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Abstract

The prosperity of big data has boosted the development of Al techniques in smart city. In
this thesis, we study the adaptation of newly-emerging machine learning techniques to urban
transport applications. We review existing tasks and techniques in both urban transport un-
derstanding and urban transport actuation, based on which we identify remaining challenges,
which serve as the motivation of my PhD studies. My research during PhD studies primarily
tackles two major challenges (in particular contexts), namely, the presence of non-recurrent
mobility patterns and the experimental limitations in actuation tasks.

In the first work, we tackle the challenge of non-recurrent mobility patterns in the context of
highway vehicular traffic flow prediction. We adopt spatiotemporal modeling techniques and
propose to mine the transition patterns from historical trajectories to complement non-recurrent
mobility patterns. Specifically, we devise a model, Trajectory-based Graph Neural Networks
(TrGNN), that incorporates trajectory transition patterns into the spatiotemporal deep learning
framework based on graph to improve the accuracy of traffic flow prediction. Experiments with
our approach on a real-world dataset achieves significant improvement on prediction accuracy,
especially in non-recurrent scenarios.

Our second work is motivated from the challenge of an experimental limitation encountered
in the task of driver recipient selection for traffic safety education to reduce traffic accidents.
We formulate the task into an uplift modeling problem, a typical problem in causal inference.
We identify the challenge that due to the infeasibility of proper experiments (i.e. Randomized
Control Trials) in such a real-world scenario, datasets often come with bias, which deteriorates
the estimation of uplifts by existing models and evaluation metrics. This is a common challenge
in uplift modeling across various domains (even beyond urban transport). We systematically
study uplift modeling approaches and propose organic integration of sample re-weighting in
existing uplift models and evaluation metrics. Extensive experiments with three real-world

datasets as well as the case study on traffic safety education show significant performance gain

xviii



from our proposed approach.

A large portion of our research is found to be easily applicable to domains beyond urban
transport. For example, we realize that the techniques for spatiotemporal modeling studied in
our first work could be easily transferred to domains such as weather forecasting. Besides, the
advance of sample re-weighting proposed in our second work can be applied to medical study
with satisfactory results, as already demonstrated by our experiments with the infant dataset and
the twins dataset, and can be further applied to domains like e-commerce marketing. Moreover,
the major challenges we have identified in urban transport understanding and actuation, such as
multi-source data fusion or knowledge transferability, can in fact be seen in various smart city
applications beyond urban transport (e.g. surveillance, smart lighting, air quality management),
and even domains beyond smart city. Hence, effective solutions to these challenges would bring

benefits more than we expected.
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Chapter 1
Introduction

With the increasing population and vehicles in cities, it is of greater importance to study their
mobility and solve related problems, referred to as urban transport applications. Urban trans-
port applications range from understanding to actuation. Typical problems in urban transport
understanding vary in their contexts (such as vehicular mobility or human mobility), in their
objectives (such as prediction or estimation), and in their degrees of sparsity (e.g. anomaly
such as accidents or system breakdown). Accurate understanding of urban transport lays the
foundation for its actuation. Urban transport actuation refers to the intervention with the trans-
portation environment for the sake of certain improvement, such as traffic signal control and
traffic safety education. Problems in urban transport understanding and actuation, from a mod-
eling perspective, are problems of prediction and optimization, and the interplay between the
two is often non-negligible.

The prosperity of big data has brought unprecedented opportunities to the development
of Al techniques, and in particular, machine learning, as well as to its application in urban
transport. Big data and Al techniques have been leveraged in urban transport applications for
long. For prediction tasks, a variety of approaches have been adopted, such as naive approaches
(e.g. HA [83]), traditional statistical approaches (e.g. time series analysis [45]), traditional
machine learning (e.g. SVR [2], RF [13]), and its recently advanced branch, deep learning
(e.g. CNN [69], RNN [77], GNN [160]). For optimization tasks, besides simulation (e.g. Sidra
[3]) and operations research (e.g. mathematical programming [82]), machine learning models
also come into play. For example, a recent trend explores the application of deep reinforcement

learning to traffic signal control [147, 131].



However, challenges remain when machine learning models are adapted to urban transport
applications. These challenges include, but are not limited to, the presence of non-recurrent
mobility patterns (especially in understanding), and the limitations of proper experiments for
model testing (especially in actuation).

My PhD study aims at resolving the challenges that remain in urban transport applications,
including both understanding and actuation, via adapting the emerging modeling techniques
from machine learning.

Our first work examines a prediction problem, namely, vehicular traffic flow prediction.
When applying machine learning models in vehicular traffic flow prediction, we identify the
challenge that the presence of non-recurrent traffic flow patterns limits the prediction perfor-
mance of existing approaches. Therefore, we propose a novel spatiotemporal deep learning
framework to mine the underlying causality of flows leveraging historical trajectories, so as to
reach more accurate prediction results.

Our second work is motivated from an actuation task: to select the best set of drivers as
recipients of traffic safety education to reduce traffic accidents. We discover the task as a
causal inference problem, named uplift modeling, or individual treatment effect estimation.
When applying existing uplift models in traffic safety education, we identify the challenge
that due to the infeasibility of proper experiments (i.e. Randomized Control Trials) in such
a real-world scenario, the dataset collected from historical observations comes with selection
bias, which deteriorates the estimation of uplifts by existing models and also deteriorates the
validity of existing evaluation metrics. Therefore, we systematically examine this challenge
and propose and analyze sample re-weighting methods to correct the bias, in the hope of finding
the most ‘persuadable’ drivers for education to reduce accidents despite the inaccessibility to
their ground truths.

Section 1.1 and 1.2 briefly summarize our contributions in the two works.

1.1 Traffic Flow Prediction with Vehicle Trajectories

This work proposes a spatiotemporal deep learning framework, Trajectory-based Graph Neu-
ral Network (TrGNN), that mines the underlying causality of flows from historical vehicle
trajectories and incorporates that into road traffic prediction. The vehicle trajectory transition

patterns are studied to explicitly model the spatial traffic demand via graph propagation along



the road network; an attention mechanism is designed to learn the temporal dependencies based
on neighborhood traffic status; and finally, a fusion of multi-step prediction is integrated into
the graph neural network design. The proposed approach is evaluated with a real-world trajec-
tory dataset. Experiment results show that the proposed TrGNN model achieves over 5% error
reduction when compared with the state-of-the-art approaches across all metrics for normal
traffic, and up to 14% for atypical traffic during peak hours or abnormal events. The advantage
of trajectory transitions especially manifest itself in inferring high fluctuation of flows as well

as non-recurrent flow patterns.

1.2 Towards Sample Re-Weighting in Uplift Modeling

Uplift models often rely on Randomized Control Trials (RCTs) and assert strong assumptions
on data such as unconfoundedness, while in real-world applications data are often collected as
observables at the presence of confounding bias. This work analyzes methods that bridge the
gap between existing uplift models and real-world applications due to confounding bias. First,
we systematically summarize the assumptions made by existing uplift models either explicitly
or implicitly, with attention to the unconfoundedness assumption. Second, we emphasize the
role of sample re-weighting in eliminating confounding bias: for uplift modeling, we analyze
the pros and cons of direct dataset sampling with four modes of implementation proposed, and
we propose two novel approaches to organically integrate inverse propensity scoring into the
structural design of the model; for uplift evaluation, we propose two adapted metrics, namely,
AUUUC and MTUC. Extensive experiments are conducted on three datasets with a variety of
uplift frameworks and models, and results show that an organic integration of inverse propen-
sity scoring into the structural design of the model has great potential for performance gain.
Specifically, our proposed model Class Transformation (Random Forest with Inverse Propen-
sity Scoring) increases AUUUC by up to 46%, and in a case study of education recipient

selection, it would help traffic police further reduce monthly accident rate by 3.4%.

1.3 Organization of This Thesis

This thesis consists of five chapters. We introduce the background and related work, and elab-

orate the remaining challenges in Chapter 2. In Chapter 3, we introduced our first work with



TrGNN, a spatiotemporal deep learning framework for vehicular traffic flow prediction. We
introduce our second work on sample re-weighting in uplift modeling in Chapter 4. Finally,

we conclude the thesis and imagine future work in Chapter 5.



Chapter 2

Background and Related Work

Our research work throughout the PhD program and in this thesis is around solving problems
in the urban transport applications. The contexts would involve vehicular mobility (such as
vehicles moving on a road network), or human mobility (such as passengers in a public transit
system like MRT, or pedestrian on the streets). These different contexts give rise to a variety of
tasks to serve different purposes. For example, some tasks aim at understanding the mobility
patterns better, such as traffic prediction. In particular, many of these understanding tasks care
about anomalies (for example, accidents), because usually these anomalies are the ones that
really have strong impacts on the urban mobility patterns. Another type of tasks focuses on
actuation, where we really intervene with the environment for the sake of certain improvement,
and one example is traffic safety management.

If we summarize all the tasks from a technical perspective, we are actually dealing with
an interplay between two problems: prediction (for urban transport understanding) and opti-
mization (for urban transport actuation). With prediction, we understand things that are not
explicitly known, and then with optimization, we make a difference, and see what happens,
and based on that impact modify our action, and so on and so forth.

Therefore, we divide the review of background and related work into two parts: urban
transport understanding (Section 2.1) and urban transport actuation (Section 2.2). We discuss
common applications and techniques required in each domain. Based on the review, we iden-
tify challenges that remain in the application of machine learning models to urban transport

(Section 2.3), which serve as the motivation of my PhD studies in this direction.



2.1 Urban Transport Understanding

Urban transport understanding involves understanding of current or future traffic patterns in
urban cities. Typical problems in urban transport understanding (Section 2.1.1) vary in their
contexts (such as vehicular mobility or human mobility), in their objectives (such as prediction
or estimation), and in their degrees of sparsity (e.g. anomaly such as accidents or system
breakdown). These problems often require Al techniques for spatiotemporal modeling (Section

2.1.2), as well as the availability of sensing data (Section 2.1.3).

2.1.1 Applications

Tasks in urban transport understanding can be categorized by their contexts. We provide a
summary of existing tasks of our interest for vehicular mobility, human mobility, on-demand

services and others.

* Vehicular mobility. Vehicular mobility understanding tasks are usually associated with a
road network. Macroscopic tasks include traffic flow/speed/density estimation and pre-
diction, detection and prediction of accidents and its impact; microscopic tasks include
travel time estimation, trajectory recovery, and trajectory prediction. Modeling vehicular
mobility plays an important role in actuation (to be discussed in Section 2.2) such as to
improve efficiency in traffic control and planning, to avoid congestion and reduce acci-
dents, and to save environmental resources. Our studies later in Chapter 3 will focus on

the context of vehicular mobility.

* Human mobility. Human mobility can occur in public transit systems such as railway
or bus, or in a 2D subspace such as streets and grounds, or in a 3D subspace such as
shopping mall. Macroscopic understanding tasks include crowd flow estimation and
prediction, detection and prediction of system breakdown and its impact; and micro-
scopic understanding tasks include travel time estimation, trajectory recovery, trajectory
prediction, and transportation mode inference. Understanding human mobility plays an
important role in public resource allocation (e.g. public transport, policing), as well as

marketing.

* On-demand services. On-demand services include taxi, ride-hailing, bike-sharing, and

so on. Understanding tasks include prediction of demand and supply of these services.



e Others. Other urban transport understanding tasks include analysis of city functionali-

ties, such as region-wise Origin-Destination (O-D) analysis and Point of Interest (POI)

tagging.

2.1.2 Spatiotemporal Modeling

As urban transport often demonstrates strong spatiotemporal properties, spatiotemporal mod-
eling plays a crucial role in most of the tasks in urban transport understanding. Hence, it is
of our interest to explore existing solutions in spatiotemporal modeling and their adaptations
to different tasks in the domain of urban transport understanding. In this subsection, we pro-
vide a review of existing spatiotemporal tasks in urban transport understanding, and existing
approaches in spatiotemporal modeling, most of which have been applied to urban transport
understanding. We provide a guideline for judging the suitability of applying a spatiotempo-
ral modeling approach to a certain task in urban transport understanding. Finally, we identify

potential gaps for future study.

Tasks

We identify common spatiotemporal tasks related to urban transport understanding. Prediction
is the most common type of tasks in urban transport understanding, such as predicting an event
(e.g. traffic accident), a trajectory (vehicular trajectory), or a macroscopic metric (traffic flow).
To name a few other types of tasks: representation learning which extracts features from spa-
tiotemporal data (e.g. trajectories) to facilitate more specific downstream tasks; estimation (e.g.
traffic estimation, trajectory recovery) which infers fine-grained knowledge from coarse data;
anomaly detection (e.g. accident detection) which identifies abnormal patterns from the data
to raise alarms; multi-source data fusion which integrates spatiotemporal data with other data
sources to improve the performance of various tasks. In general, tasks vary in their contexts,
objectives, and corresponding data types. One particular spatiotemporl task is vehicular traffic

flow prediction to be detailed in Chapter 3.



Table 2.1: An overview of spatiotemporal modeling approaches and their applications.

Year Model Spatial Temporal Remarks Applications
- HA[83] - Historical Average periodicity traffic prediction
- MA - Moving Average stationarity traffic prediction

. . - ARIMAJ[11],SARIMAJ[132] | .. traffic flow/speed prediction;
1996-2014 | time series VARMA([53],STARIMA[79] finear travel ime estimation
2006 BN[116] Bayesian Network probabilistic traffic flow prediction
2015 SVR[2] Support Vector Regression non-linear traffic flow prediction
2015 SAEs[74] Stacked Auto-encoders non-linear traffic flow prediction
2014-2016 | Boltzmann machines RBMJ[90];DBN[50] probabilistic traffic speed prediction
2016 kNN[134] k-Nearest Neighbors - traffic flow prediction
2016 DeepST[151] CNN FullyConnected region-based crowd flow prediction
2016 ConvLSTM[136] CNN LSTM region-based precipitation forecasting
2017 CNN[76] CNN time-space traffic speed prediction
2017 Deep LSTM[146] - LSTM accident traffic speed prediction
2017 ST-ResNet[150] ResNet ResNet region-based crowd flow prediction
2018 DMVST-Net[143] CNN LSTM region-based taxi demand prediction
2018 MURAT[66] Graph Embedding | ResNet multi-task travel time estimation
2018 T-GCN[156] GCN GRU graph-based traffic speed prediction
2018 DST-GCNN[127] GCN CNN dynamic graph | traffic flow prediction
2018 DCRNN[67] Diffusion Conv Seq-to-seq with GRU graph-based traffic speed prediction
2018 STGCN[145] CNN CNN parallel run traffic speed prediction
2018 Q-Traffic[70] CNN Seq-to-seq with LSTM map queries traffic speed prediction
2018 DeepMove[35] - GRU + Attention attention human trajectory prediction
2019 DMPP[92] Deep Mixture Point Process probabilistic accident prediction
2019 LightNet[39] Seq-to-seq with ConvLSTM - lightning prediction
2019 ST-MGCNI38] GCN Contextual Gated RNN multi-graph ride-hailing demand forecast
2019 MRes-RGNN[16] Diffusion Conv GRU residual unit traffic speed prediction
2019 ST-MetaNet[94] GAT GRU attention traffic flow/speed prediction
2019 STG2Vec[68] Graph Embed+Att | LSTM attention bike-sharing demand forecast
2019 STDN[142] CNN LSTM-+Attention attention; taxi demand forecast;

region-based ride-hailing demand forecast

2020 GMANTI158] Graph Attention Attention multi-head att traffic flow/speed prediction
2016-2018 | [124] [51] Reinforcement Learning peak hours traffic/passenger flow control
2018 TT-DL[125] CNN + Transfer Learning - traffic flow prediction
2018 RegionTrans[126] ConvLSTM + Transfer Learning - crowd flow prediction




Approaches

In Table 2.1, we provide a summary of spatiotemporal modeling approaches that have been
explored as well as their applications in urban transport understanding (or else) up to the year
2019. We scanned through works primarily retrieved from the Google Scholar website with
keywords such as ‘spatiotemporal modeling’ and ‘traffic prediction’, followed by scanning
through the papers cited in these works, with special attention to papers published in top-tier
conferences and journals in the domains of machine learning (e.g. NIPS, ICLR, ICML, AAAI)
and intelligent transportation systems (e.g. Transportation Research, T-ITS). We analyze the
works in terms the publication time, the model applied (and in particular, the spatial and tem-
poral elements involved in the design of the model architecture), and the specific task in urban
transport understanding to solve.

