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ABSTRACT

Machine learning (ML) models are now ubiquitous in many �elds, �tting into everyday

routines and essential industrial processes. However, the human-led world is inherently

marked by bias, and unfortunately, this bias can in�ltrate ML models, leading them to act

in ways that may not be fair or just. To better understand bias and fairness issues in ML

models, adopting a human-in-the-loop perspective is essential, as humans play a key role in

the development of the ML pipeline, appearing at its various stages. For instance, people can

serve as annotators contributing their data for tasks like data labeling or in�uence the model

through their daily decisions, such as responding to speci�c situations in life, which are then

compiled into datasets to train these models. Subsequently, once these models are deployed in

decision-making scenarios, such as determining loan approvals, they make crucial decisions on

people, who then take the role of interacting with the models in more nuanced and strategic

ways. If we examine the human roles in the ML pipeline more closely, we �nd that in each

role they assume, humans signi�cantly a�ect bias and fairness issues in the development

of the ML pipeline. This is because bias and fairness concerns both originate from and

directly impact humans themselves, and their strategic reactions to ML models can further

in�uence the long-term fairness and biases of these models. Consequently, understanding

and addressing human biases throughout the ML model development cycle, particularly at

each stage of the pipeline itself, is essential. Careful monitoring of the models' statuses

and tackling their stage-speci�c biases can allow us to identify and reduce the potential

for unfair decisions, thereby ensuring the fair implementation of ML models. Therefore, this

dissertation examines the ML pipeline through a human-in-the-loop lens to better understand

and model how human roles contribute to fairness issues within ML models.

In this dissertation, I present my �ndings on the comprehension and modeling of human

behavior and biases within various stages of the ML pipeline. First, in the data annotation/-

collection stage, my exploration reveals that human cognitive biases, such as con�rmation

bias, will signi�cantly a�ect the quality of the training data. Building on this insight, I

devised a bias-aware algorithm that directly models this bias. The algorithm has demon-

strated e�ectiveness in inferring ground-truth labels for the training data, especially when
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subjects exhibit polarized values. Second, in the deployment stage, where ML models are

implemented and begin making decisions on people, I investigate how decision subjects (i.e.,

the people who are subject to ML models' decisions.) strategically react to an ML-based

system's fairness across groups or favoritism towards certain groups, particularly within the

context of loan lending. This research uncovers the ways in which decision subject's percep-

tions of fairness and engagement with the system are in�uenced by the fairness properties

of the ML models. Largely, the results unveil that decision subjects' behavior seem to be

more in�uenced by the system's favoritism towards their own group rather than the sys-

tem's fairness across groups. Finally, I investigate the feedback loop that emerges from the

combination of multiple stages�speci�cally, the deployment stage, where ML models are

implemented and make decisions about people, the behavioral data stage, where individuals

react to these decisions, and the model update stage, where models are retrained using that

behavioral data. In this loop, I examine how fairness evolves over time in ML models that are

repeatedly updated using behavioral data that is generated as a reaction to models' previous

decisions. Through a simulation study, I model interactions between decision subjects and

ML models in a task assignment setting managed by the models themselves. The results

reveal how initial fairness can degrade due to feedback loops formed by biased feedback and

subject reactions�such as reduced e�ort or early disengagement in response to perceived

unfairness. I further validate these �ndings through a human-subject experiment in a setting

where subjects interact with a real ML model that assigns tasks. Notably, the results reveal

that seemingly intuitive heuristics�such as compensating individuals with more tasks after

they receive fewer due to unfair treatment�can slow the growth of disparities, but only to

a limited extent if the model continues to rely on biased feedback, ultimately exacerbating

disparities. Overall, this dissertation explores the human-in-the-loop perspective of the ML

pipeline, identifying key areas where bias can be introduced or perpetuated. It emphasizes

the importance of carefully examining and controlling each stage to ensure the development

of fair ML models in their decision-making. These �ndings contribute valuable insights into

the design of more responsible and equitable ML systems, highlighting the essential role of

understanding and addressing human behavior and biases throughout the pipeline.
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1. INTRODUCTION

Machine learning (ML) models have become essential across various industries, playing di-

verse roles, and making signi�cant impacts worldwide. Now, more than ever, these models

are woven into the fabric of daily life, o�ering vast bene�ts. For instance, OpenAI's Chat-

GPT [  1 ] acts as a virtual assistant for numerous users. Email systems employ ML, combined

with user feedback, to sharpen their spam �lter accuracy [ 2 ]. In the �nancial sector, analysts

utilize ML for functions like algorithmic trading, fraud detection, and automated �nancial ad-

vising, deriving insights from news feeds and trading patterns [ 3 ]. In high-security contexts,

image classi�cation is pivotal for detecting weapons or identifying potentially dangerous in-

dividuals [ 4 ]. These instances emphasize ML's adaptability across many diverse purposes,

underscoring its widespread usage in the world.

Even though ML models are applied in many contexts, the human-led world is inherently

marked by bias, and unfortunately, this bias can in�ltrate ML models, leading them to act

in ways that may not be fair or just. For instance, racial bias has been observed in recidi-

vism prediction models; the COMPAS model was shown to systemically predict that African

Americans are more likely to re-o�end compared to white individuals who had committed

the same crime, revealing profound unfairness in its outcomes [ 5 ]. Gender bias has also

manifested in �nancial domains; Apple used an ML model to determine credit card applica-

tion approvals, which was found to favor male applicants over female applicants, resulting in

disproportionately higher rejection rates for female applicants [ 6 ]. Even models designed for

conversation and information retrieval, such as ChatGPT, are not immune to these biases

and have sometimes produced factually incorrect or even sexist, racist, or o�ensive text [ 7 ].

To better understand bias and fairness issues in ML models, adopting a human-in-the-

loop perspective is essential, as humans play a key role in the ML development and de-

ployment pipeline, appearing at its various stages. For instance, some people serve as data

workers, often compensated for creating or labeling data, thus supplying datasets for ML

models [ 8 ]. Meanwhile, for many, the contribution is more indirect: the decisions they make,

tasks they undertake, or content they post on social media all feed into the evolution of these

models [ 9 ]. The human-generated data provides training material for ML models, o�ering
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insights into the workings of a human-led world and enabling the models to comprehend the

dynamics of human life more e�ectively. However, the human role in ML extends beyond

merely providing data for model training. Once these models are deployed in decision-making

scenarios, such as determining loan approvals, they make crucial decisions on people, who

then interact with the models in more nuanced and strategic ways [ 10 �  12 ]. For instance,

within the �eld of loan lending services, the pattern of rejections or approvals dictated by an

ML model may shape an individual's decision to either continue using that speci�c service

or explore alternative options. These strategic reactions or behavioral data generated by hu-

mans can be leveraged by ML models to re�ne and update their understanding of the world.

This, in turn, in�uences the ML models' subsequent decisions, further impacting people's

long-term interactions with them. All of this continuous cycle of interaction and adaptation

underscores a relationship where people not only shape but also respond to the technology

that increasingly governs various aspects of their lives, revealing a complex interplay between

humans and ML.

The di�erent roles that humans play in the development of the ML pipeline signi�cantly

a�ect bias and fairness issues in ML models. This is because biases and fairness concerns of

ML models may both originate from and directly impact humans themselves. In addition,

humans' strategic reactions to ML models can greatly in�uence the long-term fairness and

biases of these models. Speci�cally:

� Humans may provide biased annotated data for training ML models : Humans

play a pivotal role as data annotators, especially on crowdsourcing platforms, such as

Amazon Mechanical Turk 

1
 , and contribute their expertise to a variety of tasks, from

fact-checking to text translation, simplifying the solution for many large-scale data prob-

lems [ 13 ]. However, human biases can sneak into data annotations and signi�cantly

decrease the data quality procured from annotators [ 14 ]. For example, when tasked with

fact-checking subjective content, such as political statements, an annotator's personal bi-

ases can lead to skewed or erroneous labels [ 15 ]. That is, if a political statement aligns

with their personal beliefs, they might erroneously label it as true, even if it is a factual

error. This potential for bias is not just limited to subjective tasks. Even in more objective

1
 "   https://www.mturk.com/  
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contexts, errors due to underestimation, overestimation, or �awed reasoning can introduce

inaccuracies to the training data [ 16 ], leading ML models astray in their problem-solving

once trained on these datasets. When annotators introduce biases during data labeling

(i.e., stage 1 of Figure 1.1 ), the resulting skewed training datasets cause ML models to

learn and internalize these biases (i.e., stage 2 of Figure 1.1 ). Consequently, when these

models generalize from the biased data, they may re�ect the same kind of biases and pro-

duce predictions or classi�cations that systematically favor certain groups or outcomes

over others, leading to unfair and often inaccurate results in real-world applications.

