAR (Fairness, Accuracy, and Reusability) principles

for evaluating such pre-trained data representations. The proposed algorithm consists
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of two main components: an integrative model that summarizes a large number of

multi-dimensional urban datasets as a single data representation and a fairness module

based on adversarial learning and disentangled representation to remove discriminatory

effects from the learned representation. Our experiments show that EquiTensors can

help mitigate the effect of sensitive demographic information embodied in the datasets

and at the same time help the downstream tasks to achieve prediction accuracy com-

parable to an ’oracle’ networks that trained with hand-selected features.

• Empirical evaluation of the proposed methods on real-world applications.

We evaluate FairST with two mobility demand prediction cases in Seattle and Austin,

respectively (Chapter 3). We produce ”EquiTensors” for Seattle, and evaluate their

effectiveness on four urban applications in mobility and public safety domains (Chapter

4). Overall, our experiment results suggest that with the proposed methods, it is

possible to achieve fairness and utility at the same time.

1.4 Dissertation Organization

The dissertation is structured as follows: Chapter 1 provides an overview of the disserta-

tion. Chapter 2 provides study background and reviews the related literature. Chapter

3 addresses RO1, RO2, and RO3. A fairness-aware supervised spatio-temporal prediction

algorithm, called FairST, along with two new fairness metrics is introduced. Chapter 4 ad-

dresses RO2 and RO4. An unsupervised algorithm, the core integrative model, is introduced

to learn reusable data representations from heterogeneous open urban datasets. Chapter 4

also describes three fairness metrics adapted to the spatio-temporal setting, and presents the

EquiTensor architecture on top of the core integrative model, for learning fair representa-

tion for heterogeneous urban data. Chapter 5 concludes the dissertation and discusses the

limitations and future directions.
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Chapter 2

BACKGROUND AND RELATED WORK

This chapter presents study background (Section 2.1) and reviews the related literature

(Section 2.2). The background section first provides a broad overview of fairness issues

resulting from the increasing adoption of automatic decision systems in the public and private

sector. It then focuses on the fairness issues in urban data and applications that motivate the

development of fairness-aware methods for cities, and examines examples of discriminatory

data-driven applications and biased urban datasets in resource/service allocation and public

safety. The third part of the background section discusses the potentials and challenges to

the use of open data, which motivate the development of fair integrations of multi-source

data to provide safer and easier access to open data, broadening the utility of open data

portals. Two of my own studies, one on the usage pattern of open government data and

another one on data reuse practices in Earth System Science, are presented as additional

context. The literature review section examines data science for cities including spatio-

temporal prediction algorithms and learning representations for urban data, and fairness in

machine learning including discovering and measuring unfairness and fairness-aware machine

learning methods.

2.1 Background

2.1.1 Fairness, Accountability, and Transparency of Automated Decision Systems

Automated decision systems powered by machine learning and big data have been widely

employed in many applications including credit scoring, criminal justice, online advertising,

employment, etc. [186, 120, 112, 126]. These systems have been hailed as efficient, objective,

and accurate alternatives to human decision-makers [4]. However, increasing evidence has
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shown that data-driven systems contain biases. For example, Google’s image recognition

system wrongly identified black users as gorillas [56]. Amazon’s same-day delivery services

excluded predominantly black neighborhoods in many cities [65].

Researchers pointed out that even if the algorithms themselves are well-intentioned, they

can replicate and amplify human biases encoded in the data, resulting in unequal distribution

of impact across different demographic groups [186, 81, 6]. This is because machine learning

algorithms seek to fit the training data as much as possible to make accurate predictions. The

process of learning also “accurately” captures signals of discrimination [26]. In 2017, a study

found that an influential language corpus [119] generated by machine learning algorithms

accurately reproduced historic biases [19]. The corpus reflects societal stereotypes such as

female names are more associated with family while male names are more associated with

career. Not only do algorithms pick up discrimination in data, but they also magnify them

[26]. This is often due to the fact that minority groups are underrepresented in training

data, and that algorithms tend to fit more towards the majority groups, leading to higher

error rates for the minorities [26]. One study revealed that a widely-used predictive policing

tool, PredPol, would reinforce the bias in the police records, resulting in disproportionate

policing of minority communities [101].

One case that has attracted tremendous public attention is the “COMPAS debate”.

COMPAS is a recidivism prediction tool powered by machine learning [25]. It estimates a risk

score to represent the likelihood that a defendant will reoffend based on 137 survey questions.

This software has been used to assess more than 1 million defendants [33]. The debate started

by ProPublica reporting that COMPAS software discriminates against black defendant [2].

ProPublica’s analysis indicated that COMPAS had notably higher false positive rates (FPR)

for black defendants than for white defendants. Moreover, the likelihood of a recidivating

white defendant being identified as low risk is twice as high as that of black defendants,

meaning that COMPAS also shows lower false negative rates (FNR) for black defendants

than white defendants. In confronting the public criticism, Northpointe, the company that

developed COMPAS, argued that their software satisfied a fairness criteria called predictive



14

parity [32]. Later, researchers [43, 25] showed that it is not possible to satisfy predictive

parity, equal FPR, and equal FNR at the same time.

This dissertation is situated in the broader context of social impact of automated decision

systems, focusing on developing fairness approaches for urban application domain.

2.1.2 Equity Issues in Urban Data and Applications

Equity Issues in Data-driven Urban Applications. Cities are increasingly relying on

automatic decision systems based on big data and algorithms, but evidence has shown that

data-driven applications may discriminate certain groups of people. Two typical domains

that have fairness concerns are resource/service allocation and public safety. The former

involves mobility resource allocation, public facility placement, and online shopping, etc.[3].

The latter primarily involves predictive policing.

Mobility operators such as ride-hailing and bikeshare companies often rely on demand

prediction to guide resource optimization [146, 85]. For example, Uber predicts demand

to direct drivers to high-demand areas [9]. However, algorithms that distribute app-based

mobility services may discriminate African American riders, resulting in longer waiting times

and higher trip cancellation rates [15, 50, 132]. Similarly, evidence suggests that online

shopping services provided by tech companies may discriminate against under-represented

communities. For example, Amazon’s same-day delivery services excluded predominantly

black neighborhoods in many cities [65]. Underestimation of resource/service demand for

underrepresented minorities may result in insufficient supply to them, which can produce

a feedback loop: racial and income disparities are misinterpreted in the model as lack of

demand, reinforcing reduced access to services/resources.

In public safety domain, data-driven decision making systems have been adopted in police

forces and law enforcement agencies around the world [111]. These systems use historical data

to predict crime incidences and identify risk areas in a city. Recently, studies have shown that

predictive policing tools may discriminate people of color [101]. For example, a recidivism

prediction tool called COMPAS was found to have notably higher false positive rates for
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black defendants than for white defendants [2, 25]. The use of such systems may result

in stigmatizing certain individuals and groups and disproportionately imposing negative

impacts on them [111].

This dissertation seeks to alleviate the equity issues by proposing a fairness-aware machine

learning algorithm (FairST) for cities. The proposed method is promising in helping the

private or public sector to make well-informed decisions and meet equity goals at the same

time.

Equity Issues in Urban Data. Discriminatory signals encoded in data is a primary

source of bias in data-driven decision making systems [26]. It has become an obstacle for

data sharing for both private and public sector [171]. For private data owners, privacy

and biases are major concerns of releasing data for public use. Sharing the data as it is

might run the risk of propagating biases [171]. Public sector and research communities have

stronger motivations to share data than private sector. Open government data can increase

government transparency and open scientific data can strengthen scholarly communication

and improve research reproducibility [163, 164]. As a result, an overwhelming amount of

urban datasets has been released to public domain. Most of these datasets contain location or

temporal information (spatio-temporal datasets) and have been widely used to support urban

science research and applications [164]. However, some datasets are polluted by systemic

bias due to socioeconomic and racial discrimination. For example, housing prices reflect

historical discriminatory urban development policies [8] and police incident reports usually

reflect more about policing practices than criminal activity [126]. The direct use of such

datasets in research or real-world applications may lead to biased results and even unintended

consequences [111].

This dissertation proposes to remove discriminatory signals from spatio-temporal ur-

ban datasets through learning fair data representations (EquiTensors). We propose FAR

principles (Fairness, Accuracy, and Re-usability) for evaluating such representations. FAR

principles are related to but different from FAIR principles (Findability, Accessibility, Inter-

operability, and Re-usability) for data sharing [152] and FACT principles (Fairness, Accuracy,
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Credibility, and Transparency) for responsible data science [141] in objectives and scopes.

2.1.3 The Reuse of Open Data

This dissertation is also motivated by the observation that the potential of open data has

not been fully exploited [171, 55]. For example, one study found out that a majority of open

data published by data.gov.uk has never been accessed [14]. Challenges to the use of open

data are related to lack of metadata [108], data quality [67] (i.e. completeness, accuracy, and

clarity), proprietary formats [108], data portal usability [172], and lack of centralized access

point [40]. In particular, it is difficult to identify useful datasets across multiple open data

portals; and the cleaning, management, and interpretation of open data is labor-intensive

[40]. At the same time, data owners are reluctant to release certain types of information due

to privacy concerns and biases in the dataset [171, 151].

This dissertation proposes to learn reusable and fair representations from a large number

of urban open datasets to benefit an array of prediction tasks. This approach presents a

novel way to allow downstream applications a means of improving accuracy, avoiding data

discovery and pre-processing, and limiting their exposure to new sources of discriminatory

bias. It also complements ”raw” access through open data portals and potentially provides

a single point of control for managing data use policies (e.g., for privacy). The rest of this

section describes two background studies, focusing on the pattern of open government data

usage [164] and data reuse in Earth System Science [163], respectively.

Exploring the use pattern of open government data. Open government data

(OGD) refers to government-related data that is free and open for public use [150]. Despite

a plethora of existing work on the potential of and intentions to use OGD, we still lack

understanding of the actual use of it. Using a text mining approach, this study explores the

use pattern of OGD in academic research by answering three research questions: 1) How are

OGD used in academic research? 2) What sources of OGD do researchers use? 3) What

fields of academic research are using OGD? Part of the reason why we focus on academic

research is that the massive scientific publications provide clear and traceable evidence of
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OGD usage through explicit citations and mentions; and it is difficult to collect data usage

evidence from other users from the private sector. Nevertheless, the results in this study may

allow us to peep into the general usage patterns of OGD that go beyond academic research.

Specifically, we developed a protocol to identify, select, and categorize published literature

where open government data was explicitly used as a research input. We first developed a

list of 302 open government data portals and their URLs based on the resources on data.gov

web page. We searched the Scopus, Springer, and IEEE databases using the 302 data portal

URLs and retrieved 2486 papers published from January 2009 to July 2017. A final study

sample of 1229 papers were obtained after applying our inclusion and exclusion criteria. Our

analysis of the study sample revealed several interesting findings:

• There is an upward trend of publications using OGD over time from 2009 to 2016,

implying the increasing attention to OGD in scientific research. This may be because

of the expanding open data holdings and the increasing awareness of OGD in academia

and beyond.

• Chicago is ranked as the sixth most frequent source of OGD among the 302 sources,

which include international and country level portals. Open data portals in New York

City and Seattle are also among the top 30 sources, suggesting that open urban data

is playing an important role in supporting research.

• Some open data portals had one particular type of dataset that had been used most

frequently. For example, in the United Kingdom, an ”index of deprivation” dataset

was used frequently as an ancillary source for Medicine and Public Health research.

For Chicago, crime data was the most used source for social, urban, and computer

science studies. These popular datasets may be the most authoritative or only source

to answer a research question. It is also possible that these datasets can help answer

questions that are of great local interest. Interestingly, this may also imply that a vast

majority of open data is underused.
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• OGD was used by nearly all research fields, including Chemistry and Dentistry that

seem less likely to use OGD. This suggests that OGD has exhibited more potential use

for research than reflected in exiting literature. Medicine, Environmental Sciences and

Social Sciences occupy the top three fields that use OGD in publications. Computer

Sciences and Engineering rank No. 4 and No. 6 in the list, suggesting that OGD is

contributing to technical innovations.

• OGD was primarily used as data sources for new research: 33.4% used OGD as main

source and 19.5% as an auxiliary source. About one third of the papers use OGD for

providing context of a study. Other usage types include testing new methods, providing

new services or systems, result evaluation, and creating composite datasets.

Overall, our results suggest that OGD is a valuable source for scientific research of a

wide range of fields. In particular, urban data portals such as Chicago, New York City, and

Seattle have been used heavily to support social, urban, and computer science studies.

Examining Data Reuse in Earth System Science. Open data can promote repro-

ducibility, openness, and innovation in science [121]. Sources of open data used by scientists

include federally funded research data centers, disciplinary and institutional repositories,

open government data, and private companies, as well as shared data offered by individual

researchers (or research labs). Open data produced by one organization or individual can

be reused to form new analysis without recollection, therefore accelerating new discovery.

Moreover, open data can also be reused to reproduce an existing study, during the process

of which the validity and rigor of the original study would be evaluated. This study reports

on results from a survey examining how researchers reuse data to support new research and

reproducing existing research, using Earth System Science (ESS) as a case study. ESS is

data-intensive and highly collaborative, making it an informative site for us to examine cross-

disciplinary data practices. The findings of this study provide a baseline on data reuse and

reproducibility practices and perspectives in ESS, and will inform investments in research

data services for supporting researchers in ESS and other interdisciplinary fields.
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We conducted a survey of active ESS researchers from 126 U.S. universities and research

centers, representing a wide variety of scientific fields. Over half of the 207 respondents had

more than 20 years of research experience. The survey has twenty-four questions covering

respondent demographics, experiences and practices reusing data and reproducing published

results, views on how to improve the current state of practices, and the greatest challenges

particular to ESS. We summarize here some interesting findings related to the context of

this dissertation.

• Data reuse practices were strong across the sample, with 73.0% reporting that they

always or often use data generated by others, and only 1% indicating they never do.

More than seventy percent (70.3%) of respondents use data from federally funded data

centers always or often, with lower levels of data use from three other sources — data

supplements to published papers (30.8%), government open data portals (26.4%), and

researcher websites (20.5%).

• Data was most frequently reused for “new analysis” (87.0%), followed by comparing

results (70.4%), providing information (53.7%), and testing or developing new meth-

ods of analysis (52.5%). Only 18.5% reported reusing data for reproducing published

studies.

• More than 80% of the respondents reported needing research support services. Tech-

nical support for tools was rated the highest (59.2%), followed by consulting services

on data management and data sharing (54.4%) and assistance with data preprocessing

and cleaning (48.1%).

• Challenges to data reuse and reproducibility are related to incentives, documentation,

data management, cost, data sharing, methods complexity, and data services. Lack

of documentation of data with spatial and temporal context was prioritized by many

respondents. Large scale and volume of data, cost and effort, limitations in data

services were also strongly represented.
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Our results revealed why data are reused and where data are accessed, as well as challenges

to data reuse. Data was primarily reused for new research and much less for reproducing

existing studies. This is consistent with our previous findings that OGD was primarily

used as data sources for new research. Although data reuse were strong among the pool

of respondents, practical and technical challenges to data reuse are pronounced. These

challenges mainly include lack of documentation, cost and effort, and limited data services.

A strong majority acknowledged the need for professional assistance with data processing

and documentation, archiving and deposit, as well as the need to offload some labor. This

is aligned with observations from previous studies that it is often very time-consuming to

collect, process, and manage data [40, 98, 79]. Data owners and research data services could

consider investing more in these areas to promote data reuse.

2.2 Related Work

This section discusses algorithms used for spatio-temporal prediction and learning repre-

sentations from urban data, as well as methods for discovering, measuring, and removing

discriminatory biases from machine learning algorithms. For each of these areas, we review

representative works, identify research gaps, and propose our solutions.

2.2.1 Data Science for Cities

Spatio-temporal Prediction. Accurate prediction is an important step towards effective

resource allocation (e.g., bike rebalancing) and timely responses to emergencies (e.g., fire de-

partment dispatches). Early work adopted time series analysis methods such as ARIMA or

classical machine learning algorithms such as Gradient Boosting Regression Trees (GBRT)

to predict urban events [144, 170, 86]. However, they have limited capability of modeling

complex spatio-temporal dynamics. Recently, deep neural networks have become popular for

modeling spatio-temporal data due to their performance modeling complex non-linear inter-

actions [181, 146]. Recurrent Neural Networks (RNN) can capture temporal dependencies

[42, 156] and Convolutional Neural Networks (CNN) can capture spatial structures [166].
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Therefore, researchers use variants of RNNs and CNNs to model spatio-temporal problems

[93] such as forecasting city crowd flows [181]. Combinations of CNNs and RNNs were pro-

posed to learn both temporal and spatial dependencies in one network [174]. ConvLSTM

adopts a LSTM network structure, but can take image-like data as input, therefore achieving

the advantages of CNNs and RNNs [155]. 3D Convolutional Networks were initially used for

modeling video data [138], but recently were also used for transportation demand prediction.

For example, StepDeep is a network based on 3D convolutions to predict the number of taxi

trips leaving and entering a certain region of a city at a certain time. StepDeep achieved bet-

ter accuracy than other methods including DeepSD [129, 146]. Graph CNNs is suitable for

data of graph structures such as road network, so they have gained popularity in predicting

traffic forecasting [54, 12, 30].

Our prediction algorithms are based on 3D CNN architecture because it can learn spatial

and temporal correlations simultaneously in one network. Our method is similar to StepDeep

[129], but StepDeep architecture only incorporated temporal features such weather and is

mainly intended for mobility demand prediction. Our method aims to be generic across

various urban application domains and can handle arbitrary number of temporal, spatial,

and spatio-temporal features. Furthermore, few existing work in modeling urban activities

considers fairness in their solutions.

Representation Learning in Urban Applications. Most of the prediction meth-

ods are designed for individual urban application. Nevertheless, we observe that these tasks

share similar model structures (e.g., CNN based models) and frequently use the same features

(e.g., transportation network and weather). Collecting and formatting these features take

substantial efforts and training separate models for each task is expensive in time and com-

putation. It is therefore highly desirable that the knowledge (features or representations)

learned from data through deep neural networks can be reused for other tasks or shared

among multiple related tasks. Representation learning aims to extract useful information

from data for better prediction and enable feature reuse [10]. A nascent thread of research

focusing on spatio-temporal representation learning holds promises in deriving reusable and
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sharable knowledge from data through multitask learning, embedding methods, and unsu-

pervised learning [90, 180, 47, 48, 10, 122, 59]. For example, Space2Vec [105] and LESR [68]

are unsupervised deep learning methods for representing spatial points or regions. However,

they only considered the spatial domain. Several studies [149, 180, 148, 83] proposed meth-

ods for learning representations for spatio-temporal data. For example, Wang et al.[149]

learned a temporal-aware representation through deep autoencoder with from GPS trajecto-

ries for driving behavior analysis. Nevertheless, most of them targeted at specific application

domains, therefore their representations have limited re-usability.

