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Abstract

The computational capabilities of AI engines integrated with human knowledge and ex-

perience can help create intelligent human-in-the-loop (HITL) decision systems. In safety-

critical applications that require a certain level of human supervision, human and AI engine

errors can be costly. Thus, it is crucial to identify challenges prevailing at several levels of

HITL decision systems that hinder the learning and inferencing processes, and subsequently

address them within the learning scheme. This dissertation designates the learning and in-

ferencing challenges in HITL systems at three different levels, namely, representation-level,

feature-level and model-level challenges and addresses these challenges within an Active

Learning (AL) context.

There are several hindrances, such as unavailability of labels for the AL algorithm at the

beginning; unreliable external source of labels during the querying process; or incompatible

mechanisms to evaluate the performance of Active Learner. Inspired by these practical chal-

lenges, this dissertation presents a hybrid query strategy-based AL framework that addresses

three practical challenges simultaneously: cold-start, oracle uncertainty and performance

evaluation of Active Learner in the absence of ground truth. The heuristics obtained during

the querying process serve as the fundamental premise for accessing the performance of Ac-

tive Learner. The idea of AL is further extended to representation learning in non-Euclidean

space like graphs as well. Both node attributes and topological information are incorpo-

rated in the learning scheme. The node features are exploited while training the GNN-based

decision model and topological information is considered during selective sampling of the

nodes.

Modeling human behavior in collaborative human-AI decision setup is not straightfor-

ward. This dissertation, for the first time, presents a systematic framework for simulation,

modeling, tracking and adaptation of behavioral biases in a collaborative HITL decision



environment within an AL context. The issue of poor generalization performance and over-

fitting of decision models is addressed by incorporating observational biases while training

the decision models. This dissertation presents two case studies demonstrating ways to

incorporate observational biases within the learning frameworks. Despite the fact that AI-

powered systems have provided competitive benefits in the recent years, the black-box nature

prohibits the explainability of their decisions and drives them to lack transparency. This is-

sue prompted the development of explainable artificial intelligence (XAI), which supports AI

systems that can explain their internal processes and decision-making methods. This disser-

tation presents two case studies to demonstrate different ways of explaining the predictions

made by decision models.

Conventional NN do not furnish uncertainty estimates associated with their predictions,

and are therefore ill-calibrated. Uncertainty quantification techniques offer probability distri-

butions or confidence intervals to represent the uncertainty associated with NN predictions,

instead of solely presenting the point predictions/estimates. Once the uncertainty in NN is

quantified, it is crucial to leverage this information to modify training objectives and improve

accuracy and reliability of the corresponding decision models. This dissertation establishes

a novel framework to utilize the knowledge of input and output uncertainties in NN to guide

querying process in the context of Active Learning. The lower and upper bounds for label

complexity are derived analytically.

The methods proposed in this dissertation are highly beneficial for safety-critical appli-

cations, that demand significant human monitoring and any error due to human and AI

components can be expensive. For example, an effective and rigorous decision support tool

in medical diagnosis can help doctors/clinicians nudge the possibility of prescribing further

tests for better diagnosis, thereby making a well-informed decision with higher confidence.
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Abstract
The computational capabilities of AI engines integrated with human knowledge and ex-

perience can help create intelligent human-in-the-loop (HITL) decision systems. In safety-

critical applications that require a certain level of human supervision, human and AI engine

errors can be costly. Thus, it is crucial to identify challenges prevailing at several levels of

HITL decision systems that hinder the learning and inferencing processes, and subsequently

address them within the learning scheme. This dissertation designates the learning and in-

ferencing challenges in HITL systems at three di�erent levels, namely, representation-level,

feature-level and model-level challenges and addresses these challenges within an Active

Learning (AL) context.

There are several hindrances, such as unavailability of labels for the AL algorithm at the

beginning; unreliable external source of labels during the querying process; or incompatible

mechanisms to evaluate the performance of Active Learner. Inspired by these practical chal-

lenges, this dissertation presents a hybrid query strategy-based AL framework that addresses

three practical challenges simultaneously: cold-start, oracle uncertainty and performance

evaluation of Active Learner in the absence of ground truth. The heuristics obtained during

the querying process serve as the fundamental premise for accessing the performance of Ac-

tive Learner. The idea of AL is further extended to representation learning in non-Euclidean

space like graphs as well. Both node attributes and topological information are incorpo-

rated in the learning scheme. The node features are exploited while training the GNN-based

decision model and topological information is considered during selective sampling of the

nodes.

Modeling human behavior in collaborative human-AI decision setup is not straightfor-

ward. This dissertation, for the �rst time, presents a systematic framework for simulation,

modeling, tracking and adaptation of behavioral biases in a collaborative HITL decision



environment within an AL context. The issue of poor generalization performance and over-

�tting of decision models is addressed by incorporating observational biases while training

the decision models. This dissertation presents two case studies demonstrating ways to

incorporate observational biases within the learning frameworks. Despite the fact that AI-

powered systems have provided competitive bene�ts in the recent years, the black-box nature

prohibits the explainability of their decisions and drives them to lack transparency. This is-

sue prompted the development of explainable arti�cial intelligence (XAI), which supports AI

systems that can explain their internal processes and decision-making methods. This disser-

tation presents two case studies to demonstrate di�erent ways of explaining the predictions

made by decision models.