The most naive approaches are HA and MA, which simply takes the average of histor-
ical readings as future measurement. These approaches are straightforward, but they make
strong assumptions on the periodicity or stationarity of traffic, which seldom hold for traffic
data. For decades, time series approaches (e.g. ARIMA and its variants) have been thoroughly
exploited to capture the temporal correlations of traffic. However, these approaches rely on
strong assumptions about linearity and stationarity of traffic and often ignore the spatial impact
from neighboring traffic. Later on, traditional machine learning models come into play, either
discriminative (e.g. kNN, SVR) or generative (e.g. RBM, BN), which are able to model non-
linear or complex spatiotemporal correlations. With recent advances in Al, a spatiotemporal
deep learning framework becomes the favorite due to its high learning capability from big data:
it models the spatial correlations via either CNN (as for images) or GCN (as for graphs) to cap-
ture the impact from neighborhood traffic; it models the evolution of traffic via either RNN
(e.g. LSTM, GRU) or sequence-to-sequence RNN to capture the temporal correlations; and it
makes it flexible to embed auxiliary information (e.g. periodicity, weather, event) as a comple-
ment. Attention mechanism has also become popular since 2019, to replace the spatial and/or
temporal component in the framework. Many instances of these approaches are applied or
adapted to various tasks in urban transport understanding. Meanwhile, reinforcement learning
and transfer learning have also been applied to solve tasks like traffic control and inter-context
traffic prediction respectively. We refer interested readers to surveys [128, 83, 144, 135] for
detailed reviews of spatiotemporal modeling. We will propose a new spatiotemporal modeling

approach in Chapter 3, and compare it with some of the approaches discussed above.



Guideline for new applications

We raise up a few perspectives to consider when applying a spatiotemporal modeling approach
to a certain task in urban transport understanding.

Spatially:

* What is the spatial space (e.g. grid-like, graph, 2D, 3D)?

What is the granularity level (e.g. point, road segment, region)?

Are exact locations or approximate locations needed?

Do I need microscopic (e.g. trajectory) or macroscopic (e.g. flow) data?

What should be the scope of the neighborhood, and how should neighbors be selected?

Temporally:

What is the granularity level, in minute (e.g. travel time estimation) or in hour (e.g.

traffic prediction) or else?

Is the sampling frequency of the data sufficient to support our task?

Does the dataset come with stationary property?

Does the task require real-time response?

A systematic preliminary analysis of the questions above would help researchers to decide
on representative datasets for experiments, to set the correct data preprocessing parameters as

well as to select the most appropriate modeling approaches.

Research gaps

We identify a few research gaps in the application of spatiotemporal modeling approaches to

urban transport understanding. Namely,

* The need for generic solutions. The performance of a model strongly depends on tasks,
and even strongly depends on datasets - there is not a single ‘best” model. Hence, there
is a need to design more generic models: models that are transferable from one city

to another (e.g. in POI mining, traffic prediction), from one context to another (e.g.
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expressway network vs downtown), from microscopic to macroscopic (e.g. trajectory vs

flow), and across different measures (e.g. flow vs speed).

* The complexity of pedestrian movement. Pedestrian movement is complex in that pedes-
trian move flexibly in a 2D (e.g. ground) or 3D (e.g. shopping mall) space, unlike
vehicular mobility which is constraint by a road network. There is limited work on the
analysis of pedestrian movement, due to limited data sources. However, with the increas-
ing availability of surveillance camera data, the analysis of pedestrian movement can be
a promising direction. One interesting problem is to analyse pedestrian flow based on ap-

proximate, incomplete pedestrian trajectories, which could involve geometric inference.

¢ The utilization of a transformer [122]. Transformer is an attention-based encoder-decoder
architecture introduced in Natural Language Processing (NLP) that can be trained in par-
allel and becomes the new basic building block in NLP. Being a newly emerging and in-
creasingly popular deep learning model in recent years, we see huge potential for adapt-
ing it to urban transport understanding, with the ability to model urban transport data
booth spatially and temporally. Works on this adaptation exist but are limited, and we

believe this is a promising direction in solving urban transport understanding problems.

2.1.3 Sensing Data

With the development of sensing devices and sensing techniques, there have been increasingly
available data for us to study urban transport, and they come on a larger scale and in a deeper
level of granularity. However, limitations exist in the sensing devices as well as in the data
collection process, and different types of sensors have different impacts on the quality of the
datasets. In this subsection, we provide a review of different types of sensors and their impacts
on the data quality. To complete the picture, we also introduce useful data sources other than
sensing. We provide a guideline for modeling a certain task in urban transport understanding
with sensing data. Finally, we introduce related works and point out a few research gaps for

dealing with sensing data.

Sensors and their impact on data quality

The most common sensors for urban transport data collection include: loop detectors, GPS

devices, toll collection devices and cameras.

11



* Loop detectors. Loop detectors lie on fixed locations in the road network, and collect
macroscopic data about vehicles passing by, such as traffic flow, speed or density. The
deployment of loop detectors are often sparse (e.g. on arterial roads only), resulting in
spatially sparse data. Trajectory information (i.e. a sequence of locations stamped by

timing for an individual vehicle) is not available from loop detectors.

* GPS devices. GPS devices move with vehicles or pedestrians to collect their location
readings at a certain frequency (e.g. one reading per 30 seconds). The location readings
are not exact, on an error range of 1 - 5 meters by radius, and map matching is often
required for vehicles to map a reading to the road network. Trajectories can be extracted
from GPS data via matching of vehicle or pedestrian identities between readings. The
dataset is often partial, not able to cover all vehicles or pedestrian (e.g. trajectory data
from a taxi company, via GPS devices deployed on taxis only). Our experiments in

Section 3.5 leverage trajectory data that are extracted from GPS readings.

* Toll collection devices. Toll collection devices (e.g. fare card readers, ETC, QR code)
are often deployed in a public or private transit system (e.g. highway, subway, bus) on
fixed locations (except for bike-sharing), and collect data (including id, time, location,
fare price) of vehicles or pedestrians on entries, exits, or checkpoints. Explicit O-D
information and identity information are available, but intermediate trajectory is largely

uncertain due to the sparseness in deployment.

* Cameras. Cameras have become the most promising sensors for future research on ur-
ban transport understanding, due to its increasing coverage and the newly emerged com-
puter vision techniques in recent years. Camera data enjoy the advantageous properties
of both loop detectors data (e.g. exact location) and GPS data (e.g. trajectories via
identification), plus a rich array of attributes (e.g. vehicle type, pedestrian appearance).
Nevertheless, camera data can be sparse/missing/wrong depending on computer vision

techniques, camera deployment and functionality, and environmental factors.

Figure 2.1 illustrates the layout, pros and cons of these common sensors in the scenario of ve-
hicular mobility. Other types of sensors are available for urban transport data collection. Table
2.2 lists out a variety of sensors and their impacts on the data acquired. We refer interested

readers to a handbook [58] for a more detailed comparison of different sensors.
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Vehicular mobility as an example:

GPS data:

+ Trajectory

- Moving and approximate location
- Readings at a certain frequency

- Partial/biased (e.g. probe vehicles)

Camera data:

+ Fixed and exact location

+ Macroscopic via counting

+ Trajectory via vehicle identification
+ Arrich array of attributes

j ] @ °* o
j ] <>
Loop detectors data:

+ Fixed and exact location

+ Macroscopic (e.g. flow/speed)

- Arterial roads only
- No trajectory

v

A
e 3

° Toll collection data:

+ Fixed and exact location
+ Vehicle identification available
- O-D only, no intermediate trajectory

Figure 2.1: The most common sensors in vehicular mobility. The ‘+’ and ‘-’ signs denote pros
and cons.

Alternative data sources

It is worth mentioning that apart from sensing data, other types of data can also have strong
impacts or implications on urban transport. These data include but are not limited to periodicity
(e.g. time of day, day of week, public holidays, seasons), special events (e.g. concerts, sports
games), anomalies (e.g. accident records), road conditions (e.g. road closure, road construc-
tion), environment (e.g. weather, air quality, lighting conditions), functional areas (e.g. POIs),
and map queries. Incorporating these miscellaneous data could significantly benefit the perfor-
mance of machine learning models in urban transport understanding. Our work in Section 3.4
leverages periodicity information, and design for periodic features to improve the prediction

accuracy.

Guideline for leveraging sensing data

We raise up a few perspectives to consider when modeling a certain task in urban transport
understanding based on sensing data.

To leverage sensing data,
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Table 2.2: An overview of sensing techniques and their impact on data quality.

Sensors Data entry Data property

Inductive loop

Magnetic

Microwave radar . .

Infrared flow/speed/density CX?.Ct location, Macroscopic data,
trajectory not available

Laser radar

Audio

Infrared

Automated Fare Collection | entry/exit/checkpoint | exact location, O-D

Call Detail Record . . approx location, large-scale, O-D

GPS (smartphone) pedestrian trajectory approx location (map matching

GPS (vehicles) vehicular trajectory required for vehicles)

Camera videos exact location, rich array of data

* Which data source(s) are available, i.e. granted permit of usage by owners, easy to obtain

and legally allowed?
* Should we use one single data source or fuse multiple data sources?
* Which data source(s) is(are) the most appropriate?
* Is data preprocessing required, and is any relevant preprocessing technique required?

* Need data be collected in real-time, and what is the tolerance of latency in data acquisi-

tion?
How to utilize sensing data in a proper way in order to solve a specific task in urban trans-
port understanding is a practical and interesting problem.
Research gaps

Depending on the nature of the datasets and the task, we may need to address several issues
when using sensing data for tasks in urban transport understanding. We introduce existing

work and identify a few research gaps toward this direction. Namely,

* Data conversion. Depending on the task to fulfill, raw data collected from sensors may
need to be converted into another data type. For example, [88] designs an HMM-based

map matching algorithm to convert GPS readings of probe vehicles into trajectories on
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a road network to serve road network-based tasks. Computer vision techniques can be
applied to extract vehicle related features (e.g. vehicle plate number, vehicle appearance)
from camera snapshots [120]. We would expect more work on data conversion when

more data are collected in urban transport understanding for the sake of future research.

* Imperfect data quality (e.g. sparse/missing/wrong data). Data collected from sensors are
often sparse in space and/or time as discussed above; and data can be missing or wrong
due to various reasons in the collection process (e.g. faulty devices, vague videos from
cameras and wrong vehicle identity recognition, and noise from the environment). As
an attempt to improve data quality, [71] proposes to estimate traffic speeds of all road
segments from sparse trajectories via compressive sensing techniques. However, there
is a lack of work on a variety of alternative scenarios, such as to recover fine-grained
data from coarse data, to remove noise and uncertainties from raw data, and to extract a
cleaned version of data with higher confidence. We believe that some of these issues can

be resolved via the incorporation of spatiotemporal reasoning.

* Multi-source data fusion. Data come from different types of sources (e.g. flow, speed,
periodicity, weather). A natural way to overcome the weakness of data quality is to
combine multiple data types that could complement each other. For example, [120] re-
covers trajectory data from camera sensing data by fusing information from multiple data
sources including vehicle identity, vehicle appearance features as well as spatiotemporal
constraints; as discussed in Section 2.1.2, a deep learning framework would make it flex-
ible to embed auxiliary information [70] into the model, or combine multi-model data
by a simple concatenation [32]; [5] attempts to estimate traffic density fusing traffic flow
data from videos and travel time data from GPS readings of probe vehicles; and [118]
fuses license plate recognition data from videos with GPS trajectory data of probe vehi-
cles to estimate queue length at intersections. We believe that more work can be done in

this direction.

2.2 Urban Transport Actuation

Urban transport actuation refers to intervening with the environment for the sake of certain

improvement in urban transport. Section 2.2.1 lists out typical applications in urban transport
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actuation. We usually regard a task in urban transport actuation as more challenging to solve
than a task in urban transport understanding. To elaborate, urban transport actuation not only
requires urban transport understanding in the first place, but also requires a decision strategy
for intervention, which is by nature an optimization problem, and thus techniques for solving
optimization problems (Section 2.2.2) are usually required. Moreover, urban transport actu-
ation involves intervention that modifies the underlying distribution of urban transport data,

making it harder to understand - this is where causal inference (Section 2.2.3) comes into play.

2.2.1 Applications

Tasks in urban transport actuation vary in their contexts and their objectives. Below we list out

a few typical applications in urban transport where actuation is involved.

* Traffic signal control. Traffic signals control the order of traffic flows when multiple
flows of vehicles meet at an intersection. A good traffic signal control strategy can im-
prove traffic efficiency, reduce traffic accidents, and reduce air pollution. Traffic signals
nowadays are mostly operated automatically (instead of manually). They can be oper-
ated according to pre-decided rules, or dynamically adjusted based on real-time traffic

information, with or without machine learning models.

* Traffic safety education. Traffic safety education could raise public awareness of traffic
safety and reduce traffic accidents. A good allocation of traffic police resources over
education recipients, contents, or locations could achieve effectiveness on accident pre-
vention and reduction. Our work in Chapter 4 discusses a particular problem in the

context of traffic safety education.

* Traffic police scheduling. Traffic police scheduling allocates traffic police officers over
traffic control duties. Traffic police scheduling is essential for a variety of objectives such
as reducing traffic jams, preventing or reducing traffic accidents, and emergency vehicle

routing [84].

* Railway/bus scheduling. A good schedule would achieve a proper allocation of trains
or buses over time and space, to best meet the spatiotemporal-varying travel demand of
passengers. It involves more specific tasks such as timetable scheduling and bus route

design.
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* Ride-hailing order dispatch. Ride-hailing order dispatch refers to a real-time matching
from the riding demand (i.e. a pair of origin and destination) of a rider to an avail-
able driver nearby. To achieve effective matching on a large scale, the ride-hailing
platform would take into consideration the distance between driver and rider, alterna-
tive driver/rider nearby, estimated time of arrival, pricing, safety factors, as well as

rider/driver preferences.

* Vehicle/pedestrian/public transit route planning. Route planning advises the fastest or
shortest route between an origin and a destination for the traveling users, subject to real-
time traffic conditions, locations, transportation resources, and user preferences and en-
vironmental factors. Route planning is a crucial application for individual travellers. An
efficient route choice would save travellers’ time; and for a public application with users
on a large scale, such as Google Maps, a good coordination of multiple drivers on a road
network would further improve transportation efficiency and maximize the utilization of

transportation resources.

On the one hand, some of these applications are popular for machine learning researchers.
For example, we see recent works that apply deep reinforcement learning to traffic signal con-
trol or order dispatch. On the other hand, some applications, such as bus scheduling or route
planning, have been in place for long, but their solutions still remain classical without much

recent advance.

2.2.2 Optimization

Optimization, in the domain of operations research, refers to the set of problems which aim at
selecting a strategy (i.e. an solution) that optimizes a certain goal (i.e. an objective function)
given a set of constraints. In urban transport actuation, for example, an optimization prob-
lem may aim at improving traffic efficiency, ensuring public safety or ensuring fairness given
limited transportation resources via an optimal resource allocation strategy.

Mathematically, a general optimization problem [31] can be formulated as

Optimize f(x)
X

subject to h(x) = (Eq. 2.1)



where f(x) represents the objective function; i(x) represents the set of functions in equality
constraints; and g(x) represents the set of functions in inequality constraints.

Tasks in urban transport actuation can largely be transformed into optimization problems,
ranging from the simplest linear programming to more complex problems such as combina-
torial optimization. One particular task, driver recipient selection for traffic safety education,
has been formulated into an optimization problem in Chapter 4. By formulating an actuation
task into a typical optimization problem mathematically, one would find algorithmic solutions
readily available. Alternatively, the optimization problems in urban transport actuation can also
be defined arbitrarily, i.e. not falling into a conventional category of optimization problems in
the domain of operations research, but designed considering the specific task together with its
contexts, and then solved by more flexible approaches such as machine learning (e.g. deep
reinforcement learning).

In Table 2.3, we illustrate typical works in recent years that convert an urban transport actu-
ation task into an optimization problem, the solution of which may leverage machine learning
techniques. In particular, our review finds deep reinforcement learning as the most welcome

machine learning technique applied in urban transport actuation.

Table 2.3: Selected works on urban transport actuation: the applications, their formulation into
optimization problems and the machine learning techniques used.