This dissertation proposes to maximize the re-usability of the learned data representations

by considering as many as possible available open urban datasets without assuming specific

application domains. As such, the learned data representations can potentially benefit a

wide range of downstream applications.

2.2.2 Fairness in Machine Learning

The wide application of machine learning algorithms in predictive policing [126], daily life

[112, 120], and legal systems [7] has raised concerns that algorithms can discriminate against

certain demographic groups. This is because algorithms can replicate and amplify the dis-

parities in data [26]. Research in identifying and removing the biases embodied in algorithms

is referred to as fairness in machine learning [97]. This emergent research field has two main

objectives: 1) achieving fairness by design [57] and 2) achieving maximum possible utility

under fairness constraints. There are currently two main research directions [186]: 1) Discov-

ering and measuring unfairness, and 2) fairness-aware machine learning methods, including

correcting discrimination in algorithms and removing biases from data.

Discovering and Measuring Fairness. There are mainly two ways to discover dis-

crimination: statistical tests and fairness metrics [186]. Early research on fairness typically

fits a regression model with sensitive attributes as independent variables. Statistical tests

are frequently used in domains such as transportation equity and education equity. Recently,

many fairness criteria (metrics) have been proposed to measure the degree of discrimination
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[11, 78]. These metrics have been the mainstream ways for measuring fairness in machine

learning community. The most widely adopted metrics for fair classification are Statistical

parity [35], Equalized odds [57], and Equal opportunity [57]. Statistical parity asks for in-

dependence between predicted outcome (e.g., hiring decisions) and sensitive attributes (e.g.,

gender, race) [35]. Equalized odds requires equal mis-classification rates [57], that is, equal

true positive rates and false positive rates across two demographic groups. Equal oppor-

tunity [57] is a relaxation of equalized odds, as it only requires equal true positive rates.

There is less attention devoted to fairness metrics for regression. Equal means [18] resembles

statistical parity in classification. It requires that the mean prediction outcomes across two

groups are the same. Balanced residuals resembles equalized odds, requiring equal mean

positive residual and equal mean negative residuals across groups [18]. Equal positive resid-

uals [18, 60, 167] resembles equal opportunity, if we consider overestimation of outcome as

beneficial.

Fairness-aware Machine Learning Methods. Fairness-aware machine learning meth-

ods aim to make discrimination-free predictions [35, 5]. Researchers have proposed a variety

of remedies that occur at all stages of machine learning pipeline, including pre-processing,

training, and post-processing [38, 186, 5, 158].

Fairness remedies at pre-processing stage seek to remove bias from data, so that the

sanitized data can be used by any fairness-agnostic predictors. This approach is particularly

desirable when data owners hope to release the data for public use, and the data is expected

to be reused in many scenarios. There are two ways to “debias” data: directly modifying

the dataset [71, 107, 73] and learning a fair representation for the dataset [41, 178, 20, 99,

179, 104]. Discrimination correction can be applied during the training process. Fairness

can be either encoded as hard constraints [72, 18, 35, 176, 183] or as soft constraints (an

additional regularization term) in the loss function [11, 16]. Post-processing methods build

fairness into machine learning models by adjusting the prediction outcomes of a predictor

[154, 57]. Post-processing methods do not require access to individual-level predictions or

training data, so it is suitable for applications that have privacy concerns [57]. The limitation
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is that these desirable features of post-processing approach often lead to a significant loss of

utility [154, 4, 5]. This dissertation focuses on discrimination correction during training and

learning fair representations.

Correcting Discrimination in Algorithms. This family of methods is featured with

fairness constraints during the model learning process. They do not assume bias-free train-

ing data. Hard constraints have stronger theoretical basis and are usually used in con-

ventional machine learning algorithms. Soft constraints can be applied to deep learning

models and usually allow models to achieve multiple, sometimes conflicting objectives at

the same time, with some trade-offs among the objectives. Compared to the pre-processing

and post-processing approaches, debiasing during training is task-specific and can achieve

higher utility [5]. The limitation of this approach is that it requires full access to the training

pipeline, which is not always possible in practice [38, 186, 5, 158].

While existing papers primarily deal with conventional machine learning, there are a few

studies that use fairness regularizers in deep learning models. For example, Hendricks et

al. [16] addresses gender bias in deep learning based image captioning models through the

use of regularizers that encourage fairness. However, Hendricks et al.’s setting is different

from ours because their sensitive attribute (i.e. gender) is global for an image. In our case,

sensitive attributes are distributed across the city: each region (pixel) has its own sensitive

attribute value (e.g., percentage of white). Furthermore, the majority of fairness research

focuses on classification settings rather than regression settings [78]. Calders et al. proposed

using equal means as a fairness metric in linear regression. Fairness was incorporated through

constraints in loss functions [18]. Berk et al. developed a series of convex fairness regularizers

for linear and logistic regression. They used group fairness and individual fairness analogs in

regression settings [11]. Our proposed method, FairST, was inspired by Berk et al.’s work,

but the metrics and the formulation of the loss function are novel, as is the spatio-temporal

setting.

Learning Fair Data Representations. One way to correct unfairness during the pre-

processing phase is to learn a fair representation from the data such that little about the
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sensitive attributes can be learned from the representation [46, 178]. In other words, learning

a fair representation is to encode the original data into another feature space so that 1) non-

sensitive information is preserved as much as possible and 2) information about the sensitive

attributes is removed [178]. Fair data representations are promising in relieving the tensions

in transparency and fairness. Consider the case when data owners hope to release their data

but are reluctant to do so due to fairness concerns, this approach allows them to release a

fair version of the original dataset while preserving fidelity. Compared to directly modifying

the training data, this solution has several advantages. First, it does not hand-tune the

dataset, so it is more generic and scalable. It strives to preserve the maximum non-sensitive

information through optimization, which is based on theories rather than modifying the data

according to some ad-hoc rules.

There are mainly two ways to achieve fair presentation: unsupervised learning [178,

127, 99] and adversarial learning [159, 157, 128, 145]. For example, Madras et al. [104]

proposed a method called LAFTR. Based on an encoder-decoder structure, LAFTR learns a

representation Z that predicts a supervised target and reconstructs the input. Meanwhile an

adversary attempts to predict the sensitive information from Z. Most of the existing studies

focus on classification tasks, and learning fair representations in spatio-temporal settings is

absent from the literature. Our method is similar to LAFTR [104], the main difference is

that our sensitive attributes are spatially continuous (e.g., a map of income level), whereas

LAFTR uses binary sensitive attributes (e.g., gender). Our method is also related to work on

conditional image generation where the task is to generate different version of an input image

(e.g., a face) by varying a attribute (e.g., gender). For example, Lample et al. uses adversarial

learning to learn latent representations for images that are invariant to an attribute such

as gender [80]. Our method is different from theirs in that their manipulable attributes are

discrete and global for an image, whereas our sensitive attributes are distributed at ”pixel”

level.
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2.3 Summary

Abundant evidence suggests that data-driven urban applications in resource/service alloca-

tion and public safety can be discriminatory, but there is a dearth of research on fairness-

aware prediction algorithms designed for cities so far. Spatio-temporal datasets such as

house prices and transportation demand may contain bias, which can propagate through

analytic pipelines and lead to biased research results or decisions. Currently there is a lack

of research on how to remove discriminatory signals from spatio-temporal datasets. Many

datasets supporting urban applications and research come from open data repositories, but

these data sources are often too noisy, incomplete, and biased to use directly. Moreover, it

is often difficult to discover, collect, and pre-process datasets from across multiple open data

repositories. Improved data services and new ways of data release are needed to promote

the reuse of open data.

Deep neural networks are powerful in addressing two key challenges in predicting urban

activities: capturing rich spatio-temporal correlations and extracting information from het-

erogeneous urban data. Recent research in modeling urban activities suggests that models

based on ConvLSTM or 3D CNN, generally yield better prediction accuracy than RNN or

CNN based models [129, 174]. Meanwhile, it is generally agreed that the use of exogenous

features such as weather and road networks helps prediction accuracy [184]. While vari-

ous prediction frameworks have been proposed for urban predictions, the generalizability of

them outside their original application domains is unclear. Spatio-temporal representation

learning can extract knowledge from multi-source urban data and generate reusable features

across downstream tasks. Nevertheless, existing work in this arena largely focuses on spe-

cific application domains, therefore the resulting data representations tend to have limited

reusability.

There are two main streams of research in fair machine learning: discovery and measure-

ment of unfairness, and fairness-aware methods [186, 4]. Various ways of measuring fairness

have been proposed, but none of them is designed for spatio-temporal settings. Fairness-
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aware corrections throughout all stages of machine learning have been developed. Most of

them aim to achieve group fairness for classification. While a majority of the remedies were

tested in conventional machine learning algorithms, learning fair data representation and en-

forcing fairness as regularizers during model training are well-suited for deep learning models.

The former does not require access to raw data and the training pipelines of downstream

tasks, and the latter shows promises in satisfying fairness constraints while maintaining high

utility.

Overall, this dissertation differs from existing work in objectives and approaches. First,

few existing work in modeling urban activities considers fairness in their solutions. FairST

builds on the state of the art 3D CNN and is generic across tasks. It incorporates fair regu-

larizers to guide the model to learn equitable and accurate predictions. Second, we propose

to learn EquiTensors, reusable and fair data representations. EquiTensors are task-agnostic

representations trained from a large number of open urban datasets in an unsupervised way,

while most of the representation learning in urban settings focuses on specific application

domains and only considered limited number of datasets. Third, EquiTensors aim to re-

move discriminatory signals from spatio-temporal data, which is absent from the existing

literature. Finally, EquiTensor presents a novel way to share open data, avoiding data dis-

covery and pre-processing, limiting their exposure to new sources of discriminatory bias, and

broadening the utility of open data repositories.
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Chapter 3

FAIRNESS-AWARE SPATIO-TEMPORAL PREDICTION

In this chapter, we develop two new fairness metrics and a fairness-aware spatio-temporal

prediction algorithm 1. While we use new mobility applications as a case study, our methods

can be extended to other spatio-temporal scenarios with fairness concerns such as crime

incidence prediction.

3.1 Introduction

New mobility services such as car-sharing, bike-sharing, and ride-hailing have been deployed

in many cities as affordable and on-demand transportation options for citizens. For example,

dockless bike share systems have been introduced in many cities in China and the United

States. They are docking-station-free and GPS-tracked. Using a mobile app, users can locate

and pick up a bike closest to them, and park the bike anywhere they want [115, 82, 156].

Ride-hailing companies such as Uber and Lyft connect drivers to riders through mobile phone

apps. Today, they are providing over 12 million trips per day worldwide [15, 21].

Supply and demand in new mobility systems are often unbalanced due to complex and

dynamic factors such as traffic conditions and weather. Accurate and high-resolution demand

estimates are therefore important to guide resource optimization and maximize system utility

[146, 85]. For example, ride-hailing companies predict demand to direct drivers to high-

demand areas [9]. Similarly, bikeshare operators use trucks to rebalance bikes from low-

demand to high-demand areas based on demand estimation [115].

Beyond accuracy, incorporating equity into demand prediction is crucial for delivering a

transportation system that benefits all citizens, particularly for historically underrepresented

1These contributions were presented in the following publications [160, 161].
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Figure 3.1: FairST is a deep learning based demand prediction model for new mobility

systems. It not only models the spatial-temporal dynamics of mobility system, but also

makes equitable predictions by incorporating a fairness regularizer that encourages equal

prediction between groups defined by, for example, race, age, or education level.

groups. An individual’s access to resources allocated or predicted by algorithms should

not be dependent on sensitive attributes such as race and age. However, recent studies

show that algorithms that distribute app-based mobility services may discriminate against

people of color [15, 50]. For example, influenced by Uber’s pricing algorithm, neighborhoods

with more white people experienced higher service quality [132]. Compared to traditional

transportation modes, new mobility services may lead to greater inequity. For example,

people without smart phones are not able to access the services. Underestimation of mobility

resource demand for these groups may result in insufficient supply to these areas, which can

produce a feedback loop: racial and income disparities are misinterpreted in the model as

lack of demand, reinforcing reduced access to services.

In this chapter, we incorporate fairness in a demand prediction framework for new mobil-

ity systems, while acknowledging broader applications to any fair allocation of resources in

space and time. To achieve our goal, the proposed approach addresses three challenges: ac-
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curate modeling of the spatial-temporal dynamics of the new mobility system, defining novel

fairness metrics suitable for this task, and effective integration of fairness into the prediction

model.

modeling the spatial-temporal dynamics of mobility resource demand. Re-

source demand exhibits complex spatial and temporal patterns, and is influenced by many

external factors such as weather and road network [85]. In systems such as ride-hailing and

dockless bikeshare, the demand is continuous over space. Thus an initial challenge is to prop-

erly discretize continuous demand and model the spatial dependencies among neighbouring

regions.

We address this challenge by partitioning the city into a regular grid and aggregating

demand into time intervals. We use a 3D convolutional neural network (3D CNN) as the

core building block in our model to capture spatial-temporal dynamics. To incorporate

the exogenous features such as weather and traffic that can influence demand, we adopt a

three-stream model architecture that fuses together 1D, 2D, and 3D convolutional layers,

respectively. A 1D CNN is used to extract information from 1D temporal features such as

city-wide temperature or rainfall, and a 2D CNN is used to extract information from 2D

spatial features such as the location of bike lanes.

Designing fairness metrics for mobility resource demand. Although the speci-

fication and assessment of fairness metrics is an active research area [52, 64], most of the

proposals are inapplicable in spatial-temporal settings. First, the prediction target in our

setting (e.g., ride-hailing demand) is continuous whereas many fairness metrics such as statis-

tical parity and equalized odds are designed for discrete classification settings [57]. Second, in

mobility systems, each record is usually a geographic area representing an entire subpopula-

tion, and therefore cannot necessarily be assigned a specific attribute value (e.g. white), but

rather a percentage of the subpopulation that has that value (e.g. percentage white). Among

the few studies that propose fairness metrics for regression, a categorical sensitive attribute is

typically required [18, 11]. These methods cannot be directly applied to our problem unless

we discretize our sensitive attributes. Finally, a fairness metric for mobility resource demand
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prediction should consider the overall population distribution. The transportation literature

suggests that mobility resource demand is positively associated with zonal population [39],

so fairness should be examined on a per capita basis.

To address these challenges, we interpret fairness in demand prediction as the require-

ment that individuals of different groups have access to a similar amount of the resource in

demand. We propose two fairness metrics: region-based fairness gap (RFG) and individual-

based fairness gap (IFG). Both assess the gap between mean per capita demand across groups

over a period of time. However, RFG assumes that a distinct label is assigned to the entire

region. For instance, a neighborhood with a majority white population may be assigned the

label ”white.” IFG instead is assigned a distribution based on demographics rather than a

single label.

Integrating fairness into the prediction model. Fairness can be incorporated into a

prediction model during data preprocessing [71], model training [35, 176], or postprocessing

[57]. During model training, fairness can be either encoded as a hard constraint or as

additional terms in the loss function [11]. We propose two possible terms, corresponding to

RFG and IFG. To the best of our knowledge, our work is the first to incorporate fairness in

a spatial-temporal urban mobility setting using deep neural networks.

To this end, we introduce FairST, a Fairness-aware Spatial-Temporal model that ac-

counts for dynamics of mobility resource demand and enforces fairness through regularizers

(Figure 3.1). FairST can be naturally extended to other scenarios that involve spatial-

temporal modeling and have fairness concerns such as crime incidence prediction. We sum-

marize our main contributions as follows:

• We propose a new mobility resource demand prediction algorithm based on 3D convo-

lution neural network (3D CNN) to model the temporal and spatial dependencies. The

proposed algorithm adopts a three-stream architecture to integrate exogenous features

with various dimensions.

• We propose two fairness metrics: region-based fairness gap (RFG) and individual-based
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fairness gap (IFG) for urban mobility. Both metrics measure the gap between mean

per capita demand across groups over a certain period of time. The difference lies

in that RFG focuses on discrete sensitive attributes while IFG deals with continuous

attributes.

• We design and implement two fairness regularizers for deep networks in spatial-temporal

settings, region-based fairness and individual-based fairness based on RFG and IFG.

They are integrated into the loss minimization pipelines to encourage fair prediction.

• We evaluate our method using two real-world datasets. Our experiments demonstrate

that our method effectively closes the fairness gaps while achieving better accuracy

than state-of-the-art fairness-oblivious models.

3.2 Related Work

Equity in New Mobility Systems. A number of researchers have studied equity in bike

sharing systems. Ursaki and Aultman-Hall [140] found that there are significant differences

in race, education level, and income of population inside and outside bikeshare service areas

in four U.S. cities. Other studies also indicate that in North America, advantaged groups

have more access to docked bikeshare than disadvantaged groups [61]. In examining access

equity of dockless bikes in Seattle, Mooney et al.[115] found that more college-educated and

higher-income residents have access to more bikes, and that bike demand is high correlated

with rebalancing destinations. Overall, current literature suggests that disparities exist in the

access of bikeshare systems. The equity of ride-hailing services is less clear. Although some

studies found that service quality is not necessarily associated with the income or minority

fraction of pickup locations [63, 147], the findings from some other studies suggest that

ride-hailing companies provide poor services to low-income neighborhoods [132]. Moreover,

several studies [50, 15] found that ride-hailing drivers discriminate against African American

riders, resulting in longer waiting times and higher trip cancellation rates.
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Existing studies focus mostly on assessing equity based on the outcomes of deployed sys-

tems, we argue that approaches for preventing unequal resource distribution or dynamically

correcting unfairness are lacking.

Spatial-temporal Prediction. Accurate demand prediction is an essential step to-

wards effective resource allocation (e.g., bike rebalancing and ride dispatch) strategies. Early

work adopted time series analysis methods such as ARIMA or classical machine learning al-

gorithms such as Gradient Boosting Regression Trees (GBRT) to predict mobility resource

demand [144, 170, 86]. Recently, deep neural networks have become popular for modeling

spatial-temporal data due to their performance modeling complex non-linear interactions

[181, 146]. Recurrent Neural Networks (RNN) can capture temporal dependencies [42, 156]

and Convolutional Neural Networks (CNN) can capture spatial structures [166]. Therefore,

researchers use variants of RNNs and CNNs to model spatial-temporal problems [93] such as

forecasting city crowd flows [181]. Combinations of CNNs and RNNs were proposed to learn

both temporal and spatial dependencies in one network [174]. ConvLSTM adopts a LSTM

network structure, but incorporated convolutional operators in replace of fully-connected

nodes, therefore achieving the advantages of CNNs and RNNs [155]. 3D Convolutional

Networks were initially used for modeling video data [138], but recently were also used for

transportation demand prediction. StepDeep is a network based on 3D convolutions to pre-

dict the number of taxi trips leaving and entering a certain region of a city at a certain time.