� ML models' decisions on people lead to their strategic reactions : Once deployed,

the model's actions might encourage strategic behavior, such as individuals gaming the

system to maximize personal gain [ 12 ,  17 ,  18 ] (i.e., stage 3 of Figure 1.1 ). For instance,

in a loan-lending context where an ML model is a decision-maker, if one gender consis-

tently receives loan approvals, they might exploit the system to their advantage, while

the opposite gender, facing consistent rejection, may choose to use the system less [ 12 ].

� Updating ML models with strategic reactions may escalate long-term fairness

issues: As time progresses, users' strategic responses to model decisions are collected

as their behavioral data (i.e., stage 4 of Figure 1.1 ). This data, in turn, will be then

used to update the ML model in�uencing the model's further decisions (i.e., stage 5

of Figure  1.1 ). Considering an algorithmic management scenario�such as a gig work

platform where an ML model governs task assignments�if the model favors one group

over another (e.g., by gender), members of the advantaged group may receive more tasks

and remain more engaged, generating behavioral data that predominantly re�ects their

participation. In contrast, disadvantaged workers may disengage or reduce their e�ort

in response to perceived unfairness, leading to underrepresentation in the data. When

the model is subsequently updated using this skewed behavioral data, the system may

reinforce and amplify its initial bias, further widening disparities over time [ 10 ,  11 ]. This

cyclical process might inadvertently perpetuate biased decisions, increasing their e�ects

over time. As the model updates and potentially becomes more biased, it may further

provoke strategic reactions from people, creating a vicious cycle of escalating bias.

19



Figure 1.1. From a human-in-the-loop perspective, the ML pipeline illus-
trates the cyclical nature of bias and fairness issues. Importantly, humans
can introduce biases during data generation, especially through annotations.
This compromises the fairness of ML models during training. Such compro-
mised fairness can lead decision subjects to react strategically, especially when
the model disproportionately favors certain sub-groups. Frequently, the be-
havioral data from these reactions is incorporated to re�ne the ML models.
However, this strategy can sometimes amplify the model's existing fairness
concerns in subsequent updates, perpetuating a vicious cycle. In this illustra-
tion, distinct colors signify di�erent groups of people�annotators or decision
subjects�engaged in speci�c stages of the pipeline.

These dynamics underscore the intricate relationship between humans and ML models.

While human involvement is indispensable in the ML pipeline, it also introduces many

complexities concerning bias and fairness. Consequently, ensuring fairness and mitigating

bias in ML models necessitate a vigilant examination of each stage of the ML pipeline

where humans play a unique role. Addressing these challenges requires a human-in-the-

loop perspective. Therefore, in this dissertation, we adopt this perspective to thoroughly

investigate the ML pipeline. We focus on the diverse roles humans have in both introducing

and in�uencing biases, and consequently, in shaping the fairness of the ML models.
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1.1 Thesis Statement

The fairness issue in ML models arises from human involvement and signi�cantly impacts

humans themselves. Biases introduced by humans in generating data can a�ect the fairness

of models, eliciting strategic reactions from humans, which, in turn, can in�uence subsequent

updates to the ML model. An essential step in addressing the fairness issues in ML models

is to comprehend and model human behavior and biases at each of these stages.

1.2 Understanding the Fairness of ML Pipeline from a Human-in-the-loop Per-
spective

Starting with the �rst stage of the pipeline, as shown in Figure 1.1 , exploration extends

to how peoples' cognitive biases in�ltrate the labels they generate for data items. In this

thesis, we focus on one type of bias that annotators might exhibit, that is their con�rma-

tion bias (i.e., the tendency to favor information that con�rms existing beliefs and values).

People are known to exhibit con�rmation bias when fact-checking political statements [ 19 �

 21 ]. In light of this, we adopted a experimental setting where annotators are tasked with

distinguishing between factual and opinion statements. They were instructed that a state-

ment should be classi�ed as factual if it is presented as a fact, regardless of its correctness,

including cases where it is a false factual statement. This approach was utilized to investi-

gate whether annotators' political stances introduce bias into their annotations. Our initial

�ndings indicate that, in tasks focused on di�erentiating factual from opinion statements,

annotators might label statements as factual only if they align with their personal values.

Consequently, we developed an algorithm that quantitatively models the con�rmation bias

and, by accounting for it, aggregates the provided labels to correctly infer ground-truth labels

for each data-item. Our �ndings indicate that directly modeling a cognitive bias and devising

a model that accounts for it signi�cantly improves aggregated annotation accuracy. Speci�-

cally, evaluations on real-world annotations demonstrate that our proposed bias-aware label

aggregation algorithm outperforms seven popularly used baseline algorithms in accurately

inferring ground-truth labels of various political statements, especially when annotators re-
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�ect more con�rmation bias in their annotations. We �nd that our algorithm works best

when annotators' own political stances are widely dispersed or even polarized.

We then move on to investigate how the fairness properties of fair and unfair ML models

a�ect decision subjects' (i.e., individuals a�ected by the models' decisions) repeated inter-

actions with and perceived fairness of the models (i.e., the third stage of the pipeline; see

Figure  1.1 ). While the fair model treats subjects from both groups equally, the unfair model

systematically favors one group over another. Previous research on �long-term fairness� [ 11 ,

 22 �  26 ] theoretically explored how people's long-term interactions with ML models in�uence

their behavior over time. Consequently, we incorporated this setting into an empirical study

to examine real-world behavior. We designed a task setting that was carefully thought out

to mirror real-world loan application scenarios where the loan decisions are made by an ML

model with respect to decision subjects' �quali�cation� (e.g., credit score) for a favorable de-

cision (e.g., loan approval). Using this simulated loan application task, we then investigated

how an ML-based loan decision system's favoritism towards a particular group, or its unbi-

ased (fair) treatment of various groups, in�uences the strategic reactions of those a�ected

by its decisions. The decision subjects' strategic reactions included retention decisions, such

as choosing to remain in or leave the system. Additionally, we also assessed the subjects'

long-term perceptions of the ML model's fairness after their interactions concluded with the

model. The results unveil that when decision subjects repeatedly interact with an ML-based

decision system and can respond strategically to it, their fairness perceptions and retention

seem to be more in�uenced by the system's favoring tendency of their own group rather than

the system's unbiased treatment of di�erent groups. However, subjects' quali�cations for the

loans act as a moderator for this e�ect. For example, we �nd that under biased treatment,

higher-quali�ed subjects perceive the system as less fair than lower-quali�ed ones, and when

their own group is favored, they show a smaller increase in their fairness perceptions. Addi-

tionally, higher-quali�ed subjects are marginally more likely to leave the system when they

belong to a disadvantaged group. Finally, our comprehensive analysis further reveals that

subjects' retention in the ML-based decision system is mainly driven by their own prospects

of favorable decisions, while their fairness perceptions are more complexly in�uenced by the

system's treatment of people in the other groups.
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In our follow-up work, we maintain our focus on stage 3 of the pipeline but consider a

more comprehensive set of strategic reactions available to decision subjects. In this work, not

only can subjects decide whether to be subject to the ML models' decisions, but they also

have the option to improve their quali�cation for a favorable decision, such as loan approval.