Application Optimization Machine learning techniques
Traffic signal control [147] Collaborative Reinforcement learning
Traffic signal control [131] Self-defined Reinforcement learning
Ride-hailing order dispatch [137] Combinatorial Reinforcement learning
Taxi order dispatch [152] Combinatorial Bayesian framework
Route planning [10] Shortest path N.A.

Bus schedule optimization [130] Mixed integer k-NN

Vehicle routing problem [86] Combinatorial Reinforcement learning
Electric vehicle charging scheduling [34] | Multi-objective N.A.

Electric vehicle charging scheduling [36] | Game problem Reinforcement learning
Bike-sharing rebalancing [64] Multi-objective Reinforcement learning
Car-sharing rebalancing [102] Markov decision process | Reinforcement learning
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2.2.3 Causal Inference

Different from urban transport understanding, urban transport actuation involves intervention
that modifies the underlying distribution of traffic data. This often renders the original under-
standing inaccurate or biased, and the optimization problem has to be formulated based on the
newly-modified distribution, of which we have little knowledge purely based on historically
observed data. This is where causal inference comes into play.

Causal inference studies the causal effect of intervening one variable (called treatment vari-
able) on the expected value of another variable (called outcome variable) [96]. In traffic safety
education, for example, we may be interested at the causal effect of the traffic police’s educa-
tion on traffic accident rate. Causal inference aims at quantifying this amount of change from
sufficient observations. However, a fundamental issue arising from the definition of causal ef-
fect is that for any sample observed in the dataset, the treatment can only be done to the subject
once - either treat or not treat in the case of binary treatment settings. Thus only one part of
the effect on the outcome variable can be observed, and the other part is never observed and is
called counterfactual. The existence of counterfactuals is known as the fundamental challenge
in causal inference.

In practice, two major types of approaches are available to solve this fundamental chal-
lenge. One is to conduct Randomized Control Trials (RCTs) [112], for example, A/B Tests.
In RCTs, a representative group of the analyzed objects is usually selected for intervention
experiments, and treatment is randomly assigned to each object in this group so that the treated
subgroup and untreated subgroup (in the case of binary treatment) are similar (in terms of fea-
ture distribution). Under these conditions, the causal inference problem can be directly solved
by comparing the outcomes of the two subgroups, and the estimation is theoretically unbiased.

However, experiments like RCTs are not always feasible in real-world applications, and in
fact, often infeasible or prohibited in urban transport actuation due to legal or political con-
straints, data sensitivity issues, or safety concerns. In most real-world tasks in urban transport
actuation, such as traffic safety education or traffic signal control, datasets often come from
historical observations with bias - the treated subgroup and the untreated subgroup can follow
significantly different feature distributions due to targeted selection. Section 4.1 will exemplify
such bias in traffic safety education.

To alleviate the confounding effect in observed data, another type of causal inference ap-

proaches ‘tune’ the distribution of observed data to mimic an RCT. The tuning may be facil-
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itated with the incorporation of prior knowledge or domain expertise, such as the conceptual
building of a causal graph [96] to indicate the causal directions between any pair of variables
in scope. One effective way to tune the observed distribution is sample re-weighting, provided
that certain assumptions hold - this will be discussed in details in Chapter 4.

Conceptually, two major causal inference frameworks are proposed and widely accepted:
the potential outcome framework [111, 105] and the Stuctural Causal Model [96]. Materials
introducing the elements of causal inference are widely available, such as in an introductory
book [97] and in a survey [149].

Research exists that applies causal inference and machine learning in urban transport ac-
tuation, but mostly within transportation safety studies, such as analyzing factors of traffic
accidents [54, 24]. However, we notice some very recent trend that explores the application
of causal inference in traffic signal control [139] as well. We do foresee a trend for exploring
more tasks in urban transport actuation as problems in causal inference, and applying causal
inference-based machine learning to urban transport actuation. In addition, we spot works that
study causality in urban transport understanding, such as evaluating the causal interaction of
traffic states among different road segments [138]. However, these studies focus on causal
discovery instead of causal inference.

It is worth commenting on the relationship between causal inference and optimization men-
tioned in previously. Results of causal inference can be incorporated into an optimization prob-
lem. A typical solution to an actuation task could be to formulate the task into an optimization
problem, whose objective function or constraints upon an intervention policy are estimated via
causal inference, and then solve it. Such practice is not only demonstrated by our work on
recipient selection for traffic safety education (Section 4.6.4), but also demonstrated by appli-

cations in other domains, such as recommendation [81] and marketing [155].

2.3 Challenges

Based on our review of common applications and techniques in urban transport understanding
in Section 2.1 and in urban transport actuation in Section 2.2, we identify a few challenges
that remain in the application of machine learning models to urban transport, which points out

directions of my PhD studies.
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Challenge 1. Non-recurrent mobility patterns.

Urban transport often demonstrates non-recurrent patterns, due to the fluctuation of traffic de-
mand and supply in time and space, the complex nature of interactions among vehicles/pedestrians
and the transportation network, as well as external factors from the environment. Examples in-
clude traffic accidents, railway system breakdown, road closure, or stampede. On the other
hand, existing works are good at modeling recurrent mobility patterns, but they are less effec-
tive in modeling non-recurrent mobility patterns due to their rare occurrences and insufficient
data support. This gap remains as a major challenge in traffic estimation and prediction, though
many approaches have been proposed to alleviate or resolve it. We introduce an example of the

non-recurrent patterns in the context of vehicular traffic in Chapter 3.

Challenge 2. Experimental limitations in actuation.

Actuation requires intervention in a transport system, but the decisions to be made on an in-
tervention policy often rely on preliminary analysis without sufficient access to intervening
the transport system in real-world experiments. This is a typical chicken and egg problem.
A Semi-Simpson’s paradox is introduced in Section 4.1 to demonstrate the deterioration of

modeling results due to experimental limitations.

Challenge 3. Multi-source data fusion.

In many contexts, data come from multiple sources and can be fused to complement each other.
As discussed in Section 2.1.3, a variety of work involves multi-source data fusion. However,
challenges remain to integrate data in a proper way so that we can take good advantage of the
nature of each source. We believe that more work can be done in this direction, considering

the variety of tasks and data sources.

Challenge 4. Imperfect data quality.

As discussed in Section 2.1.3, data used to study urban transport can be sparse, missing or
wrong due to the limitation of data collection via sensing devices. When solving certain tasks
in unban transport understanding, we have to adapt our approach considering the nature and

quality of the data in place.

21



Challenge 5. Knowledge transferability.

As displayed in Section 2.1.2, most of existing work in urban transport understanding are
context-specific, strongly dependent on tasks and datasets. However, one cannot reject the po-
tential of a domain transfer from a highway network to a railway network (both in the forms of
lines with stations and intersections), or from one city to another (both consisting of downtown
and urban areas and displaying similar POI profiles, for example). Nevertheless, very limited
attempts exist to mine general knowledge from urban transport and apply it across various
contexts.

Our research aims at tackling these challenges under different contexts. In particular, our
first work tackles Challenge 1, non-recurrent mobility patterns, in traffic flow prediction, via
spatiotemporal modeling with graph neural networks, which will be detailed in Chapter 3; our
second work is motivated by Challenge 2, experimental limitations in actuation, in traffic safety
education to reduce traffic accidents, to analyze the sample re-weighting techniques in uplift
modeling, which will be detailed in Chapter 4. In addition, our collaborative work [80] tackles
Challenge 1 in urban rail transit system via the modeling of multivariate point process; and our
collaborative work [120] tackles Challenge 3 and 4 in reconstructing large-scale vehicle tra-
jectories from camera sensing data via graph convolution, fusing vehicle identity information
with vision-based information and spatiotemporal constraints by the road network. Details of

these works can be found in our publications listed in Appendix A.
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Chapter 3

Traffic Flow Prediction with Vehicle

Trajectories'

Our first work examines a problem in urban transport understanding, namely, vehicular traffic
flow prediction. When applying machine learning models in vehicular traffic flow prediction,
we identify the challenge that the presence of non-recurrent traffic flow patterns limits the pre-
diction performance of existing approaches, which corresponds to Challenge 1 in Section 2.3.
Therefore, we propose a novel spatiotemporal deep learning framework to mine the underly-
ing causality of flows leveraging historical trajectories, so as to reach more accurate prediction

results.

3.1 Introduction

Robust and accurate predictions of vehicular traffic conditions (e.g., flow, speed, density), ei-
ther short-term or long-term, is necessary for transportation services such as traffic control and
route planning. The challenge of traffic prediction primarily stems from the complex nature of
spatiotemporal interactions among vehicles and the road network.

Data driven approaches have been extensively exploited in predicting vehicular traffic on
the road network. Early attempts leverage time series analysis [132], which primarily models
the temporal correlations of traffic. Conventional machine learning models [116] are applied

to learn the spatiotemporal correlations of traffic from historical data. Latest works apply deep

This chapter is partially published on AAAI 2021 [65], of which I am the first author, with a patent filed (not yet
granted) in China.
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Figure 3.1: The challenge in predicting non-recurrent traffic flows and how vehicle trajectory
information may help.

learning to traffic prediction, and they typically follow a spatiotemporal framework, e.g., Graph
Neural Network (GNN) [67], which demonstrates superior capability in learning complicated
spatiotemporal correlations.

According to studies in transportation domain [110], the road traffic contains two parts: re-
current traffic, which often arises from periodic traffic demand such as daily commuters during
morning and evening rush hours, and non-recurrent traffic, which is triggered by unexpected
causes. There are two major types of non-recurrent traffic patterns as we have observed: un-
expected change in travel demand and unexpected change in road capacity. An unexpected
change in travel demand can be caused by an public transit system breakdown (e.g. an MRT
breakdown, which results in more people from the train station calling taxis as an alternative,
and thus unexpected higher travel demand in the road network), or by a major event; while an
unexpected change in road capacity can be caused by an accident that affects the traffic con-
ditions (especially those on a highway or in a tunnel where alternative routes are not readily
available), or by a temporal road closure due to construction for example.

Existing approaches learn spatiotemporal traffic correlations from patterns that were seen
in history, and thus are favourable in predicting recurrent traffic. In predicting non-recurrent
traffic, however, existing approaches may fail to achieve the same level of accuracy, mainly
due to insufficient observations of similar flow patterns in history. Figure 3.1(a) illustrates such

an issue with an example - when only flow observations (i.e., the number of vehicles passing
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each road segment) are available, existing approaches may learn spatiotemporal correlations
of recurrent flow patterns among different road segments across different time, which cannot
effectively reason how a previously unseen part of the traffic is credited to future road traffic.

In this work, we target at addressing the current challenge with non-recurrent traffic flow
prediction - the challenge that historical flow data cannot provide insights on how non-recurrent
traffic flows correlate in time and space. Thus, complementary to conventional spatiotemporal
modeling using aggregated traffic flow observations, we also exploit intact vehicle trajectories
to infer short-term traffic dependency. As suggested in Figure 3.1(b), trajectory data provide
information of how each portion of a traffic flow transits from one road segment to another,
and thus implies the dependency of upstream and downstream flows. The dependency embeds
knowledge of how downstream traffic are caused by upstream traffic and thus may help infer
traffic flow patterns that have not been seen before.

Incorporating trajectories to traffic flow prediction entails the following challenges: 1) tra-
jectories are only observed from historical data; 2) traffic patterns at trajectory level need be
aggregated properly to reflect the traffic patterns at flow level; and 3) future flows may deviate
from observed patterns due to influence from the environment. To address those challenges, we
propose a novel model, Trajectory-based Graph Neural Network (TrGNN), which learns trajec-
tory transition patterns from historical trajectories and incorporates that into a spatiotemporal
graph-based deep learning framework. The main contributions of our work are summarized as

follows:

* We identify the challenge of predicting non-recurrent traffic flows, and we propose to
incorporate vehicle trajectory data in traffic flow prediction. To the best of our knowl-
edge, this is the first study that attempts to leverage vehicle trajectory data to mine the

underlying causality of flows among roads.

* We design an end-to-end spatiotemporal graph-based deep learning model to predict
traffic flows of the entire road network. Our model embeds trajectory transition into
graph propagation along the road network to model the spatial traffic demand; it learns
the temporal dependencies with an attention mechanism based on neighborhood traffic

status; and finally it fuses multi-step predictions.

» We conduct extensive experiments > with real-world vehicle trajectory data and the re-

2 Code and dummy data are available at https://github.com/mingqian000/TrGNN.
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sults suggest that our model outperforms state-of-the-art approaches in terms of predic-
tion errors across various scenarios (over 5% error reduction), and is especially superior
in predicting non-recurrent flow patterns, e.g., during abnormal events (up to 14% error

reduction).

The rest of this chapter is organized as follows. Section 3.2 discusses related work on
vehicular traffic prediction. Section 3.3 defines the problem and introduces some preliminary
knowledge. The proposed model TrGNN is introduced in Section 3.4, and experimentally

evaluated in Section 3.5. Section 3.6 concludes this chapter.

3.2 Related Work

For decades, data driven approaches have been exploited to predict road traffic conditions, such
as flow [74], speed [67], density [101], accident rate [115], and arrival time [161].

Early attempts with time series analysis model the temporal correlations of traffic, such
as SARIMA [132] and VAR [15]. Those approaches rely on strong assumptions of linear-
ity and stationarity and often ignore the spatial impact from neighboring traffic. Another line
of research focuses on studies of conventional machine learning models, such as k-NN [25],
Bayesian network [116], and SVR [121]. In those models, spatiotemporal features are manu-
ally designed and extracted, and the models are often shallow in structure with limited learning
capability.

Recent advances in deep learning have motivated its application in traffic prediction [72].
Earlier neural network architectures include SAEs [74] and DBN [50]. State-of-the-art ap-
proaches typically follow a spatiotemporal framework: it models the spatial correlations by
CNNs [145] viewing the map as an image, or by GCNs [67] viewing the road network as a
graph; and it models the temporal evolution of traffic as a sequence of signals [156]. The
spatiotemporal framework makes it flexible to embed auxiliary information such as weather
conditions [143], accident data [146], map query records [70], and POIs [38]. Similar to these
works, our model follows a graph-based spatiotemporal deep learning framework; in addition,
we incorporate vehicle trajectory data into the design to address the challenge of predicting
non-recurrent flows.

Among deep learning approaches, Graph Wavenet [133] and SLC [153] mine latent graph
structures to capture long-range dependencies, and MRes-RGNN [16] designs a multiple hop
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scheme to capture long-term periodic patterns; the design goals of those methods deviate from
our key objective of predicting non-recurrent traffic which is often caused by sudden disrup-
tions locally. Other methods explore temporal building blocks and combine them with graph
convolution, e.g., attention in ASTGCN [42] and GMAN [158], gated recurrent unit in T-GCN
[156], temporal convolution in STGCN [145]. Most of these methods aim at reducing overall
prediction errors without specific focus on non-recurrent traffic.

Few existing works leverage trajectory data in traffic flow prediction. [154] leverages tra-
jectories in traffic state estimation, only to calibrate the embedding of road intersections. In
comparison, our work utilizes trajectories to mine the traffic flow transitions among road seg-
ments. Some work leverages trajectories for other purposes such as map generation [104]

which is less relevant to the topic of our study.

3.3 Preliminaries

We first define the problem of traffic flow prediction, and then introduce some preliminary

knowledge of Graph Convolutional Networks (GCNs) and attention mechanism.

3.3.1 Problem Definition

In traffic flow prediction, the target is to predict future traffic flows given historical traffic flows

on a static road network.

Definition 3.1 (Road Graph) The road network can be formulated into a directed road graph
G =(V,8,A). V ={vitiz12,. m is afinite set of nodes where each node v; represents a road
segment i, and & = {e;j} is a set of directed edges where each edge e;j = (v;,v;) indicates that
road segment i is an immediate upstream of road segment j, and A € [0, 1]MXM represents the

weighted road adjacency matrix. Each node v; has a self-loop, i.e., e;; € &.

Definition 3.2 (Traffic Flows) Traffic flow is defined as the number of vehicles passing by
a road segment during a specific time interval. Given a road graph ¢ = (V' ,8,A), we use
X e RT*" ¢ represent the time series of traffic flows, where for each interval t = 1,2,...,T,
X, e R represents the traffic flows of all road segments in the road network during time

interval t.
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Definition 3.3 (Trajectory) Given a road graph 4 = (V,8,A), we use T = (vi,v2,...,v[)
to represent a trajectory of a vehicle, where each v; € V represents a road segment in the

trajectory, satisfying (vi,vi+1) € &,vi # vir1,Vi=1,2,....,1— 1.