Conventional NN do not furnish uncertainty estimates associated with their predictions,

and are therefore ill-calibrated. Uncertainty quanti�cation techniques o�er probability distri-

butions or con�dence intervals to represent the uncertainty associated with NN predictions,

instead of solely presenting the point predictions/estimates. Once the uncertainty in NN is

quanti�ed, it is crucial to leverage this information to modify training objectives and improve

accuracy and reliability of the corresponding decision models. This dissertation establishes

a novel framework to utilize the knowledge of input and output uncertainties in NN to guide

querying process in the context of Active Learning. The lower and upper bounds for label

complexity are derived analytically.

The methods proposed in this dissertation are highly bene�cial for safety-critical appli-

cations, that demand signi�cant human monitoring and any error due to human and AI

components can be expensive. For example, an e�ective and rigorous decision support tool

in medical diagnosis can help doctors/clinicians nudge the possibility of prescribing further

tests for better diagnosis, thereby making a well-informed decision with higher con�dence.
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Chapter 1

Introduction

Human-in-the-loop (HITL) decision systems encompass a set of approaches that combine

machine and human intelligence for Arti�cial Intelligence (AI)-enabled applications. The

primary goal of such systems is to assist human tasks with Machine Learning (ML) in order

to improve their overall e�ciency and maximize accuracy [2]. It supports systematic inte-

gration of domain knowledge in ML methodologies and allows training of precise prediction

models at minimal cost by incorporating human knowledge and experience. Such systems

are highly prevalent in a wide variety of application domains [3] including robotics, medical

image analysis, smart manufacturing, construction automation, computer vision tasks like

person re-identi�cation, natural language processing tasks like entity extraction, entity link-

ing, named entity recognition, question-answering systems and reading comprehension tasks.

These synergistic frameworks improve the decision-making process and make AI-enabled sys-

tems more robust, accurate and smarter by promoting fusion of machine intelligence with

human knowledge and experience. The emergence of AI-based computational models, con-

trollers and decision support engines in the recent years have improved the e�ciency and

cost e�ectiveness of such systems and processes. In the context of decision making, HITL

systems typically involve a collaborative decision environment, comprising of AI-based mod-

els and human experts. The modern semi-supervised ML frameworks like Active Learning

(AL) can be well represented as HITL system consisting of human and AI agents.
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AL is a form of semi-supervised ML approaches where the learning algorithm leverages

information from external sources in order to predict labels for the unlabeled instances in

the dataset. The primary motive is to accomplish a higher prediction accuracy with fewer

labelled instances as compared to traditional supervised ML methodologies. It has proved

to be advantageous in modern ML frameworks involving expensive or wearisome labelling

procedures [4]. The learning algorithm in AL settings is referred to asActive Learner and

the external information source is termed as theOracle. The AL framework can be rep-

resented as a collaborative decision environment comprising of Arti�cial Intelligence (AI)

engine, in the form of ML-based classi�cation/regression models; and human experts, in

the form of Oracle (i.e., a domain expert). Typically, in such environments, the aim is to

learn an e�cient decision model by combining domain expertise of the human expert and

computational capabilities of the AI model. Recently, AL frameworks are being extensively

used for diverse applications including network tra�c classi�cation, biomedical text min-

ing, subgraph matching, structural reliability analysis, industrial applications and computer

vision tasks. However, the collaboration of AI engines and human experts in a decision en-

vironment is not well studied. Both human and AI components of the collaborative decision

framework are subject to anomalies and biases. The inadequacy of AI-based algorithms to

accommodate for variations in data from di�erent population subgroups gives rise to algo-

rithmic biases like correlation fallacy, selection bias and sampling bias [5]. On the contrary,

the uncertainties associated with human decisions result in behavioral biases such as hot

hand fallacy, overcon�dence, regret aversion bias, representative bias and cognitive bias [6].

Although Deep Neural Networks (DNN)-based decision models have demonstrated re-

markable advancements across diverse domains in the recent years, these data-driven mod-

els, typically characterized as \black-box" models often encounter failures attributable to

various factors. A primary limitation of these decision models is their propensity to over�t,

resulting in sub-optimal generalization performance when extrapolating beyond the con�nes

of the available data, particularly in out-of-sample prediction tasks. The predictions gener-

ated by neural network models may exhibit physical inconsistencies, thereby reducing their

interpretability. One approach to address this challenge involves incorporating prior domain
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knowledge, which encapsulates a high-level abstraction of the underlying natural phenom-

ena. The \black-box" models can be made more robust by incorporating additional biases.

This issue also prompted the development of explainable arti�cial intelligence (XAI), which

supports AI systems that can explain their internal processes and decision-making methods

[7].