We investigate various schemes that make improvement either more di�cult or easier for

subjects with increasing quali�cations, examining how improvement di�culty can change the

strategic reactions that subjects display in the simulated loan application task. Furthermore,

we introduce another dimension of complexity by investigating the impact of the presence

or absence of the ML models' fairness evaluation based on prominent protected attributes,

such as gender. Our results overall indicate that, with the existence of varying di�culty

of improvement opportunities, subjects' interactions with the ML model change in nuanced

ways. Speci�cally, whether the ML model treats groups without bias, or whether it favors

or disfavors a subjects' own group, does not signi�cantly in�uence the subjects' willingness

to continue interacting with the model anymore. Similarly, model's fairness properties also

do not a�ect subjects' motivation to improve their quali�cations. However, consistent with

our �ndings where quali�cation improvement was not incorporated into the task setting,

here subjects still perceive the model as less fair if it consistently disfavors their group. The

subsequent analysis, which explores the e�ects of the ML models' fairness evaluation using

or not using the subjects' sensitive attributes, does not alter these �ndings. Overall, we �nd

that the relationship between ML models' fairness properties and both engagement (i.e.,

subjects' retention and quali�cation improvement) and fairness perceptions is complex. The

factors in�uencing engagement might di�er from those shaping fairness perceptions regarding

the ML model.

Building on �ndings from decision subjects' repeated interactions with ML models that

were not updated over time, the �nal part of this dissertation investigates how fairness evolves

over time when models are retrained using behavioral data generated in response to models'

previous decisions. Speci�cally, we simulate and empirically examine the feedback loop that

emerges across stages 3 to 5 of the ML pipeline (Figure 1.1 ), where deployed models in�uence

human behavior, that behavior is captured as data, and the models are updated accordingly.

Through a simulation study of ML-based task assignment systems, we model decision sub-
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jects who react to perceived fairness by adjusting their task completion behavior�either

in terms of retention or work quality�and raters who may introduce biased evaluations of

subjects' performance. Over time, we observe how these reactions in�uence future model

updates, revealing that even initially fair models can drift into unfairness when exposed to

skewed or biased feedback. Surprisingly, strong reactions�such as subjects consistently leav-

ing early�can sometimes limit the model's ability to update, which may incidentally slow

the growth of disparities. Conversely, when disadvantaged subjects remain in the system and

improve their work quality, the biased feedback loop can be partially corrected, also con-

tributing to a slower increase in disparity over time. To complement the simulation �ndings,

we also conduct a human-subject experiment in which subjects repeatedly interact with a

deployed and evolving ML-based task assignment system. Subjects are placed in treatments

where they can skip tasks or report unfairness. The results validate key insights from the

simulation: intuitive remedies�such as simply assigning more tasks to compensate for prior

unfairness�can slow the growth of disparities, but only to a limited extent if the under-

lying model continues to learn from biased feedback. Additionally, decision subjects adapt

their behavior in response to perceived unfairness�an aspect generally not assumed in the

simulation studies modeling human behavior. Taken together, these �ndings demonstrate

that fairness is not a static property but one that evolves through continuous interactions

between dynamic human behavior and algorithmic adaptation. In other words, this �nal

part of the dissertation presents a study�combining simulation-based modeling with empir-

ical experimentation�that highlights the value of hybrid approaches for understanding and

addressing fairness in algorithmic management systems. It emphasizes the need to design

fairness-aware interventions that are robust to feedback loops and the long-term dynamics

of human-ML interaction.

1.3 Contributions and Thesis Overview

This dissertation is divided into three major sections of work. The �rst section focuses

on modeling a bias and mitigating it within the inferred ground-truth data annotations,

touching upon Figure  1.1 , stage 1(Chapter  2  ) . The second section delves into the decision
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subject's long-term strategic reactions to an ML model's decision fairness, encompassing

stage 3 of Figure 1.1 (Chapters  3  &  4  ) . Finally, the third section, encompassing stages

3 to 5 of the ML pipeline as depicted in Figure 1.1 (Chapter  5  ) , examines how the cycle

from ML deployment to human reaction and subsequent model update unfolds through a

dynamic feedback loop, investigating how ML fairness evolves under repeated interactions

and continuous retraining.

My work and contributions related to investigating the fairness and bias within the ML

pipeline include:

� Use of probabilistic graphical models to represent the con�rmation bias of subjects when

providing data annotations. In Chapter  2  , we employ probabilistic graphical models

to represent the con�rmation bias exhibited by subjects during data annotation. This

approach demonstrates a method of quantitatively modeling human cognitive biases.

Building on this, we then develop an algorithm that uses the expectation-maximization

technique, speci�cally designed to mitigate this bias in the �nal inferred ground-truth

annotations.

� The �rst empirical investigation of decision subjects' repeated interactions with an ML-

based decision system.In Chapter  3  , we reveal insights into how fairness perceptions

and retention are in�uenced by ML-based decision systems. We �nd that both aspects are

signi�cantly a�ected by the system's tendency to favor the subjects' own group. Speci�-

cally, retention is primarily driven by the prospects of favorable decisions, while fairness

perceptions are more nuanced.In Chapter  4  , further examinations introduce the con-

cept of quali�cation improvement as a strategic reaction. These �ndings indicate that

the ML model's tendency to favor the subjects' own group no longer signi�cantly a�ects

their engagement with the model. However, subjects still perceive the model as less fair

if it systematically disfavors their group. Additionally, our results remain consistent, ir-

respective of the varying di�culty in improvement and whether sensitive attributes are

considered in assessing the ML model's fairness.

� A simulation and empirical investigation of how fairness evolves through feedback loops

across deployment, human reaction (behavioral data), and model update stages of the ML
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pipeline. In Chapter  5  , we model repeated interactions between decision subjects and

ML systems, where subjects react to fairness of the model's task assignments, and the

model is periodically updated using subjects' behavioral data. We simulate both fair and

unfair initial models and observe how their fairness properties change over time. Our re-

sults show that biased feedback can cause initially fair models to degrade, while subjects'

reactions can in�uence the feedback loop, sometimes creating data gaps that slow the

growth of disparities or self-correcting feedback loops, and other times reinforcing those

disparities even further. We validate these dynamics through a human-subject experiment

in which subjects interact with an constantly updating task assignment model, with op-

tions to skip tasks or report issues. The results validate key insights from the simulation:

intuitive remedies�such as assigning additional tasks to compensate for prior unfairness�

can slow the growth of disparities, but only to a limited extent if the underlying model

continues to learn from biased feedback.
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2. ACCOUNTING FOR COGNITIVE BIASES IN

CROWDSOURCED LABEL AGGREGATION

Exploring the �Annotation,� stage 1, of the machine learning pipeline. The

complete �gure is presented in Figure  1.1  of Chapter  1  .
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We begin with the initial and pivotal stage of the machine learning (ML) pipeline, ex-

amining the �Annotation� stage, depicted as stage 1 in Figure 1.1 of Chapter  1 . This stage

enables ML models to grasp the complexities of the human world. Training data, often

sourced from individuals who are compensated for completing speci�c tasks, encapsulates a

myriad of task types�both objective and subjective. As a result, annotations are prone to

a wide range of human biases. Consequently, addressing and accounting for these biases is

vital in this foundational phase to ensure that ML models do not perpetuate biased decisions

when deployed in the real-world. Typically, crowdsourcing is employed for data collection,

o�ering a convenient avenue to gather diverse annotations from a broad spectrum of con-

tributors for vast datasets. However, a long-standing challenge in crowdsourcing is how to

control the quality of crowd work [ 27 ]. Recently, it has been recognized that an important

factor contributing to the limited work quality of individual crowd workers is that they are

prone to a wide range ofbiasesin their work. For example, workers may be in�uenced by

social biases (e.g., racial bias, gender bias) during their annotation process [ 28 ,  29 ]. The de-

sign of crowdsourcing tasks, such as the order in which information is shown to workers, may

also have subtle impacts on workers and trigger their cognitive biases, such as the anchoring

bias and ambiguity e�ect [ 30 ,  31 ].