StepDeep achieved better accuracy than other methods including DeepSD [129, 146].

Few existing work in modeling urban resource demand considers fairness or equity in

their solutions. FairST builds on the state of the art 3D CNN approaches and incorporates

fair regularizers to guide the model to learn equitable spatial-temporal prediction.

Fairness in Machine Learning. Studies on fairness in machine learning focus on

identifying and removing bias in the outcome variable with respect to some sensitive group

(e.g., race, gender, income) [64]. Although many competing definitions of fairness have

been proposed, most involve the idea that the predicted outcomes should be statistically

independent from a given sensitive attribute [35]. Several fairness metrics have been proposed
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for classification settings. Individual fairness, in contrast to group fairness, captures the idea

that similar individuals should be treated similarly [35]. Group fairness is better aligned

with most legal and practical definitions, arguing that members of a disadvantaged group

should receive similar treatment to an advantaged group, by experiencing similar predicted

outcomes [41]. Equalized odds requires equal mis-classification rates across groups [57].

Based on these concepts, researchers have proposed fairness-aware remedies that occur at all

stages of the machine learning pipeline [11].

The majority of fairness research focuses on classification settings rather than regression

settings [78]. Metrics for classification involve discrete probabilities and are difficult to adapt

directly to regression settings. Calders et al. proposed using equal means as a fairness

metric in linear regression. Fairness was incorporated through constraints in loss functions

[18]. Berk et al. developed a series of convex fairness regularizers for linear and logistic

regression. They used group fairness and individual fairness analogs in regression settings.

Results on six datasets highlight the incompatibility of various fairness metrics and trade-off

between accuracy and fairness [11]. Our proposed method was inspired by Berk et al.’s work,

but the metrics and the formulation of the loss function are novel, as is the spatial-temporal

setting.

3.3 Use Cases

In this section we describe the datasets, pre-processing, and problem formulation for our two

mobility use cases.

3.3.1 Datasets

Seattle dockless bikeshare dataset. The city of Seattle requires shared bike operators

to submit their data to the Transportation Data Collaborative (TDC) operated by the Uni-

versity of Washington for conducting data ethics related research. The data used in this

chapter comes from one of the operators from October 1, 2017 to October 31, 2018, obtained

from the TDC. It includes more than 1,600,000 trips and more than 10,000 bikes. The data
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contains information about each bike including pickup and drop-off locations, trip start, trip

end, and timestamps, as well as information about trips, including trip duration, trip start

and end time, trip start location, and trip end location. We mainly use bike pick-up locations

and timestamps. We use the number of pickup (trip start) as a proxy for demand as there

is no ground truth value for ”true demand.”

RideAustin dataset. RideAustin 2 is a non-profit ride-hailing service operating in

Austin, Texas. Rides data is openly available online 3. The data used in this chapter spans

from August 1, 2016 to April 13, 2017, including over 1,400,000 completed trips. It contains

information about each ride including trip duration, trip start time, trip end time, trip start

location, and trip end location, and distance travelled, etc. We use the number of rides as a

proxy for demand.

Socioeconomic data. Socioeconomic data including population, race, age (under or

over 65), and education level for Seattle and Austin at the block group level were obtained

from the SimplyAnalytics database [130].

Weather features. Previous studies show that weather conditions are associated

with bike demand and ride requests, and can be helpful for prediction [86, 129, 146]. We

obtained hourly weather data for Seattle and Austin from the Integrated Surface Dataset

from the National Centers for Environmental Information (NCEI) 4. We included city-level

air temperature, sea level pressure, and precipitation as features for prediction. They are all

1D time series as they do not have spatial variations.

Urban features. Urban forms are associated with the access and usage of new mobility

systems [147]. We collected 2D features such as bike lanes and steep slopes for Seattle

bikeshare demand prediction as they may be associated with bikeshare demand according

to existing literature [109, 44, 82]. Likewise, we collected features such as road network and

Point of Interest that were suggested by the literature for RideAustin demand prediction

2http://www.rideaustin.com/

3https://data.world/ride-austin/ride-austin-june-6-april-13

4https://www.ncei.noaa.gov/access/search/index

http://www.rideaustin.com/
https://data.world/ride-austin/ride-austin-june-6-april-13
https://www.ncei.noaa.gov/access/search/index
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[146, 129]. These urban datasets are all openly available 5.

3.3.2 Data Preparation

Figure 3.2 illustrates the method that we used to process the Seattle bikeshare dataset. The

RideAustin dataset was processed in the same way. We place a bounding box around the

geographic region of a city and partition the bounding box into equal-sized squares (Figure

3.2(a)). For Seattle bikeshare, we choose a grid size of 1km by 1km. For RideAustin, we

choose a grid size of 2km by 2km. The purpose of partitioning the city into square grids

rather than using neighbourhoods or block groups as the prediction unit is to prepare the

data as a tensor that CNN based models can take. We counted the number of pickup in

each hour and in each square region based on pickup locations and timestamps. For each

grid cell, resource demand forms a time series as shown in Figure 3.2(b). For each hour, the

study area can be likened to a frame in a video and each region can be seen as a pixel with

demand as its value (Figure 3.2(c)).

We transformed 2D urban datasets to grid cell representation using the count of features

(e.g. Point of Interest, road segments) and the total length of the features (e.g. road seg-

ments) within each grid. We calculated socioeconomic attributes for each grid. Mismatches

between block group boundaries and grid boundaries were accounted for using proportional

allocation based on area.

3.3.3 Prediction Problem Definition

We aim to build fair models to forecast next time step demand for mobility resource for a

city based on the demand of previous time steps. For both Seattle bikeshare and RideAustin,

we aim to predict hourly demand based on the demand of the last 7 days (168 hours). The

prediction problem is similar to predicting next frame based on the previous 168 frames in

a video. We generated slices of 169 hours for training and prediction (168 hours for training

5https://data.seattle.gov/ and https://data.austintexas.gov/

https://data.seattle.gov/
https://data.austintexas.gov/
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Figure 3.2: Data preprocessing. (a) We partition a city into square grids. (b) For each grid,

resource demand forms a time series. (c) Each hour is akin to a frame in a video, with each

grid cell as a pixel whose value is the demand.

and to predict the next 1 hour). For Seattle bikeshare, we use the data from October 2017

to August 2018 for training and the data from September to October, 2018 for testing. The

training data contains 8040 temporal slices and the test data contains 1464 temporal slices.

For RideAustin, we use the data from August 2016 to February 2017 for training and the data

from March to April 2017 for testing. The training data contains 5088 temporal slices and

the test data contains 1056 slices. The prediction should balance two objectives: minimizing

prediction accuracy loss and minimizing fairness loss.

3.4 Model and Fairness Metrics

In this section, we detail our spatial-temporal model architecture and describe our proposed

fairness metrics and corresponding fairness regularizers.
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3.4.1 Model Architecture

We first introduce 3D convolutions for learning spatial-temporal features, then present the

architecture of FairST, followed by the design of the objective function that guides the

learning process.

The core building block of FairST is 3D convolution, which models spatial-temporal

information [70]. We design a three-stream prediction framework based on 1D, 2D, and

3D CNN to 1) automatically capture the spatio-temporal context, and 2) include external

features to help with accuracy. We use a submodel consists of 3D convolution layers to learn

from 3D historical demand, a submodel with 1D convolution layers to learn information from

1D time series features, and a submodel with 2D convolution layers to extract information

from 2D urban features. The outputs of all submodels were fused together, on top of which

additional convolutional layers were applied to achieve the final prediction (See Figure 3.3).

Compared to fusing all features before being fed to a single network, this strategy has

two main advantages: 1) Integrating semantically related features into one submodel can

potentially reinforce the effectiveness of one another [185]. For example, in our setting, 1D

features often represent mutually correlated meteorological information, and 2D features

reflect the geographic characteristics of the city. 2) Fusing all features early at the dataset

level requires 1D and 2D features to be replicated to create 3D tensors. This redundancy

brings unnecessary computation overhead and wasted model capacity.

The first submodel is based on 3D convolutions. It takes a time series of resource demand

history as input. The submodel consists of three 3D convolutional layers, followed by a 2D

convolutional layer, as shown in Figure 3.3. The number of filters of 3D convolutional layers

are 16, 32, and 1, respectively. We use 3 × 3 × 3 filters because this is the size that worked

best in previous studies [138]. We use padding to ensure the layer outputs are of the same size

as inputs. The third 3D convolutional layer adopts 1 filter to achieve dimension reduction

[137] and temporal pooling. Finally, a 2D convolution layer is used to integrate temporal

information from previous layers and output the feature map for submodel fusion. The
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Figure 3.3: A three-stream network architecture. The network input contains three streams,

including 1D time series features, 2D urban features, and 3D spatial-temporal input. The

network is trained to predict mobility resource demand in an end-to-end fashion. T, H, W

are the number of time steps, height of input, and width of input, respectively. N and M are

the number of 2D and 1D features, respectively.

second and third submodels are based on 2D and 1D convolutions, respectively. They aim

to extract meaningful information from the input features and improve prediction accuracy.

We use leaky Relu as activation function for all layers [103]. We keep the model light-weight

and skip spatial pooling to avoid deconvolution operations (for maintaining the output size)

afterwards, which is typically more prone to overfitting in small training sets.

Training objectives. Our loss function is a weighted sum of an accuracy loss and a

fairness loss. The fairness loss acts as a regularizer for the model. We use Mean Absolute

Error (MAE) as accuracy loss. The overall loss function is defined as

L = Laccuracy + λLfairness (3.1)

where Laccuracy is MAE, Lfairness is the fairness loss, and λ is the weight for the fairness

loss. In the experiments (Section 3.5), we show the accuracy given different λ values. In the

next section, we describe details of the proposed fairness loss.
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3.4.2 Fairness Metrics and Regularizers

We consider fairness as individuals of different groups receiving equal resources. In the

mobility setting, fair prediction implies adjusting the demand to reduce the difference in per

capita resource demand among groups defined by, say, race. Our definition adapts group

fairness in the machine learning literature that requires the disadvantaged group to receive

similar treatment to the advantaged group by experiencing similar predicted outcomes [41],

and is informed by vertical equity in the transportation literature requiring transportation

policies to favor socially disadvantaged groups to compensate for overall inequities [31].

Given this approach to fairness, we propose two fairness metrics: a Region-based Fairness

Gap (RFG) and an Individual-based Fairness Gap (IFG). Both RFG and IFG measure the

gap between mean per capita demand across two groups over a certain period of time.

However, for RFG, each geographic region is assigned a single group label according to some

criteria (e.g., Caucasian or non-Caucasian). For IFG, groups are determined based on the

demographic distribution in the region, such that the sensitive attribute is numeric (e.g., the

percentage of the subpopulation in the region that is Caucasian). In this chapter we focus

on a square grid partitioning, these two metrics can be used for any customized partitioning

(e.g., census tracts, zip codes, etc.)

Intuition. RFG draws upon the idea that people live in the same region share similar

public facilities and economic status, so they may have similar commute patterns and demand

for transportation resources. For example, a white person may live in a predominately

black community, but she frequents the same bus stops and grocery stores as her neighbors.

Therefore, when assessing mobility resource demand equity, policies to distribute resources

may primarily consider the majority group. In practice, we can assign each region the group

label (e.g., race) with the highest population, or some criteria defined by local governments.

However, we caution that a simple discretization of the sensitive attributes by a threshold for

each region itself is biased, since the minority population in a region may be underrepresented.

Notation. We start by introducing notation.
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• Let si be the ith square region of the study area S.

• Let pi denote the population of square region si divided by the total population of the

city.

• Let ŷi,t and yi,t be the estimated demand and ground truth demand for region si at

time t, respectively.

• Let ET [ŷi,t] be the average predicted value for the ith square region in S over time

period T .

Region-based Fairness Gap (RFG). We now formally define RFG. Let every region

si be assigned to one of two groups (e.g., Caucasian and non-Caucasian) with regard to

one sensitive attribute A (e.g., race), denoted by G+ (the advantaged group) and G− (the

disadvantaged group). We define RFG between two groups with regard to sensitive attribute

A over a period of time T as follow:

RFG =

∑
i∈G+ ET [ŷi,t]∑

i∈G+ pi
−
∑

j∈G− ET [ŷj,t]∑
j∈G− pj

(3.2)

The first term can be interpreted as the per capita demand for group G+ averaged over

T . The denominator is the total population (normalized) of G+. Likewise, the second term

is the mean per capita demand in group G− over T .

Individual-based Fairness Gap (IFG). Let w+
i denote the percentage of people in the

advantaged group of the sensitive attribute A (e.g., race) in region si and let w−i denote the

percentage of people in the disadvantaged group. For example, if a region si is 65% white,

then w+
i = 65% and w−i = 35%. IFG assumes that given the predicted demand, the number

of resources a group will get is proportional to the population percentage of that group. For

example, if the predicted demand for bikeshare is 100 bikes for a region and the percentage of

white people is 65%, then the demand that allocated to the Caucasian group in that region
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is 65 bikes. Formally, we define IFG between two groups with regard to sensitive attribute

A over a period of time T as follow:

IFG =

∑
i∈S ET [ŷi,t]w

+
i∑

i∈S piw
+
i

−
∑

j∈S ET [ŷj,t]w
−
j∑

j∈S pjw
−
j

(3.3)

The numerator of the first term denotes the predicted total demand of all people in the

advantaged group averaged over T . The denominator is the total population (normalized).

Then the first term is the predicted per capita demand allocated to the advantaged group

averaged over T . The second term can be interpreted similarly.

In summary, for RFG, everyone that lives in the same region is assigned the same group

label, whereas IFG assigns group labels proportionally based on the region’s demographics.

Fairness loss. Based on the RFG and IFG, we define two fairness loss terms, Region-

based Fairness loss (RF loss) and Individual-based Fairness loss (IF loss) to incorporate

fairness into training.

The Region-based Fairness loss (RF loss) at time t is defined as

LRF (t) =
1∑

i∈S yi,t

∣∣∣∣∣
∑

i∈G+ ŷi,t∑
i∈G+ pi

−
∑

j∈G− ŷj,t∑
j∈G− pj

∣∣∣∣∣ (3.4)

The first term is the estimated per capita demand in group G+ at time t. Likewise, the

second term is for group G−.
∑

i∈S yi,t is a normalizing factor.

The Individual-based Fairness loss (IF loss) at time t is defined as

LIF (t) =
1∑

i∈S yi,t

∣∣∣∣∣
∑

i∈S ŷi,tw
+
i∑

i∈S piw
+
i

−
∑

j∈S ŷj,tw
−
j∑

j∈S pjw
−
j

∣∣∣∣∣ (3.5)

The first term is the estimated per capita demand for advantaged group at time t. Like-

wise, the second term is for disadvantaged group.

Multiple sensitive attributes can be represented together in one loss function as the

weighed sum of fairness loss of each attribute. Assuming there are a = {1, 2, ..., A} sen-
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sitive attributes, then the composite loss function is defined as

Lfairness(t) =
A∑

a=1

λaLfairness(a,t) (3.6)

where λa is the weight term for the ath attribute and Lfairness(a,t) is the fairness loss.

3.5 Experiments

We evaluate our method on the Seattle dockless bikeshare dataset and the RideAustin

dataset. First, we compare FairST without fairness loss (λ = 0) with state-of-the-art spatial-

temporal models in terms of prediction accuracy. We then incorporate Region-based Fairness

loss (RF loss) and Individual-based Fairness loss (IF loss) into our model. To understand

the effectiveness of the two proposed fairness regularizers, we compare against other existing

fairness regularizers on a single sensitive attribute (i.e. race). Finally, we integrate the fair-

ness losses for race, age, and education level into FairST to evaluate its capability of reducing

unfairness for multiple sensitive attributes in one shot.

3.5.1 Implementation

We implement FairST and the deep-learning based baseline models with TensorFlow Frame-

work [1], and perform training and inference with NVIDIA K80 GPU machines. We use a

batch size of 32 and train FairST for 200 epochs for Seattle bikeshare and 350 epochs for

RideAustin using Adam optimizer. We use a exponential learning rate decay scheme: the

learning rate starts at 0.005 and decays every 5,000 steps with a rate of 0.96.

To implement Region-based Fairness loss, we assign each square region a label for each

attribute. We use the overall city statistics as thresholds to discretize the continuous sensitive

attributes. For example, the percentage of white population of Seattle in 2018 is 65.74%, we

then set the regions with more than 65.74% white population as Caucasian group, otherwise

as non-Caucasian group. The same method is used for discretizing age and education level.
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3.5.2 Baseline Models

To evaluate the prediction accuracy of our method, we compare FairST with several other

models: 1) Historical Average (HA). We compute ŷi,t using the mean values of all pre-

vious observations at location si at the same time of the day and the same day of the week.

2) Autoregressive Integrated Moving Average Model (ARIMA). ARIMA is a com-

monly used statistic model for forecasting time series. We develop an independent ARIMA

model for each individual grid cell. 3) Long short-term memory Network (LSTM)

[42]. LSTM is a variant of Recurrent Neural Network that can learn long-term temporal

dependencies. We train the LSTM model individually for each square grid. 4) Convolu-

tional LSTM (ConvLSTM) [155]. The ConvLSTM network adopts LSTM structure, but

replaces fully connected layers with convolutional operations in each cell. As a result, it can

capture both spatial and temporal dependencies in one network. We also compare FairST

with various 3D CNN models: a 3D CNN model that is equivalent to FairST without any

external features; a 3D CNN + 1D model that consists of a 3D CNN based submodel and

a 1D CNN based submodel; and a 3D CNN + 2D model that consists of a 3D CNN based

submodel and a 2D CNN based submodel.

3.5.3 Baseline Fairness Regularizers

We compare the proposed loss functions (RF loss and IF loss) with two other existing fairness

losses [18, 11] in our experiments.

Equal Means Loss (EM Loss). Calders et al. defined Equal Means as a fairness

metric for regression [18]. Equal Means enforces the mean prediction to be the same for

different groups. This metric is not directly comparable with IFG or RFG as we focus on

predicted demand per capita, therefore, we substitute prediction with per capita prediction

in Equal Means loss. The modified Equal Means loss is defined as:

LEM(t) =
1∑

i∈S yi,t

∣∣∣∣∑i∈G+ ẑi,t

n+
−
∑

j∈G− ẑj,t

n−

∣∣∣∣ (3.7)
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where pi is the population of region si divided by the total population of the city. ẑi,t =

ŷi,t
pi

, denoting the predicted per capita demand. n+ and n− denote the number of advantaged

square regions and the number of disadvantaged square regions, respectively.