Another key challenge that limits the adaptability and reliability of ML methods is

their inability to quantify uncertainties in the model predictions. Uncertainty in measured

quantities and imprecise information about the underlying structure and features of data

and/or model parameters can pose a serious impediment to the e�ciency of the learning

process and quality of the resulting decision models. Uncertainty in estimated parameters

and structure of trained model is a fundamental modeling challenge that imposes restrictions

on the con�dence of predictions. Learning representations in an uncertainty-aware manner

is fundamental to producing robust models and reliable predictions. Models that do not

account for these sources of uncertainty can be over-con�dent in their predictions. Moreover,

neural network models are often prone to over�tting that limits their ability to generalise [8].

These factors can pose serious problems to e�ective utilization of the available information in

the model building process as well as reliable interpretation of the model predictions under

adverse situations. Furthermore, the knowledge of uncertainty quanti�cation is also leveraged

to modify training objectives and thereby, improve model performance and robustness.

Given the wide range of applications supported by HITL decision systems and their

ability to enhance the overall e�ciency of ML models by integrating human knowledge,

there exist challenges at multiple levels. The learning and inferencing challenges in HITL

decision systems can be broadly classi�ed into three levels, as illustrated in Figure 1.1. Each

of these category of challenges is discussed next.

1. Representation-Level Challenges : The challenges at the representation level are

primarily focused upon formulating and representing the components of HITL systems

in an e�ective manner. This would support a methodical study and analysis of the

synergistic human-AI collaborative decision environment adequately.
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Figure 1.1: Categorization of learning and inferencing challenges in HITL decision systems.

2. Feature-Level Challenges : The challenges at the feature level are directed towards

designing appropriate feature engineering steps in order to improve representation and

learning of the decision systems. E�cient feature engineering also helps to address the

issue of lack of explainability of the decision models.

3. Model-Level Challenges : The challenges at the model level are aimed at improving

the robustness and predictive ability of the decision models. This is done by quantify-

ing uncertainties from various sources within the learning scheme. The knowledge of

uncertainty is then leveraged to modify model training objectives and thereby, improve

model performance and robustness.

Based on these perspectives, this dissertation seeks to address a few fundamental research

questions. These research questions and contributions of the dissertation that aim to address

them are discussed in the following sections.

1.1 Research Questions

In order to address learning and inferencing challenges in HITL decision systems, the follow-

ing research questions are formulated:

Question 1: What are the practical challenges involved in implementation of semi-supervised

learning approaches like AL, in the context of HITL decision systems?

Question 2: With regard to the human component in AL methodologies:

a) What are the impacts of di�erent types of behavioral biases on AL strategies?
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b) How to model, track and subsequently integrate the behavioral biases within the learning

scheme, so that the resulting decision models are more robust and accurate?

Question 3: Can the generalizability of HITL decision models be improved by incorporating

observational biases within the learning frameworks?

Question 4: How to make the predictions of a decision model \explainable", so that they can

serve as e�ective decision support tools in safety-critical applications like medical diagnosis?

Question 5: How can the uncertainty quanti�cation be leveraged to modify training objec-

tives, speci�cally to guide the querying process in the context of AL?

1.2 Contributions

To address Research Question 1, Chapter 3 of this dissertation presents a novel hybrid query

strategy-based AL framework that addresses three practical challenges, namely, cold-start,

oracle uncertainty and performance evaluation of Active Learner in the absence of ground

truth. The idea of AL is extended to representation learning in non-Euclidean space like

graphs in Chapter 4. An AL framework is proposed to address node classi�cation task in

attributed graphs using a convex optimization approach. The proposed method integrates

both topological information as well as node attributes within the learning scheme. The key

contributions of these chapters are as follows:

ˆ The cold-start problem is addressed using pre-clustering to assign labels to instances

close to the cluster centroids.

ˆ The issue of oracle uncertainty in handled by making a combined decision based on

the con�dence scores of model predictions and those of the human experts.

ˆ A set of metrics derived from Active Learning heuristics is proposed to evaluate the

quality of the labels. These metrics are also used to identify the instance that requires

switching to a di�erent query algorithm under the proposed hybrid query strategy.
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ˆ Four graph-theoretic metrics are used as AL heuristics/acquisition functions for active

selection of nodes in graphs.

ˆ Both node attributes and topological information are incorporated in the learning

scheme. The node features are exploited while training the GNN-based decision model

and topological information is considered during selective sampling of the nodes.

ˆ An inductive GNN approach is used for building node classi�cation models. This allows

the approach to be scalable across graphs of di�erent sizes as well as subgraphs within

the given graph.

More details on the proposed methodologies for handling practical AL challenges and

corresponding experimental evaluation can be found in Chapters 3 and 4, and in the following

articles:

ˆ Agarwal, D., Srivastava, P., Martin-del-Campo, S., Natarajan, B., & Srinivasan, B.

(2021, June). Addressing uncertainties within active learning for industrial IoT. In

2021 IEEE 7th World Forum on Internet of Things (WF-IoT) (pp. 557-562). IEEE.

ˆ Agarwal, D., Srivastava, P., Martin-del-Campo, S., Natarajan, B., & Srinivasan, B.

(2021). Addressing practical challenges in active learning via a hybrid query strategy.

arXiv preprint arXiv:2110.03785 (under review in International Journal of Approxi-

mate Reasoning).