Another common type of cognitive bias that crowd workers are often subject to is their

con�rmation bias, which refers to people's tendency of favoring information that con�rms

their previously existing beliefs and values [ 32 ]. Indeed, researchers have showed that when

judging the truthfulness of news statements, crowd workers tend to believe those statements

coming from speakers o� the same political party that they have recently voted for to be

more true [ 21 ]. Similarly, Hube et al. [ 20 ] revealed that when crowd workers are asked to

determine whether a statement is neutral or opinionated, they are more likely to label a

statement as neutral if its stance aligns with their own opinions.

In practice, to obtain high-quality annotations from crowd workers, a redundancy-based

strategy is often deployed. That is, the same task is completed by multiple workers, and

numerous label aggregation algorithms have been proposed to infer the ground-truth answer

for each task based on the collection of annotations obtained on it [ 33 �  37 ]. While these

algorithms adopt various models to characterize worker behavior during the label generation
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process, they seldom take worker's cognitive biases, such as their con�rmation bias, into

account. In so doing, the current crowdsourced label aggregation algorithms might have

missed the opportunity to further improve the inference accuracy by explicitly modeling

how worker's cognitive biases have in�uenced their work quality.

Therefore, in this chapter, we focus on worker's con�rmation bias and propose a new label

aggregation algorithm to account for it. Speci�cally, we formulate a probabilistic model of

the label generation process by assuming that among other factors, worker's label on a task

is in�uenced by both the values of the worker and the values expressed in the task. We then

make use of the expectation-maximization algorithm to simultaneously infer the values of

each worker, the values of each task, as well as the ground-truth answer for each task.

To examine the e�ectiveness of the proposed algorithm, we collect annotations from

real crowd workers on Amazon Mechanical Turk on the subjective task of di�erentiating

factual statements from opinion statements, for which workers are shown to indeed exhibit a

degree of con�rmation bias in their annotations. We �nd that compared to a set of baseline

label aggregation algorithms, the proposed bias-aware label aggregation algorithm achieves

a higher level of accuracy in uncovering the ground-truth label for each task. We further

investigate the robustness of the proposed algorithm through simulations using synthetic

datasets. Our simulation results highlight several scenarios that the proposed algorithm

shows the largest advantage over baseline algorithms, such as when crowd workers su�er

from con�rmation bias in their annotations to a larger extent and when the distribution of

worker's values is more dispersed or even polarized.

2.1 Related Work

2.1.1 Quality Control in Crowdsourcing.

To solicit high-quality work from inexpert crowd workers, researchers have proposed

a variety of strategies such as providing e�ective incentives to workers [ 38 ], training novice

workers [ 39 ], assigning tasks to workers with relevant skills [ 40 ], and enabling communication

between workers on the same task [ 41 ]. Yet, in practice, the most widely adopted approach

for ensuring the quality of crowd work, especially for simple classi�cation tasks, is to assign
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a task to multiple workers and then infer its correct answer using all annotations collected

on it.

To e�ectively combine multiple annotations and infer the ground-truth label for a task,

researchers have designed various label aggregation algorithms to improve the inference ac-

curacy by explicitly characterizing how worker's quality in a task is a�ected by multiple

factors. For example, Whitehill et al. [ 33 ] characterized worker's labeling process using a

probabilistic graphic model assuming that a worker's label on a task is in�uenced by the

worker's skill level as well as the task di�culty. Welinder et al. [ 34 ] introduced a more sophis-

ticated model to capture worker's diverse skills on various latent topics underlying a task.

More recently, Braylan and Lease [ 42 ] extended label aggregation algorithms from simple

annotations (e.g., class labels) to complex annotations (e.g., open-ended text) by modeling

the distances between annotations. Moreover, Liet al. [ 43 ] proposed algorithms that en-

sure the aggregated labels satisfy fairness constraints. For a more complete review of label

aggregation algorithms in crowdsourcing, please see [ 37 ].

2.1.2 Bias in Crowdsourced Annotations.

Recent studies showed that crowd workers could be in�uenced by a wide range of biases

during their annotation process. Such biases can be triggered by the design of the tasks.

For example, it is shown that grouping multiple data items together in a batch for workers

to label may lead to the �in-batch annotation bias,� that is, a workers judgment on one

data item is a�ected by other data items within the batch [ 31 ]. Similarly, workers are also

subject to the �sequential bias� in their labeling process such that their annotation on one

task might be in�uenced by the previous task that they see as well as the label they provide

on it [  44 ,  45 ]. Within a single task, the ways that information is presented and the order that

questions are asked can also result in worker's cognitive bias which negatively impacts the

work quality [  30 ]. In addition, workers may exhibit biases in their annotations as a result of

the interaction between the characteristics of the worker and the task. For example, Biswas

et al. [ 29 ] showed that when crowd workers are asked to assess the recidivism risk of criminal
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defendants, they tend to slightly favor defendants of their own race, showing some degree of

in-group bias.

Another type of bias that crowd workers are prone to, especially in subjective tasks, is

con�rmation bias. Via experimental studies, it is found that crowd workers tend to label a

piece of news as true rather than fake, or a statement as neutral rather than opinionated, if

the information expressed in the news or statements align well with the worker's own belief

and value [ 20 ,  21 ]. Researchers have also revealed that con�rmation bias may largely explain

why in the real-world crowdsourcing applications of misinformation �agging on social-media

platforms, the news sources �agged by the crowd tend to be the most popular (and largely

reliable) ones [ 46 ].

2.1.3 Mitigate Con�rmation Bias in Crowdsourcing.

Most recently, researchers have explored di�erent approaches to mitigate crowd worker's

con�rmation bias and reduce the negative impact the bias brings to work quality, which

have mixed success. For example, Hubeet al. [ 20 ] showed that raising people's awareness of

their own bias can e�ectively reduce worker's bias in annotations. On the other hand, it is

found that enabling workers with di�erent beliefs and values to work on the same task and

interact with each other does not help reduce worker's bias [ 47 ]. This chapter provides a new

approach in �mitigating� con�rmation bias� we explicitly model how worker's con�rmation

bias sneak into their annotations, and then design algorithms based on such model to reduce

the bias in the �nal, aggregated labels.

2.1.4 Bias-aware Label Aggregation

In this section, we outline our algorithmic approach for crowdsourced label aggregation

which takes annotators' con�rmation biases into account. We consider subjective labeling

tasks in which annotators are asked to provide binary labels in each task, and importantly,

one of the two candidate labels is generally perceived to be more �preferable� (e.g., a piece

of news is �true� rather than �fake,� a statement is �neutral� rather than �opinionated�).

On these tasks, annotators might be subject to con�rmation bias�they might favor infor-
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mation that con�rms their previously existing beliefs or values, hence increase their chance

of providing the preferable label in tasks containing the favorable information.

2.1.5 Label Generation Model

Consider the scenario thatN annotators are asked to completeM binary labeling tasks.

An annotator i's label on task j is denoted asl ij 2 f 0; 1g, with 0 representing the preferable

label (e.g., �true news�, �neutral statement�). Our goal is to determine the true label,

zj 2 f 0; 1g, for each task j using all the labels collected on it. To model annotators' possible

con�rmation bias during their label generation processes, we assume the observed labelsl ij

depend on several causal factors: (1) the values implied by the information in the task;

(2) the annotator's values; (3) the annotator's degree of bias characterizing how much the

annotator is subject to con�rmation bias, (4) annotator's inherent tendency to provide the

preferable label, and (5) the true label of the task. Under our model, the chance for annotator

i to provide the preferable label on task j (i.e.,l ij = 0) is characterized as:

P(l ij = 0 j ci ; pi ; sj ; zj ; a) =
1

ea[(1� pi )( sj � ci )2+ pi zj ]
(2.1)

In Eqn.  2.1 , for simplicity, we model the values of both the annotators and the information

expressed in the tasks using a single dimensional spectrum�the values of annotator i are

captured by the parameterci 2 [0; 1], while the values of the information contained in task

j are captured by the parametersj 2 [0; 1] 

1
 . For example, when considering the leftright

political spectrum, ci = 1 (or sj = 1) could mean the values of annotator i (or the values

implied by information in task j) are extremely conservative, whileci = 0 (or sj = 0) means

the values of annotator i (or the values implied by information in task j) are extremely liberal.