Pairwise Fairness Loss (Pairwise Loss). Berk et al. defined a family of fairness

regularizers that corresponds to individual fairness, group fairness, and hybrid of the two

[11]. In all three loss term formations, comparisons across groups are based on cross pairs

i ∈ G+ and j ∈ G−. Since our metrics are analogs of group fairness, we compare our metrics

with Berk’s group fairness penalty.

LPF (t) =
1∑

i∈S yi,t

(
1

n+n−

∑
i∈G+

j∈G−

d(zi,t, zj,t)(ẑi,t − ẑj,t)
)2

(3.8)

d(zi,t, zj,t) = e−(zi,t−zj,t)
2

(3.9)

Similar to the modified Equal Means loss, we substitute prediction with per capita pre-

diction. The model will increase penalty as the difference between ẑi,t and ẑj,t increases,

weighted by a similarity function d(zi,t, zj,t).

3.5.4 Evaluation Metrics

We evaluate the prediction accuracy of all models with Mean Absolute Error (MAE). We

evaluate the fairness of prediction outcomes using RFG and IFG, but we also consider

the correlation between the ranked demand and the proportion of the advantaged group.

That is, we are considering that city planners are interested in assessing whether the regions

with the highest demand also happen to be the wealthy, advantaged neighborhoods. We use

Spearman’s rank correlation coefficient (Spearman’s rho) [58], which measures the strength

of monotonic correlation between two variables. We calculate Spearman’s rho between mean

per capita demand over the test period of a grid region and the percent of advantaged

population (i.e., percentage of Caucasian, percentage of population under 65 years old, and



46

percentage of population with a college degree) of that region. A highly positive Spearman’s

rho with a p-value less than 0.05 suggests disparities in demand.

3.6 Results and Discussion

The primary goal of predicting demand is to guide resource allocation, so it is desirable to

make accurate predictions while closing the equity gaps. In this section, we show that pro-

posed fairness regularizers give better performance than baseline regularizers in our problem

setting. We also show that FairST is able to achieve better accuracy and less inequity than

baseline models.

3.6.1 Demand Prediction Accuracy

We compare prediction accuracy of our model with baselines. Table 3.1 and Table 3.3 show

Mean Absolute Error of all models on the Seattle bikeshare dataset and the RideAustin

dataset, respectively. It is observed that the 3D CNN based methods (i.e., 3D CNN, 3D

CNN + 1D, 3D CNN + 2D, and FairST without fairness penalty) proposed by this chapter

achieve higher prediction accuracy than the other methods. HA is a simple and reasonable

method to predict demand, however, it overgeneralizes temporal dynamics and does not

account for spatial structure. ARIMA assumes input time series is stationary which is often

not the case with fluctuating demand. It is also not good at predicting with sparse data

where there are many zeros in the series. LSTM achieves better accuracy than ARIMA and

HA, but still suffers from inability to learn information from spatial context. ConvLSTM

outperforms LSTM due to its capability of learning both spatial and temporal information.

The 3D CNN models perform better than ConvLSTM since the 3D CNN is more powerful

in terms of capturing strong local spatial-temporal correlations in our problem as compared

to the recurrent architectures. Furthermore, the incorporation of external features improves

accuracy in both Seattle bikeshare and RideAustin cases.
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Table 3.1: FairST compared to baselines for predicting Seattle bikeshare demand (multiple

attributes)

λ MAE
RFG

(race)

RFG

(age)

RFG

(edu)

IFG

(race)

IFG

(age)

IFG

(edu)

Spearman’s

rho (race)

Spearman’s

rho (age)

Spearman’s

rho (edu)

Ground Truth / / 112.568 160.089 37.471 38.969 51.338 30.053 0.016 0.174∗∗ 0.338∗∗

HA / 0.484 194.454 49.494 193.477 79.906 17.641 54.692 0.565∗∗ 0.477∗∗ 0.500∗∗

ARIMA / 0.538 319.032 62.793 319.648 129.447 28.170 90.505 0.569∗∗ 0.463∗∗ 0.489∗∗

LSTM[42] / 0.468 280.685 61.437 277.938 116.023 23.778 79.162 0.522∗∗ 0.441∗∗ 0.425∗∗

ConvLSTM [155] 0.000 0.432 74.485 139.666 19.934 22.907 44.459 19.101 0.210∗∗ 0.355∗∗ 0.324∗∗

3D CNN 0.000 0.408 100.878 169.240 38.873 31.915 53.133 26.851 0.091 0.256∗∗ 0.394∗∗

3D CNN + 1D 0.000 0.387 88.587 153.625 19.802 26.791 49.058 20.691 0.291∗∗ 0.376∗∗ 0.077

3D CNN + 2D 0.000 0.378 93.299 157.025 33.946 28.661 49.792 24.457 0.158∗∗ 0.246∗∗ 0.370∗∗

FairST 0.000 0.382 83.127 147.437 23.400 25.073 47.403 20.885 0.168∗∗ 0.191∗∗ 0.328∗∗

FairST + RF 0.005 0.377 80.565 146.665 20.855 24.168 46.732 20.184 0.111∗ 0.262∗∗ 0.348∗∗

FairST + RF 0.150 0.437 16.140 35.562 -5.712 4.199 22.543 7.112 -0.019 0.107∗ 0.321∗∗

FairST + RF 0.250 0.460 8.650 14.242 -3.364 2.226 19.178 6.299 0.011 0.090 0.231∗∗

FairST + IF 0.100 0.385 67.695 128.010 4.905 17.927 40.811 14.874 0.099 0.231∗∗ 0.347∗∗

FairST + IF 0.150 0.394 49.075 110.725 -9.322 11.738 35.410 9.529 0.030 0.181∗∗ 0.385∗∗

FairST + IF 0.500 0.439 30.668 53.896 -20.291 3.823 16.536 2.200 0.117∗ 0.222∗∗ 0.085

FairST + IF 0.600 0.460 24.753 34.011 -22.700 0.898 8.855 -0.185 0.060 0.158∗∗ -0.055

∗∗. Correlation is significant at the 0.01 level.

∗. Correlation is significant at the 0.05 level.
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3.6.2 Fair Prediction: Single Attribute

Table 3.2: FairST compared to baselines for Seattle bikeshare demand prediction (single

attribute)

λ MAE
RFG

(race)

IFG

(race)

Spearman’s rho

(race)

ConvLSTM[155] 0.00 0.432 74.485 22.907 0.210∗∗

3D CNN 0.00 0.408 100.878 31.915 0.091

FairST 0.00 0.382 83.127 25.073 0.168∗∗

FairST + RF 0.02 0.379 79.570 24.694 0.144∗∗

FairST + RF 0.50 0.404 10.627 3.363 -0.076

FairST + RF 0.90 0.440 0.017 0.473 -0.005

FairST + IF 0.20 0.379 63.130 15.281 0.085

FairST + IF 1.50 0.406 38.473 4.902 -0.070

FairST + IF 5.00 0.442 0.004 0.266 -0.046

∗∗. Correlation is significant at the 0.01 level.

∗. Correlation is significant at the 0.05 level.

We trained FairST with Region-based Fairness loss (RF), Individual-based Fairness loss

(IF), Equal Means loss (Equal Means), and Pairwise loss (Pairwise) respectively, on a single

attribute, i.e. race on two datasets. Figure 3.4 illustrates the relationships between MAE

and fairness metrics, each point on a curve corresponds to a λ value, which increases from

left to right of the curve.

Figure 3.4 (a), (b), (d), and (e) show that RF and IF regularizer are very effective in

controlling both RF and IF gaps. Overall, we observe a trade-off between MAE and IFG (or

RFG). That is, accuracy decrease as fairness regularizer strength (λ) increases. In Seattle

bikeshare case, IF regularizer (λ = 0.2) brings IFG down from 25.073 to 15.281 while keeping

better accuracy than FairST with λ = 0 (see Table 3.2). This also suggests that the use of

fairness loss terms (λ > 0) may improve the MAE over the baseline model (λ = 0) for small

values of λ. The reason is that the addition of fairness terms provides a regularizing effect
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Figure 3.4: Accuracy vs. fairness metrics (single attibute). (a), (b), and (c) show the

relationship between MAE vs. RFG, IFG, and Spearman’s rho, respectively for Seattle

bikeshare. (d), (e), and (f) show the results of RideAustin. Triangles in (c) and (f) represent

statistical significance (p-value < 0.01).



50

on accuracy. In contrast, with the Equal Means regularizer or the pairwise regularizer, the

models show no clear patterns in terms of RFG or IFG.

Figure 3.4 (c) and (f) show the fairness of models evaluated by Spearman’s rho. Triangles

represent statistical significance (p-value < 0.01). In Seattle bikeshare case, FairST (λ = 0)

without fairness would result in an unfair prediction (see Table 3.2). That is, there is

a positive monotonic correlation (Spearman’s rho = 0.168, p-value < 0.01) between the

predicted demand and the percent of Caucasian population. Models with an IF or a RF

regularizer effectively bring down the Spearman’s rho to around zero, and the predictions are

no longer significantly correlated with race as λ increases. In contrast, Spearman’s coefficients

of models with an Equal Means regularizer or a pairwise regularizer stay positive throughout

and sometimes show significantly positive correlation between the predicted outcome and

race. In the RideAustin case, the predicted outcome of FairST (λ = 0) does not show a

significant correlation with race. The Spearman’s coefficients of models with an IF regularizer

or a RF regularizer decrease and stay below zero, while the patterns of models with an Equal

Means regularizer or a pairwise regularizer are less clear.

Table 3.2 shows the results of FairST compared to baselines for Seattle bikeshare. Both

the RF regularizer and IF regularizer bring down about 85% IFG (from 31.915 to 3.363 and

4.902, respectively) while keeping better MAE than 3D CNN (MAE = 0.408). They also

bring down IFG and RFG close to zero at MAE = 0.44. Similarly, Table 3.3 shows the results

for RideAustin. Compared to 3D CNN, RF regularizer brings down about 99.5% RFG (from

62.004 to 0.347) and IF regularizer brings down 80.5% IFG (from 48.713 to 9.473) while

keeping better accuracy.

In summary, in the single sensitive attribute scenario, FairST is able to achieve an accu-

racy better than the state-of-the-art baseline models while closing more than 80% of fairness

gap. The proposed fairness regularizers are more effective than baseline fairness regularizers

in reducing unfairness.
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Table 3.3: FairST compared to baselines for RideAustin demand prediction (single attribute)

λ MAE
RFG

(race)

IFG

(race)

Spearman’s

rho (race)

Ground Truth / / 80.120 59.742 0.120∗

HA / 0.662 48.457 33.550 0.118∗

ARIMA / 0.597 82.587 61.457 0.117∗

LSTM[42] / 0.570 61.329 42.101 -0.049

ConvLSTM[155] 0.00 0.567 66.428 46.534 0.121

3D CNN 0.00 0.532 62.004 48.713 0.051

3D CNN + 1D 0.00 0.484 69.130 51.048 0.095

3D CNN + 2D 0.00 0.482 71.309 50.630 0.089

FairST 0.00 0.472 76.340 54.274 0.073

FairST + RF 0.05 0.475 56.703 49.092 -0.034

FairST + RF 0.80 0.524 0.347 32.436 -0.059

FairST + RF 1.00 0.553 -2.499 30.327 -0.132∗

FairST + IF 0.06 0.463 67.358 50.357 0.131∗

FairST + IF 1.20 0.515 -27.397 9.473 -0.100

FairST + IF 2.00 0.554 -38.990 0.166 -0.157∗∗

∗∗. Correlation is significant at the 0.01 level.

∗. Correlation is significant at the 0.05 level.

3.6.3 Fair Prediction: Multiple Attributes

Having demonstrated the effectiveness of closing fairness gaps with IF and RF regularizers

on a single sensitive attribute, we now turn to multiple sensitive attributes. We conduct two

experiments on Seattle bikeshare dataset using RF loss and IF loss, respectively according

to Equation 3.6. We set λa to be 1.0 for all three attributes, i.e. race, age, and education

level.

Figure 3.6 shows the results of FairST with RF ((a) and (c)) and IF regularizer ((b) and

(d)) evaluated using RFG and IFG. Overall, as λ increases, accuracy decreases and fairness
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Figure 3.5: Ground truth vs. predictions heat maps for September 27, 2018 16:00 pm - 17:00

pm. (d), (e), (f) are the predictions from FairST using RF or IF regularizier on multiple

sensitive attributes.

increases, indicating that both regularizers consistently help the model to approach equity

on multiple sensitive attributes without sacrificing too much accuracy.

We now step back to compare FairST and baselines in terms of accuracy and fairness.

Table 3.1 shows the results of FairST with RF regularizer and IF regularizer, denoted by

FairST + RF and FairST + IF, with different λs. As can be observed, ground truth shows

demand gaps between groups, indicating that there were more bikes picked up by whites,

young people and college-educated people than the others. There are also significant positive

correlations between demand and sensitive attributes (age and education level) as indicated

by Spearman’s coefficients. Compared to ground truth, all baseline models without fairness

consideration amplify inequality in terms of one or more metrics. LSTM achieves good

accuracy but drastically enlarges fairness gaps of race and education. ConvLSTM shows

better fairness than all baselines in terms of IFG and RFG, but gives higher Spearman’s

coefficients for race and age than 3D CNN model. FairST with IF or RF regularizer can help

reducing inequity in terms of all metrics. For example, compared to ConvLSTM, FairST +

RF (λ = 0.15) and FairST + IF (λ = 0.5) show comparable accuracy but better fairness in

terms of all fairness metrics. FairST + IF (λ = 0.15) outperforms 3D CNN in both accuracy
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Figure 3.6: λ vs. fairness loss. (a) and (c) show the results of FairST with RF regularizer.

(b) and (d) show the results of FairST with IF regularizer.

and fairness.

To understand better how FairST achieves fairness, we visualize the predictions from five

different settings as illustrated in Figure 3.5. All five models are capable of learning spatial-

temporal dependencies. FairST (λ = 0) accurately highlights the hot spots. Compared

to ConvLSTM, FairSTs are better at capturing fragmented details around major hot spots.

Adding fairness regularizers to FairST preserved the major hot spots but ”re-weighted” some

values in place and ”redistributed” demand from some neighborhoods to others. For example,

compared to Figure 3.5 (b) which does not consider fairness, Figure 3.5 (d) and Figure 3.5

(f) tend to capture more demand from the south part of the city where the disadvantaged

population concentrates, and less demand from the northwest part of city which is dominated

by the wealthy and well-educated population.

To summarize, in multiple sensitive attributes scenario, FairST is able to reduce unfairness

for all three attributes consistently. With selected regularizer weight, FairST outperforms

baseline models in both accuracy and fairness.
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3.7 Summary

In this chapter, we proposed FairST, a fairness-aware spatio-temporal prediction model based

on 3D convolutional neural network. A key feature of FairST is the integration of fairness

regularizers to the model to encourage equitable prediction. We also proposed two fairness

metrics that measure equity gaps between social groups for urban mobility systems. Ex-

periments on two real-world new mobility datasets demonstrate that FairST is able to close

more than 80% of fairness gap while achieving better accuracy than state-of-the-art but

fairness-oblivious baseline methods. Further experiments show that FairST is able to reduce

unfairness for multiple attributes without sacrificing much accuracy.
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Chapter 4

LEARNING FAIR INTEGRATIONS OF OPEN URBAN DATA

In Chapter 3, we introduced a spatio-temporal prediction algorithm, called FairST, to

correct biases during model training. FairST achieves good trade-offs between utility and

fairness, but requires access to the raw data and the entire training pipeline of a prediction

task. Therefore, FairST is suitable for decision makers and application algorithm/software

developers who have full control over the ingredients of their prediction tasks. For data

owners who hope to release their datasets for public use, they may concern that the poten-

tial biases embedded in their data will propagate into downstream applications, which they

have little control over. In this chapter, we introduce a method to remove discriminatory

signals from heterogeneous spatio-temporal urban datasets. Specifically, we develop an un-

supervised algorithm to learn an integrated and fair data representation, called EquiTensor,

from an array of urban datasets. EquiTensor aims to retain maximum information of the

original datasets but reduce the discriminatory effects. In this way, data publishers such

as government agencies can release EquiTensors without worrying about introducing much

additional biases to the downstream applications 1.

4.1 Introduction

Predicting urban dynamics using deep learning based spatio-temporal methods is increas-

ingly recognized as a critical capability in the public and private sector. These architec-

tures have been applied to prediction problems for rideshare demand [160, 129], citywide

crowd flow [181], traffic conditions [102, 173], accident patterns [174], public safety [74], and

more [23]. All of these prediction problems are potentially influenced by a common set of

1The content of this chapter will appear in the following publication [162].
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Figure 4.1: (A) An EquiTensor is a learned representation of heterogeneous spatio-temporal

features that are free of sensitive demographic information and can be (B) shared across

multiple prediction tasks to improve performance.

spatio-temporal factors (e.g., weather, housing prices, traffic, road networks). For example,

predicting bikeshare demand depends on weather, topography, and traffic [160, 115], but the

same data sources are also helpful for predicting citywide crowd flow and accident patterns

[181, 174].

The use of exogenous features can significantly improve model accuracy [146, 129], but

selecting and properly integrating potentially a large number of exogenous datasets requires

both domain knowledge and substantial redundant engineering effort across applications; it

is notoriously difficult to make effective use of open data [116]. More insidiously, the use of

exogenous data will almost always reinforce systemic discrimination. For example, housing

prices reflect historical discriminatory urban development policies [8] and transportation

data reflects biased policies toward wealthy neighborhoods [123]. These sources of bias are

propagated into prediction tasks, resulting in unfair predictions [186, 6] and exacerbating

structural inequity.
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In this chapter, we present an unsupervised learning architecture (Figure 4.1) to inte-

grate heterogeneous spatio-temporal data and counteract bias, producing fair, accurate, and

reusable (FAR) representations called EquiTensors. EquiTensors can be incorporated di-

rectly in a variety of urban applications to improve accuracy while limiting their exposure to

additional discriminatory signals. The proposed architecture addresses three main challenges

in learning representations for cities: reusability, accuracy, and fairness.

Reusability. We posit that a learned data representation is considered reusable when it

can benefit multiple downstream prediction tasks. In urban settings, reusable representations

should be generic across applications and contain rich and meaningful information about a

city. Our solution is to design an unsupervised model that integrates as many potentially

beneficial spatio-temporal datasets as possible without requiring application-specific feature

engineering. Applications should be able to use these pre-trained features (representations)

without sacrificing much performance relative to custom supervised ”oracle” models that use

specialized objective functions and hand-selected relevant datasets. One major challenge lies

in the heterogeneity of multi-source open datasets. Urban datasets have varying dimension-

ality (e.g., topography does not vary with time, while regional-scale temperature does not

vary with space), varying resolution (e.g., point events, city blocks), and varying coverage.