Problem 1 (Traffic Flow Prediction) Given a road graph ¢ = (V' ,&,A), find a prediction
function f with parameter © such that given traffic flows X(t—T,,+1): Within a historical window

period Ty, up to time interval t, f estimates the most likely traffic flows X, for the next time

interval t + 1, i.e.,

Xit1 = fo(Xe—1y 415 Xr)

~ argmaxlog p(X;11|X(,—7;, 1))
Xit1

(Eq. 3.1)

We examine Problem 1 from a probabilistic point of view. It can be derived statistically
that under the assumption of Gaussian noise, the maximum likelihood estimator (MLE) of
prediction function f minimizes the mean-squared error (MSE), as proved in Proposition 1.
Accordingly, we may model the prediction function f as a graph neural network with parameter

®, and use MSE as the loss function for training.

Proposition 1 Assume that there exists a function f that satisfies
X1 = f(Xy—1p0102) + &, &~ N (0,6°0), (Eq.3.2)

and assume that for a sample traffic flow dataset S = {(X(t,-—T,-ﬁl):t,»aXti+1)}i:1,2,...,N the N
samples are independent and identically distributed (i.i.d.), then for a prediction model fg,

Oyre(S) = argmin MSEs(0). (Eq. 3.3)
(C)

Proof:  Denote dataset S by {(X;,y;)}i—12,.. n for simplicity.
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The log likelihood of the model is
UCIS)

N
=Y logp(yilX;,®)
=1

~

- ilog exp{—3lyi — fo(X)]T(o*Dlyi — fo(Xi)]} (Eq. 3.4)
i=1 (2m)"n| 21|
= i_l [(vi — fo(X:))T (2D (yi — fo (X)) +C],
2

~.

where C is a constant term w.r.t. ®.

Therefore, the parameters that maximize the log likelihood are

®* = argmax[(@|S)
)

—_— _L S — : 2
—agmax ) 5 (i foX)|
(Eq. 3.5)

1 N
L I(yi — fo(X:)|I?

= argmin
0

N[
;= argmin MSEg(0).
S}

Hence, the maximum likelihood estimator (MLE) of prediction function f with parameter

®* should minimize the mean-squared error (MSE).

3.3.2 Graph Convolutional Networks (GCNs)

To model the spatial traffic demand, we leverage the idea of graph propagation from GCNs.

A GCN is defined over a graph ¥ = (7', &,A). It applies convolutional operations on graph
signals in spectral domain [57, 26]. Given a graph signal X € R!”I*N where N is the number
of features, a typical formulation of a K-hop graph convolutional layer is

K

GCNy (X;W,0) = o(Y 6,.L*X)W (Eq. 3.6)
k=0

where L € [0, 1] 7P s the graph Laplacian, a variant of A, to control the graph propagation
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across nodes; 8 € RX controls the fusion of different hops; W € RN*M (M is the output feature
dimension) controls the fusion of different features; and o is the activation function.

In this work, to model traffic demand and traffic status, we adopt graph propagation (Graph-
Prop), a simplified variant of GCN, with one single input feature (i.e., traffic flow) and thus

ignoring the feature-wise parameters W':
GraphProp(X,A;K) == [X || AX || A>X || ... || AKX]. (Eq. 3.7)

Instead of directly learning 6 to fuse different hops of traffic demand, we define an attention

mechanism to learn the temporal weights, as illustrated in Section 3.3.3.

3.3.3 Attention Mechanism

In learning a weighted sum of values, an attention mechanism [122, 123] replaces the weight
parameters with a learning module in which the same set of parameters (called keys) are shared
across all values in calculating the weights. A typical formulation of an attention mechanism

given queries Q € RNe*% keys K € RV and values V € RM>*4 g
Attention(Q,K,V) := softmax(QKT)V. (Eq. 3.8)

In this work, we apply the attention mechanism for a more flexible fusion of traffic demand

based on traffic status.

3.4 Methodology

In this section, we introduce our proposed model, TrGNN, to address the problem of traffic
flow prediction (Problem 1). The model follows a spatiotemporal framework, leveraging tra-
jectory transition patterns. The extraction of trajectory transition is illustrated in Figure 3.2.
An overview of the model architecture is illustrated in Figure 3.3. We elaborate each part of

the architecture in the subsections below.
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Figure 3.2: Learning trajectory transition from historical trajectories.

3.4.1 Trajectory Transition

We have illustrated in Figure 3.1 in the introduction the extra information gain from historical
trajectory data when inferring non-recurrent traffic patterns. Compared to flows, trajectories
provide essential knowledge about drivers’ origin and destination (O-D), and help infer their
choices of routes at road intersections. Figure 3.1(b) visualizes a contrast between green and
dark red trajectories, which indicates that vehicles coming from different upstream road seg-
ments (or origins) may differ in their distributions of downstream road segments (or destina-
tions). Hence, for non-recurrent traffic patterns, we may infer flows on a trajectory basis: first
obtain the origins of the existing vehicles, and then based on their origins, infer the distribution
of their destinations. In Figure 3.1(b), for example, we may infer that the extra spike of flow is
more likely caused by extra vehicle flow of dark red trajectories instead of green trajectories.

We utilize historical trajectories to explicitly model the transition of flows between up-
stream and downstream road segments. In our work, the trajectory data are extracted from the
GPS readings of taxis in Singapore, the source of which is detailed in Section 3.5.1. Figure 3.2
illustrates the extraction of trajectory transition. We view historical trajectories as Markov pro-
cesses, and by aggregating trajectories of all vehicles, we may infer the transition of flows from
one road segment to others. The rest of this subsection elaborates the extraction of trajectory
transition.

The trajectory generation of a vehicle can be modeled as a first-order Markov process, as-
suming that the transition probability from each upstream road segment to each downstream
road segment is stationary across days. We define a trajectory transition tensor &2 € R7a* V<71,

where each &, € RI”1xI” represents the trajectory transition probabilities for the /* time in-
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terval of the day. The trajectory generation process can be represented as
P(T|t) = P((v1,v2,....v1)|t)

-1
= 7(v) HP(WH |vist) (Eq. 3.9)

1=
1-1

= TC(VI) H ‘@l,vhvlurl .
i=1
Alternatively, & can be derived from a higher-order Markov process, which would require
larger sample size and higher computational complexity.

To estimate tensor &2, we collect historical trajectories of all vehicles from the training set,
and aggregate the cumulative transition probability with respect to time of day, upstream road
segment, and downstream road segment:

. #vehicles (vi — vj|t) +1[v; € N(v;)]

P Eq. 3.10
1y #vehicles(vilt) + [[N(v)| ’ e

where ¢ stands for the ¢/ time interval of day, and N(v;) denotes the set of downstream neigh-
bors of road segment v;. To mitigate data sparsity, 2 is smoothed out by adding a constant 1
for any pair of consecutive road segments.

The trajectory transition tensor &2 summarizes the probability distribution of drivers’ choices
of routes. In a macroscopic view, it approximates the transition of flows from upstream to
downstream road segments in near future, and serves as a lookup table in the proposed TrGNN

model.

3.4.2 Spatial Modeling of Traffic Demand

Based on trajectory transition, we design a graph propagation mechanism to infer the traffic
demand in the spatial domain. Traffic demand refers to the short-range and long-range desti-
nations of existing vehicles on the road network.

We leverage graph propagation from Graph Convolutional Networks (Section 3.3.2) to sim-
ulate the transition of vehicles along the road network. We perform graph propagation in d

hops, resulting in a graph of traffic demand for each hop. For each input time interval ¢, we can
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Figure 3.3: Trajectory-based Graph Neural Networks (TrGNN). The framework models spatial
traffic demand via graph propagation based on trajectory transition, and models temporal de-
pendencies via attention mechanism based on neighborhood traffic status. The final prediction
is a fusion of multi-step prediction.

derive traffic demand D; € RI”1*(@+1) yia graph propagation:

D; = GraphProp(X;, 2[;d)

(Eq.3.11)
=X | 2T N (27X || | ()X,

where || denotes concatenation, -T denotes matrix transpose, and parameter d stands for demand
hop, controlling the farthest possible destination.

The graph propagation simulates the propagation of flows along the road network, and as
a result, the traffic demand D is an aggregation of the short-range and long-range destinations

(in different hops) of all vehicles in existing flows.

3.4.3 Temporal Modeling of Traffic Demand Based on Traffic Status

The modeling of traffic demand in Section 3.4.2, however, does not consider the propagation
speed of flows, which should depend on traffic status. Traffic status refers to the overall traffic
volume in the neighborhood of each road segment. If the traffic status is congested around a
road segment (i.e., high volume of flows in the neighboring road segments), the propagation of
flows along that road segment should be slow, and vice versa.

A temporal module is thus designed to infer how each hop of traffic demand, from short

range to long range, corresponds to the future traffic flow in the targeted time interval. This is
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done by assigning a weight to each hop of traffic demand via an attention mechanism (Section
3.3.3) based on traffic status. Thus, we first obtain traffic status, and then build an attention
mechanism based on traffic status.

For each input time interval ¢, we obtain traffic status S; € RI7IX27=1) yiq graph propaga-
tion in s hops from neighboring road segments. The graph propagation is done via dual random

walk to incorporate both upstream and downstream traffic:

S, = GraphPropgua(X;,As; s)

_ ~ o _ (Eq. 3.12)
- [Xt ||ATX[ ||AX[ ||ATATX[ || ||ASX1],

where A is a normalized variant of the weighted road adjacency matrix A, and parameter s
stands for status hop, controlling the radius of the neighborhood.
We apply a road-wise attention mechanism (referring to the dot-product attention in [122])

2 1) x (d+1)

parameterized by keys K € RI7Ix( , taking traffic status S; as queries and traffic

demand D; as values, to assign weights a € [0, 1] 7 Ix(d+1) 16 different hops in traffic demand

D, and take the weighted sum as an initial prediction of flows H; € RI”1:
H, = Attention(St,D,; K)
_Z“’@ b (Eq. 3.13)

d
Zsoftmax SioK)].i®Dy .

where so ftmax(-) is applied over the dimension of demand hop, o denotes road-wise matrix

product, and ® denotes element-wise (or Hadamard) product.

3.4.4 Multi-Step Fusion

From a sequence of input flows {Xi}i:t—TiﬁL...,z’ we obtain a sequence of initial predictions

H e RT»*I”1 The final layer of the model is a temporal fusion of H. We adopt a road-wise
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fully connected layer. For each road segment v,

Yy = Xt+17v
= FullyConnected(H. ,;®) (Eq. 3.14)
=0TH.,.

Alternatively, this layer can be replaced by any RNN cell such as LSTM [47] or GRU [22]), or
sequence modeling [117], for a longer-term prediction.

As a side note, the conservation of vehicles on the road network does not hold in practice.
Future flows not only depend on trajectory transition within the road network, but also depend
on new vehicles entering the road network (e.g., entering from the boundary of the region, or
entering from a local road to an arterial road) and existing vehicles leaving the road network,
which we call boundary flows. Since the boundary flows are strongly associated with drivers’
O-D demand which is periodic, we embed some periodic features (e.g., time of day, is working

day) into the multi-step fusion module to model the boundary flows.

3.5 Experimental Evaluation

3.5.1 Dataset Description

We evaluate our model with SG-TAXI, a real-world dataset comprising GPS mobility traces
from over 20,000 taxis in Singapore. The dataset is provided by Singapore Land Transport
Authority. We collect the GPS readings of all active taxis for a period of 8 weeks (14" Mar-
8t May 2016). Each GPS reading comprises vehicle id, longitude, latitude, and timestamp.
The road network comprises 2,404 road segments, covering all expressways in Singapore. The
metadata of SG-TAXI dataset are summarized in Table 3.1.

Alternative datasets could be available for the study of traffic flow prediction with vehicle
trajectories as well. For example, traffic flow data and vehicle trajectory data can be extracted
from street cameras deployed in downtown regions - computer vision techniques can be applied
to count and identify vehicles on the road from the vehicle snapshots [120]. While traffic flow
data are relatively easy to collect and are publicly available in various countries and cities
worldwide (such as the datasets used in [67, 145]), vehicle trajectory data are in general not

easily accessible, as they involve identifying vehicles which are often claimed as confidential
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by the data owners.

Table 3.1: Metadata of SG-TAXI dataset.

Entries Statistics

Map region 50 km * 27 km

Road segments 2,404

Road lengths 0 -200m

Vehicles (daily unique)  16.5k

Reading frequency every 30 seconds

Period 14" Mar - 8" May 2016
Total GPS readings 78 million

Avg flow per road 142 vehicles per hour (vph)

Proportion of zero flows 7.4%

3.5.2 Data Preprocessing

We preprocess the SG-TAXI dataset in 4 steps:

(i) Road graph formulation. For the road graph & = (¥, &,A), we calculate the weighted

(i)

(iii)

road adjacency matrix A as the exponential decay of distance between roads:

A e Mdist(vivi) i (v,',Vj) €

A (Eq. 3.15)
0 0.W.
where
- 0, ifi=j (Eq. 3.16)
lenlvi) len(vi) if j o4 j (viyvj) € &

We implement the road graph via Python NetworkX package, setting A = 1.

Map matching. We apply the Hidden Markov map matching algorithm [88] to correct

GPS readings to their corresponding road segments.

Trajectory cleansing. Given a sequence of mapped GPS points, we cleanse the vehicle’s
trajectory as follows: 1) eliminate duplicate records; 2) if GPS reading is off for over
10 minutes (e.g., the driver turns off the sensing device), split the trajectory; 3) if driver

stays on the same road segment for over 2 minutes, split the trajectory; 4) if no path exists
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between two consecutive GPS points (e.g., driver drives off the road network), split the
trajectory; and 5) remove GPS points with extreme speed (i.e., speed derived from two
consecutive GPS points exceeds 120 km/hr). Finally, we recover the full trajectory via

Dijkstra’s algorithm [30].

(iv) Flow aggregation. We aggregate trajectories into flows per road segment per 15-minute
interval. We calibrate flows to correct the daily fluctuation in taxi arrangement and better

represent the overall traffic flows in Singapore.

3.5.3 Experiment Settings

The model is trained on the preprocessed SG-TAXI dataset. The train-validate-test split is 5-
1-2 week. Each data point consists of input flows for 4 intervals (i.e., 1 hour) and output flows
for 1 interval (i.e., 15 minute). Flows are normalized before being input into the model. For
hyperparameters, the demand hop d is set to 75, i.e., the maximum number of road segments
that a vehicle with a normal speed could traverse within a 15-minute interval, and the status
hop s is set to 3.

The model is implemented in PyTorch [95] on a single Tesla P100 GPU and is trained using
Adam optimizer [56] to minimize MSE loss. The learning rate is initially set to 0.004 and is
halved every 30 epochs. The maximum epochs to train is set to 100. Early stopping is applied
on validation MAE. The training takes less than 4GB RAM and less than 1GB GPU memory.

3.5.4 Baseline Approaches

Our model TrGNN is compared to representative baseline methods of each type, including
naive methods (HA, MA), time series analysis (VAR), conventional machine learning (RF),
and deep learning (T-GCN, STGCN, DCRNN). Specifically,

(i) HA (Historical Average) is the average flow of the same time on the same day in the past

four weeks;
(ii) MA (Moving Average) is the average flow of the previous 1 hour;

(iii)) VAR (Vector Auto-Regression) [45] models the future flow as a linear combination of

historical flows in 5-hop neighborhood, implemented in StatsModels [107];

37



(iv) RF (Random Forest) is a decision-tree-based ensemble method that fits a piece-wise
function on historical flows in 5-hop neighborhood, implemented in Scikit-learn [98]

with 100 trees;

(v) T-GCN (Temporal Graph Convolutional Network) [156] is a graph-based neural network
that integrates GCN with GRU, implemented in Tensorflow ;

(vi) STGCN (Spatio-Temporal Graph Convolutional Networks) [145] is a graph-based neu-
ral network that models both spatial and temporal dependencies via convolution, imple-

mented in Pytorch 4. and

(vii) DCRNN (Diffusion Convolutional Recurrent Neural Network) [67] is a graph-based
neural network that integrates diffusion convolution on graph with sequence learning,

implemented in PyTorch >.

Additionally, we build a variant of TrGNN, TrGNN-, to analyze the utility of trajectories,

by replacing the trajectory transition tensor & in TrGNN with the road adjacency matrix A.