Annotators' con�rmation bias is captured via the distance betweenci and sj �holding all

other variables equal, the closerci and sj are to each other, the more likely annotator i will

provide the preferable label in task j (i.e.,P(l ij = 0) is larger).

1
 "  Our model can easily be extended to cases where the values of annotators and tasks are characterized in

a multi-dimensional space.
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Figure 2.1. The probabilistic graphical model of annotators' label generation
process. The shaded node is observed.

We further use the parameterpi 2 [0; 1] to characterize the extent to which annotator

i is subject to con�rmation bias. Here,pi = 0 means that annotator i is heavily in�uenced

by her con�rmation bias, such that she decides her label on tasks (almost) entirely based on

how much the information contained in the task aligns with her values. Conversely, when

pi = 1, annotator i is not in�uenced by her con�rmation bias at all, such that she decides

her label on tasks (almost) entirely based on the ground truth labelzj of the task, and

zj � Bernoulli(1 � p) (i.e., the prior probability for a task to have the preferable label as

its ground truth is p, P(zj = 0) = p). When 0 < p i < 1, the annotator is in�uenced by

her con�rmation bias to some degree, and the smallerpi is, the more she is subject to the

con�rmation bias.

Finally, we use a global parametera 2 [0; + 1 ) to represent annotators' inherent tendency

to provide the preferable label on any task, or in other words, annotators' base rate of

providing the preferable label in tasks. Whena = 0, the base rate for annotators to provide

the preferable label in tasks is very high, whilea = + 1 means the base rate for annotators

to provide the preferable label in tasks is very low.

Our entire label generation model for the crowdsourced annotators is shown in Figure 2.1 .

Given a set of observed labelsL = f l ij g, the end goal of our label aggregation algorithm is

to infer the most likely ground-truth label z = f zjg for each task, as well as the values of all

hidden parameters (i.e.,s = f sjg; c = f cig; p = f pig; a;p).
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Table 2.1. Summary of model parameters and their acquisition status.

Parameter Hidden? Type Description / Acquisition

ci Yes Annotator-level Value orientation of annotator i, inferred.

pi Yes Annotator-level Con�rmation bias strength of annotator i, inferred.

sj Yes Task-level Value implied by task j, inferred.

zj Yes Task-level Ground-truth label of task j, inferred.

a Yes Global Global tendency to give preferable label, inferred.

p Yes Global Prior probability that zj = 0 , inferred.

l ij No Observed Label from annotator i on task j, observed.

N No Fixed Number of annotators, known.

M No Fixed Number of tasks, known.

2.1.6 Model Inference

We use the Expectation-Maximization (EM) algorithm to estimate the maximum likeli-

hood estimates of the hidden parameters and infer the values of the hidden variableszj .

In particular, in the Expectation step, we compute the posterior probabilities for each

hidden variablezj based on the current estimates of parameters and the observed labels:

p(zj j L ; c; p; s; a;p) / p(zj j p)p(L j zj ; c; p; s; a)

/ p(zj j p)
Y

i2 W j

p(l ij j ci ; pi ; sj ; zj ; a)

Here, we useWj to denote the set of all annotators who have provided labels on task j. When

l ij = 0, p(l ij j ci ; pi ; sj ; zj ; a) can be computed using Eqn. 2.1 ; otherwise,p(l ij j ci ; pi ; sj ; zj ; a) =

1 � P(l ij = 0 j ci ; pi ; sj ; zj ; a).

For the Maximization step, we search for optimal parameter values to maximize the

auxiliary function Q, i.e., the expectation of the complete data log-likelihood:

Q(c; p; s; a;p) = E[ ln p(L ; z j c; p; s; a;p)]

= E[ ln
Y

j

(p(zj j p)
Y

i2 W j

p(l ij j ci ; pi ; sj ; zj ; a)) ]

=
X

j

E[ ln p(zj j p)] +
X

l ij 2 L

E[ ln p(l ij j ci ; pi ; sj ; zj ; a)]
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The expectation is taken with respect to the posterior distributions ofzj that are obtained

from the previous E-step. In each M-step, we use gradient descent to update hidden param-

eters to the values that locally optimizeQ.

2.2 Experiment

In this section, we examine that on real-world subjective labeling tasks where annota-

tors could su�er from con�rmation bias, whether the proposed bias-aware label aggregation

algorithm can help improve the accuracy of inferred labels.

2.2.1 Data Collection

To empirically evaluate the e�ectiveness of the proposed algorithm, we �rst collected a

set of annotations generated by real crowd workers on the subjective task of di�erentiating

factual statements from opinion statements. We used this task in our study since previ-

ous research showed that U.S. adults were more likely to label both factual and opinion

statements as factual when they appealed more to their political side (i.e., �factual� is the

preferable label) [ 48 ].

Table 2.2. Examples of gun control related statements that we used in our study.

Statement Label Values

Gun bans alleviate intimate partner homicide. Factual Liberal

Active shooter events in the U.S. are sometimes associated with mental illness. Factual Conservative

Easy usage of guns increases �rearm-related deaths. Opinion Liberal

Most of the problematic shooting events were led by mentally ill people. Opinion Conservative

Speci�cally, from the list of controversial topics in US politics 

2
 , we selected �gun control�

as the main topic and created a set of statements related to it. We created these state-

ments by �rst reviewing gun control related debate transcripts on an online debate platform

debate.org , and extracted the main talking points (e.g., gun violence, illegal guns) from

both the supporters and opponents of gun control. Given a talking point, we extracted

2
 "   https://en.wikipedia.org/wiki/Wikipedia:List_of_controversial_issues  .
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factual statements related to it from the latest Wikipedia pages, and rewrote them slightly

to remove obvious cues indicating the statements as factual (e.g., statistics). To create opin-

ion statements related to the talking point, we then adopted the Wikipedia neutral point

of view (NPOV) criteria  

3
 to identify those opinionated arguments made by participants on

debate.org on this point that violate the NPOV criteria. In the end, we obtained a set of

12 statements, and Table 2.2 shows some example of the statements.

Next, we posted a human intelligence task (HIT) on Amazon Mechanical Turk (MTurk)

to recruit workers to evaluate this set of statements. Our HIT was open to U.S. workers

only. Each worker was asked to review all 12 statements in the HIT. For each statement, the

worker was asked to decide whether it is a �factual statement,� regardless of whether they

think it is accurate or not, or an �opinion statement,� regardless of whether they agree with

it or not. We also included the �I don't know� (IDK) option in each task, in case workers are

not sure about their answer. We further inserted an attention check question in the HIT, in

which workers were instructed to select a pre-de�ned option. Finally, we asked workers to

self-report their political stance on a 7-point Likert scale, with 1 representing very liberal, 4

representing neutral, and 7 representing very conservative.

In total, 110 workers completed our HIT and passed the attention check, among whom

57 were leaning liberal, 42 were leaning conservative, and 11 were neutral. Out of110� 12 =

1320labels generated by these workers, we obtained 107 IDK labels (i.e., 8.1% of the labels

are IDK)  

4
 . We considered the IDK labels as absent and did not include them in our further

analyses.

2.2.2 Understanding Worker's Con�rmation Bias

We start by understanding whether workers actually exhibited any con�rmation bias

when labeling factual and opinion statements in our HIT. To characterize the values that

3
 "   https://en.wikipedia.org/wiki/Wikipedia:Neutral_point_of_view  .

4
 "  The mean and median number of tasks that a worker selected the IDK label was 0.97 and 0, respectively,

and the number of IDK labels selected by individual workers showed a long-tail distribution. We also found
that workers who self-reported as neutral tended to select the IDK label more frequently than workers who
self-reported as leaning liberal or conservative (the percentage of IDK labels given among all labels generated
by the liberal, neutral, and conservative workers were 6.0%, 16.7%, and 8.7%, respectively).
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di�erent statements express, we recruited another 47 MTurk workers to review these state-

ments and determine that in a debate about gun control, whether the statement would be

more likely used by a person holding liberal views or conservative views as their argument.