To address this challenge, we align all datasets to a common spatio-temporal grid, then use

a convolutional denoising autoencoder (CDAE) trained by backpropagating reconstruction

error across all datasets. The CDAE uses separate encoder for each dataset at input and

fuses the intermediate representations to generate a single integrated representation, from

which individual decoders are applied to reconstruct each dataset. The unsupervised CDAE,

along with task-agnostic pre-processing, is naturally robust to heterogeneous data sources.

We refer this approach as the core integrative model.

Accuracy. The core integrative model is designed to take dozens and even hundreds

of heterogeneous urban datasets. However, encoding a large number of potentially irrele-

vant datasets into one single representation can overwhelm a model with noise, resulting in

sub-optimal reconstruction accuracy. To overcome this challenge, we consider an adaptive
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weighting approach, which aims to balance the learning of multiple datasets. The core inte-

grative model assigns equal weight to all datasets during training, but the learning process

can be dominated by ”easy” datasets with strong signals. The adaptive weighting dynam-

ically adjusts the influence of each dataset on the total reconstruction loss based on its

learning progress, focusing on slower-learning datasets and finding more general solutions.

This approach is informed by similar approaches [94, 22] in multi-task learning, adapted for

our reconstruction tasks.

Fairness. Most urban datasets are polluted by systemic socioeconomic and racial dis-

crimination. For example, police incident reports are used to predict crimes, but their

location and frequency reflect only policing practices rather than criminal activity [126]. To

address bias, we incorporate an adversarial model that learns to detect a sensitive attribute

(e.g., race, income, etc.) from the learned features; the core integrative model is rewarded for

high adversarial error. We also pass the sensitive attribute to the decoder during reconstruc-

tion, forcing the decoder to further disentangle the sensitive attribute from other information

in the latent space [62, 80, 106]. This approach combines adversarial learning for fairness

[159, 157, 128] and learning disentangled representations [96, 29], but adapt them for an

unsupervised data integration setting with continuous and distributed sensitive attributes

(e.g., percent of high income residents in a region) as opposed to categorical attributes.

4.2 Related Work

Recent work in data management has recognized the challenges in organizing large open

data repositories [24, 116]; our focus is making open data directly usable in prediction and

learning tasks in urban computing [129, 181, 102, 173, 174, 23, 74, 185, 54, 12, 30]. The

machine learning community has made remarkable progress in generalized representation

learning [10], multi-task learning [125], and managing bias and discrimination [38, 178].

While our work adapts relevant techniques from these areas where appropriate, our specific

context of spatio-temporal prediction, multi-dimensional heterogeneous input, and fairness-

sensitive applications motivated the design of an end-to-end architecture specialized for this
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setting. In this section, we position our approach in the broader context of related work

across urban computing, machine learning, and data management.

Integration of Urban Data. Research on integrating open data [116, 113, 24] focuses

on finding structural join and union relationships; we assume the only relationship between

datasets is a common spatio-temporal domain and emphasize improving performance for

prediction tasks. Representation learning has been effective for specific urban applications

[149, 68, 105, 47, 69]; for example, Wang et al.[149] used an autoencoder architecture on

GPS trajectories to study driver behavior. Our focus is on understanding the limitations of

representation learning if we relax assumptions about the features, architecture, and objective

of the target application.

Multi-task learning. Multi-task learning handles multiple related tasks simultaneously,

aiming to achieve better performance than learning each task independently [125]. Some

models use relationships among tasks to optimize feature sharing [100, 168, 114, 131]. For

example, Vandenhende et al. [142] proposed a tree-like network based on task affinity scores,

which were derived from the usefulness of the features of one task for the other. However,

these approaches usually result in complex models that grow with the number of tasks [94].

Another approach is to balance the loss terms across tasks [94, 77, 22]. For example, Liu

et al. [94] proposed a Dynamic Weight Average that adjusts task weights based on learning

progress, showing that their method outperforms competitive methods including Uncertainty

Weighting [77]. Our adaptive weighting approach is related to that of Liu et al. [94], but

our setting of multiple inputs as well as multiple tasks admits new techniques, as we will

describe in Section 4.5.1.

Fairness in Machine Learning. There exists extensive literature on fair machine learn-

ing [38, 178, 35, 57, 26], but few of them consider spatio-temporal applications. Yan and

Howe [161] presented a fairness-aware prediction framework for urban mobility by incorporat-

ing fairness as a regularizer, but their approach relied on supervised learning. Unsupervised

learning [178, 127, 99] and adversarial learning [159, 157, 128, 145] have been used to learn

fair representations. For example, Madras et al. [104] proposed an encoder-decoder struc-
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ture to learn a representation Z that predicts a supervised target and reconstructs the input

while an adversary attempts to predict the sensitive information from Z. We adapt methods

in adversarial learning for fairness [104] and image transformation [80] to predict continuous

and spatially distributed sensitive attributes (e.g., a map of income) as opposed to only a

categorical value (e.g., gender).

Overall, no existing methods attempt to integrate many heterogeneous datasets for broad

reuse in many downstream urban applications. Further, learning fair representations for

spatio-temporal settings have not been explored by current literature. We consider a primary

contribution to be the scoping and definition of the problem of fair, unsupervised integration

of heterogeneous urban data to make uncurated open data repositories safe and usable.

In this chapter, we introduce methods on learning reusable, accurate, and fair represen-

tations. We describe the core integrative model for combining heterogeneous urban datasets

in Section 4.4. We then describe the adaptive weighting for improving the reconstruction

accuracy over the core integrative model in Section 4.5. Finally, we describe the fairness

module that seeks to remove discriminatory effects from the data representations generated

by the integrative models.

4.3 Preliminaries

We use the City of Seattle as a case study to evaluate the proposed EquiTensors. This section

details the datasets used to construct EquiTensors, four downstream prediction tasks used

to evaluate the utility of EquiTensors, and the data processing methods.

4.3.1 Datasets

We collected 23 datasets from various online data portals, most of which are open data

portals (Table 4.1). We included them because they are commonly used in urban studies

[147, 109, 146, 129]. Meteorological data such as air quality is recorded city-wide, and are

considered temporal (1D) datasets. Datasets that do not vary significantly over time, such as

road networks, are considered spatial (2D) datasets. We included three spatio-temporal (3D)
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datasets that vary in both space and time. We restrict these datasets according to Seattle

city boundary. We chose the study period to be February 2014 to May 2019 as this period

was covered by all temporal and spatio-temporal datasets. Socioeconomic data (percent of

White residents and percent of Seattle households with income ≥ 100k in 2018) are defined

at the block group level and were obtained from the SimplyAnalytics database [130]. We

produced a race map and an income map based on 1km by 1km grids.

4.3.2 Downstream tasks

We consider four downstream tasks: three spatio-temporal predictions and one time series

prediction (Table 4.2). They are:

• Dockless bikeshare demand prediction (3D). We collected Seattle dockless bike-

share data from the Transportation Data Collaborative. We use the number of bike

pickup as a proxy for demand. The task is to predict next-hour bike demand for the

city given the demand of last 7 days.

• Reported crime incidents prediction (3D). We obtained crime reports in Seattle

from the City of Seattle Open Data 2. The task is to predict the accumulated number

of crime reports within three days in the next 3 hours based on the data of last 7 days.

• Fire prediction (3D). We obtained Seattle Fire Department 911 dispatches from

the City of Seattle Open Data 3. The task setup is the same as that of the crime

reports prediction.

• Bike count prediction (1D). We obtained the number of bikes that cross the

Fremont bridge from the City of Seattle Open Data Portal 4. The task is to predict

2https://data.seattle.gov/Public-Safety/Crime-Data/4fs7-3vj5

3https://data.seattle.gov/Public-Safety/Seattle-Real-Time-Fire-911-Calls/kzjm-xkqj

4https://data.seattle.gov/Transportation/Fremont-Bridge-Bicycle-Counter/65db-xm6k

https://data.seattle.gov/Public-Safety/Crime-Data/4fs7-3vj5
https://data.seattle.gov/Public-Safety/Seattle-Real-Time-Fire-911-Calls/kzjm-xkqj
https://data.seattle.gov/Transportation/Fremont-Bridge-Bicycle-Counter/65db-xm6k
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Table 4.1: Datasets for generating the Seattle EquiTensor

Name Type Source

Temperature Temporal NCEI

Precipitation Temporal NCEI

Pressure Temporal NCEI

Air quality Temporal Puget Sound Clear Air Agency

House price Spatial Zillow Home Value Index

POI (business) Spatial King County GIS data portal

POI (food) Spatial King County GIS data portal

POI (government) Spatial King County GIS data portal

POI (hospitals) Spatial King County GIS data portal

POI (public services) Spatial King County GIS data portal

POI (recreation areas) Spatial King County GIS data portal

POI (schools) Spatial King County GIS data portal

POI (transportation) Spatial King County GIS data portal

Transit routes Spatial King County GIS data portal

Transit signals Spatial King County GIS data portal

Transit stops Spatial King County GIS data portal

Seattle streets Spatial City of Seattle Open Data portal

Total flow count Spatial City of Seattle Open Data portal

Steep slopes Spatial City of Seattle Open Data portal

Bikelanes Spatial UW library GIS Data

Building permits Spatio-temporal City of Seattle Open Data portal

Traffic collisions Spatio-temporal City of Seattle Open Data portal

Seattle call data Spatio-temporal City of Seattle Open Data portal
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Table 4.2: Downstream tasks for evaluation

Task type Time range Known predictive ”oracle” features

Bikeshare Spatio-temporal 10/2017 - 10/2018
precipitation, pressure, temperature,

slope, bikelane

Reported

crime
Spatio-temporal 02/2014 - 05/2019

precipitation, pressure, temperature,

house price, POI business, POI food,

Seattle street, Seattle 911 calls,

Fire 911 calls Spatio-temporal 02/2014 - 05/2019

precipitation, pressure, temperature,

house price, POI business, POI food,

Seattle street, total flow count, slope

Bike count Temporal 02/2014 - 05/2019 precipitation, pressure, temperature

the hourly bike count for the next 6 hours based on the data of last 7 days. This tasks

is a simple time series prediction, as the bridge is only one point in space.

4.3.3 Data pre-processing

To integrate heterogeneous spatio-temporal urban datasets, we reformat all datasets into a

common rectilinear grid consisting of W (width)×H(height)×T (time) non-overlapping cells,

impute missing values with local average, and normalize values using max absolute scaling

5. More sophisticated methods of imputation, feature engineering, and normalization exist,

but we do not consider them in this dissertation.

Our input is N 1D datasets D11, D12, ..., D1N (time-varying, but not space-varying, such

as weather), M 2D datasets D21, D22, ..., D2M (space-varying, but not time-varying, such as

road networks), and L 3D datasets D31, D32, ..., D3L (varying in both space and time). A

1D dataset D1i with Ci attributes is aggregated into 1-hour intervals to produce a tensor of

shape T ×Ci. Each 2D dataset may be either a set of point values (e.g., restaurant locations)

5https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.MaxAbsScaler.

html

https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.MaxAbsScaler.html
https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.MaxAbsScaler.html
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or regional values (e.g., housing prices aggregated by census tract). We rasterize point data

by counting the events within each target cell. We rasterize regional data using proportional

allocation based on area. A dataset D2j with Cj attributes therefore produces a tensor of

shape W ×H×Cj. A 3D dataset D3k with Ck attributes is aggregated into 1-hour intervals

like a 1D dataset and rasterized into a spatial grid like a 2D dataset to produce a tensor of

shape W ×H×T ×Ck. The output of pre-processing is a set of training samples, where each

training sample represents a 24-hour period. The training samples overlap: hours 0 to 23, 1

to 24, and so on are separate samples. Each training sample includes of all M 2D tensors, a

24-hour slice of each of N 1D tensors, and a 24-hour slice of each of L 3D tensors.

4.4 Reusability: Core Integrative Model

This section presents an algorithm, called the core integrative model, to learn reusable rep-

resentation from heterogeneous multi-dimensional urban data. We begin with algorithm

design, followed by experiments, results, and discussion.

4.4.1 Method

The core integrative model uses a convolutional denoising autoencoder (CDAE) that maps in-

put datasets into a compact representation Z, then attempts to reconstruct all input datasets

from Z. Compared to an autoencoder, a denoising autoencoder [80] reduces overfitting by

dropping values at random in the input, forcing the encoder to learn a more general and

robust mapping [10].

The encoder for the proposed model is illustrated in Figure 4.2(A). The input for this step

is the set of training samples produced by pre-processing. Each training sample corresponds

to a 24-hour period, and consists of (slices of) each of N 1D tensors, all M 2D tensors, and

(slices of) each of L 3D tensors. To implement the denoising autoencoder, we corrupt each

input tensor by setting 15% of the cell values to -1, at random. For each training sample,

we then pass each corrupted tensor through three convolutional layers to learn intra-dataset

patterns and collapse multiple attributes to a single feature. That is, each 1D input tensor
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Figure 4.2: The core integrative model. (A): The encoder integrates 1D, 2D, and 3D datasets.

(B): The decoder backpropagates the reconstruction error across all input datasets. (C): 3D

CNN layers for encoding / decoding from the latent representation.



66

of shape 24 × Ci (24 hours of a dataset with Ci attributes) is mapped to a representation

of shape 24 × 1. The 2D and 3D cases are handled similarly, producing tensors of shape

W × H × 1 and W × H × 24 × 1 respectively. This design choice is consistent with the

”late fusion” principle of learning individual representations before concatenating different

datasets [184].

We then make the shapes of all datasets consistent by expanding 1D and 2D tensors

to the 3D shape W × H × 24: 1D tensors are duplicated in space, and 2D tensors are

duplicated in time. Then all of the N + M + L tensors are concatenated into one large

W × H × 24 × (N + M + L) tensor representing all features across all datasets. This

concatenated tensor is then passed through three additional convolutional layers to produce

a shared representation Z of shape W ×H×24×K for K ≤ N +M +L. Although we could

use any shape for the representation, retaining the spatial and temporal dimensions allows

direct visualization of the learned features, and also simplifies integration in downstream

prediction tasks by affording straightforward restriction of the features to a particular sub-

region or time period of interest.

The decoder is illustrated in Figure 4.2(B). We use three layers of 3D convolutional layers

to reconstruct 3D datasets. For 1D data, we perform average pooling to reduce the spatial

information and then apply three layers of 1D CNN. Similarly, we perform temporal pooling

before three 2D CNN layers to reconstruct 2D datasets. For training, we use Mean Absolute

Error (MAE) as accuracy loss. The reconstruction loss is a sum of MAE of each dataset.

Formally, let X be the input domain and X ′ be the corrupted input. Let n be the number

of datasets and m be the number of training samples. The ith input for the CDAE is defined

as X ′i = {x′i1 , x′i2 , ..., x′in}. The encoder Enc ’encodes’ these corrupted tensors X ′i into a latent

representation Zi, from which each input tensor can be reconstructed as X̂ i by a decoder

Dec.

For training, we use Mean Absolute Error (MAE) as accuracy loss. The reconstruction

loss is a sum of MAE of each dataset.
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Let n be the number of datasets and m be the number of training samples.

Lrec =
1

m

m∑
i=0

n∑
j=0

|Dec(Enc(x′ij ))− xij| (4.1)

4.4.2 Experiments

We evaluate our core integrative model against several baseline methods, comparing the

prediction accuracy for four downstream applications.

Baselines. We evaluate the integrative model by prediction accuracy. We use four

baselines for comparison.

• No exogenous data: a 3D CNN based prediction model that only trains on historical

data without any exogenous data (see Section 3.4.1 of Chapter 3).

• Oracle features: a network that makes use of hand-selected exogenous features,

known to be predictive from the domain literature (Table 4.2). The ”oracle” network

for the three 3D tasks adopts the structure described in Section 3.4.1 of Chapter 3

[161], which is based on 1D, 2D, and 3D CNNs. For the 1D temporal prediction task,

we use the seq-to-seq LSTM model as described in [136].

• Principal component analysis (PCA): We generate a latent representation that

summarizes the 23 datasets using PCA [153], which is then used in downstream tasks.

• Early fusion: We produce a latent representation with a CDAE. Instead of encoding

each dataset separately, the early fusion CDAE concatenates all datasets as a single

tensor, then applies 3D CNN layers. The decoder then reconstructs the concatenated

tensor from the latent representation, which is then used in downstream tasks.

Implementation details. We implement all deep learning based models with Tensor-

Flow [1], and perform training and inference with NVIDIA V100 Tensor Core GPUs. For

the core integrative model, we adopt Adam optimizers using an exponential learning rate
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decay strategy: the learning rate starts at a predefined value and decays every 5,000 steps

with a rate of 0.96. We use a batch size of 32 and the initial learning rate is set to 0.01.

We generated training data by slicing the 1D and 3D datasets into 24-hour blocks with

a sliding window of one hour, generating n = 45960 training samples covering 2014-02-01 to

2019-05-01. Each sample consists of m datasets: a slice of each 1D and 3D dataset and all

2D datasets. To construct the final representation, we chunk the 1D and 3D datasets into

24-hour sequences. Along with the 2D datasets, we pass the samples to the trained model.

The non-overlapping part of the output from each sample were concatenated along temporal

dimension to form the final output representation. In our experiments we compress the 23

datasets into 5 channels, so the shape of EquiTensors is 32(H)×20(W )×45960(T )×5. The

same shape is used for the two baselines (PCA and early fusion CDAE).

4.4.3 Results and Discussion

We show that the proposed core integrative model benefits downstream applications signifi-

cantly and outperform the latent representations generated by the data integration baselines

in terms of downstream prediction accuracy.

Integrated representations improve downstream task performance. Table 4.3

shows that the oracle networks with hand-selected features outperform the models without

exogenous data in four cases, indicating that adding exogenous features is worthwhile. All

representations learned by unsupervised methods including PCA, early fusion CDAE, and

our method benefit the downstream tasks. Although some of the 23 datasets may not be

relevant to the downstream tasks, predictions using the integrated representations still no-

ticeably outperform the ”No exogenous data” baselines. It suggests that the integration of

multiple urban datasets can capture generic information that is reusable to an array of tasks.

Downstream application developers can therefore choose to use the integrated representa-

tions instead of hand-picked features to avoid data collection across repositories, multiple

pre-processing steps such as slicing and imputation, and feature selection. The integrated

representations could also serve as baselines for evaluating feature selection strategies if the
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Table 4.3: Prediction accuracy of downstream tasks. Accuracy is assessed with MAE and

improvement over ’No exogenous data’ model is provided in the brackets.

Model Bikeshare Crime Fire Bike count

No exogenous data [139, 160] 0.408 (/) 0.137 (/) 0.133 (/) 12.057 (/)

Oracle features [161] 0.382 (6.24%) 0.111 (18.72%) 0.110 (17.08%) 10.983 (8.91%)

PCA [153] 0.402 (1.39%) 0.121 (11.54%) 0.124 (6.62%) 11.099 (7.95%)

Early fusion 0.390 (4.36%) 0.119 (13.07%) 0.123 (7.53%) 11.266 (6.56%)

Core model 0.385 (5.51%) 0.113 (17.80%) 0.112 (15.66%) 11.050 (8.35%)

development cost is not a bottleneck.