3.5.5 Evaluation Metrics

We evaluate prediction results by three error metrics: MAE (Mean Absolute Error), MAPE
(Mean Absolute Percentage Error), and RMSE (Root Mean Squared Error), the same as in
[67]. For a dataset of N samples, let X, X € RT* 71 denote the ground truth and predicted flows
(as defined in Definition 3.2), then

* MAE (Mean Absolute Error)

N |7

MAE (X,X) 7/ ZZ| 1 — X1 (Eq. 3.17)
PJ‘ |l 1j=

* MAPE (Mean Absolute Percentage Error)

N 7|

Nm )

i=1j=1

Xoot i —Xonq s
MAPE (X, X ti+1,j — At+1,j

, (Eq. 3.18)

Xiit1,j

3 https://github.com/lehaifeng/T-GCN
4 https://github.com/FelixOpolka/STGCN-PyTorch
5 https://github.com/chnsh/DCRNN_PyTorch
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Table 3.2: Performance of different approaches for traffic flow prediction on SG-TAXI dataset.

Overall Peak hours Non-peak hours | MRT breakdown
Method | MAE/MAPE/RMSE | MAE/MAPE/RMSE | MAE/MAPE/RMSE | MAE/MAPE/RMSE
HA 33.74/0.34/52.58 | 36.83/0.25/55.02 | 32.53/0.28 / 48.67 | 40.07 / 0.27 / 59.34
MA 31.55/0.35/47.69 | 36.14/0.26/53.18 | 28.18 /0.27/39.41 | 44.85/0.30/71.43
VAR 29.27/0.33/43.22 | 34.23/0.24/49.71 | 28.10/0.26 /39.28 | 40.68/0.27 / 64.41
RF 29.26/0.33/43.38 | 34.13/0.24/49.75 | 27.53/0.26 / 38.53 | 42.28 / 0.28 / 66.53
T-GCN | 31.12/0.35/45.69 | 36.57/0.27/52.91 | 30.03/0.29/41.53 | 42.38/0.30/67.39
STGCN | 29.88/0.33/44.51 | 34.86/0.24/50.86 | 27.94/0.27/39.05 | 42.19/0.28 / 66.40
DCRNN | 29.01/0.31/43.12 | 33.74/0.25/48.88 | 27.75/0.27/38.74 | 40.39/0.28 / 64.28
TrGNN- | 27.34/0.31/40.05 | 31.35/0.23/45.11 | 26.61/0.26/37.20 | 38.57/0.27/59.53
TrGNN | 26.43/0.30/38.65 | 29.81/0.23 /42.62 | 25.65/0.25/ 35.68 | 34.56 / 0.25 / 54.31
odiff 9% | -5% 1 -10% | -12% | -6% | -13% 1% | -4% | -1% -14% 1 -8% I -8%

Numbers in bold denote the best baseline performance and the best performance.
%diff denotes the error reduction of TrGNN from the best baseline performance.

* RMSE (Root Mean Squared Error)

RMSE (X,X)

N |7

N‘7/|ZZ 1 — Xi1,)2

i=1j

(Eq. 3.19)

All errors are in the unit of vehicles per hour (vph). Lower errors indicate better performance

of a model.

3.5.6 Results and Analysis

Table 3.2 summarizes the evaluation of different approaches for traffic flow prediction on SG-
TAXI dataset. The comparison covers overall testing as well as specific scenarios including
peak hours, non-peak hours and MRT breakdown.

Overall Performance. According to Table 3.2, the overall prediction errors of our model
TrGNN are 26.43/0.30/38.65 vph for MAE/MAPE/RMSE, and TrGNN achieves over 5% error
reduction from baselines across all metrics. The naive baselines generally give high errors, as
they consider only temporal correlations of flows; MA is more accurate than HA, indicating
that near-past flows play a stronger role than periodicity. VAR and RF perform better than

the naive baselines, as they incorporate neighborhood flows to model spatial correlations; in
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particular, RF performs better than VAR, implying that flows are not linearly correlated. For
deep learning, DCRNN achieves the best results out of all baselines, indicating the capability
of graph-based deep learning in capturing the spatiotemporal correlations. Finally, TrGNN
outperforms all existing baselines in all metrics, which verifies the effectiveness of learning
spatiotemporal transition of flows from trajectories.

The line plot in Figure 3.4 visualizes predicted flows of TrGNN and a few representative
baselines. HA fits the worst to the ground truths, implying high variation of flows from week
to week; while TrGNN and DCRNN are more sensitive to the real-time fluctuations of flows.
If we look further into the peak hours indicated in the dashed box, TrGNN captures the fluctu-
ations of flows slightly earlier than DCRNN.

Peak hours and non-peak hours. We select two typical periods for experiments: peak
hours (8-10pm on working days, when public transport services become limited and the de-
mand for taxis increases, thus with high fluctuation of flows); and non-peak hours (2-4pm on
working days when people stay at offices and the demand for taxis stabilizes, thus with low
fluctuation of flows). Results are summarized in Table 3.2 (under ‘Peak hours’ and ‘Non-peak
hours’ column). In peak hours, absolute errors (MAE/RMSE) are consistently higher than in
overall testing; while in non-peak hours, the results are the opposite. This meets our expec-
tation, as predicting peak hour flows is more challenging due to higher fluctuation in traffic
demand. In both peak hours and non-peak hours, TrGNN outperforms all baselines, and the
error reduction of TrGNN is more significant during peak hours (6-13% reductions on the
performance metrics).

Figure 3.4 displays the heatmap snapshots of the prediction errors of HA, DCRNN and
TrGNN on the entire road network during selected peak hours. The color indicates increas-
ing prediction error from green to red. A comparison of the heatmap snapshots suggests the
robustness of TrGNN in capturing the periodic fluctuation of flows in peak hours.

Abnormal event: MRT breakdown. We analyze an abnormal event in Singapore, an
MRT (Mass Rapid Transit) breakdown, when train services were disrupted due to power fault
[21]. The disruption falls on a Monday night lasting for more than one hour, and it affects 52
train stations on 4 train lines, covering the whole area of west Singapore. In Figure 3.5, the
heatmap visualizes the abnormal spike of flows of the affected region due to the increase in taxi
demand during the MRT breakdown period, and the line plot visualizes the predicted flows on

a sample abnormal road segment - TrGNN fits the best to the ground truths.
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Figure 3.4: Line plot of predicted flows on the road network over a working day, and heatmap
snapshots of prediction errors during peak hours.

We select road segments within a 3km neighborhood of any affected train station, and
summarize their prediction results during the breakdown period in Table 3.2 (under ‘MRT
breakdown’ column). Compared to ‘Overall’, we observe a significant increase in MAE for all
baselines, ranging from 19% to 44%, which demonstrates the performance drop in predicting
abnormal flows. Nevertheless, TrGNN outperforms baselines by a significant error reduction
of 14%. The result suggests the capability of TrGNN in capturing the spatiotemporal causality

even for non-recurrent flow patterns, instead of simply memorizing the historical flow patterns.

Component analysis: trajectory transition. Results in Table 3.2 show that compared to
TrGNN-, in which the trajectory transition tensor is not used, TrGNN reduces the prediction
errors on all metrics in all scenarios, especially in MRT breakdown where MAE drops from

38.57 vph to 34.56 vph. This verifies the effectiveness of trajectory transition in capturing flow
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Figure 3.5: Heatmap of abnormal flows in west Singapore due to MRT breakdown, and line
plots of abnormal flows and predicted flows on a road segment. In heatmap, the color scale
indicates the amount of extra flow compared to that of a normal day.

dependency.

3.6 Conclusion and Future Work

This work proposes a spatiotemporal deep learning model, Trajectory-based Graph Neural
Network (TrGNN), to solve the traffic flow prediction problem. The architecture leverages his-
torical trajectory transition as an input into the graph-based deep learning framework. TrGNN
is evaluated on SG-TAXI dataset. Results show that TrGNN outperforms state-of-the-art ap-
proaches, especially being superior in predicting non-recurrent traffic flows such as in MRT
breakdown event. Potential future work includes expansion to a higher-order Markov model,
longer-term prediction, and optimization of computational complexity in extracting trajecto-
ries. Moreover, our work points out a promising direction in incorporating trajectory data into

traffic prediction.
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Chapter 4

Towards Sample Re-Weighting in Uplift
Modeling'

Our first work in Chapter 3 primarily deals with a prediction problem, vehicluar traffic flow
prediction, in the domain of urban transport understanding. Our second work in this chapter
will take a step further looking into an optimisation problem, driver recipient selection for
traffic safety education, in the domain of urban transport actuation, and discuss some technical
advances we have made in this context.

Our second work is motivated from an actuation task: to select the best set of drivers as re-
cipients of traffic safety education to reduce traffic accidents. We discover the task as a causal
inference problem, named uplift modeling, or individual treatment effect estimation. When
applying existing uplift models in traffic safety education, we identify the challenge that due to
the infeasibility of proper experiments (i.e. Randomized Control Trials) in such a real-world
scenario, the dataset collected from historical observations comes with selection bias, which
deteriorates the estimation of uplifts by existing models and also deteriorates the validity of
existing evaluation metrics. It corresponds Challenge 2 in Section 2.3. Therefore, we sys-
tematically examine this challenge and propose and analyze sample re-weighting methods to
correct the bias, in the hope of finding the most ‘persuadable’ drivers for education to reduce
accidents despite the inaccessibility to their ground truths. Surprisingly, our studies in traffic
safety education not only reach decent improvement in reducing traffic accidents, but are also

found to be generally applicable to other uplift modeling scenarios such as in understanding

This chapter is partially from a paper in submission, titled ‘“Towards Sample Re-Weighting in Uplift Modeling’,
of which I am the first author.
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the survival of twin births.

4.1 Introduction

The problem of uplift modeling, also known as ‘individual treatment effect estimation’ in the
study of causal inference, has been widely encountered in real-world applications [81, 100, 28,
29, 159, 49, 93]. Consider a particular scenario in urban transportation: when the traffic police
educate over 30k drivers in a city for two years in order to raise the public awareness of traffic
safety [37], they would be concerned with (i) evaluating the effectiveness of such education
practice on reducing traffic accidents and (ii) selecting the best set of target drivers to receive
education given limited traffic police resource. The core question of (i) and (ii) is to estimate
the ‘persuadability’ of each individual driver, i.e. the difference in the underlying accident rate
if the driver were educated as compared to not educated, and this ‘persuadability’ is known
as ‘uplift’ [43]. A variety of classical models [61, 61, 49, 99, 46, 157] have been proposed to
estimate uplifts and have enjoyed great popularity.

Challenge remains, however, due to the ubiquity of confounding bias in real-world appli-
cations, which has drawn increasing attention from causal inference researchers in the past
few years [27, 141, 103]. The confounding bias refers to the existence of confounder(s), i.e.
variable(s) that can affect both the treatment variable and the outcome variable concurrently.
Figure 4.1(a) visualises the presence of confounding bias in the education-accident scenario
with real statistics. Considering whether a driver has bad records in history, the figure divides
the whole group of drivers (in green) into two sub-groups (in blue and orange). The arrow
gradients show that the ‘uplift’ estimated on the whole group is surprisingly positive (0.71%)
- in fact larger than the uplift estimated on any of the two sub-groups - while the ‘uplift’ aver-
aged over the two sub-groups (weighted by their sizes) is negative (-0.12%). Here, the positive
‘uplift’ could mislead analysts that education ‘causes’ more accidents in general, while in fact
the observed higher accident rate for the educated drivers is not due to education, but due to
the higher ‘riskiness’ of the educated drivers themselves, as the traffic police tend to educate
drivers with bad records in history. Such a paradox, named as semi-Simpson’s paradox, results
from the presence of confounding bias, and it leads to inaccurate estimation of uplift. Figure
4.1(b) diagrams the confounding path that explains this paradox.

The presence of the confounding bias can deteriorate uplift modeling. Classical uplift mod-
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Figure 4.1: The semi-Simpson’s paradox in the education-accident scenario. The variable of
‘bad records in history’ appears to lie on a confounding path in estimating the causal effect of
education on accident.

els often assert certain assumptions on data like unconfoundedness (i.e. the absence of con-
founding bias) to facilitate estimation. These models often require Randomized Control Trials
(RCTs) [112] that randomly assign treatment to individuals so that the generated data be un-
confounded. However, in real-world applications, experiments like RCTs can be infeasible
or prohibited, and data are often collected as observables from historical records, where the
unconfoundedness assumption can be easily violated. Such violation can diminish the perfor-
mance of existing uplift models, and even deteriorate the validity of the evaluation metrics such
as AUUC (Area Under the Uplift Curve) [103].

To bridge the gap between the RCT-based models and the often confounded real-world data,
sample re-weighting becomes a crucial component in uplift modeling. Sample re-weighting
modifies the distribution of training data to make the treatment variable independent of poten-

tial confounders in the original distribution and thus relaxes the unconfoundedness assumption.
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The research attention of uplift modelers to sample re-weighting has increased in recent years,
seeing works that incorporate inverse propensity scores in their model design, including some
meta-learners [61, 89, 7] and neural network-based models [108, 109]. However, we still see
space for performance improvement upon our experiments with these models on real-world
datasets, as meta-learners are tied to the choice of base learners and can twist the problem
definition, and neural networks rely on extensive training and strong human expertise on hy-
perparameter tuning. Moreover, we notice a lack of systematic understanding of the role that
sample re-weighting plays in uplift modeling, in terms of its different forms of implementation
and the actual gain it brings about in different real-world experimental settings.

This work focuses on sample re-weighting in uplift modeling, and aims to provide a sys-
tematic discussion on elements related to sample re-weighting, from its motivation, to its real-
ization, to its actual gain in end-to-end real-world tasks. The main contributions of this work

are as follows:

* We systematically review the assumptions either explicitly stated or implicitly made by
existing uplift models, and identify the gap in applying existing uplift models to real-
world applications due to the confounding bias. To further eliminate the confounding
bias, we propose novel sample re-weighting approaches that organically integrate inverse
propensity scoring (IPS) into the structural design of the model, and compare them with

straightforward dataset sampling method implemented in four modes.

* We identify the deficiencies of existing evaluation metrics in real-world dataset due to
the confounding bias, and propose two adapted metrics: Area Under the Unconfounded
Uplift Curve (AUUUC) and Maximum of the True Uplift Curve (MTUC). AUUUC elim-
inates the confounding bias with IPS, and MTUC directly leverages the ground truth
uplifts.

* We conduct extensive experiments to test our proposed sample re-weighting methods
with three real-world datasets. We test the uplift models with two public datasets and
further apply our proposed models to a case study of education recipient selection to
reduce traffic accidents. Results show that our proposed model, Class Transformation
(Random Forest with Inverse Propensity Scoring), outperforms baselines not only in
uplift modeling (AUUUC increased by up to 46%) but also on subsequent tasks (further

reducing monthly accident rate by 3.4% in education recipient selection).
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The rest of the chapter is organized as follows. Section 4.2 discusses related work. Section
4.3 reviews uplift models and their assumptions. Section 4.4 discusses sample re-weighting
methods. Section 4.5 proposes adapted evaluation metrics. Section 4.6 details the experiments

with three real-world datasets. Section 4.7 concludes this chapter.

4.2 Related Work

The problem of uplift modeling has been encountered in various fields such as recommenda-
tion (e.g. air shipping recommendation [81], paging request strategy [100]), marketing (e.g.
customer retention [28], campaigns [29], voucher distribution [159]), medicine (e.g. clinical
trials [49]), and education (e.g. student retention [93]). This work introduces a new application
scenario in urban transportation, studying the causal effect of education on reducing accidents.

A variety of models are proposed in the literature to estimate uplifts. To name a few,
meta-learners such as S-Learner [61], T-Learner [61], X-Learner [61], R-Learner [89], and
DR-Learner [129]; Class Transformation [49] and Transformed Outcome [7]; tree-based mod-
els such as Uplift Trees/Forests [99, 46, 157, 41, 78, 6, 8]; neural network-based models such
as TARNet [108], DragonNet [109] and CEVAE [73]. A survey of uplift modeling is avail-
able in [43]. In the presence of confounders, which is often the case in real-world observed
dataset [141, 27], the performance of existing uplift models is often diminished; and existing
evaluation metrics such as AUUC are also found deficient upon violation of the unconfounded
assumption [103].