ˆ Agarwal, D., & Natarajan, B. (2022, August). Active Learning for Node Classi�cation

using a Convex Optimization approach. In2022 IEEE Eighth International Confer-

ence on Big Data Computing Service and Applications (BigDataService)(pp. 96-102).

IEEE.

The impact of di�erent behavioral biases is demonstrated in an AL context to address

Research Question 2a. Chapter 5 of this dissertation represents AL as a collaborative deci-

sion environment consisting of AI engines (ML-based models) and human experts (Oracle).

The behavioral biases are simulated by providing pre-engineered human decisions during the
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input steps. Chapter 6 further addresses Research Question 2b by presenting a systematic

framework for modeling, tracking and adaptation of behavioral biases in human-AI inter-

active decision environments within the context of AL. The speci�c contributions are as

follows:

ˆ The human-AI interactive decision environment is modeled in the form of a coupled

dynamical system consisting of human experts and AI engines using communication

graphs. This novel modeling approach helps characterize the dynamics of error vari-

ables that arise when the communication graph changes over iterative queries within

the AL environment.

ˆ For the �rst time, a novel Exploitation-Scrutinization-Investigation-Scrutinization (ESIS)

strategy is proposed for tracking of behavioral biases within AL settings. Speci�cally,

the querying process is strategically designed and split into four iterative stages to track

the extent of behavioral biases and subsequently infer the grade of human expert.

ˆ Once the behavioral biases are tracked, a unique model adaptation framework is intro-

duced to handle these biases by assigning appropriate weights to samples during the

iterative training procedure in AL. These weights are evaluated based on the values

of expected collaborative utility function. The samples with higher value of expected

collaborative utility are allotted higher weights during training and vice-versa.

More details on simulation, modeling, tracking and model adaptation of behavioral biases

can be found in Chapters 5 and 6, and in the following articles:

ˆ Agarwal, D., Covarrubias-Zambrano, O., Bossmann, S., & Natarajan, B. (2022, Febru-

ary). Impacts of behavioral biases on active learning strategies. In2022 International

Conference on Arti�cial Intelligence in Information and Communication (ICAIIC)

(pp. 256-261). IEEE.

ˆ Agarwal, D., & Natarajan, B. (2023). Tracking and handling behavioral biases in

active learning frameworks.Information Sciences, 641, 119117.
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To address Research Question 3, Chapter 7 presents two case studies, each demonstrating

a way to incorporate observational biases within the learning frameworks.

ˆ The �rst case study illustrates a GNN-based framework developed for identi�cation

of potential biomarkers for biological phenomena. This involves incorporating knowl-

edge from an existing database to develop a graph that incorporates protein-protein

interactions as edge connections and is used as input data to identify the potential

biomarkers.

ˆ The second case study presents a foundational model-based AL framework for fault

diagnosis of electrical motors, that utilizes less amount of labeled samples, which are

most informative and harnesses a large amount of available unlabeled data by e�ectively

combining AL and Contrastive Self Supervised Learning (SSL) techniques. This model

consists of two key components: the construction of the backbone model, followed by

the �ne-tuning procedure for various target tasks using less amount of labeled samples.

More details related to these case studies can be found in Chapter 7, and in the following

articles:

ˆ Tang, Z.T., DeJesus, J.E., Agarwal, D., Tharzeen, A., Zhang, Y., Patrikeev, I.,

Natarajan, B., Bucchieri., F., Zhao, Y., Micci, M.A., Bossmann, S.H., Motamedi,

M., Szczesny, B. Circulating cell-free DNA and novel protein biomarkers within ex-

tracellular vesicles for the identi�cation of traumatic brain injury severity. Journal of

Neurotrauma, (Abstract, 2023).

ˆ Tang, T. Z., Zhao, Y., Agarwal, D., Tharzeen, A., Patrikeev, I., Zhang, Y., DeJesus, J.,

Bossmann, S. H., Natarajan, B., Motamedi, M. & Szczesny, B. (2024). Serum Amyloid

A and Mitochondrial DNA in Extracellular Vesicles are Novel Markers for Detecting

Traumatic Brain Injury in a Mouse Model. Iscience.

ˆ Anbalagan, S., Agarwal, D., Natarajan, B., & Srinivasan, B. (2023, December). Foun-

dational models for fault diagnosis of electrical motors. In2023 IEEE International
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Conference on Power Electronics, Smart Grid, and Renewable Energy (PESGRE)(pp.

1-6). IEEE.

ˆ Anbalagan, S., GP, S. S., Agarwal, D., Natarajan, B., & Srinivasan, B. (2023). Ac-

tive Foundational Models for Fault Diagnosis of Electrical Motors. arXiv preprint

arXiv:2311.15516(under review inEngineering Applications of Arti�cial Intelligence).

To address Research Question 4, Chapter 8 presents two case studies to demonstrate

di�erent ways of explaining the predictions made by decision models.

ˆ The soft hierarchical decision structure proposed for early-stage detection of pancreatic

cancer provides con�dences associated with the predicted labels in the form of prob-

ability values for each class. The di�erences between these probability values provide

an indication of con�dence associated with the corresponding prediction. It helps the

doctors to determine whether additional tests are required for proper diagnosis.