Core integrative model outperforms baselines. Table 4.3 shows that the proposed

model (Core model) outperform PCA and early fusion CDAE on all four tasks, and are

competitive with the ”best possible” oracle networks. PCA is simple and fast compared to

deep-learning based methods, but it lacks the ability to model complex non-linear relation-

ships. Early fusion CDAE takes the advantages of 3D CNN and shows superior performance

to PCA. However, early fusion may not be effective in modeling intra-dataset dynamics, since

all datasets are concatenated before being passed to the network [175]. Our method encodes

each dataset separately at the input, allowing better modeling of individual datasets. Then

the intermediate outputs are concatenated and fed to additional encoding layers, where the

interactions among datasets are captured. As such, the proposed models outperform the

early fusion CDAE in all four applications.

4.5 Accuracy: Adaptive Weighting

The core integrative model is designed to take dozens and even hundreds of heterogeneous

urban datasets. However, encoding a large number of potentially irrelevant datasets into

one single representation can overwhelm a model with noise, resulting in sub-optimal recon-

struction accuracy. To overcome this challenge, we consider an adaptive weighting approach,
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which aims to balance the learning of multiple datasets. The adaptive weighting approach

does not change the network structure, but only adjusts the weight of the loss of each dataset

during training according to its learning progress.

4.5.1 Method

The core integrative model assigns equal weight to all datasets during training (Equation

4.1), but the learning process can be dominated by ”easy” datasets with strong signals. In

particular, 1D and 2D datasets have repetition in their 3D representations, making them

easier to learn. To alleviate this problem, we use an adaptive weighting scheme that adjusts

the weight of the loss of each individual dataset dynamically during training according to its

learning progress by assigning larger weights to datasets that ”still have a long way to go”

before they converge. This idea is inspired by recent work in multi-task learning [22, 94] in

which the learning of a number of supervised sub-tasks needs to be balanced.

Chen et al. [22] calculate the weight of each task loss on every iteration, but this approach

requires an additional backpropagation pass that slows down training. Our approach is

informed by the Dynamic Weight Average method of Liu et al. [94], which adjusts the

weights directly without manipulating the gradients. The main difference is that Liu et

al. determine the weight of a task i based on the ratio of the loss of current step (L(t)i)

to the loss of the previous step (L(t − 1)i). When this ratio is low, the learning progress

is (locally) high. However, this definition of progress over-emphasizes local variability in

learning progress as opposed to global differences in the data sources.

Instead, we determine the weight based on the ratio of L(t)i to an ”optimal” loss for that

dataset, L(opt)i, approximated by the reconstruction error of a CDAE trained separately

for that specific dataset alone. When the loss for timestep t (L(t)i) is high relative to the

optimal loss, that dataset receives a higher weight. As the loss gets closer to the optimal loss,

the weight is lower. With this approach, we accommodate the differences in loss scales across

datasets, encouraging the model to minimize reconstruction error across different datasets

in a balanced and coordinated way. We consider this adaptive weighting scheme a variation
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of the Dynamic Weight Average [94].

Specifically, we define the weight wi(t) at training epoch t as:

wi(t) = n
exp(ri(t)/α)∑n
j=0 exp(r

j(t)/α)
(4.2)

where n is the number of datasets. α is a parameter controlling the degree to which

learning progress influences the weights [94]. Larger α leads to more equal weights among

datasets. ri(t) is relative learning progress for dataset i at epoch t [22]. The learning progress

LP i(t) is normalized by the average learning progress of datasets and is written as:

ri(t) = LP i(t)/En[LP i(t)], LP i(t) = L(t)i/L(opt)i (4.3)

where L(t)i is the loss for dataset i at epoch t, which we calculate as the mean loss of

the first 50 steps of each epoch in our implementation. En[LP i(t)] is the average learning

progress of all datasets. The weights are initialized to 1.0 at the first epoch and updated

once every epoch.

4.5.2 Experiments

We evaluate the effectiveness of the adaptive weighting scheme on total reconstruction er-

ror of the integrative model. We show that the adaptive weighting scheme improves the

reconstruction accuracy over the core integrative model.

4.5.3 Results and Discussion

Adaptive weighting dynamically adjusts the weight for the reconstruction loss of each dataset

based on its learning progress. The influence of learning progress on the weights is controlled

by a strength factor α (Equation 4.2). Figure 4.3 shows how the total reconstruction error

varies with α. Compared to the core model (dashed grey line), our adaptive weighting (blue

line) helps reduce the total reconstruction error. Larger α values result in more equal weights,

approximating the core model performance (MAE = 0.217). Compared to the Dynamic



72

Figure 4.3: Total reconstruction error vs. α. Our adaptive weighting versus Dynamic Weight

Average [94].

Weight Average by Liu et al. [94] (orange line) 6, our adaptive weighting consistently achieves

higher total reconstruction accuracy for a range of α values. We use α = 3 (MAE = 0.063)

for the rest of our experiments, as it produced the best reconstruction accuracy.

Figure 4.4 illustrates how adaptive weighting influences the reconstruction accuracy for

three datasets. During the training of the core model, the reconstruction loss for Collisions

and Building permits quickly plateaued (blue lines). The adaptive weighting scheme in-

creased their weights (grey lines) in the first few epochs to encourage them to learn faster.

Once their errors dropped, the weights went down to about 1.0. For Slope, both models

were making steady progress, so the weights remained at about 1.0. We observe that the

datasets that benefit the most from adaptive weighting are 3D datasets, as they embody

more complex spatial or temporal correlations than 1D and 2D datasets.

Table 4.4 compares the downstream accuracy of four tasks using the representations gen-

erated by the core integrative model with or without adaptive weighting (α = 3). We see

that the performance of the four downstream applications was not obviously affected by the

use of adaptive weighting, although the total reconstruction accuracy was significantly im-

6We implemented a slightly different version from the original Dynamic Weight Average. We computed
LP i(t) according to Equation 4.3, but replaced LP i(t) = L(t)i/L(opt)i by LP i(t) = L(t)i/L(t− 1)i
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Figure 4.4: Reconstruction loss curves and adaptive weight curves on three datasets (α =

3). Under adaptive weighting scheme (Core model + AW), weights for individual datasets

change with their reconstruction accuracy.

Table 4.4: Prediction accuracy (MAE) of downstream tasks using the core integrative model

and the core integrative model with adaptive weighting (α = 3).

Model Bikeshare Crime Fire Bike count

Core model 0.385 0.113 0.112 11.050

Core model + AW 0.387 0.106 0.114 11.049

proved. The reason could be that the improvement of total reconstruction accuracy primarily

comes from datasets that are not predictive for the four applications. It is also possible that

even though the datasets relevant for downstream tasks get better reconstruction accuracy,

the improvement upstream does not necessarily transfer to downstream performance. The

relationship between the accuracy of pre-trained representations and downstream accuracy

remains open and needs further research.
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4.6 Fairness: Learning Fair Representations

This section describes the fairness module that seeks to remove discriminatory effects from

the data representations generated by the integrative models. We refer the integrative models

with fairness treatment as EquiTensor models and the resulting representations as EquiTen-

sors. In this chapter, we use the core integrative model (and the core integrative model with

adaptive weighting) as the basis of the EquiTensor model.

4.6.1 Method

Figure 4.5: The EquiTensor model architecture. The encoder and decoder learn a latent rep-

resentation Z (the EquiTensor) by minimizing reconstruction error. The sensitive attribute

S (e.g., race) is passed to the decoder to disentangle S from other information in Z. The

adversary learns to predict S given Z, penalizing the encoder.

Figure 4.5 shows the architecture of the EquiTensor model. It is based on a core integra-
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tive model (i.e., CDAE) and a fairness module. The fairness module consists of two parts:

a disentangling module and an adversarial model. First, we use a disentangling module to

separate the sensitive attribute S (e.g., race) from other information in the latent space

during the reconstruction phase. The decoder uses both the latent representation Z and

S to reconstruct the input, learning to disentangle S from Z [106, 80, 104]. Second, an

adversarial model A learns to predict S from Z, and the core integrative model is penalized

accordingly. The idea of using adversarial model for fairness is inspired by the success of

Generative adversarial networks (GAN) [53] in many applications such as generating fake

faces [75] and image style transfer [27]. The GAN network typically consists of a generator

and a discriminator, which are trained together to work against each other [53]. For exam-

ple, in generating fake faces, a generator tries to generate fake images as real as possible to

fool the discriminator, where the discriminator learns to tell the fake from the real ones. In

learning fair representation, a typical network architecture is that a generator tries to learn

a representation that can reconstruct the input data or predict the target (depending on the

application), whereas a discriminator tries to predict the categorical sensitive attribute (e.g.,

high income or low income individual, under or over 70 years old) from the representation.

Further details of adversarial learning are not discussed here. Interested readers are referred

to the seminal work by Goodfellow et al. [53]. The main difference between our approach

and other similar methods in various application domains [80, 104] is that we use a regres-

sion model as the ”discriminator” to predict continuous and spatially distributed sensitive

attributes (e.g., percentage of high income households in a region), as opposed to a binary

classifier which is used in most of the adversarial models.

The adversarial approach is particularly desirable in our setting of integrating multiple

datasets, since a single model can simultaneously remove the effects of a sensitive attribute

that are encoded in many different input datasets. The adversary loss is defined as:

LA =
1

m

m∑
i=0

|A(Zi)− S| (4.4)
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where m is the number of training samples. Zi is the representation learned from the ith

training sample.

Final objective function for CDAE. The CDAE has two objectives: minimizing the

reconstruction error while being penalized by the adversary (Figure 4.5). The loss for CDAE

is written as:

LAE =
1

m

m∑
i=0

n∑
j=0

|Dec(Enc(x′ij ), S)− xij|+ λ(1− 1

m

m∑
i=0

|A(Zi)− S|) (4.5)

where the first term is the reconstruction error and the second term is the negative adversarial

loss 1− LA. A parameter λ controls the trade-off between the two terms.

The adversary consists of three 3D CNN layers. The CDAE is trained jointly with the

adversary in alternating periods. For each mini-batch of the training data, we 1) update

the encoder and decoder while fixing the adversary to minimize LAE, and 2) update the

adversary while fixing the encoder and decoder to minimize LA.

4.6.2 Measuring Fairness

We evaluate the fairness of EquiTensors by 1) measuring the adversarial model’s ability

to discern the sensitive attribute and 2) measuring the fairness of downstream prediction

applications that use the EquiTensor.

The independent adversary. We train a separate adversarial model F instead of

directly using the adversarial model A of Equation 4.4 because training a separate model

achieves higher accuracy (and is therefore a more stringent evaluation). The higher the MAE

of F , the better the protection against unfairness in the EquiTensor.

Fairness metrics. We measure the fairness of downstream predictions using fairness

metrics. We measure the disparities by the gap in prediction errors across an advantaged

group G+ and a disadvantaged group G−. Our unsupervised setting makes no assumptions

about downstream applications, so overestimation may be beneficial (e.g., overestimation

of bikeshare demand leads to more availability of bikes) or harmful (e.g., overestimation
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of law enforcement incidents could lead to increased police presence.) We adapt residual

difference (RD) and its positive (PRD) and negative (NRD) variants [18, 60, 167] to our

spatio-temporal setting since most fairness metrics apply only to classification settings and

are not applicable here.

Let si be the ith rectilinear cell of the study area S. Let ŷi,t and yi,t be the prediction

and ground truth for cell si at time t, respectively. We denote G+ as the advantaged group

and G− as the disadvantaged group, with regard to one sensitive attribute S (e.g., race).

|G+| and |G−| are the number of cells in G+ and G− group, respectively. We denote H as a

hinge function where H(x) = max{0, x}. We define positive residual (PR) for cell si at time

t as PRi,t = H(ŷi,t − yi,t), negative residual (NR) as NRi,t = H(yi,t − ŷi,t), and residual as

Ri,t = ŷi,t − yi,t [167].

Positive residual difference (PRD) is written as:

PRD =
1

|G+|

T∑
t=0

∑
i∈G+

PRi,t −
1

|G−|

T∑
t=0

∑
j∈G−

PRj,t (4.6)

The first term is the overestimation for each square region in G+ over a time period T

and the second term is the overestimation for G− over T .

Negative residual difference (NRD) and the symmetric Residual difference (RD) can be

defined similarly by replacing PRx,t with NRx,t and Rx,t respectively. RD measures the

difference between the overall overestimation (or underestimation) across two groups.

4.6.3 Experiments

We generate EquiTensors using the framework in Figure 4.5 to remove the influence of sen-

sitive information. We evaluate fairness and accuracy on two downstream tasks: reported

crime incidence prediction and bikeshare demand prediction, and compare with two compet-

ing baselines.

Fair Representation Baselines. We compare the EquiTensor with a state-of-the-art

method for producing fair spatio-temporal representations in supervised and non-integrative
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settings that we adapted for our purposes, and a simpler version of our own method.

• Fair CDAE: Based on the core integrative model (i.e., CDAE), Fair CDAE uses an

additional prediction head H that is trained to learn the sensitive information from

the latent representation. Instead of using adversarial training, H is trained together

with the CDAE. Fair CDAE minimizes the reconstruction error and simultaneously

maximizes the MAE of H. The idea is inspired by Wadsworth et al.[145], but we

adapted their method to our unsupervised learning scenario, and we applied a gradient

reversal layer proposed by [49] on H, so that the minimax optimization can be achieved

using standard back-propagation.

• EquiTensor without the disentangling model (Core + Fair w/o disent.): This

method is equivalent to the EquiTensor architecture without the disentangling module.

Implementation details. To calculate the three fairness metrics PRD, NRD, and RD

(Section 4.6.2), we need to define the advantaged group G+ and the disadvantaged group G−

with respect to a sensitive attribute. We use the mean city statistics as thresholds to label

a square region as either G+ or G−. For example, since 65.74% of the overall population of

Seattle is white, we label the regions with ≥65.74% white as G+ and the others as G−. We

discretized income level using the same method.

The independent adversary is used for evaluating the fairness of a latent representation.

The idea is to predict a sensitive attribute S from the latent representation Z. Higher

accuracy (smaller MAE) suggests possible unfairness. Figure 4.6 shows the architecture

of the adversary. It takes a 24-hour slice of the latent representation as input and tries

to predict S, which is formatted as a map duplicated 24 times along the temporal axis.

In our implementation, we generated training data for the adversary by slicing the latent

representation (32× 20× 45960× 5) along temporal dimension by a step of 24 hours with a

sliding window of one hour. We use a batch size of 32 and train for 30 epochs. The initial
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learning rate is set to 0.01. The architecture of the independent adversary is the same as the

adversary embedded in the EquiTensor model (Figure 4.5).

Figure 4.6: The architecture for the independent adversary. H, W, T, D denotes height,

width, time steps, and dimension.

4.6.4 Results and Discussion

We evaluate the EquiTensors using two case studies. For reported crimes we remove the

effects of race and for bikeshare we remove the effects of income. We show that EquiTensors

are more fair than baseline representations and can help the downstream tasks to achieve

accuracy that is competitive with the oracle networks.

EquiTensors are fairer than baseline representations. Table 4.5 shows the accu-

racy of predicting sensitive information S (i.e., race and income) from latent representations

generated by different models: Our core model with fairness (Core model + Fair and Core

model + Fair + AW), the integrative model baselines (PCA, Early fusion, Core model, and

Core model + AW), and two competing fairness approaches: Fair CDAE and EquiTensors

without the disentangling module (Core model + Fair w/o disent.).

The sensitive information S (i.e., race and income) was detectable with much lower

error in the non-fairness-treated representations (i.e., PCA, Core model, etc.) than with

EquiTensors (Core model + Fair and its variants). This result suggests that EquiTensors

can improve fairness over fairness-oblivious baselines. The low error of Fair CDAEs suggests

that Fair CDAEs are not effective in removing the influence of S. The reason is that Fair
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Table 4.5: Accuracy (MAE) of predicting sensitive attribute (i.e., race and income) from

various integrated representations.

λ Race MAE Income MAE

PCA [153] / 0.005 0.005

Early fusion / 0.001 0.001

Core / 0.001 0.001

Core + AW / 0.001 0.001

Fair CDAE [145, 49] 1.0 0.002 0.002

Fair CDAE [145, 49] 10.0 0.001 0.001

Core + Fair w/o disent. 0.6 0.002 0.001

Core + Fair w/o disent. 1.0 0.029 0.053

Core + Fair w/o disent. 2.0 0.076 0.112

Core + Fair 0.6 0.052 0.021

Core + Fair 1.0 0.067 0.073

Core + Fair 2.0 0.129 0.112

Core + Fair + AW 0.6 0.038 0.052

Core + Fair + AW 1.0 0.037 0.079

Core + Fair + AW 2.0 0.094 0.113
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Table 4.6: Accuracy and fairness of crime predictions with different integrated representa-

tions in the form of mean(std).

λ
Accuracy Fairness

Prediction MAE RD PRD

No exo. data / 0.135 (0.002) -23.138 (3.624) -27.678 (1.931)

Oracle / 0.110 (0.007) -11.994 (5.868) -20.267 (4.282)

PCA / 0.117 (0.004) -12.962 (3.639) -20.159 (3.517)

Early fusion / 0.115 (0.004) -12.499 (3.207) -20.297 (2.442)

Core / 0.111 (0.002) -8.908 (5.900) -17.850 (4.318)

Core + AW / 0.106 (0.004) -5.642 (7.194) -15.197 (5.122)

Core + Fair 0.6 0.114 (0.004) -4.248 (4.751) -14.255 (3.016)

Core + Fair 1.0 0.112 (0.006) 6.919 (9.902) -7.771 (6.957)

Core + Fair 2.0 0.112 (0.004) 4.669 (7.492) -9.303 (4.392)

Core + Fair + AW 0.6 0.111 (0.002) -3.910 (3.081) -14.576 (2.118)

Core + Fair + AW 1.0 0.110 (0.005) 5.098 (6.243) -9.160 (4.650)

Core + Fair + AW 2.0 0.109 (0.004) -3.865 (5.843) -14.882 (3.453)

CDAE uses a prediction head H embedded within the network, such that a single set of

parameters must be found that simultaneously maximizes the accuracy of H and minimizes

the reconstruction error [13]. In contrast, we train our adversary separately, so that it only

focuses on recovering S from without accommodating reconstruction errors like Fair CDAE.

Finally, we see that our models better separate the sensitive information than the models

without the disentanglement (Core model + Fair w/o disent.).