For each statement, we took the majority answer from MTurk workers as the values of the

statement (see Table 2.2 for examples).

Similar as the method used in [ 20 ], we focused on analyzing worker's incorrect annotations

to quantify the worker's con�rmation bias. Speci�cally, for a worker i, we categorized her

mistakes into four types and computed the the misclassi�cation rates correspondingly:

� ER fct ! opn
L (i): among all factual statements with liberal values, the fraction of statements

that worker i incorrectly labeled as opinion statements

� ER fct ! opn
C (i): among all factual statements with conservative values, the fraction of state-

ments that worker i incorrectly labeled as opinion statements

� ER opn ! fct
L (i): among all opinion statements with liberal values, the fraction of statements

that worker i incorrectly labeled as factual statements

� ER opn ! fct
C (i): among all opinion statements with conservative values, the fraction of

statements that worker i incorrectly labeled as factual statements

If workers were indeed in�uenced by con�rmation bias during their annotation process,

we expect that for workers holding liberal (conservative) views, they have larger (smaller)

ERfct ! opn
C and ERopn! fct

L , but smaller (larger) ERfct ! opn
L and ERopn! fct

C . Therefore, we de�ne

the following metric to represent the bias of worker i:

biasi = zscore(ERfct ! opn
C (i)) + zscore(ERopn! fct

L (i))

� zscore(ERfct ! opn
L (i)) � zscore(ERopn! fct

C (i))
(2.2)

where zscore(�) represents the function standardizing the misclassi�cation rates within each

category (i.e., zscore(x) = x� �x
� ). Intuitively, the larger bias i is, the more worker i favors

information with liberal values.
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Table 2.3. Considering only theN most di�cult tasks (i.e., the top N state-
ments with the lowest average labeling accuracy), the negative correlation
between a worker's stance and bias score is signi�cant.

Top N Correlation coe�cient ( � ) p-value

1 �0.192 0.044

2 �0.243 0.011

3 �0.255 0.007

4 �0.182 0.057

5 �0.221 0.021

To see whether workers indeed showed the tendency to favor information that was con-

sistent with their own values, we look into the relationship between workers' self-reported

political stance and the computed bias scores on them. Considering workers' annotations

on all 12 statements, the average bias scores for liberal, neutral, and conservative work-

ers are 0.18, -0.47, and -0.12, respectively, and we �nd a negative, albeit non-signi�cant,

correlation between workers' stance and their bias scores (Pearson correlation coe�cient

� = � 0:086;p = 0:374). This means that compared to neutral and conservative workers,

liberal workers indeed favored information with liberal values slightly more, implying some

degree of con�rmation bias. More interestingly, as shown in Table 2.3 , when we restrict our

attention to the subset of statements that are most di�cult for workers (i.e., worker's aver-

age accuracy on the statement was the lowest among all 12 statements), we see signi�cant

negative associations between worker's stance and bias score, suggesting that workers might

be in�uenced by their con�rmation bias to the largest degree on the di�cult tasks.

2.2.3 Evaluating Label Aggregation Performance

We now move on to compare the e�ectiveness of the proposed algorithm in accurately

inferring the ground-truth labels of di�erent tasks against baseline methods. In particular,

we consider the following seven baseline methods:

� Majority vote (MV) : the ground-truth label of a task is the majority vote over all

labels on that task.
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� GLAD : the algorithm proposed in [ 33 ] which assumes a worker's label on a task is a�ected

by both the worker's skill and the task di�culty.

� Multi : the algorithm proposed in [ 34 ] that models each annotator as a multidimensional

entity to capture the worker's diverse skills on various latent topics.

� VI-BP : the algorithm proposed in [ 35 ] that transforms the label aggregation problem into

a standard inference problem in graphical models and solves it via belief propagation.

� Minimax (MM) : the algorithm proposed in [ 49 ] which assumes a separate probabilistic

distribution for each worker-task pair, and uses a minimax entropy method to infer ground-

truth labels for each task.

� ZenCrowd (ZC) : the algorithm proposed in [ 36 ] which iteratively estimates worker

reliability, removes unreliable workers, and infers ground-truth labels.

� CBCC : the algorithm proposed in [ 50 ] which assumes communities exist within work-

ers and those workers belonging to the same community share similar misclassi�cation

pattern.

Note that noneof these baseline algorithms explicitly accounts for worker's con�rmation

bias when aggregating crowdsourced labels. We implemented these baseline algorithms using

the open-sourced code repository provided by Zhenget al. [ 37 ]. We further implemented the

proposed bias-aware label aggregation algorithm, and we terminated the EM-based inference

after convergence or 1000 iterations, whichever was reached earlier 

5
 . In total, we implemented

eight di�erent label aggregation algorithms.

5
 "  To account for the impact of parameter initialization on the performance of the algorithm, we deployed an

empirically e�ective heuristic to restart the EM algorithm. We ran EM for three times. For all three runs,
we adopted a relatively uninformative initialization for pi , p, and a (pi = 0 :5; p = 0 :5, and a = 2 ). Then,
in the �rst EM, we initialized ci = 0 :5 and initialized all statements' values from one extreme (e.g.,sj = 1 ),
hoping that this run of EM would return an accurate ordering of ci . Then, in the second EM, we initialized
sj = 0 :5 and ci = 1 , hoping to get an accurate ordering ofsj . In the third EM, we initialized ci (sj ) using
the �nal ci (sj ) values from the �rst (second) EM. In the end, we report the inference results from the EM
run that gives the highest likelihood of the data.
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Figure 2.2. Comparing the performance of di�erent algorithms in accurately
inferring ground-truth labels on the real-world dataset, as the number of an-
notators increases. Error bars represent the standard errors of the mean. Note
that uncertainty in inference accuracy due to random sampling does not ex-
ist when all worker's annotations are used in the inference (i.e., �all� in the
x-axis).

We applied all these eight algorithms on the annotations that we collected from MTurk

workers for di�erentiating factual and opinion statements, and inferred the ground-truth

label for each statement. Figure 2.2 compares the accuracy of the inferred labels when using

di�erent algorithms. In addition to making inference using the entire set of annotations from

all 110 workers, to see how the accuracy of the inference varies with the number of annotators,

we also randomly sampled annotations fromK (K 2 f 20; 50; 80g) workers and inferred the

ground-truth label for each statement using only the subset of annotations provided by these

K workers. For eachK , we repeated the random sampling process for 100 times, and the

average accuracy of the inferred labels across 100 trials is presented in Figure 2.2 for each

algorithm. Clearly, we �nd that by taking worker's con�rmation bias into consideration, our

proposed label aggregation algorithm almost always achieves higher inference accuracy than

all baseline algorithms, and its advantage over baseline algorithms becomes more salient as

the number of annotators increases.
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(a) (b)

(c)
Figure 2.3. Comparing the performance of di�erent algorithms in accurately
inferring ground-truth labels on synthetic datasets as the degree that workers
su�er from con�rmation bias changes ( 2.3a ), the distribution of worker's values
changes ( 2.3b ), or the tendency for workers to provide the preferable label
changes ( 2.3c ). Error bars represent the standard errors of the mean.

2.3 Simulation

Finally, we conduct simulations on synthetic datasets to explore when the proposed bias-

aware label aggregation algorithm shows the largest advantages over baseline algorithms.

2.3.1 The Impact of Con�rmation Bias Degree.

First, we examine that compared to baseline algorithms, how the performance of the

proposed algorithm changes with the degree to which crowd workers are subject to con�r-

mation bias. To do so, we generated synthetic datasets of worker annotations following the

label generation model that we describe in Section 2.1 . In particular, for each dataset, we

randomly createdM = 100 tasks. For each task, the values it took was drawn uniformly
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randomly between 0 and 1 (i.e.,sj � U[0; 1]), and with 50% chance it had the preferable

label (i.e., zj � Bernoulli(0:5)). We then simulated a group ofN = 25 workers by setting

a = 2, sampling each worker's values uniformly randomly between 0 and 1 (i.e.,ci � U[0; 1]),

and setting pi � Beta(1; � ). Intuitively, the larger the value of � is, the more crowd workers

su�er from con�rmation bias.