Approaches have been proposed to use sample re-weighting to eliminate the confounding
bias [113, 9, 43, 60] in uplift modeling. Some uplift models, such as meta-learners [61, 89, 7]
or neural network-based models [108, 109], incorporate propensity scores into their model
architecture. However, our experiments still suggest space for performance improvement with
these models on real-world datasets, possibly due to meta-learners being tied to the choice of
base learners and twisting the problem definition, and neural networks relying on extensive
training and strong human expertise on hyperparameter tuning.

Recent works have witnessed the increasing popularity of sample re-weighting and decon-
founding in machine learning as well. In stable learning [23], sample weights are learnt to
make feature variables independent of each other to achieve uniformly small prediction errors

across samples, while our work learn sample weights to make treatment variable independent
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from feature variables and retain the distribution of feature variables to obtain accurate uplift
estimates. Extensive work has focused on eliminating the confounding bias in domain-specific
prediction tasks, such as in computer vision [48, 140], long-tail problems [119, 162], event
forecasting [27], graph representation [114] and recommendation [148]. However, these works
target at prediction tasks, which is fundamentally different from the problem setting of uplift

modeling in our work, and thus their methods cannot be directly adopted.

4.3 Uplift Modeling: the Problem, the Models and Their As-

sumptions

In this section, we define the uplift modeling problem, summarize the most popular uplift
models, and provide a systematic review of the explicit and implicit assumptions made in these

models.

4.3.1 The Uplift Modeling Problem

We target at the binary-treatment binary-outcome uplift modeling problem. Leti=1,2,....N
be the indices of N samples. Denote ¥; € {0,1} as the outcome variable, and 7; € {0,1} as
the treatment variable. Let {Xi(j ) e R} j=1,2,...m Tepresent M feature variables (i.e. covariates)
observed for sample i. The uplift modeling problem aims at estimating the causal effect of 7;

on Y; for each sample i.

Problem 2 (Uplift Modeling) Given a dataset

D={Y,T, {Xi(j)}j:1727...,M}i:1,2,...,N,

estimate uplift

Ti:

E[Yi|do(T; = 1)] — E[Yj|do(T; = 0)] (Eq. 4.1)
P

(¥; = 1]do(T; = 1) - P(¥; = 1|do(T; = 0)),

where the do-operator represents an intervention in the variable following Pearl’s Structural
Causal Model [97, 96], controlling all other variables that are not affected by the variable T;

causally.
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4.3.2 Uplift Models

Popular uplift models can be categorized into 4 groups:
(i) Meta-learners. Meta-learners are frameworks that convert the uplift modeling problem
into a prediction task, so that classical machine learning models can be applied off the shelf.

The most common meta-learners are listed below.

* S-Learner [61] estimates uplifts with a single machine learning model. Mathematically,

S-Learner requires a base learner f: (X,T) — E[Y] setting T as a feature variable.

* T-Learner [61] estimates uplifts with two machine learning models. Mathematically,
T-Learner requires two base learners: fy : X — E[Y|T = 0] for treatment group and

f1:X — E[Y|T = 1] for control group.

* X-Learner [61] extends T-Learner with two additional base learners to estimate uplifts,

and possibly one additional propensity score estimator to fuse the uplift estimates.

* R-Learner [89] requires two base learners to estimate the cross-validation out-of-fold
outcomes and propensity scores, followed by an additional base learner to estimate up-
lifts via minimizing the R-Loss. Effectively, samples with fewer supports are assigned

with higher weights.

(ii) Class transformation. Class transformation is a special type of meta-learner that is
only applicable to binary treatment and binary outcome problem. It transforms the treatment

variable 7; and the outcome variable Y; into a new variable. Specifically,

* Class Transformation (‘ClsTrans’ for short) [43]. A typical Class Transformation frame-
work learns f : X — P(Z), where Z; :=Y;xT;+ (1 = Y;) « (1 —T;).

* Transformed Outcome [7]. A generalized method proposes Transformed Outcome [7]
Y :=Y;*T;/p;i—Yix (1 —T;)/(1 — p;) which incorporates a propensity score estimator

to account for unbalanced and confounded treatment assignment.

(iii) Tree-based models (modeling uplift directly). Tree-based uplift models are adapted
from existing tree-based machine learning models to model uplifts directly. Mathematically, a
tree-based model learns f : X — 7. Instead of splitting a node based on the purity of label Y

in a tree-based machine learning model, a tree-based uplift model splits a node to maximize
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the divergence of probability distributions of Y between treatment group (7 = 1) and control
group (7" = 0). Popular tree-based models include Uplift Trees and Uplift Random Forests
(‘Uplift RF’ for short) with various splitting criteria using Kullback-Leibler divergence (KL)
[99], Euclidean Distance (ED) [99], xz-divergence (Chi) [99], as well as Contextual Treatment
Selection (CTS) [157] and delta-delta-p (DDP) [46].

(iv) Neural Network (NN)-based models. The nature of Neural Networks provides high
flexibility in designing an uplift model and theoretically strong learning ability with its deep

architecture. For example,

 Causal Effect Variational Autoencoder (CEVAE) [73] leverages Variational Autoencoder

(VAE) [62] to model the unknown latent space involving confounding effect;

* DragonNet [109] takes the last layer of an NN-based propensity score estimator as input

into an NN-based uplift estimator to eliminate the confounding effect.

These models serve as baselines for our analysis.

4.3.3 Confounding and Effect Modification

Before we look into the assumptions made in existing uplift models, we highlight and dif-
ferentiate two concepts that we believe are crucial for understanding uplift modeling, and are
nevertheless seldom articulated in the uplift modeling literature.

()

A covariate variable X;’ can affect the estimation of uplifts in two ways: as a confounder,

and/or as an effect modifier [40].

Definition 4.4 (Confounder) Consider an uplift modeling problem with generating variables
()

including covariates {Xi(j )} j=12,...M, treatment variable T;, and outcome variable Y;. X;"" is a
confounder iff Xi(j ) affects T;, Y;|T; = 0 and Y;|T; = 1 concurrently.

Definition 4.5 (Effect modifier) Consider an uplift modeling problem with generating vari-
ables including covariates {Xl-(j )} j=12,...M, treatment variable T, and outcome variable Y.
Xi(]) is an effect modifier iﬁ‘Xi(]) affects t; := E[Yj|do(T; = 1)| — E[Y;|do(T; = 0)].

Here, Y;|do(T; = 0) and Y;|do(T; = 1) are equivalent to the potential outcomes ¥;(0) and ¥;(1)
in the potential outcome framework [111, 105]. The term ‘affects’ indicates the causal rela-
tionship between the two variables. Statistically, ‘affects’ implies that the two variables are

dependent.
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()

A covariate X; J can be an effect modifier, or a confounder, or both. Both an effect modifier
and a confounder concurrently impact the observed dependence between 7" and Y. In an uplift
modeling problem, effect modification (i.e. the causal relationship from Xl.(j ) to T;) is the ‘true’

value of interest, while confounding is the ‘fake’ value that should be eliminated if present.

4.3.4 Assumptions

In the uplift modeling literature, we notice a lack of systematic review of the assumptions
made by existing models, either explicitly or implicitly, and we target at enumerating these
assumptions in this subsection.

We first list out four assumptions related to the identifiability [87] of a causal inference
problem in general. Only upon these assumptions would a causal relationship such as an uplift
be identifiable.

(a) No interference:
Yi(ti,t2,....tn) = Yi(t;),

where Y;(-) := (¥; = l|do(T = -)) follows the notation in the potential outcome framework
[111, 105]. The potential outcome for one sample is not affected by the treatment for other
samples. To illustrate with the education-accident example, whether driver A receives traffic
education or not does not affect driver B’s accident rate.
(b) Consistency:
T, =t — Y =Yr).

For each sample there are no different forms or versions of each treatment level, which lead to
different potential outcomes. For example, the education content does not vary across different
geographic districts which leads to different impacts on a driver’s accident rate. (a) and (b)
combined is widely known as the Stable Unit Treatment Value Assumption (SUTVA) [105,
87, 106].

(c) Conditional Independence Assumption (CIA) [63] (also known as ‘no unobserved

confounders’ or ‘ignorability’):
T; L {%(0),¥:(1)}|X:.

Given X;, the treatment assignment 7; is independent of sample i’s potential outcomes {Y;(0), Y;(1)}.
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The assumption is violated when 7; depends on some latent variable (other than X) that also
affects {¥;(0),Y;(1)}. In other words, CIA assumes no unobserved confounders.

(d) Positivity (also known as ‘overlapping treatment’):
O0<P(Ti=1X;=x) <1, Vx.

The middle term of the inequality is also known as ‘propensity score’ (see Definition (4.6)).
A dataset with data sparsity issue violates positivity. (c) and (d) combined is also known as
strong ignorability [52].

Next, we list out a few assumptions that are commonly made in existing uplift models
and are usually satisfied by RCTs, but are seldom articulated - either stated vaguely or left
unmentioned.

(e) Unconfoundedness:

T1X.

None of covariates X is a confounder. Some literature uses the term ‘unconfoundedness’ for
assumption (c), referring to the set of latent variables being confounders, leaving (e) assumed
but unmentioned. In our work, the term ‘unconfoundedness’ is reserved for (e), referring to the
set of covariates being confounders.
(f) Balance:
P(T=1)=P(T=0)=1/2.

Some literature [20] refer to ‘balance’ as treatment assignment being balanced across features,
ie., P(T =1|X) = P(T =0|X) = 1/2, which is equivalent to assuming both (e) and (f) in our
terminology. Others may refer to ‘balance’ as class balance [91], i.e., P(Y = 1|X) = P(Y =
0|X)=1/2.

(g) Sufficient features (i.e. no unobserved effect modifiers). The uplift of each individual

7; can be characterized by its features X;’s via a fixed function g:
dg, s.t. Vi, 7, = g(X,').
(h) Pre-treatment features:

P(X;) = P(Xi|do(T; = 1)) = P(Xi|do(T; = 0)).
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Table 4.1: A summary of the assumptions made in the uplift modeling literature.

Assumptions
Method @ | |[©[@]E)| 0] @]h
S-Learner ViV VvIiIVvI|IVvIVv|Vv|VY
T-Learner VIiIVvIVI VIV VY
X-Learner Vi Vv VvV - -l VIV
R-Learner Vi Vvi|i VvV - -l VIV
ClsTrans ViV VvIiI VI VIV V|V
Transformed Outcome | v | vV | vV | V - -l VIV
Uplift Tree/RF VIiVvVIiVI VIV IV VY
CEVAE VIV -V -l - V|V
DragonNet Vi vIiVv| VY - - VY

All features in X are pre-treatment variables [149]. In other words, changing 7; will not cause
X; to change. Following the terminology in Pearl’s framework [96], X can only be confounders,
neither mediators nor colliders.

With assumptions (g) and (h) we may rewrite the uplift in (Eq. 4.1) as
7, =g(X;) =P(Y; = 1ldo(T; = 1),X;) — P(Y; = 1|do(T; = 0),X;).

The uplifts are now equivalent to the Conditional Average Treatment Effects (CATEs) [87].
Instead of estimating an uplift for each sample i, the uplift modeling problem now is to estimate
an uplift function over all supports of X, which allows extrapolation over new samples.

Table 4.1 summarizes the assumptions made in each of the uplift models in Section 4.3.2.
We would like to drive readers’ attention to (e) the unconfoundedness assumption. Classical
uplift models usually rely on Randomized Control Trials (RCTs) and assume unconfounded-
ness. In many real-world applications such as the education-accident scenario introduced in
Section 4.1, the unconfoundedness assumption, however, is violated, diminishing the perfor-
mance of these models. Although some models put efforts to relax the unconfoundedness
assumptions in their model design (marked with ‘-’ in column (e)), our experiments with these
models still suggest space for performance improvement: the performance of meta-learners
(X-Learner, R-Learner, Transformed Outcome) could be closely tied to the choice of base
learners and twist the problem settings from binary outcome to continuous outcome, and the
neural network-based models (CEVAE, DragonNet) could require extensive training and strong

human expertise on hyperparameter tuning.
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4.4 Sample Re-Weighting

To address the issue of confounding bias with real-world observed datasets, we consider ap-
plying the idea of sample re-weighting to existing uplift models to relax the unconfoundedness
assumption. We first propose and analyze direct dataset sampling approach, implemented in
four modes. We further propose two novel approaches that organically incorporates the idea of
sample re-weighting in the model design via inverse propensity scoring. The pros and cons of

different sample re-weighting methods are discussed.

4.4.1 Dataset Sampling (DS)

Direct dataset sampling physically modifies the datasets before fitting the uplift model. We
propose four modes of implementation for analysis.

DS1. Resampling on Strong Confounders Only (Partial). If one or more strong con-
founder(s) (Definition 4.4) are known from prior knowledge or expertise, such as the variable
of ‘bad records in history’ in the education-accident scenario introduced in Section 4.1 and in
Figure 4.1, sample re-weighting can be done ‘partially’ on strong confounders only.

Denote the strong confounders by X ) .= {X (j)} jes- For any possible value of strong

confounders x5

, randomly sample the treatment subgroup (7 = 1]) and the control subgroup
(T = 0) respectively, s.t. p(T = 1|1X) =x)) = p(T =0[X®) =x8)) = 1/2 and p(X©) =x(9)
retains. Here, p(-) refers to the frequency of samples.

In practice, values for continuous confounders need to be divided into intervals before
grouping; some confounder groups may encounter data sparsity issues (i.e. its treatment sub-
group or control subgroup may not have enough supports for sampling) and are left as they are,
and therefore the unconfoundedness assumption may not be fully relaxed; and some samples
are left unused after resampling.

DS2. Resampling. Similar to DS1, resampling randomly sample treatment and control
subgroups for each X = x group, s.t. Vx, p(T =1|X =x) =p(T =0|X =x) =1/2 and p(X =x)
retains. Here X denotes the set of all covariates. In practice, resampling may encounter issues
with value grouping, data sparsity as well as partial usage of data, the same as in DS1.

DS3. Undersampling. Undersampling only sample the majority 7 subgroup (i.e. the
subgroup with larger sample size out of treatment and control subgroups) in each large-size

X = x group, keeping the minority 7 subgroups the same, s.t. p(T =1|X) = p(T =0|X)=1/2.
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Undersampling results in a smaller sample size, which reduces the computational cost for
uplift modeling. However, undersampling may encounter issues with value grouping, data
sparsity as well as partial usage of data, the same as in DS1. In general, undersampling is only
suitable for large-scale datasets. Moreover, as the frequency distribution of p(X) cannot be
retained, the calculation of the average treatment effect (ATE) on the undersampled dataset is
no more meaningful.

DS4. Oversampling. Oversampling sample both treatment and control subgroups with
replacement in each X = x group, doubling the total size of each X = x group to retain p(X).

Our implementation of oversampling guarantees full use of all samples. However, due
to larger sample size after oversampling, computational costs increases for uplift modeling.
Onversampling may also encounter issues with value grouping and data sparsity, the same as
in DSI.

The direct dataset sampling approach eliminates the confounding bias in observed data
via physically modifying the original dataset. Obviously, their common advantage is that the
sample re-weighting step is decoupled from the uplift modeling step and is thus generally
applicable to any existing uplift model. However, such implementations in practice are often
limited by certain issues, weakening their performance as expected. Table 4.2 summarizes the

possible issues encountered by direct dataset sampling.

4.4.2 Inverse Propensity Scoring (IPS)

To go beyond the limitation of direct dataset sampling, we look into a more organic way to real-
ize the idea of sample re-weighting using inverse propensity scoring (IPS) [9]. Inverse propen-
sity scoring explicitly estimates the sample weights for the whole dataset, and incorporate that
into the uplift model training step to eliminate the confounding bias. As the implementation
of IPS requires model-specific design, we use Class Transformation with Random Forest (or
‘ClsTrans (RF)’ for short as a representative baseline uplift model for illustration. We propose
two new models, one that incorporates IPS into the Class Transformation framework, and the
other that incorporates IPS into the bootstrapping stage in Random Forest. The implementation
of IPS is detailed below.
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Propensity score estimation

IPS first requires a propensity score estimator that assigns a propensity score to each sample
in the dataset. The propensity score quantifies the dependency of treatment assignment on

covariates.

Definition 4.6 (Propensity score) Given D ={T;,X;};—1 2 .~ where X; is short for {Xl-(j ) }im12,.M
the propensity score is p; := P(T; = 1|X;).

The propensity score estimator f of f : X — p is learnt from the original dataset, and in
this work, it is set as the elastic net propensity model (i.e. logistic regression with L1 and
L2 regularization), following the default implementation in the Causal ML package [17]. The

estimated propensity scores p; are then organically incorporated into the uplift model.