ˆ The active explainable decision framework proposed for early-stage detection of ovarian

cancer is supported by feature relevance explanation technique. In this framework, the

feature relevance scores explain as to how much each biomarker is contributing to arrive

at a prediction for the sample under consideration.

More details related to these case studies can be found in Chapter 8, and in the following

articles:

ˆ Agarwal, D., Covarrubias-Zambrano, O., Bossmann, S. H., & Natarajan, B. (2022).

Early detection of pancreatic cancers using liquid biopsies and hierarchical decision

structure. IEEE Journal of Translational Engineering in Health and Medicine, 10, 1-8.

ˆ Covarrubias-Zambrano, O., Agarwal, D., Kalubowilage, M., Ehsan, S., Yapa, A. S.,

Covarrubias, J., Kasi, A., Natarajan, B., & Bossmann, S. H. (2022). A New Hope for

Liquid Biopsies: Early Detection of Pancreatic Cancer By Means of Protease Activity

Detection in Serum Applying a Hierarchical Decision Structure.medRxiv, 2022-10

(under review).
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ˆ Kasi, A., Sun, W., Ehsan, S., Covarrubias, J., Eschliman, K., Neri, R., Agarwal, D.,

Covarrubias-Zambrano, O., Bossmann, S. H., & Natarajan, B. (2021). Early detection

of pancreatic cancers by novel nanobiosensor-based protease biomarkers using hierar-

chical decision structure.

To address Research Question 5, Chapter 9 proposes a novel framework to leverage the

knowledge of uncertainty to guide querying process in AL. Given a neural network-based

decision model and a tolerable threshold on the uncertainty of its predictions, the prediction

uncertainty is �rst propagated back to the input side using the Assumed Density Filtering

(ADF) approach. This knowledge is then leveraged to guide the informative sample selection

via querying in AL. The lower and upper bounds for label complexity are also derived in the

context of AL approach considered in this work. The proposed methodology is generic and

can be applied to any AL setup, irrespective of the query strategy and base decision model.

More details on the analytical results along with their proofs and experimental evaluation

can be found in Chapter 9, and in the following articles:

ˆ Munikoti, S., Agarwal, D., Das, L., & Natarajan, B. (2023). A general framework for

quantifying aleatoric and epistemic uncertainty in graph neural networks.Neurocom-

puting, 521, 1-10.

ˆ Agarwal, D., & Natarajan, B. (2024). Uncertainty-guided Active Learning with theo-

retical bounds on label complexity. (under review inACM Transactions on Probabilis-

tic Machine Learning).

1.3 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 provides a background

on several key concepts that are needed to develop and understand novel methodologies

proposed in this dissertation. Chapter 3 presents a novel hybrid query strategy-based AL

framework that addresses three practical challenges, namely, cold-start, oracle uncertainty
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and performance evaluation of Active Learner in the absence of ground truth. The idea

of AL is extended to representation learning in non-Euclidean space like graphs in Chap-

ter 4. Chapter 5 represents AL as a collaborative decision environment consisting of AI

engines (ML-based models) and human experts (Oracle). The behavioral biases are simu-

lated by providing pre-engineered human decisions during the input steps. Chapter 6 further

presents a systematic framework for modeling, tracking and adaptation of behavioral biases

in human-AI interactive decision environments within the context of AL. Chapter 7 presents

two case studies, each demonstrating a way to incorporate observational biases within the

learning frameworks. Other two case studies to demonstrate di�erent ways of explaining

the predictions made by decision models are illustrated in Chapter 8. Chapter 9 proposes a

novel framework to leverage the knowledge of uncertainty to guide querying process in AL.

Finally, the key conclusions of this dissertation are presented and avenues for future research

are suggested in Chapter 10.
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Chapter 2

Background

This chapter provides a background on several key concepts that are needed to develop and

understand novel methodologies proposed in this dissertation.

2.1 Active Learning

Active Learning (AL) is a powerful tool to address modern Machine Learning (ML) problems

with signi�cantly fewer labeled training instances. AL comprises of ML techniques where the

learning algorithm is allowed to communicate with external information sources and collect

labels corresponding to unlabeled instances in the dataset. It allows the learning algorithm

to leverage information from external sources (e.g., human experts) and train an e�cient

decision model using much fewer labeled instances as compared to traditional supervised

ML methodologies. This is highly bene�cial in critical applications where labeling process

is time-consuming or expensive [9]. In AL settings, the external source of information is

referred to asOracle and the learning algorithm is termed asActive Learner. The Active

Learner is permitted to select the data it wants to learn from. Thus, it poses queries to

the Oracle in the form of unlabeled data instances, and the Oracle is expected to supply

corresponding labels. Combining the capabilities of AI engine (as ML-based decision models)

and human experts (as Oracle), AL frameworks can be portrayed as a human-AI collaborative

12



Figure 2.1: Overall strategy of a typical AL framework.

decision environment. The fundamental motive of such learning frameworks is to combine

the computational capabilities of AI engine with domain expertise of human experts in order

to learn an accurate decision model in an e�cient manner.