To simulate di�erent degrees of con�rmation bias, we considered �ve di�erent values of

� : 0.1, 0.5, 1, 2, 4. For each value of� , we generated 50 synthetic datasets by simulating

worker's annotation on each task according to Eqn. 2.1 . Given a speci�c dataset, we next

used all eight label aggregation algorithms to infer the ground-truth label for each task.

Figure  2.3a shows how the inference accuracy of di�erent algorithms, averaged over the 50

datasets, changes with� . It is clear that as crowd workers su�er more from con�rmation bias

(i.e., � increases), while the inference accuracy of all algorithms decreases, the advantage of

our bias-aware algorithm over the baseline algorithms becomes larger. In other words, using

the proposed algorithm to aggregate crowd-generated annotations is especially helpful when

crowd workers exhibit a higher level of con�rmation bias.

2.3.2 The Impact of the Distribution of Worker's Values.

We next explore how the distribution of crowd workers' own values a�ects the per-

formance comparison between di�erent label aggregation algorithms. We again simulated

annotations from N = 25 workers on M = 100 tasks. For each task,sj � U[0; 1] and

zj � Bernoulli(0:5), while for each worker,a = 2 and pi � Beta(1; 5). For each worker's

valuesci , we considered four types of distributions from which it could be randomly drawn:

(1) Uniform (UNI) : ci � Beta(1; 1), re�ecting the case that crowd workers' values are uni-

formly spread over the spectrum; (2)U-shape (US): ci � Beta(0:5; 0:5), re�ecting the case

that crowd workers are polarized and tend to hold divergent and extreme values; (3)Unbal-

anced (UB): ci � Beta(1; 2), re�ecting the case that most workers lean towards one extreme

on the spectrum of values; and (4)Inverse-U shape (IU): ci � Beta(2; 2), re�ecting the

case that most workers lean towards the middle of the spectrum of values. Again, given a

speci�c values distribution, we simulated 50 synthetic worker annotation datasets, and the
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average inference accuracy of di�erent label aggregation algorithms is shown in Figure 2.3b .

Here, we observe that the advantage of our bias-aware algorithm is particularly salient when

workers' values are widely dispersed or even polarized. When workers' values lean towards

one extreme or the middle of the spectrum�that is, when most workers' values are some-

what similar�the performance of the proposed algorithm is on par with the best-performing

baseline algorithms (i.e., CBCC and VI-BP).

2.3.3 The Impact of Base Rate of the Preferable Label.

Lastly, we look into how worker's tendency of providing the preferable label (i.e., worker's

�positive bias�) changes the performance of various algorithms. We simulated 50 datasets,

with each dataset containingN = 25 workers and M = 100 tasks. Further, we set

sj � U[0; 1], zj � Bernoulli(0.5), ci � Beta(1; 1), and pi � Beta(1; 5). We then varied

a 2 f 1; 2; 3; 5g, and Figure  2.3c presents the average inference accuracy of di�erent label

aggregation algorithms. Interestingly, we �nd the proposed algorithm has the largest advan-

tage over baseline algorithms when workers have a moderate level of base rate of providing

the preferable label. When workers have very high base rates to provide the preferable label

(e.g., a = 1), the proposed algorithm performs worse than the VI-BP algorithm. On the

other hand, when workers are unlikely to provide the preferable label (e.g.,a = 5), while

the proposed algorithm outperforms many baselines, a simple majority vote can be the most

e�ective aggregation strategy if the distribution of worker's values is balanced.

2.4 Conclusion

Crowdsourcing has become a prevalent tool for gathering data from humans. As humans

are often subject to various types of biases, the challenge of how to carefully process the

crowdsourced data to minimize the negative impact that people's biases bring to data qual-

ity becomes pressing. In this chapter, we focus on con�rmation bias, a particular type of

cognitive bias, and propose a new label aggregation algorithm based on a quantitative model

which characterizes how crowd workers are in�uenced by their con�rmation bias in their an-
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notations. The evaluation results on both real-world data and synthetic data demonstrate

the e�ectiveness of our proposed method.
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3. INVESTIGATING DECISION SUBJECTS' REPEATED

INTERACTIONS WITH ML MODELS

Exploring the �Decision,� stage 3, of the machine learning pipeline. The

complete �gure is presented in Figure  1.1  of Chapter  1  .
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We now turn our attention to �Decision,� the third stage of the machine learning (ML)

pipeline, as depicted in Figure 1.1 of Chapter  1 . Considering the wide array of contexts

where ML models are used to automate decision-making in high-stake domains, such as loan

lending [ 51 ], hiring [  52 ], and immigration policing [ 53 ], the importance of fairness becomes

evident. Unfortunately, many of the ML-based decision systems that are deployed inherit pre-

existing biases from the datasets used in their training. This leads them to treat individuals

from di�erent socio-demographic groups unfairly. For example, an ML model reviewing

credit card applications was found to exhibit gender bias, granting a male applicant 20

times more credit limit compared to a female applicant with the same quali�cations [ 54 ]. In

another case, an ML model widely used in US hospitals to allocate healthcare to patients

was discovered to systematically discriminate against African Americans [ 55 ,  56 ].

The possibility of ML-based decision systems to behave unfairly has sparked great inter-

ests among researchers to investigate various methods for ensuring fairness in such systems.

While earlier works tackle this challenge mostly by adjusting the training data, processes,

and outputs of the ML systems [ 57 �  60 ], more recently, an increasing number of studies start

to take a more human-centered view by probing deeper into what does a �fair� ML-based

decision system mean topeople. For example, user interfaces have been designed to elicit

diverse subjective fairness notions from di�erent stakeholders [ 61 ]. Experimental studies

have been conducted to understand people's preferences over multiple fairness de�nitions

that potentially compete with one another [ 62 �  64 ]. Frameworks have also been proposed to

learn context-aware fairness notions from humans' situated fairness judgements [ 65 ].

As ML-based decision systems bring about real-world consequences to people's lives,

another important line of research regarding fairness of these systems is to examine what

factors a�ect the fairness perceptions ofdecision subjectsof an ML-based decision system

(i.e., those people about whom the decisions are made by the system), and how. To this end,

Wang et al. [ 66 ] show that in the one-shot interaction with an ML-based decision system,

decision subjects perceive the system to be fairer both when the system is not biased against

any speci�c group (i.e., the system is �fair� across groups), and when the system's decisions

on them are in their favor. However, in practice, decision subjects often can repeatedly

interact with an ML-based decision system and strategically respond to the system by, for
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example, actively deciding whether they want to stay in the system or depart from it. In these

scenarios of repeated interactions, how will a decision subject'sfairness perceptionsin an ML-

based decision system be a�ected by various factors regarding the system's decision outcomes,

such as the system's fairness level across groups and its tendency to favor the subject's

group? And will these same factors also impact the subject'sretention in the system? To

complicate things further, di�erent decision subjects have di�erent characteristics, such as

their quali�cation levels (i.e., they �deserve� a favorable decision to di�erent degree) and

sensitivity to fairness (i.e., they �value� fairness to di�erent degree). What roles these

individual characteristics play, both on their own and as potential moderating factors, in

changing the subject's fairness perceptions and retention in the ML-based decision system?

In this chapter, we made an initial attempt to answer these questions by conducting

randomized human-subject experiments. In our experiments, we recruited human subjects

to play a game in which they would play as a small business owner with randomly assigned

group identity and quali�cation levels (i.e., credit score levels), and they needed to apply

for loans from a bank to support their business for a period of at most 10 rounds. Subjects

were told that the bank utilized an ML system to make its lending decisions. If the subject

applied for a loan from the bank in one round, the bank's lending decisions on her as well

as the summary information of the bank's decisions on all other applicants during the same

period would be revealed to her. Importantly, after interacting with the ML-based banking

system for at least once, the subject could decide to not apply loans from the bank anymore

at any time and therefore depart from the system in any round as she wished.