Propensity score incorporation

For propensity score incorporation, we take ClsTrans (RF) as a baseline uplift model, con-
sidering RF’s strength in eliminating bias via randomness, and ClsTrans’s unique design in the
binary-outcome problem (see experiments in Section 4.6). We propose two ways to incorporate
the estimated propensity scores.

Approach (a). Class Transformation with Inverse Propensity Scoring (Random Forest)
(‘ClsTrans (RF_IPS)’). The idea is motivated from Transformed Outcome [7], defining the

adapted outcome variable
Y7 =YixTi/ pi— Yix (1 =T;) /(1 — pi)

to replace the existing outcome variable, and leaving the rest of the model the same.
Approach (b). Class Transformation (Random Forest with Inverse Propensity Scoring)
(‘ClsTrans_IPS (RF)’). The training of Random Forest is based on bootstrapping that repeat-
edly sample training subsets from the original dataset. Hence, a simple yet effective way to
incorporate propensity scores into Random Forest is to set the sample weights in boostrapping

w(i) :=T;/pi+(1-T)/(1 - p;)
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Table 4.2: A summary of sample re-weighting methods and their issues encountered. ‘N’ refers
to the original uplift models in Section 4.3.2 without sample re-weighting.

Method N | DS1 | DS2 | DS3 | DS4 | IPS
Modify dataset - v v v v -
Model-specific design - - - - - v
Cannot retain p(X) - - - v - -
Require value grouping - v v v v -
Data sparsity issue - v v v v -
Partial data usage - v v v - -
Higher computational cost | - - - - v v

In IPS, the original dataset not modified. Instead, extra information, i.e. propensity score,
is fed into the uplift model. This avoids many practical issues encountered in direct dataset
sampling, and theoretically produces more promising results. For example, the extrapolation
ability of the propensity score estimator avoids the data sparsity issue, due to which a direct
dataset sampling methood would have to group covariate values or twist p(X). Admittedly, IPS
requires extra modeling effort to modify uplift models to incorporate the propensity scores. The

properties of IPS are also included in Table 4.2.

4.5 Adapted Evaluation Metrics

In this section, we analytically demonstrate that the well-adopted evaluation metrics for uplift
modeling (i.e. uplift curve and AUUC) become unsound in real-world observed data when the
unconfoundedness assumption is violated, and we propose two adapted metrics to relax the

unconfoundedness assumption.

4.5.1 Area Under the Unconfounded Uplift Curve (AUUUC)

The most popular evaluation metrics for uplift modeling are uplift curve and Area Under the
Uplift Curve (AUUC) [85] as defined below.

Definition 4.7 (Uplift curve) Given D = {Y;,T;,%;}i=1,.. N where 1;’s refer to the uplift esti-
mates by an uplift model, let 1(-) re-index i’s s.t. %1(1) > ... > %l(i) > .. > fl(N)’ then the cumu-
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lative uplift is

Y« T; Yix(1—T;
gain(k) := (Zl Zl ( )> *k,

k k
Y= T L) :1( —Ti)
and the uplift curve plots the function gain.

Definition 4.8 (AUUC) Given the cumulative uplift function gain, the Area Under the Uplift

Curve is
N

AUUC = Zgain(k).
k=1

An uplift curve visualizes the uplift ranking ability of an uplift model, and AUUC quantifies
it. Variants of uplift curve and AUUC are also adopted in the uplift modeling literature [29].

However, the usage of uplift curve and AUUC requires the unconfoundedness assumption
[103]. If the unconfoundedness assumption is violated, an uplift curve may not provide mean-
ingful visualization and AUUC may not properly rank a good model versus a bad model. Figure
4.2(a) visualizes the uplift curves in the education-accident scenario with the real-world traffic
education and accident dataset EduAcc (see Section 4.6 for details), with T being education
and Y being NON-accident. Based on human expertise, traffic education should reduce the
number of accidents and thus T positively affects Y. However, the downward random curve
in Figure 4.2(a) (in green color) misleadingly implies that the correlation between 7 and Y
is negative. The contradiction exemplifies that the validity of uplift curve and AUUC can be
deteriorated when the unconfoundedness assumption is violated.

To bridge the gap between existing metrics (uplift curve and AUUC) and real-world scenar-
ios (with confounding bias), we propose the following adapted metrics using IPS (introduced

in Section 4.4.2) to relax the unconfoundedness assumption:

Definition 4.9 (Unconfounded uplift curve) Given a dataset D = {Y;,T;,%;, pi}i=1,..y where
T;’s refer to the uplift estimates by an uplift model, and p;’s refer to the estimated propensity

scores, let [(-) re-index i’s s.t. (1) > ... > 33y > ... > %), then the unconfounded cumulative

uplift is
k T k 1-7;
() Yig=1Yi* 5 L= Yi* =5 k .
gain(k) := k T T ok =T, * Z w(i),
Zl(i):l pi 21(1'):1 T—pi I(i)=1
where w(i) := L + =5 is the sample weight by inverse propensity scores. The unconfounded

uplift curve plots the unconfounded cumulatlve uplifts as {( (k),gain(k))}x=1,..n and with
Zf:l i gam )}
k=1,.

YV w(i)’ gain(N

normalization, the curve plots {(
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Figure 4.2: Uplift curves versus unconfounded uplift curves for random sorting and selected
models on EduAcc dataset.

Definition 4.10 (AUUUC) Given the unconfounded cumulative uplift function gain and sam-
ple weighting function w, the Area Under the Unconfounded Uplift Curve is

N
AUUUC := Y gain(k) = w(k).
k=1
With normalization,

AUUUC

normalized AUUUC := .
- gain(N) < £, w(k)

Figure 4.2(b) visualizes the unconfounded uplift curves of the EduAcc data. As the un-
confoundedness assumption is relaxed in the new metric, random curve (in green color) now
goes upward as expected. Furthermore, comparing the uplift curves for ClsTrans_IPS (RF)
and ClsTrans (RF_IPS) between 4.2(a) and 4.2(b), a model with a higher AUUUC score (de-
noted by the curve in light blue) gets a lower AUUC score instead. Hence, AUUC is no longer
a proper metric for ranking uplift models. We will adopt the proposed unconfounded uplift

curve and AUUUC for experiments in Section 4.6.
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4.5.2 Maximum of the True Uplift Curve (MTUC)

If ground truth uplifts are available - though rarely the case in real-world scenarios, as we
define the metric mainly for experimental purpose - we propose a new adaptation of the uplift

curve using ground truth uplifts:

Definition 4.11 (True uplift curve) Given D = {1;,%;}i—1,. v where T;’s refer to the ground
truth uplifts available from the dataset and 1;’s refer to the uplift estimates by an uplift model,
let I(+) re-index i’s s.t. Loy > > ‘Z’l(i) > > %Z(N)’ then the cumulative true uplift is

k
gain(k) := Z T;.

The true uplift curve plots the function gain.

Definition 4.12 (MTUC) Given the cumulative true uplift gain, the Maximum of the True Up-
lift Curve is
MTUC = mlflxgain(k),

i.e. the peak value of the true uplift curve. With normalization,

MTUC

normalized MTUC 1= — .
gain(N)

4.6 Experiments and Results

We conduct experiments with three real-world datasets. We compare the performance of ex-
isting uplift frameworks and models; we compare our proposed sample re-weighting methods
with existing approaches, and evaluate the significance of sample re-weighting in both con-
founded and unconfounded datasets; we discuss the necessity and validity of our proposed
evaluation metrics. Finally, we conduct a case study to quantitatively evaluate the role of sam-

ple re-weighting and uplift modeling in real-world optimization tasks.

4.6.1 Dataset Description

Our experiments are conducted with three datasets: an open-source semi-synthetic infant health

dataset ACIC, an open-source real-world twin birth and mortality dataset TWINS, and a real-
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world traffic education and accident dataset EduAcec.

ACIC dataset

The Atlantic Causal Inference Conference (ACIC) Data Analysis Challenge 2017 [44] pro-
vides 8,000 semi-synthetic datasets with an original focus on the estimation of conditional
average treatment effect (CATE) in the presence of targeted selection (and thus strong con-
founding). We select a representative dataset of 4,302 samples with high selection strength
(and i.i.d. errors, low effect magnitude, low noise level, indexed by 1) for experiment. The
dataset takes 8 real-world covariates X directly from the Infant Health and Development Pro-
gram (IHDP)[14]. The 8 features are listed in Table 4.3. The treatment variable 7" and the
outcome variable Y are synthesized to simulate confounding bias. Y and T are generated such
that T can be regarded as following a Bernoulli distribution as a function of the zero-treatment
potential outcomes, i.e., P(T = 1) = f(Y(0)). Details about the data generating process can be
found in [44] and data files are available at the first author’s web page.!

For adaptation, we convert Y’s? into binary values to facilitate Class Transformation; we
use one-hot encoding for categorical covariates X21 and X24; we convert continuous covariates
X1 and X43 into ordinal values for DS1-4. The preprocessed feature matrix is in the form of
(4,302 samples * 8 features). We conduct transductive learning (i.e. overfitting) on the dataset.

For DS1, X1 and X43 are selected as strong confounders.

TWINS datasets

The TWINS dataset [4] records twin births in the U.S. from 1989 to 1991. Each twin birth
consists of two twins. We set treatment variable 7; := I(being born the heavier twin in twin
birth i), and outcome variable ¥; := I(NON-mortality? in the first year of life). The dataset
is available in [73] with 71,345 pairs of twins and can be downloaded from the first author’s
GitHub project.? 50 covariates are used except for dbirwt and bord.* Feature descriptions are

available in files covar_desc.txt and covar_type.txt in the GitHub project.

! https://math.la.asu.edu/ prhahn/
2 In ACIC dataset, Y;’s are 0-1 flipped to conform with typical situations where uplifts are supposed to be positive

in general. This facilitates the visualization of uplift curves. The same is done for TWINS datasets and EduAcc

dataset.
3 https://github.com/AMLab- Amsterdam/CEVAE/tree/master/datasets/TWINS
4 Both are descendants of T in the causal graph and should not be controlled for.
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Table 4.3: ACIC dataset variable description.

Variable | Data type | Variable description

Y Continuous | (Synthetic)

T Binary (Synthetic)

X1 Continuous | Mother’s age

X3 Binary Mother’s cigarettes per day

X10 Binary Mother’s endocrine condition
X14 Binary Mother’s nervous system condition
X15 Binary Mother’s obstetric complications
X21 Categorical | Mother’s birth place

X24 Categorical | Mother’s race

X43 Continuous | Mother’s bilirubin

An observational study can be simulated by randomly selecting one of the two twins for
each pair of twins, while the outcomes for both twins can be regarded as potential outcomes and
thus uplifts can be calculated and regarded as observed. Our experiments conduct simulation
in two ways: unbiased and biased.

An unbiased dataset TWINS-u simulates RCTs with

T; ~ Bernoulli(0.5).

As aresult, all covariates satisfy assumptions (e) and (f). For DS1, covariate mager8 is selected
as a ‘strong confounder’ as it is weakly correlated with 7" and Y, though there is no significant
confounding bias in data.

A biased dataset TWINS-b simulates biased treatment assignment with
T;|X; ,Z; ~ Bernoulli(c(w, xx+wy, x(Z;/10—0.1))),

where Z represents covariate gestat10, X~ represents all covariates except gestat10, and w, ~
N(0,0.1%7) and wy, ~ N(5,0.1) are random noise. This simulation deliberately makes gestar 10
a strong confounder, similar to [73]. For DS1, gestat10 is selected as a strong confounder. In
both simulations, we filter top 5 covariates with the highest correlations with 7' for DS2-4 to
reduce computational cost. We conduct transductive learning (i.e. overfitting) on both datasets.

The outcomes for both twins can be regarded as potential outcomes and thus uplifts cal-

culated as the difference of the two can be regarded as observed, and are used to calculate
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Table 4.4: EduAcc dataset variable description.

Variable | Data type | Variable description

Y Binary Driver is NOT involved in accident

T Binary Driver has been educated

X1 Int (Confidential)

X2 Binary (Confidential)

X3 Int (Confidential)

X5 Int (Confidential)

X6 Int (Confidential)

X8 Int (Confidential)

X9 Binary (Confidential)

X10 Binary (Confidential)

X11 Int Bad records in history
MTUC.
EduAcc dataset

The EduAcc dataset is a 3-month collection of city-wide traffic education and accident data
of 61,407 drivers. We set Y; := I(driver i is NOT? involved in accident in current month),
T; := I(driver i has been educated in the past three months), and select 9 driver-related features
as covariates X. Covariate data types are summarized in Table 4.4, while the true meaning
of the covariates are kept confidential. The dataset is characterised by strong confounding,
as demonstrated with the semi-Simpson’s paradox in Section 4.1. We conduct transductive
learning (i.e. overfitting) on the dataset. For DS1, we select covariate X 11 (bad records in

history) as a strong confounder.

4.6.2 Experimental Settings

All code is written in Python 3.8.15 and run on a Linux (CentOS) server. The code for neural
network-based models, including CEVAE and DragonNet, is run on a single Tesla P100 GPU.

Uplift frameworks are largely implemented with the Causal ML package version 0.13.0
[17], including S-classifier, T-classifier, X-regressor, and R-regressor, Uplift Tree Classifier,
Uplift RF Classifier (KL), Uplift RF Classifier (ED), Uplift RF Classifier (Chi), Uplift RF
Classifier (CTS), Uplift RF Classifier (DDP), CEVAE and DragonNet. In particular, CEVAE
is implemented in PyTorch 1.13.1 [95], and DragonNet is implemented in TensorFlow 2.11.0
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[1]. We implement Class Transformation and Transformed Outcome following the definition
formulae in [43].

For base models, Logistic Regression (LR) and Random Forest (RF) are implemented with
the Scikit-Learn package [98], XGBoost (XGB) is implemented in https://xgboost.readthedocs.io/,
and LightGBM (LGBM) is implemented in https://lightgbm.readthedocs.io/. We selected these
models as the base models for experiments, as they are the most popular machine learning

models for solve prediction tasks with decent performance in practice.

4.6.3 Results and Discussion
Uplift modeling without sample re-weighting

Table 4.5 compares the AUUUC of existing uplift frameworks and base models on two con-
founded datasets.”> Each number in the table denotes the AUUUC of each uplift model on a
particular dataset, which is the area under the unconfounded uplift curve. On a fixed dataset, a
model with a higher AUUUC indicates a better uplift ranking ability of the model.

Finding 1. In general, Class Transformation (ClsTrans) is the best-performing framework,
and Random Forest (RF) demonstrates superior results among base learners. The superior-
ity of RF comes from the efforts it puts in the model design to obtain unbiased estimation
via randomness. Finding 2. Surprisingly, methods that put efforts to relax the unconfound-
edness assumption in their model design do not achieve satisfactory results. X-Learners and
R-Learners largely rely on the choice of base learners. CEVAE and DragonNet do not per-
form well in practice without extensive training and strong human expertise in hyperparameter
tuning.

Figure 4.3 plots the unconfounded uplift curves of representative baseline models on ACIC
dataset. A higher curve indicates a better uplift ranking ability. Therefore, ClsTrans (RF)

significantly outperforms others in terms of uplift score ranking.

Uplift modeling with sample re-weighting

To analyize the performance gain via sample re-weighting, we select the best-performing uplift
models as representatives according to results in Table 4.5, including ClsTrans, S-classifier and

T-classifier with RF as base learner. We compare the four modes of implementation for direct

> Models are implemented with the Causal ML package [17].
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Table 4.5: AUUUC of different uplift frameworks and base models on two datasets. Specif-
ically, uplift frameworks include S-classifier [61], T-classifier [61], X-regressor [61], and R-
regressor [89], Class Transformation (ClsTrans) [43], Uplift Tree / Random Forest (RF) Clas-
sifiers [99, 157, 46], CEVAE [73] and DragonNet [109]; and base learners include Logistic Re-
gression (LR) [59], Random Forests (RF) [13], XGBoost (XGB) [19], and Light GBM (LGBM)
[55]. No sample re-weighting is applied. Models are sorted by ACIC results.