Table 4.6 shows the results of crime report predictions using latent representations gen-

erated by different models. We reported mean values and standard deviation (parentheses in

Table 4.6) of five repeated runs for each model. In a perfectly fair scenario, the three metrics

NRD, PRD, and RD should be zero. In the crime report prediction case, The PRD for ”No

exogenous data” model is -27.68, indicating that over the testing period the model overes-

timates the reported crime incidents for each cell in non-white neighborhoods by 28 cases

more than the overestimation for white neighborhoods. The RD for ’No exogenous data’
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Table 4.7: Accuracy and fairness of bikeshare predictions with various integrated represen-

tations in the form of mean(std).

λ
Accuracy Fairness

Prediction MAE RD NRD

No exo. data / 0.408 (0.002) 8.661(20.542) -151.975 (10.178)

Oracle / 0.382(0.002) 73.313 (29.693) -180.119 (17.752)

PCA / 0.400 (0.003) 55.263 (36.637) -181.624 (21.494)

Early fusion / 0.390 (0.006) 75.140 (35.765) -183.178 (21.721)

Core / 0.385 (0.001) 58.392 (19.104) -172.065 (9.345)

Core + AW / 0.388 (0.002) 32.206 (13.569) -160.273 (7.937)

Core + Fair 0.6 0.392 (0.002) 23.052 (25.576) -158.482 (11.258)

Core + Fair 1.0 0.395 (0.006) 15.189 (32.480) -154.733 (16.416)

Core + Fair 2.0 0.394 (0.005) 6.251 (28.036) -151.316 (12.040)

Core + Fair + AW 0.6 0.390 (0.003) -5.320 (18.273) -142.137 (7.890)

Core + Fair + AW 1.0 0.394 (0.005) 11.203 (43.638) -153.330 (20.472)

Core + Fair + AW 2.0 0.398 (0.003) 28.371 (32.938) -161.627 (16.367)

model is -23.14, indicating that the residual (prediction minus ground truth) is 23 more for

the non-white regions than white regions. In other words, the ”No exogenous data” model

is discriminatory by the definition of residual difference, and the reported crime data itself

contains correlations with race that can be amplified by the prediction model. In this case,

incorporating exogenous features mitigate these biases, as shown by the RD and PRD being

closer to zero relative to the baselines. Crime report predictions with EquiTensors further

improves RD and PRD, leading to overall fairer predictions.

Table 4.7 shows the results of bikeshare predictions with various representations. In the

bikeshare case, we focus on RD and NRD, because underestimating the bike demand of

underrepresented communities is considered more harmful than overestimating that of the

advantaged groups. The negative NRD of the ”No exogenous data” model indicates that

the model underestimates the bikeshare demand in low-income regions more than the high-

income regions. Nevertheless, its mean RD value (8.66) shows that the prediction errors
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are roughly balanced. In contrast, all baseline models without fairness treatment (Oracle

models and the core models) show larger disparities than the ”No exogenous data” model, as

suggested by their RD values. This implies that external features may introduce additional

biases into the prediction models. With EquiTensors, fairness for bikeshare predictions

are improved compared to the fairness-oblivious baselines, as the mean values of RD and

NRD are overall closer to zero relative to those of the baselines. We observe that RD

and NRD of bikeshare predictions show large standard deviations. The reason could be

that the fairness metrics (i.e., RD and NRD) are not very precise and influenced by the

threshold that defines the advantaged and disadvantaged groups. It is also possible that the

transferability of EquiTensors’ fairness is not strong or stable for some applications as we do

not explicitly optimize over RD or NRD in the downstream predictions. The downstream

models sometimes may still be able to pick up and exaggerate the remaining information

about the sensitive attribute if the predictions heavily rely on it, although the EquiTensors

make them increasingly harder to do so as λ increases. The uncertainties of transferability

showed by the unsupervised representations are expected and need further investigation.

However, despite the large deviation, we see that EquiTensors can offset the bias introduced

by the exogenous data and show overall fairer results than the fairness-oblivious baselines. In

summary, these results suggest that the improved fairness of EquiTensors may help prevent

amplifying socioeconomic disparities in downstream predictions.

EquiTensors help improve downstream accuracy. Table 4.6 shows that crime

predictions with EquiTensors (Core + Fair and Core + Fair + AW) show accuracy that is

comparable to the oracle networks. Nevertheless, we did observe that predictions tend to

overfit as λ increases. The reason could be that the EquiTensor becomes increasingly noisy to

crime prediction as more sensitive information is removed. We overcame this issue by early

stopping. Table 4.7 shows that even with the fairness treatment, EquiTensors can help the

bikeshare predictions achieve higher accuracy than the ”No Exogenous features” baseline.

Therefore, downstream tasks with EquiTensors tend to achieve overall fairer predictions than

using fairness-oblivious features without sacrificing much accuracy.
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Figure 4.7: Residual (prediction - ground truth) map of crime prediction on November 28,

2018 18:00 pm - 21:00 pm. Green grids are overestimated and pink ones are underestimated.

(a), (b), and (c) show the predictions from models without fairness treatment. (d) and (e) are

the predictions from models with EquiTensors. (f) shows the normalized map (subtracted

by city mean) of percentage of Caucasian residents. Green grids have higher percentage of

non-Caucasian residents than pink ones.

Qualitative results. Figure 4.7 provides a qualitative understanding of how EquiTen-

sors influence the spatial distribution of crime prediction results. Figure 4.7 (a), (b), and

(c) are predictions from models without fairness treatment. They show clear overestimation

for the southeast and the north part of the city, where non-Caucasian residents concentrate

(green grids in Figure 4.7 (f)); and underestimation in some Caucasian neighborhoods (pink

grids in Figure 4.7 (f)). Noticeably, predictions with EquiTensors (Figure 4.7 (d) and (e))

show much less overestimation for non-Caucasian neighborhoods in the north and south.

Parameter sensitivity analysis. The parameter λ in the loss function for EquiTensor

(Equation 4.5) controls the weight of the bias mitigation. Figure 4.8 (A) and (B) show the

MAEs of adversary with changing λs for race prediction and income prediction, respectively.

We use a tensor filled with Gaussian noise as a baseline (dashed grey lines); the model should

exhibit high error when attempting to discern S from noise. We observe in both the race

and income prediction cases that the best value of λ is around 2.0. Increasing λ from 0 to 2.0

leads to increasingly fairer EquiTensors. When λ is around 2.0, adversary MAEs approach
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Figure 4.8: Adversary MAE VS. λ. At λ ≈ 2, EquiTensors prevent discerning the sensitive

attribute nearly as well as Gaussian noise.

the MAEs of Gaussian noise, suggesting that the influence of the sensitive attribute can

be largely removed. As λ increases, fairness levels off. Larger values of lambda cause the

adversary loss to dominate reconstruction error in Equation 4.5, leading to noisy EquiTensors

with lower utility.

Limitations and future work. There are several limitations in this work. First, we

included as many as possible spatio-temporal datasets we could find in learning EquiTen-

sors. There may be datasets we included but are not useful to some urban tasks. Future

work could develop protocols to select certain data to include and investigate what kinds

of downstream tasks we could support with the selected data. The selection criteria could

also explore aspects such as data quality, spatio-temporal coverage, context of use, unique-

ness, and popularity. It is particularly interesting to investigate how data quality problems

induced by data repurposing, cleaning, and integration influence the reusability of the in-

tegrated representation. Second, partitioning all datasets into a common square grid may

risk losing important information of the original data. For example, representing road net-

work data using grids cannot capture highway directions and intersections, therefore losing

its physical meaning [84]. In addition, grid representation is not ideal for sparse datasets

such as train stations in a city. Future work involves handling sparse datasets and managing
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datasets with varying coverage, resolution, and formats (e.g., networks, points, etc.). Finally,

fairness metrics (i.e., RD and NRD) of bikeshare predictions show large standard deviations,

suggesting that the metrics are not very precise or the transferability of EquiTensors’ fairness

is not strong or stable. Future work could develop finer-grained fairness measurements that

consider spatial sub-regions and temporal dynamics, explore the transferability of fair repre-

sentations, and understand which applications are most likely to benefit from the improved

fairness of EquiTensors.

4.7 Summary

The use of exogenous features can significantly improve the accuracy of prediction models

[146, 129]. Many urban prediction tasks rely on a common set of external features such as

weather and road networks. We propose to learn an integrated representation from a vari-

ety of commonly used open datasets, aiming to benefit multiple downstream tasks without

assuming specific application domains. We first developed a core integrative model based

on denoising convolutional autoencoder to learn reusable representation from heterogeneous

and multi-dimensional urban datasets. Our results show that the core integrative model can

help an array of downstream tasks to achieve prediction accuracy comparable to ”oracle”

networks that are trained with hand-selected relevant features.

Drawing on recent literature on multi-task learning, we developed an adaptive weighting

scheme for balancing the training of the core integrative model. Our results show that adap-

tive weighting can achieve superior reconstruction accuracy to that of the core integrative

model. We found that the improved reconstruction accuracy of the integrated representa-

tions does not necessarily lead to better downstream performance. The relationship between

reconstruction accuracy of the integrated representations and the downstream performance

remains open for future research.

To combat discriminatory signals embedded in the data, we used a fairness module based

on adversarial learning on top the integrative models to produce fair and integrated repre-

sentations (i.e., the EquiTensors). We showed that EquiTensors contain weaker correlations
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with the sensitive attributes than the baseline representations. Our results on real-world

datasets and applications suggest that EquiTensors could help prevent the discrimination

embodied in the data from propagating to the downstream prediction models and at the

same time help them to achieve prediction accuracy comparable to ’oracle’ networks that

trained with hand-selected features.

In summary, we introduced an unsupervised approach to learn fair, accurate, and reusable

(FAR) data representations, the EquiTensors, for heterogeneous and multi-dimensional urban

datasets. EquiTensors can be trained and released by government agencies or trusted data

brokers over both public open data and unreleased data. It presents a novel way to allow

downstream applications a means of improving accuracy, avoiding data discovery and pre-

processing, and limiting their exposure to new sources of discriminatory bias.
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Chapter 5

CONCLUSIONS AND DISCUSSION

This final chapter summaries the contributions of the thesis and discusses the limitations

and future directions.

5.1 Summary of Contributions

The main focus of this dissertation is on fairness-aware spatio-temporal prediction for cities.

Although we focus on urban applications, most of the methods developed in this context

can be generalized to other domains. The results in this manuscript suggest that prediction

algorithms without fairness treatment can be discriminatory against underrepresented mi-

norities in applications such as mobility resource allocation and public safety. Moreover, the

use of exogenous features in the algorithms may introduce additional bias to the prediction

results. To achieve accurate and bias-free prediction, we addressed four questions in this dis-

sertation: How to accurately model the spatio-temporal dynamics of urban activities? How

to measure the fairness of spatio-temporal predictions in various urban applications? How to

discover and remove discriminatory signals from urban data? How to design fairness-aware

spatio-temporal machine learning algorithms?

Generic framework for accurate spatio-temporal prediction. There are two key

challenges in predicting urban activities: capturing rich spatio-temporal context and extract-

ing information from heterogeneous urban data. Traditional methods such as time series and

conventional machine learning algorithms fall short of modeling complex spatio-temporal in-

teractions and rely on hand-crafted features. While various deep learning based prediction

frameworks have been proposed for urban settings, the generalizability of them outside their

intended application domains is unclear.
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We proposed a three-stream spatio-temporal prediction algorithm based on 3D CNN to

model spatio-temporal dynamics and integrate exogenous features. We demonstrated with

two mobility demand prediction cases that our method outperforms traditional methods and

several state-of-art deep learning based methods (Chapter 3). With two more prediction

tasks in public safety, each with different set of exogenous features, we demonstrated the

flexibility and generizability of the proposed framework (Chapter 4).

Fairness metrics for spatio-temporal settings. Although a plethora of fairness

metrics have been developed [52, 64], most of them are inapplicable in spatio-temporal

settings. First, the prediction targets in spatio-temporal settings (e.g., ride-hailing demand)

are typically continuous whereas many fairness metrics are designed for discrete classification

settings [57]. Second, among the few studies that propose fairness metrics for regression, a

categorical sensitive attribute is typically required [18, 11]. Finally, fairness assessment can

be application specific, but fairness metrics thus far are generic across applications.

In Chapter 3, we proposed two fairness metrics: region-based fairness gap (RFG) and

individual-based fairness gap (IFG) for urban mobility. Both metrics measure the gap be-

tween mean per capita prediction values (e.g., taxi demand) across demographic groups over

a certain period of time. The difference lies in that RFG focuses on discrete sensitive at-

tributes while IFG deals with continuous attributes. We showed that prediction algorithms

without fairness treatment can be discriminatory against underrepresented minorities. Chap-

ter 4 adapted three fairness metrics to generic spatio-temporal settings: residual difference

(RD), positive residual difference (PRD), and negative residual difference (NRD). IFG and

RFG assume that the prediction values should be independent of the sensitive attributes,

whereas RD, PRD, and NRD assume the prediction errors should be independent of the

sensitive attributes. We showed that the use of exogenous features may introduce additional

bias to the prediction results.

Fairness-aware spatio-temporal prediction algorithms. Most of the existing fairness-

aware algorithms were designed for classification and only tested in conventional machine

learning methods. Based on the aforementioned prediction framework and fairness metrics,
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Chapter 3 proposed FairST, a fairness-aware spatio-temporal prediction framework. It en-

forces independence between the predictions and the sensitive attributes. FairST integrates

RFG or IFG as regularizers into the loss minimization pipelines to encourage fair prediction.

Experiments on two real-world new mobility datasets demonstrated that FairST is able to

close more than 80% of fairness gap for a single sensitive attribute and at the same time

achieve better accuracy than state-of-the-art but fairness-oblivious baseline methods. Fur-

ther experiments showed that FairST is able to reduce unfairness for multiple attributes,

outperforming baselines in both accuracy and fairness.

Removing biases from heterogeneous open urban datasets. Representation learn-

ing is promising in removing discriminatory signals in data, because 1) it is naturally com-

patible with neural networks [10], 2) it does not hand-tune the datasets according to some

ad-hoc bias-removing rules, and 3) it can handle multiple datasets simultaneously. One ma-

jor challenge to learning fair representation for cities is how to remove discriminatory effects

in spatio-temporal settings where the sensitive attributes are continuous and distributed

across the space. We also observed that urban prediction tasks usually rely on a common set

of open urban data such as weather from National Centers for Environmental Information

and road networks from local open government data portals. It is therefore cost-effective to

learn integrated and fair representations from these datasets, so that such representations

can potentially benefit a wide range of downstream tasks, including those fairness-sensitive

tasks. Nevertheless, there is no generalized approach for integrating open urban data in

support of fair spatio-temporal prediction.

In Chapter 4, we proposed an algorithm framework to learn fair data representations,

called EquiTensors, from a wide range of commonly used urban datasets. We introduced

FAR (Fairness, Accuracy, and Reusability) principles for evaluating such pre-trained data

representations. The proposed EquiTensor model consists of two main components: an

integrative model that summarizes a large number of multi-dimensional open urban datasets

as a single data representation and a fairness module based on adversarial learning and

disentangled representation to remove discriminatory effects from the learned representation.
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Experimental results in Chapter 4 demonstrated that the integrated representation produced

by the integrative model can capture generic urban information that is reusable across an

array of prediction tasks. The results also showed that the proposed adaptive weighting

scheme can significantly improve the total reconstruction accuracy of the integrative model.

Experimental results on two fairness-sensitive downstream tasks showed that EquiTensors

could help mitigate the effect of discriminatory bias embodied in the external data and at

the same time help the downstream tasks to achieve prediction accuracy comparable to an

’oracle’ networks that trained with hand-selected features.

To summarize, this dissertation is a pioneering study to explore a suite of fairness-aware

spatio-temporal prediction methods for cities, focusing on five aspects: utility, metrics, al-

gorithms, data, and applications. This work makes methodological contributions to urban

data science and machine learning research. The proposed methods could provide fairness

assessment measures and bias-removal strategies for stakeholders such as public resource dis-

tributors and government agencies, allowing for intelligent and responsible decision-making

that benefits all citizens.

5.2 Limitations and Future Work

There are a number of opportunities to expand on this dissertation. This section lists the

limitations of this study and recommends directions for future research.

5.2.1 Representing Different Types of Urban Data

In this dissertation, we partition all urban datasets into a fixed spatio-temporal grid. With

the grid partition, we are able to use convolutional neural networks, and it is easier to

define fairness metrics based on a uniform partition. However, grid partition is not ideal for

discrete, sparse, or network-like data, and fixed grids can not make use of multi-resolution

information.

Future work could explore fairness-aware methods and data integration approaches in

spatio-temporal settings using other types of data representations. One alternative rep-
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resentation method is the discrete representation of individual regions (e.g., block groups,

neighborhoods) or locations (e.g., points of interest, weather stations). For example, Liao

et al. [87] proposed an LSTM based model for predicting future traffic speed given previous

traffic speed for a road segment in a city. Discrete representation does not require a uniform

square grid and is suitable for sparse data, but it needs extra treatment to model structure

(e.g., graph RNN [66], embedding method [165]) or features to capture spatial dependen-

cies. For example, Liao et al. [87] incorporate the spatial dependencies by embedding the

traffic speed of neighboring road segments using graph convolutional neural network (graph

CNN) [117] and concatenating the learned embeddings to the encoder network of the LSTM

model. Another popular way for modeling spatio-temporal data is to use graph represen-

tation [51, 30]. For example, Sun et al. [134] uses graph convolutional neural network to

forecast crowd flows for arbitrary-shaped regions in cities. How to integrate data with various

representation methods and enforce fairness over them remain open.

5.2.2 Interpretability of Deep Learning Models

The fairness-aware methods proposed by this dissertation are based on deep neural networks.

Compared to process-based models informed by domain knowledge or conventional machine

learning models, deep learning models are less interpretable. For example, the importance

of hand-designed features in regression models can be explained through their coefficients.

Yet deep learning models extract latent features automatically, and it is often difficult to

attach any semantic meaning to the learned features. Although feature importance can be

qualitatively estimated through ablation studies, it is still far from establishing any causal

relationship between features and prediction targets. Moreover, this dissertation proposes

to use integrated data representations as external signals to boost prediction model perfor-

mance. However, compared to hand-crafted features, the learned data representations are

less interpretable. For applications that emphasize interpretability, we envision that inte-

grated representations can still be valuable as context features used along with hand-crafted

features or as baselines for feature engineering.
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Interpretability is related to transparency, fairness, and accountability when machine

learning algorithms are deployed in real-world systems to support decision-making. Instead

of relying on a ”black-box”, decision-makers may want to understand the mechanism behind

the algorithms and what factors contribute to an estimated outcome [88]. At present, the

interpretability of deep learning is an ongoing research field, a breakthrough of which may

vastly increase the applicability of deep learning to a wider range of scenarios.