Our �rst study involved two experimental treatments by varying decision outcomes of the

bank's ML system across loan applicants of di�erent groups. Through this study, we found

that when a decision subject interacts with an ML-based decision system repeatedly, both

her fairness perceptions and her retention in the system is signi�cantly a�ected bywhether

the system is in favor of her own group, rather than whether the system treats people of

di�erent groups in an unbiased way. Decision subjects with higher quali�cation levels also

had signi�cantly higher retention in the system, but their fairness perceptions of the system

did not change. More interestingly, we noted that the decision subject's quali�cation level

moderates the impacts on her fairness perceptions and retention in the ML system that
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are brought up by the system's decision outcomes. As for the decision subject's sensitivity

to fairness, we observed that subjects who value fairness more tended to perceive ML-based

decision systems as more unfair and be less willing to participate in these systems, but we did

not �nd any signi�cant moderating e�ects associated with the subject's fairness sensitivity.

The �ndings of our �rst study led to a natural follow-up question�When decision subjects

increase/decrease their fairness perceptions and retention in an ML system as it favors/dis-

favors the subject's group, are the changes driven by the subject'sown prospects of receiving

the favorable decision, or the subject'srelative advantage/disadvantage over people in other

groups in receiving the favorable decision? We conducted a second study to explore the

answers to this question. Our results suggest that decision subjects' retention in the ML

system is primarily driven by their own prospects of receiving the favorable decision. In

contrast, the system's treatment to people inother groups did signi�cantly contribute to

subjects' fairness perceptions of the system, both via establishing a baseline for subjects to

see the relative advantage/disadvantage of their own group, and perhaps surprisingly, via

giving subjects a sense of the system's overall tendency to grant favorable decisions.

We conclude by discussing the implications of our study on understanding humans' re-

peated interactions with ML-based decision systems, and address the limitations of our work.

3.1 Related Work

There is a growing body of work on understanding how humans adopt, interact with, and

trust the ML-based decision-making systems [ 67 �  77 ]. Among many other factors, whether

the ML system is �fair� is deemed as a critical factor that will a�ect people's perceptions

of and reactions to the system. However, while there are numerous fairness de�nitions

being proposed in the computer science literature [ 78 �  84 ], there is no clear agreement over a

particular de�nition [  62 ], and fairness requirements could be highly context-dependent [ 85 ].

Therefore, many empirical studies have been designed to solicit human preferences over

di�erent fairness de�nitions for a variety of decision-making contexts [ 62 �  64 ]. For example,

for loan lending decisions, Saxenaet al. [ 62 ] compared three fairness de�nitions and found

that the calibrated fairness de�nition tends to be preferred by laypeople.
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More recently, a more human-centered perspective has been taken to understand the

fairness of ML-based decision systems. That is, instead of searching for a single, objec-

tive de�nition of fairness, fairness is increasingly being treated as a subjective concept, and

various studies have been carried out to examine the range of factors that may a�ect peo-

ple's fairness perceptions of an ML system. For instance, Hannanet al. [ 86 ] found that in

resource allocation scenarios, people's fairness perceptions are in�uenced by what resource

is being allocated, who allocates the resources, and sometimes even how the questions re-

garding fairness perceptions are asked. Other key in�uencing factors include whether and

how the system's decisions are explained [ 87 �  89 ], the ways that the ML system's decisions

are presented and visualized [ 90 ], and people's personal experience related to the algorith-

mic decision making scenario [ 91 ]. Researchers have also explored fairness perceptions of

an ML-based decision systems from di�erent stakeholders' points of view. For example, by

independentlycontrolling the ML system's decisions on individuals (i.e., favorable vs. unfa-

vorable) and the system's treatment across groups (i.e., biased vs. unbiased), Wanget al. [ 66 ]

showed that decision subjects' fairness perceptions of an ML system are predominately af-

fected by whether the system makes a decision that is in their favor, although holding all

else equal, decision subjects also perceive a system that exhibits unbiased treatment across

di�erent groups as fairer. On the other hand, from system developers' perspectives, factors

used and processes involved in algorithmic decision making of an ML system are essential

for them to judge the system's fairness level [ 92 ].

Compared to the prior work, in this chapter, we aim to re-examine decision subjects'

fairness perceptions and retention in ML-based decision systems as they interact with these

systemsrepeatedly. This perspective of repeated/long-term interactions has been taken in

more theoretical examinations of fairness in ML, in which researchers often argue that an ML

model that makes one-shot fair decisions by enforcing static fairness constraints may not lead

to long-term well-being of those groups it aims to protect. This is because the decisions that

an ML model makes on people, in the long run, can also reshape people, including changing

the quali�cation distributions of di�erent groups [  10 ,  22 ], changing the group representation

over time [ 11 ], a�ecting people's willingness to invest in their quali�cation [ 93 ], and causing

di�erent levels of precarity to people [ 94 ]. Our work complements this theoretical line of work
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from two perspectives: First, we extend the discussions from decision subjects' well-being in

repeated interactions to their fairness perceptions in repeated interactions, and we suspect

these perceptions may also be di�erent from those perceptions in one-shot interactions.

For example, the impact of an ML model being unfair across groups on decision subjects'

fairness perceptions of the model may either be strengthened in the repeated interactions

due to people's repeated exposure to the model's biased treatment, or be weakened as some

people see the possibility to �exploit� such biased treatment to optimize their own utility.

Second, as many theoretical studies use simulated models to capture the long-term user

dynamics [ 11 ,  26 ], our investigation into decision subjects' retention in repeated interactions

with an ML model could provide empirical evidence for characterizing the user dynamics

more realistically.

3.2 Study 1

In our �rst study, to understand decision subjects' fairness perceptions and retention in

an ML-based decision system as they repeatedly interact with the system, we conducted a

randomized human-subject experiment. In particular, we ask:

� RQ1 : How are decision subjects' fairness perceptions and their willingness to participate

in the ML-based decision system a�ected by properties of the decision outcomes, such as

the ML system's fairness level across groups(i.e., whether the ML system treats decision

subjects of di�erent groups equally), and the ML system'stendency to favor the subject's

own group?

� RQ2 : What role does a decision subject's quali�cation level play in in�uencing her fairness

perceptions and retention in the ML system, both on its own and as a potential moderator

of the impacts of the ML system's decision outcomes on the subject?

� RQ3 : What role does a decision subject's sensitivity level to fairness play in in�uencing

her fairness perceptions and retention in the ML system, both on its own and as a potential

moderator of the impacts of the ML system's decision outcomes on the subject?
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3.2.1 Experimental Design

3.2.1.1 Experimental Tasks.

We recruited human subjects to play a game in our experiment, in which each subject

was asked to play as a small business owner, and would interact with a bank repeatedly by

applying loans from it to support her business. Subjects were told that this bank uses an ML

model to make lending decisions, and they could decide whether to keep applying for loans

from this bank of their own volition. The main interface of this game is shown in Figure 3.1 .

More speci�cally, upon arrival at the game, each subject was assigned with a loan applicant

pro�le that represents her throughout this game (Figure  3.1 A), which included 5 features:

� Group : the applicant's group identity, with two possible values�red or blue.

� Credit score range : a 30-point range of the applicant's credit score, which can be

one of the 12 possible ranges in the set {480�510,� � � , 630�660, 660�690,� � � , 810�840}.

Subjects were told that their precise credit score varies over time, but it typically falls into

the range on their pro�le. They were also told that a credit scoreabove660 is generally

considered to be �high,� and the higher their credit scores are, the more they could hope

to get their loans approved.

� Credit history : the number of years that the applicant has a credit history, which takes

a value between 10 and 20.

� Home ownership : the ownership of the applicant's home, with two possible values�rent

or own.

� Small business industry : The type of industry the applicant's small business belongs to,

which can be one of the �ve values�software and IT services, advertising and marketing,

food and accommodation service, healthcare service, and construction.
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