The overall strategy of a typical AL framework is described in Figure 2.1 [10]. For any

dataset D, a majority of the samples are unlabeled (DU ) and only a small fraction of them

are labeled (DL ). The primary objective is to reliably predict labels for all the unlabeled

samples using signi�cantly fewer labeled cases for training than traditional supervised ma-

chine learning frameworks. This is achieved by allowing theActive Learner to select the

data it wishes to learn from, i.e., presenting speci�c unlabeled instances asqueries to the

Oracle and obtaining the appropriate labels. AL commences by training an initial decision

model usingDL . Further, the relevant AL heuristics, such as classi�er uncertainty, entropy

of class probabilities and margin uncertainty are optimized to select queries in an iterative

manner. At each query step, the model is retrained by including the query along with its

label in DL .

This interactive modeling procedure can be well represented as a collaborative decision

environment between AI engine (ML model) and human expert (Oracle, i.e., domain expert).

13



2.2 Graph Neural Networks

Recently, there has been a surge of interest in learning with graph-structured data, like,

biological, �nancial and social networks, and knowledge graphs. There are several advantages

of representing data in form of graphs. Firstly, they provide an intuitive approach to visualize

concepts of interactions and relationships. Additionally, it allows us to elucidate a complex

problem by transforming it into simpler representations. The concepts of graph theory can be

exploited to model and analyze such forms of data representations. However, it is di�cult to

analyze and interpret graph-structured data using traditional Deep Neural Network (DNN)-

based learning algorithms. This is primarily because graphs cannot be described in Euclidean

space, which makes it di�cult to interpret as compared to other types of data like images or

text. Furthermore, the irregular structure of graphs, inconsistent size of unordered nodes and

variable neighborhood con�guration of the nodes prevents crucial mathematical operations

like convolutions to be applied on graph-structured data. GNN help to overcome these

limitations by extending DNN architectures for graph domain.

GNNs are typically based on recursive message passing (i.e., neighborhood aggregation),

wherein every node in the graph aggregates attributes of its neighbors in order to compute

its own feature vector [11, 12]. This allows a node to be represented by its transformed

feature vector or node embedding after a speci�c number of aggregation iterations, thereby

capturing the structural information across itsp-hop neighborhood. Several variants of GNN

with diverse neighborhood aggregation functions and di�erent pooling schemes have been

presented in the literature [11, 13{27]. These GNN methodologies have been empirically

shown to achieve state-of-the-art performance on many downstream tasks such as link pre-

diction, node classi�cation and graph classi�cation. In this dissertation, GraphSAGE [17] is

used as an inductive node embedding approach that concurrently learns both the topological

structure and distribution of features for a node in its local neighborhood. The operation

executed ati th node embedding layer is given by eq. (2.1).
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Here,h(i )
u represents the node embedding of nodeu at i th layer; ~A denotes the aggregation

operation; � C and � A are the parameters of the combination and aggregation operation of

GNN, respectively;N (u) describes the neighborhood of nodeu and g[�] denotes the activation

function.

2.3 Active Learning via Convex Optimization

AL methodology can be illustrated as a framework based on convex programming [28] that

leverages Dissimilarity-based Sparse Modeling Representative Selection (DSMRS) algorithm

[29, 30] for selecting most informative nodes in the given graph-structured data. There are

numerous advantages of using a convex optimization-based AL framework as compared to

the traditional iterative querying mechanism [28]. Firstly, it incorporates aspects of both

uncertainty sampling as well as sample diversity while formulating the convex optimization

problem. This allows to select multiple samples from the dataset which are not only infor-

mative but are also diverse with respect to each other. Moreover, the data distribution is

assimilated via a dissimilarity matrix in the problem formulation. The formulation of AL as

a convex optimization problem is discussed next.

Given a graphG with N nodes and dissimilarity matrix D = f dij gi;j =1 ;2;3;:::;N , the goal

is to �nd a small subset of nodes that are well representative of the entire graph. Here,dij

represents how well the nodej is represented by another nodei . The smaller values ofdij

denotes better representation and vice-versa. The dissimilarity values are assumed to be

non-negative anddjj � dij for all i , j . In order to �nd the representative nodes of the graph,

Z = f zij gi;j =1 ;2;3;:::;N is introduced as an optimization variable.zij 2 [0; 1] is associated todij
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and indicates the probability of nodei being a representative of nodej . The optimization

function consists of two components: (i) encoding cost of allN nodes using the representative

nodes, and (ii) penalizing the number of selected representatives. The encoding cost of node

j via i can be expressed asdij zij 2 [0; dij ]. So, the total encoding cost for all the nodes in

the graph is given by eq. (2.2).

X

i;j

dij zij = tr( D T Z ) (2.2)

The number of representative nodes can be directly associated to the the number of

non-zero rows inZ [29]. Consequently, a convex surrogate for the cost related to number of

selected representatives is given by eq. (2.3), whereq 2 f 2; 1g .