For fairness-adjusted deep learning algorithms, decision-makers may hope to understand

the fairness of the predictions beyond the fairness metric(s) the algorithm optimizes. This

dissertation visually compares the prediction outcomes between fairness-oblivious methods

and fairness-aware models, providing a qualitative understanding of how the spatial distri-

bution of data (e.g., bike demand) has changed under the influence of fairness treatment.

Nevertheless, more research is needed to establish a clearer picture of how optimizing over

one or a few fairness metrics could influence the fairness of subgroups of the population, for

different spatial regions, and for different temporal periods.

5.2.3 Reusability of Integrated Representations

We propose to pre-train multiple urban datasets into an integrated representation to support

a range of downstream prediction tasks without assuming application domains. Our results

show that the pre-trained representations can improve accuracy for downstream tasks of

different domains, suggesting that the integrated representations can capture general urban

information that is reusable across tasks. However, we integrated all datasets for Seattle

we could find in open data portals into EquiTensor without considering the data quality or

the use context of the source datasets. To better understand the reusability of such data

representations, future work could explore two areas: data quality and transferability.

Data quality. Strong et al. defined high-quality data as “data that are fit for use by

data consumers” [133]. This definition suggests that data should be contextually appropriate

for the task. In the case of integrating multi-source open data for unconstrained downstream

reuse, it is particularly interesting to investigate how data quality problems inherent to the
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datasets such as lack of documentation, and any additional issues induced by data repur-

posing, cleaning, and integration influence the reusability of the integrated representation in

machine learning applications. Data profiling could greatly facilitate our understanding of

the context of production and intended use of a dataset, informing us about the fitness for

use of this dataset for a particular task. For a simple example, the metadata could help us

identify outdated datasets. An old restaurant map produced in 1980 is not ideal for pre-

dicting real-time crowd flows in 2020. Moreover, data cleaning, processing, and integration

may cause additional quality issues such as bias and loss of information [79]. For example,

datasets are required to be transformed into image-like form to be used in CNN models.

However, rasterization of road networks using the total length of road segments in a grid

removes important information on highway intersections. As a consequence, it is not possi-

ble to accurately estimate the traffic speed of two directions of the same location using this

rasterized data [84]. Future work could develop protocols to 1) select certain data to include,

considering various aspects of data quality such as completeness, consistency, and intended

use; and 2) evaluate the potential risks brought by subsequent data processing techniques.

Transferability of utility. Transferability is closely related to reusability in the context

of reusing integrated representations for downstream tasks. We found that the improvement

of total reconstruction accuracy of pre-trained representation (upstream) does not necessarily

transfer to downstream performance. Nevertheless, we did not delve deeper into this topic

in this dissertation.

Future work could explore two questions. First, what is the relationship between the

upstream accuracy and the downstream performance in the context of learning representation

from a single dataset? Most recently, several studies have examined related topics [91,

131]. For example, one study found out that the transferability of network parameters pre-

trained using ImageNet first increases then declines during training, suggesting that the best

upstream accuracy does not necessarily benefit the downstream the most [92]. In our case

of pre-training datasets as external features for downstream applications, we expect the pre-

training accuracy is only weakly associated with the downstream performance. More research
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is needed to verify this hypothesis. Second, given a pool of datasets and a set of downstream

tasks, what would be a reliable and fast way to determine which datasets are predictive

to which tasks? The transferability of integrated representations is likely dependent on the

correlations (if any) between the datasets included and the downstream tasks. Some datasets

are strongly associated with some tasks but not predictive for others. For example, bike lanes

and bike facilities may have stronger correlations with bike demand than with fire alarm

incidence. A possible solution is to estimate the magnitude of association between a dataset

and a task using simpler models such as linear regression. Nevertheless, these conventional

models may fail to capture the implicit non-linear associations that deep learning models

instead could discover. Future work could explore this direction, possibly drawing on recent

work on feature selection and interpretability of deep learning models. The results could

shed light on the transferability of integrated representations, guide the selection of datasets

to include, and reveal the kinds of downstream tasks such representations can support.

5.2.4 Transferability of Fairness

The above section discussed transferability of integrated representations to downstream appli-

cations. We now turn to the transferability of fairness-aware models and fair representations.

In this dissertation, we mainly use Seattle as a case study and focus on spatio–temporal pre-

diction tasks. We have not explored how we can transfer FairST and EquiTensors to other

cities and to other applications such as land use classification. For example, FairST was

trained on the Seattle dockless bikeshare data. Can we utilize this model to help the predic-

tion of ride-hailing demand of Seattle or the prediction of bikeshare demand in Los Angeles?

A few nascent studies in urban computing have examined transferring knowledge between

cities. For instance, Liu et al. [95] presented an inspiring example of detecting shared bikes

parking hot spots in a new city. However, it is not clear yet whether fairness could be

transferred using the existing techniques.

The transferability of fair representation is still an ongoing research topic [26]. In this

dissertation, we proposed a fair representation, called EquiTensor, for spatio-temporal data.
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We showed that EquiTensors contain weaker correlations with the sensitive information and

that downstream predictions with EquiTensors are overall fairer than those with fairness-

oblivious features. This suggests that fair representations may help restrict the propagation

of sensitive information to downstream applications. However, we also observed large varia-

tions of RD and PRD/NRD values of repeated runs of the same model setting for bikeshare

predictions. The reason could be that the fairness metrics (i.e., RD and NRD/PRD) are

not precise and influenced by the threshold that defines the advantaged and disadvantaged

groups. It is also possible that the transferability of EquiTensors’ fairness is not strong or

stable for some applications, as we do not explicitly optimize over RD or NRD in the down-

stream predictions. The downstream models sometimes may still be able to pick up and

exaggerate the remaining information about the sensitive attribute if the predictions heavily

rely on it. Therefore, our results on the transferability of EquiTensor are only suggestive.

More research is needed to verify whether the transferability of fair representations holds for

other applications and for other non-spatio-temporal domains.

5.2.5 Theoretical Analysis of Fairness-Aware Prediction Methods

This dissertation relies primarily on empirical experiments and observational data. We did

not provide a theoretical analysis on the effectiveness of the proposed methods — this limits

the generalizability of our conclusions. Future work involves developing theoretical guar-

antees for fairness-aware deep learning models. At the same time, more ablation studies

could also help evaluate the robustness of the proposed methods and understand in what

scenarios they are most likely to succeed. Some immediate follow-up experiments include 1)

applying FairST and EquiTensors to other cities and other urban applications; 2) tuning the

hyper-parameters (e.g., size of the network) of FairST and EquiTensors; and 3) producing

EquiTensors using different subsets of the available datasets to see whether adding more data

to the EquiTensors will lead to higher utility.
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5.2.6 Informing Model Design with Dataset Relationship

The EquiTensor integrates a lot of urban data, but it does not make use of the relationship

between the datasets. How to optimize the current integration model to use the dataset

relationship remains open. We have experimented with a few approaches, including grouping

datasets by dimension, by semantics, and by similarity metrics. But it is not clear yet which

one is the best to represent the relationships between data for the purpose of optimizing

model architecture. Below, we report the design, experiments, results, and discussion of a

hierarchical grouping strategy that aims to produce a better data representation than the

core integrative model described in Section 4.4.

Method. The core integrative model can produce a data representation that contains

information from multiple datasets, but it ignores the correlations among datasets. To

obtain a representation that encodes the relationships among datasets, we use a hierarchical

encoder, the structure of which is informed by the correlations among the datasets or their

encoded representations [182]. Meanwhile, we use a hierarchical decoder that mirrors the

encoder structure. The idea is similar to using structured decoders in multi-task learning.

Grouping similar datasets together helps the reconstruction of each dataset focus only on

relevant information [100]. We evaluate different grouping strategies:

• Grouping by semantic meaning. Based on domain knowledge or metadata, we can

group urban datasets according to their semantic properties. For example, meteoro-

logical knowledge suggests that pressure, precipitation, and air temperature correlate

with each other.

• Grouping by dimension. Since expert advice or metadata is not always available,

another natural way to group the datasets is to organize them by dimension. Dimension

itself sometimes suggests important datasets relationship. For example, 1D datasets

such as citywide air quality do not associate with time-invariant data such as steep

slopes.
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• Automatic grouping. Although dataset dimension can provide useful prior knowl-

edge of dataset relationship, we hypothesize that it may result in coarse-grained group-

ings when the number of datasets of a particular dimension is large. We can further

computationally determine a grouping strategy based on quantitative similarity within

datasets of a certain dimension (e.g., all 2D datasets). Specifically,

– Based on a trained core integrative model, we obtain the intermediate representa-

tions (feature maps) of each dataset from the last layer of the encoding part. We

then calculate pairwise dataset relationships using some distance metric among

the encoded representations of the same dimension. We adopt two commonly used

distance metrics: cosine similarity and earth mover’s distance (EMD). In this way,

we can obtain an Affinity Matrix, in which each dataset is represented by its dis-

tance with all datasets including itself. We then average out the affinity matrix

for training samples to obtain a final affinity matrix for the entire study period

for this particular dimension. The idea of representing dataset relationship using

affinity matrix is informed by recent work in supervised learning [131, 142, 182]

and task taxonomy where the relationships among multiple predictions tasks are

studied for transfer learning [177, 34]. However, our setting is unsupervised, and

we use symmetric grouping structure in both the encoder and decoder.

– We perform clustering based on the affinity matrix, resulting in a grouping strat-

egy of all datasets of a particular dimension. We repeat the process to obtain

three sets of clustering results for 1D, 2D, and 3D data, respectively. We use the

Affinity Propagation algorithm [45] as it automatically determines the number of

clusters.

• Multi-level automatic grouping. The three methods described above provide two-

level grouping strategies. We explore a dynamic multi-level hierarchical grouping

strategy based on the relationship among encoded representations generated during
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Figure 5.1: (A): The core integrative model to start with. (B): Add one level of encoder and

decoder after the first iteration. (C): Add one more level of encoder and decoder after the

second iteration.

autoencoder training, aiming to 1) encode hierarchical relationships into the output

latent representation; and 2) allow the decoder of each dataset to gradually focus on

relevant information. As Figure 5.1 illustrates, we start from the core integrative model

and develop the autoencoder greedily based on the clustering results of encoded repre-

sentations from the last encoding layer of the current architecture. This idea is related

to the Adaptive Model Widening by Lu et al. [100] and automatic branched multi-task

network by Vandenhende1 et al. [142] for multi-task learning.

Experiments Through experiments, we seek to answer the following questions: 1) Do

the grouping algorithms lower reconstruction error relative to ungrouped architectures? And

2) Does the multi-level grouping algorithm outperform the simpler two-level grouping strate-

gies? Specifically, we compare six grouping plans in terms of their reconstruction accuracy

and training time.

1. Core model: The core integrative model without grouping.

2. Grouping by dimension: A two-level hierarchical plan that groups the inputs by di-

mension.
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3. Grouping by semantic meaning: A two-level hierarchical plan that groups the inputs

by semantic meaning.

4. Random grouping: A two-level hierarchical plan that groups the inputs into clusters

randomly.

5. Automatic grouping: A two-level hierarchical plan that groups the datasets by di-

mension first and then by feature map similarity. We tested two distance metrics:

cosine similarity and earth mover’s distance (EMD). Feature maps were flattened to

1D vectors when calculating cosine similarity and EMD.

6. Multi-level automatic grouping: A multi-level hierarchical autoencoder that constructs

the network dynamically based on feature map similarity. We experimented with a

three-level architecture with cosine similarity and earth mover’s distance, respectively.

Results and Discussion. Table 5.1 shows the total reconstruction accuracy and per

sample training time of different models. We observe that all models with grouping strate-

gies (except random grouping) outperform the ungrouped model (core model) in terms of

reconstruction accuracy. This suggests that supplying the model with some information on

dataset relationship may help. But we caution that the performance gain of hierarchical

strategies over the core model may come from the additional model capacity brought by the

model structure change. We observe that the simple strategy, grouping by dimension, out-

performs all other models including the multi-level strategies in both accuracy and training

time. This implies that dimension information is very informative in our case. Compared to

two-level grouping strategies, multi-level grouping shows inferior model performance despite

larger network capacity (more parameters to learn). This implies that the grouping results

produced by the automatic plans are not ideal. The reason could be that simple distance

metrics such as cosines similarity are not sufficient to capture spatial correlations among

datasets or that averaging over all training samples ignores the temporal dynamics of our

data. It is also unclear whether the multi-level grouping architecture will improve upon the

two-level automatic grouping ones if a more appropriate grouping strategy is applied.
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Table 5.1: Total reconstruction accuracy (MAE) and per sample training time (ms) of models

with different grouping strategies.

Model Reconstruction accuracy Per sample training time

Core model 0.217 12.88

By dim 0.062 14.18

By semantic meaning 0.202 16.44

Random grouping 0.226 16.50

Auto group (cosine similarity) 0.117 24.72

Auto group (EMD) 0.067 23.01

Multi-level auto group (cosine similarity) 0.125 28.93

Multi-level auto group (EMD) 0.074 27.44

One limitation of the hierarchical design is that the complexity of the networks usually

grows with the number of groups, so as the training time. Besides, we need to make additional

design choices such as the output dimensions of the intermediate representations for each

level of grouping. It is not clear yet how these choices may affect model performance.

To summarize, the results suggest that a hierarchical grouping design based on dataset

relationship could potentially help improve the reconstruction accuracy of the integrative

model. Nevertheless, what is the optimal grouping strategy remains an open question.

5.2.7 Addressing Multiple Sensitive Attributes

Our results in Chapter 3 demonstrated that the proposed fairness-aware algorithm (FairST)

can reduce unfairness for multiple attributes, outperforming some state-of-the-art fairness-

agnostic models in both accuracy and fairness. However, we have not addressed multiple

sensitive attributes in EquiTensor. The current version of EquiTensor can only remove

the association with one sensitive attribute. This means that we need to train separate

EquiTensors for different sensitive attributes. The reusability of the EquiTensor could be

improved if the influence of multiple sensitive attributes could be removed all at once. One

way to achieve this goal is to use multiple adversaries, each corresponding to a sensitive
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attribute. A weighted sum of the adversarial loss can then be incorporated into the training

process to optimize for fairness of all sensitive attributes. Nevertheless, this approach may

remove too much information from the resulting EquiTensor, leading to a significant loss

of utility. Empirical experiments are needed to evaluate this method. Future work could

also develop other approaches to address multiple sensitive attributes in fair representations

without sacrificing much utility.

5.2.8 Combining Fair algorithms and Bias-free data

This dissertation explored two fairness methods: enforcing equity through modifying the ob-

jective function of the prediction model (FairST) and removing biased signals from training

data (EquiTensor). The former focuses on optimizing the model for fairness, regardless of

whether the input data is bias-free or not. The latter removes from training data the associa-

tion with a sensitive attribute without modifying the prediction models. Nevertheless, we did

not explore combining the two approaches. Our fairness-aware algorithm, FairST, requires

full access to the entire training pipeline, which is not always feasible. The EquiTensor does

not require access to the training model, but the fairness of the prediction models that use

the EquiTensors is not guaranteed as fairness is not explicitly optimized in the models and

that other training data used by the models may still contain bias. Therefore, it is desirable

to apply other fairness techniques in addition to de-biasing the input data. One promising

solution that this dissertation did not cover is the post-processing method: adjusting the

prediction outcomes for fairness directly without changing the model training processing

[57]. This approach can be used together with the bias-free data to achieve fairness without

the need for retraining. The limitation of post-processing approach is that it often leads

to a significant loss of utility [154, 4]. Future work could explore combinations of fairness

techniques to achieve good fairness utility trade-offs for use cases under different constraints

(e.g., limited access to training data or training models).
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5.2.9 Defining Fairness for Urban Applications

Current research in fair machine learning focuses on the technical aspects of algorithmic

fairness. This dissertation takes one step further to bridge fair machine learning methods

and application domains (i.e., predicting urban activities). However, many issues deserve

further investigation in order to make fair-aware machine learning systems more useful in

the real world. For example, this dissertation relies on fairness metrics to evaluate the

equity of urban applications. Nevertheless, there are several limitations to fairness metrics.

To begin with, a plethora of fairness metrics has been proposed and many of them are

intrinsically incompatible with each other [5]. There is a lack of consensus on how to define

and measure the fairness of an algorithm [186]. At the same time, measuring fairness by

metrics may be an oversimplification of the problem. Studies showed that metrics derived

from observational data ignore causality, thus are not sufficient in identifying discrimination

[57, 97]. In reality, fairness is not a technical nor statistical concept; Satisfying fairness

metrics does not necessarily meet equity goals in practice [25, 5]. This dissertation inherited

these limitations of fairness metrics.

Although we improved upon the generic fairness metrics for spatio-temporal settings and

mobility cases, but the metrics we developed are still an over-simplification of equity in the

real world. There are still open questions that deserve further exploration. Specifically, we

developed two fairness metrics in Chapter 3: region-based fairness gap (RFG) and individual-

based fairness gap (IFG) for new mobility drawing on the notion of statistical parity [35]

and vertical equity [31]. We assume that a perfectly fair scenario has zero demand gap

for new mobility resources between two demographic groups. Our goal is to encourage fair

resource allocation (e.g., bike re-balancing) by making predictions that minimize the demand

gap. Here, we implicitly assume that the operators rely on demand predictions to allocate

resources and that bridging the predicted demand gap aligns with the equity goal in practice.

However, we caution that the demand gap reflected by our fairness metrics is not necessarily a

result of discriminatory practices of the operators. Although bikeshare or rideshare operators
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need to intervene supply/demand (by re-balancing bikes or directing drivers to high-demand

areas), the spatio-temporal distributions of demand are also determined by user needs. This

is different from public transportation planning cases where permanent facilities are set by

agencies. Therefore, it is likely that the fairness metrics reflect a combination of multiple

factors: the user needs, the practices of operators, and the setting of existing transportation

facilities, etc. But this dissertation did not examine which factors contributed to the observed

fairness gaps, which is an interesting topic for future investigation. In the long run, more

research is needed to examine the implications of various fairness definitions, and develop

measures that are not only feasible with technical systems, but can satisfy the specific equity

goals defined by stakeholders of particular applications as well.

5.2.10 Understanding the Feedback Loops of Fair-Aware Algorithms

The vast majority of research in fair machine learning, including this dissertation, focuses

on static problems using historical data for both training and testing. In reality, data-driven

systems dynamically affect their environment and stakeholders, which in turn influences

future data collection [26, 5]. For example, suppose a data-driven system is used to estimate

dockless bikeshare demand and inform bike redistribution. In that case, an underestimation

of demand of an area may result in insufficient supply to that area. The system then collects

the actual usage, which is upper bounded by the supply for future prediction. Moreover,

if the residents of an area often experience unmet demand, they may abandon the service,

reinforcing the low-demand and low-supply feedback loop. It is not yet well understood how

to mitigate the dynamic feedback effects.
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