Method ACIC | EduAcc
ClsTrans (RF) 3.85 3.98
ClsTrans (XGB) 2.92 2.45
ClsTrans (LGBM) 2.73 2.25
S-classifier (RF) 2.59 4.38
T-classifier (RF) 2.47 4.39
R-regressor (RF) 1.61 3.72
R-regressor (XGB) 1.53 3.38
R-regressor (LGBM) 1.47 3.89
Uplift RF Classifier (CTS) 1.29 1.41
Uplift RF Classifier (ED) 1.22 1.61
S-classifier (XGB) 1.20 2.93
Uplift RF Classifier (KL) 1.19 1.65
Uplift RF Classifier (Chi) 1.18 1.48
T-classifier (LGBM) 1.12 4.08
X-regressor (LGBM) 1.06 3.47
T-classifier (XGB) 1.06 4.05
S-classifier (LGBM) 1.04 3.39
X-regressor (XGB) 0.99 3.71
ClsTrans (LR) 0.98 1.44
X-regressor (RF) 0.78 3.87
Uplift RF Classifier (DDP) 0.75 1.76
Random 0.65 0.44
T-classifier (LR) 0.60 1.37
CEVAE 0.59 1.39
X-regressor (LR) 0.55 (0.38)
Uplift Tree Classifier 0.52 0.59
DragonNet 0.09 1.84
S-classifier (LR) (0.27) 1.72
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Figure 4.3: The unconfounded uplift curves of selected baseline uplift models on ACIC dataset.
The end points are normalized to (1, 1).

dataset sampling and the organic integration of IPS into the model design, and their AUUUC
results on two datasets are summarized in Table 4.6. Finding 3. Direct dataset sampling may
or may not improve the performance of uplift models, considering the sacrifice they have to
make to overcome practical issues upon implementations (listed in in Table 4.2). In general,
oversampling and partial resampling with known strong confounders could bring performance
gain via larger sample size or incorporation of human expertise, while undersampling could
worsen the performance due to reduced dataset scale. Finding 4. Incorporation of inverse
propensity scoring (IPS) in base learner brings significant performance gain by up to 46% as
IPS effectively eliminates the confounding bias in dataset. On the other hand, embedding IPS
in the ClsTrans framework worsens the performance, as such embedding converts the binary
outcome into continuous outcome and renders the base learner as a regressor. To summarize,
an organic embedding of IPS in an existing uplift model has great potential for improving the
performance, but the performance relies on the model structure itself and the particular design

of the embedding.
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Table 4.6: AUUUC of different sample re-weighting methods on two datasets. Numbers in

bold represent best results.

Method ACIC EduAcc
No reweighting

S-classifier (RF) 2.59 4.38
T-classifier (RF) 2.47 4.39
ClsTrans (RF) 3.85 3.98
Partial

S-classifier (RF) 3.05 3.93
T-classifier (RF) 3.12 3.87
ClsTrans (RF) 3.87 5.75
Resampling

S-classifier (RF) 2.54 3.85
T-classifier (RF) 2.41 3.89
ClsTrans (RF) 3.80 5.08
Undersampling

S-classifier (RF) 2.58 1.10
T-classifier (RF) 2.32 1.26
ClsTrans (RF) 3.70 0.73
Oversampling

S-classifier (RF) 2.56 3.93
T-classifier (RF) 2.43 3.99
ClsTrans (RF) 3.85 5.37
IPS

ClsTrans_IPS (RF) 3.02 1.22
ClsTrans (RF_IPS) 3.93 5.81
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Figure 4.4: The unconfounded uplift curves of selected uplift models with different sample
re-weighting methods on ACIC dataset. The end points are normalized to (1, 1).

Figure 4.4 plots the unconfounded uplift curves of different sample re-weighting methods
on ACIC dataset. A higher curve indicates a better uplift ranking ability. The top curve for
ClsTrans (RF_IPS), as compared to ClsTrans (RF), visualizes the performance gain via em-

bedding IPS in the bootstrapping step of random forest.

Evaluation metrics

Figure 4.2 visualizes the commonly used uplift curves versus our proposed unconfounded uplift
curves on EduAcc dataset. Finding 5. in the presence of strong confounding bias, adaptation
to evaluation metrics such as uplift curve is necessary. The discussion is detailed in Section
4.5.

Table 4.7 lists out the best-performing models on TWINS datasets based on our proposed
metric MTUC. Inverse propensity scoring and oversampling appear to be most effective, which
is in line with our findings in Table 4.6. However, MTUC can only be calculated when ground

truth uplifts are available.
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Table 4.7: MTUCs of different uplift models on TWINS datasets. Only top 20 (out of 132)
models together with random sorting are displayed. Y-axis of TUCs is normalized upon calcu-
lation.

Method TWINS-b | TWINS-u
ClsTrans (RF_IPS) 2.52 2.52
ClsTrans (RF) - oversample 2.52 2.52
ClsTrans (RF) 2.52 2.52
T-classifier (RF) 2.39 2.16
T-classifier (RF) - oversample 2.38 2.23
S-classifier (RF) - oversample 2.37 2.16
R-regressor (RF) 2.36 2.27
R-regressor (RF) - oversample 2.35 2.27
S-classifier (RF) 2.33 2.04
ClsTrans (RF) - resample 1.93 2.33
ClsTrans_IPS (RF) 1.92 1.79
ClsTrans (RF) - partial 1.86 2.36
X-regressor (RF) - oversample 1.85 1.98
T-classifier (RF) - resample 1.77 2.06
S-classifier (RF) - resample 1.76 1.96
R-regressor (RF) - resample 1.75 2.05
R-regressor (RF) - partial 1.69 2.04
T-classifier (RF) - partial 1.67 2.07
S-classifier (RF) - partial 1.65 2.00
R-regressor (XGB) - oversample 1.57 1.63
Random 1.00 1.00
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Table 4.8: Average monthly accident rate reduction of the filtered educated group (as compared
to the same group of drivers before education) upon reduced traffic police resource allocation
based on the estimates of different uplift models. Models are sorted by the 25% column.

Traffic police resource reducedto | 25% 50% 100%
Treatment population 3,158 6,316 12,633
ClsTrans (RF_IPS) -6.3% -3.8% -2.0%
ClsTrans (RF) - partial 49% -3.0% -2.0%
ClsTrans_IPS (RF) 43% -2.8% -2.0%
ClsTrans (RF) - oversample 37% -31% -2.0%
ClsTrans (RF) - resample 33% -3.0% -2.0%
ClsTrans (RF) 32% -33% -2.0%
Random 21% -1.9% -2.0%

4.6.4 A Case Study: Education Recipient Selection to Reduce Traffic Ac-
cidents

We consider a few end-to-end optimization tasks on EduAcc dataset and evaluate the role that

sample re-weighting and uplift modeling plays in such practical scenarios.

Data replay

We simulate reduced traffic police resource allocation by filtering the educated group in real
data with the highest estimated uplift scores. Table 4.8 compares the average monthly accident
rate reduction of the filtered educated group upon different filtering strategies (i.e. based on the
estimates of different uplift models). The percentage numbers in the table are also known as
‘the average treatment effects on treated” (ATTs). Education on the originally selected 12,633
recipients in real data reduces the monthly accident rate by 2.0% absolutely. If the traffic po-
lice resource allocated for education were reduced to 50% and even 25%, the uplift model
ClsTrans (RF) could have reduced the monthly accident rate of the filtered educated group by
up to 3.2%; and if sample re-weighting were applied, the accident rate reduction could have
been further enlarged to 6.3% (for the filtered educated group based on ClsTrans (RF_IPS) esti-
mates). Finding 6. Sample re-weighting for uplift modeling plays a significant role in selecting

a better set of education recipients to reduce traffic accidents than the existing strategy.
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Constrained education recipient selection

We consider a simple optimization problem to select the best set of education recipients with

limited traffic police resource to minimize the overall accident rate:

1
mTzinNiZIE[l—mTiz 1+ T+ E[1 —Y|T; = 0]+ (1-T;)
- (Eq. 4.2)

T, <K, T;€{0,1}, Vie {1,2,...,N}.

N
S.t.

i=1

Given the uplift estimates, the problem can be converted into maximizing the average uplift:

1 N A N .
max N,-Z{Ti*Ti s.t. llei <K, T €{0,1}, Vic {1,2,...,N}, (Eq. 4.3)

which is a binary knapsack problem [33] with possibly negative profit 7;’s and constraint pa-

rameters set to 1. Its optimal solution is
T =1(1(i) <K)*I(1;, > 0), Vie {1,2,....N},

where [(+) re-indexes i’s s.t. f1(1) > 285 = = B, e, select (up to) top-K individuals
with the highest (and positive) uplift estimates for treatment. We set K to 12,633 according to
real data.

Table 4.9 compares new selection strategies with selected uplift models to the existing strat-
egy in real data. To facilitate the analysis, we use the best-performing uplift model ClsTrans
(RF_IPS) to estimate uplifts and evaluate the objective value for (Eq. 4.3). Results show that
our proposed strategies can further reduce the overall accident rate of the experiment popula-

tion, with ClsTrans (RF_IPS) achieving a further reduction of monthly accident rate by 3.4%.°

4.7 Conclusion and Future Work

This work systematically analyzes methods that relax the unconfoundedness assumption to

adapt existing uplift models and evaluation metrics to real-world applications. Four modes of

The accident rate reduction is only an estimate, as ground truth uplifts are not available in the dataset.
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Table 4.9: Education recipient selection strategies with different uplift models compared to
existing strategy in real data. The ‘Delta’ column indicates a further monthly accident rate

reduction if the new strategy is adopted.

Education recipient Educated | Average | Delta
selection strategy population | uplift®

Existing strategy 12,633 8.5% 0%
ClsTrans (RF_IPS) 12,633 11.8% | 3.4%
ClsTrans_IPS (RF) 12,633 10.5% | 2.0%
ClsTrans (RF) - partial 12,633 10.1% | 1.6%
ClsTrans (RF) 11,741 9.2% | 0.7%
ClsTrans (RF) - oversample 12,178 9.0% | 0.5%
ClsTrans (RF) - resample 12,121 89% | 0.4%

implementation for direct dataset sampling and two novel approaches for inverse propensity
scoring are proposed and extensively tested with a variety of existing uplift frameworks and
base learners with three real-world datasets. Results in our work point out a promising direction
towards organic integration of the idea of sample re-weighting into existing model structure.
Potential future work includes: new methods to be proposed for sample re-weighting, and in
particular, for an organic embedding of sample re-weighting into specific model design; ex-
pansion from a binary-treatment binary-outcome problem to a more general uplift modeling

problem; further relaxation of the assumptions of existing uplift models besides unconfound-

edness.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we studied the adaptation of newly-emerging machine learning techniques to
urban transport applications. We reviewed existing tasks and techniques in both urban transport
understanding and urban transport actuation, based on which we identified challenges that
remain for the application of machine learning in urban transport, which serve as the motivation
of my PhD studies. These challenges include, in particular, the presence of non-recurrent
mobility patterns, and the often encountered experimental limitations in actuation tasks. Our
research aimed at tackling the challenges in particular contexts.

In the first work, we tackled the challenge of non-recurrent mobility patterns in the context
of highway vehicular traffic flow prediction. We adopted spatiotemporal modeling techniques
and proposed to mine the transition patterns from historical trajectories to complement non-
recurrent mobility patterns. Specifically, we devised a model, Trajectory-based Graph Neural
Networks (TrGNN), that incorporates trajectory transition patterns into the spatiotemporal deep
learning framework based on graph to improve the accuracy of traffic flow prediction. Experi-
ments with our approach on a real-world dataset achieves significant improvement, especially
in non-recurrent scenarios.

Our second work was motivated from the challenge of an experimental limitation encoun-
tered in the task of driver recipient selection for traffic safety education to reduce traffic acci-
dents: the absence of data from Randomized Control Trials and the presence of confounding

bias in observed datasets. We identified this as a common challenge in uplift modeling across
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various domains (not only in smart city applications), and we systematically studied uplift
modeling approaches and proposed organic integration of sample re-weighting in existing up-
lift models and evaluation metrics. Extensive experiments with three real-world datasets as
well as the case study on traffic safety education show significant performance gain from our

proposed approach.

5.2 Future Work

During our studies on the application of machine learning models in urban transport, we iden-
tified a few major challenges that remain, and we proposed novel approaches in our work to
tackle some of these challenges under different contexts. Based on our understanding in this
direction, we could point out a few directions to consider for future work, including novel
extension of our existing work, novel solutions for remaining challenges in urban transport.
Moreover, during our second work on uplift modeling we realized that the challenges identi-
fied and the approaches proposed in this direction would potentially be extended to domains

beyond urban transport, and we name a few alternative domains to conclude the thesis.

5.2.1 Extension of Existing Work

We first point out a few directions to extend our works detailed in this thesis.

Vehicular traffic prediction with vehicle trajectories from camera sensing data. Our
first work focused on highway vehicular traffic network with GPS trajectory data. This work
can be extended to similar urban transport contexts like a downtown region with camera sensing
data. With vehicle snapshots taken from street cameras, vehicle identities can be recovered
with high quality via the well-developed computer vision techniques, and combining vehicle
identity information with spatiotemporal information, vehicle trajectories can be recovered on
a large scale [120], followed by macroscopic metrics such as traffic flow, speed and occupancy.
We believe our work and works in this thread can be easily extended to the new context (i.e.
downtown regions in urban cities) with the new data source (i.e. camera sensing data) to further
improve our understanding of urban transport.

Organic integration of sample re-weighting into existing model architecture. Our sec-
ond work shows significant benefit of embedding inverse propensity scoring organically into

the boosting stage of a random forest model. This points out a promising direction towards
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an organic integration of the idea of sample re-weighting into existing model architecture.
We suggest future work for new sample re-weighting approaches, or embedding of sample
re-weighting in alternative models.

Relaxation of assumptions in uplift modeling. Our second work focused on relaxing
the unconfoudnedness assumption to adapt to the reduced access to randomized control trials
in uplift modeling. Unconfoundedness is only one of the assumptions that could be severely
violated in the absence of randomized control trials. Further relaxation of other assumptions
(as enumerated in Section 4.3.4) is considered as a promising research direction.

Adaptation of machine learning model architecture to uplift modeling. During our
study on uplift modeling in our second work, we foresee the potential for adaptation of existing
machine learning models into causal inference models, like the adaptation of Trees or Random
Forests into Uplift Trees or Uplift Random Forests. Multi-gate Mixture-of-Experts (MMoE)

[75] could be another good example to start with.

5.2.2 Applications in Urban Transport

Next, we point out a few directions to consider to solve the remaining challenges identified in
this thesis (in Section 2.3).

Non-recurrent mobility patterns. In addition to vehicular traffic states, non-recurrent mo-
bility patterns exist in alternative contexts such as traffic accidents, railway system breakdown,
road closure, and stampede. Further analysis of these non-recurrent patterns (such as predic-
tion of their occurrences or prediction of their impacts) would bring significant benefit for the
safety, the efficiency and the sustainability of a smart city.

Experimental limitations in actuation. Apart from the reduced access to randomized
control trials, experimental limitations also exist in alternative forms such as imperfect data
quality due to the limitations of sensing techniques or alternative data collection techniques,
or small representative samples due to limited experiment recipients, towards which future

research is promising.

5.2.3 Applications Beyond Urban Transport

Some of the challenges identified in this thesis, when machine learning is applied, are gener-

ally applicable to domains beyond urban transport, and even beyond smart city applications.

75



Finally, we name a few directions towards these generally encountered challenges, overcoming
which would bring significant benefits across domains.

Multi-source data fusion. In smart city applications, data often come from multiple
sources and come in different forms: locations, time, graph, images, text, and so on. It natu-
rally leads to problems of multi-source data fusion, which is also encountered in domains such
as robotics, healthcare, environmental engineering, an so on [12]. Machine learning, with its
well-known high capabaility of representing and transforming data, is seen as a powerful and
promising tool in solving the multi-source data fusion problem in urban transport applications.
Research efforts exist in this direction, but we believe that more work can be done, considering
the variety of tasks and data sources in smart city applications.

Knowledge transferability. Most of existing work in urban transport understanding are
context-specific, strongly dependent on tasks and datasets. However, one cannot reject the po-
tential of a domain shift from a highway network to a railway network (both in the forms of
lines with stations and intersections), or from one city to another (both consisting of downtown
and urban areas and displaying similar POI profiles, for example). Nevertheless, very lim-
ited attempts exist to mine general knowledge from urban transport and apply it to a broader
context. The problem of knowledge transferability is also encountered in vision and language
tasks [18], for example. We see emerging solutions in machine learning to transfer knowledge
across domains, such as transfer learning and meta-learning, and we foresee their potential for

urban transport understanding and actuation as well.
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