NX

i =1

jj zi jj q , jjZ jj q;1 (2.3)

Combining both the components in eqs. (2.2) and (2.3) together, the overall convex

optimization problem is given in eq. (2.4).

min � jjZ jj q;1 + tr( D T Z ) s.t. Z � 0; 1T Z = 1T (2.4)

Here, the� parameter balances the costs associated with encoding and number of repre-

sentatives, and controls the batch size in AL. A smaller value of� lays more importance on

better encoding, thereby obtaining more representative nodes. On the other hand, a higher

value of � corresponds to more emphasis on penalizing, thereby obtaining less representative

nodes. The constraints ensure that each column ofZ is a probability vector.

This DSMRS-based problem formulation can be well extended to AL by incorporating

sample informativeness score and sample diversity score. The informativeness score for a

nodeu, sinf (u) 2 [0; 1], represents the degree of its importance or informativeness. A higher

value of sinf (u) signi�es that that node u is highly representative of the given graph. On

the other hand, a lower value ofsinf (u) represents that nodeu is not so representative and

conveys less information about the given graph. The diversity score for a nodeu is given by
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eq. (2.5).

sdiv (u) =
minj 2L dju

maxk2U minj 2L djk
(2.5)

Here,L and U are the sets of indices of labeled and unlabeled nodes respectively.

If the closest labeled node to an unlabeled nodeu is very similar to it, sdiv (u) ! 0,

and selecting such a node doesn't promotes diversity. On the contrary, when all the labeled

nodes are very dsisimilar from an unlabeled nodeu, sdiv (u) ! 1, and selecting such a node

for labeling would be bene�cial as it would be di�erent from the other labeled nodes. The

combined score matrix (S) is given by eq. (2.6), where the overall score for each nodes(ui )

is evaluated as shown in eq. (2.7).

S = diag
�
s(u1); s(u2); s(u3); :::; s(ujUj)

�
(2.6)

s(ui ) = max f sinf (ui ); sdiv (ui )g (2.7)

Other mathematical operations like mean or minimum can be used instead of max to

compute the overall score for each node in eq. (2.7). Finally, AL process can be represented

in the form of an optimization problem as shown in eq. (2.8).

min � jjSZ jj q;1 + tr( D T Z ) s.t. Z � 0; 1T Z = 1T (2.8)

If an unlabeled nodeui has lower scores(ui ), the optimization program puts less penalty

on the i th row of Z being non-zero, and vice-versa. The convexity of the optimization

problem (2.8) is analyzed in Chapter 4.

2.4 Fault Diagnosis of Electrical Motors

An electrical motor comprisess of mechanical elements such as the stator, rotor, bearings

and electrical components like windings and end rings. They are designed to operate across
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various industrial and environmental conditions, subjecting them to diverse forms of stress.

These stress factors lead to di�erent types of faults within the electrical motor, broadly cat-

egorized as mechanical or electrical faults. Among the faults that a�ict electrical motors,

bearing faults, shaft misalignment, rotor imbalance, and inter-turn short circuit faults are

most prominent. Existing literature indicates that most electrical motor breakdowns can

be attributed to mechanical faults [31]. In this work, the primary mechanical faults com-

monly observed in electrical motors are considered. This includes bearing faults of various

sizes occurring at di�erent locations (such as inner-race, ball, and outer-race) and shaft

misalignment faults exhibiting varying degrees of severity.

2.5 Transformers

The multi-head self-attention mechanism of the transformer network enables it to capture

better the complex dynamics of input data. The key components of transformer architecture

are described as follows:

2.5.1 Multi-head Self-Attention

The Multi-head Self-Attention (MSA) gives the transformer greater power to encode multi-

ple relationships and nuances for each input sample [32]. A mapping from a query (Q) and

a collection of key-value pairs (K ) to an output ( V), where Q, K , and V are all vectors,

can be thought of as an attention mechanism. The weight matrix (Attention Distribu-

tion, AD) is derived from Q and K . The result is a weighted sum overV. Characterizing

sequence similarity is the essence of attention distribution. The attention relationship is

mainly calculated by the scaled dot-product attention method. Given a set of input matri-

ces,Q 2 Rm� n ; K 2 Rm� n , and V 2 Rm� n , the mathematical expression of self-attention

calculation is given as follows [33]:

Attention( Q; K; V ) = softmax
�

QK T

p
n

�
V (2.9)
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where
p

n is a scale factor.

The multi-head self-attention enables parallel computation of self-attention by getting

multiple sets of Q, K , and V matrices in di�erent initialization forms. The concurrent

computation of several sets of attention relations is then translated into a set of outputs

using a transformation matrix W 0. It can be expressed as [33]:

MultiHead(Q; K; V ) = Concat(head1; :::; headi )W o

headi = Attention( QWQ
i ; K WK

i ; VWV
i )

(2.10)

2.5.2 Transformer Block

The transformer block includes Layer Normalization (LN), Feed-forward Neural Network

(FNN), and Residual Connections (RC) along with the above discussed MSA layer. A

transformer block is the composition of transformer encoders and transformer decoders.

Given an input of x 2 Rm� n , the mathematical expression of LN is given as follows:

LN(x) =
x � �

p
� 2 + "

� g + b (2.11)

where, � and � 2 represent the mean and variance of x.g and b are scaling parameters and

translation parameters, respectively; and" generally takes the value of 1e� 5.

The attention relations calculated parallel in the FNN can be mathematically expressed

as follows:

FNN(x) = (GeLU( x) W1 + b1) W2 + b2 (2.12)

where, GeLU (Gaussian error Linear Unit) is a nonlinear activation function,W1 and W2

indicate weights, andb1 and b2 indicate biases. Consideringx as input, f (x) is the output

of the weight layer. The calculation of residual connections is expressed as follows:

RC(x) = f (x) + x: (2.13)
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Hence, for a transformer block, the outputxo of its complete forward propagation process

can be represented as [34]:

x̂ = LN(MSA( x i )) + x i

xo = LN(FNN( x̂)) + x̂
(2.14)

2.6 Contrastive Learning

Contrastive Learning is a paradigm of SSL based on the idea that samples of the same

class are closer to each other in latent representation space and samples of di�erent classes

are farther. Contrastive Learning has found many applications in Computer Vision and

Pattern Recognition. Learning in the Contrastive Learning framework is achieved by pushing

\similar" looking samples towards each other and \dissimilar" looking samples farther from

each other. [35] provides a loss function calledNT-Xent , which achieves the above-mentioned

Learning task via a Contrastive Learning framework. The loss function is given as,

l(i; j ) = � log
exp (sim (zi ; zj ) =� )

P 2N
k=1 I [k6= i ] exp(sim (zi ; zk) =� )

(2.15)

where, sim(u, v) is de�ned as,

sim(u; v) =
hu; vi

kukkvk
(2.16)

The loss functions employ the projections of the samplesi; j onto the latent space, which

are zi ; zj and the similarity between the two projections are represented using sim(u; v) and

� is the softmax temperature. This similarity metric is used to determine how \similar"i; j

are with respect to the other samples in the batch of size 2N . The loss is high ifi; j are

more \similar" compared to other samples in the batch and vice versa. The framework aims

to learn the representation space where \similar" samples are closer.
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2.7 Foundational Models

Transfer learning and scale provide the technical background for foundational models [36].

Transfer learning involves the application of acquired knowledge from one task to another.

Pretraining is the predominant approach to implementing transfer learning in the �eld of deep

learning. The model undergoes training on a surrogate task and is subsequently tuned to

align with the downstream task of interest. The scalable attribute enhances the potential of

the foundational model. In recent times, there has been a notable adoption of foundational

models in the domains of Natural Language Processing (NLP) and computer vision. An

example of a task in Bidirectional Encoder Representations from Transformers (BERT) [37]

is the masked language modelling challenge, which entails predicting a word that is absent

from a phrase by considering its surrounding context. Nevertheless, the profound in
uence

of these fundamental models on NLP does not merely stem from their ability to generate text

but rather from their exceptional versatility and adaptability. The concept of foundational

models has been implemented in our prior work on fault diagnosis of electrical machines [38].

In this work, the idea of foundational models is extended to incorporate AL and contrastive

SSL so that the transformer-based backbone network can be trained using fewer labeled

instances as compared to the state-of-the-art.

2.8 Label Complexity

Label complexity refers to the number of queries adequate for an AL algorithm to attain a

desirable level of predictive performance, (e.g., accuracy score in the context of classi�cation

tasks). The label complexity function, generally indicated by �, maps a distributionPXY

and the values�; � 2 [0; 1] to a value given by �( �; �; PXY ) 2 N[f1g [39]. Here,X represents

the feature space andY represents the label space within the learning scheme. We have the

following de�nition [39]:

De�nition 1. For every PXY over X � Y, � � 0, � 2 [0; 1] and every integern �

�( �; �; PXY ), an AL algorithm attains label complexity� if it generates a classi�er ĥ such
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that the error rate E(ĥ) � � with probability at least(1 � � ).

In general, the primary interest of an AL algorithm lies in label complexity of achieving

an error rate that is lower than the best error rate in the hypothesis class (comprising of a

�xed set C of classi�ers). Considering noise rate as

� = inf h2 CE(h); (2.17)

it is assumed that this can be achieved by a classi�erf � 2 C, i.e., E(f � ) = � . Given a

sequence of labeled data pointsL 2
S

m2 N(X � Y)m and a classi�er h, the empirical error

rate of h with respect to L corresponds to,

EL (h) =
1

jLj

X

(x;y )2L

1[h(x) 6= y] (2.18)

where1[�] is indicator function. Eq. (2.18) represents the fraction of misclassi�ed points in

L by h. Moreover, the version space induced byf X 1; X 2; X 3; :::; X mg is denoted by [39]:

V �
m = f h 2 C : 8i � m; h(X i ) = f � (X i )g (2.19)

Given a set of classi�ersH and an arbitrary value � 2 [0; 1], the � -minimal set is de�ned

as H(� ) = f h 2 H : E(h) � inf g2H E(g) � � g. Additionally, for a classi�er h, the � -ball

centered ath is given by BH ;P (h; � ) = f g 2 H : P(x : g(x) 6= h(x)) � � g. When H = C,

we abbreviateBP (h; � ) = BC;P (h; � ). When P is evident from the problem context, we

abbreviateBH (h; � ) = BH ;P (h; � ) and B(h; � ) = BC;P (h; � ). Furthermore, the radius of setH

is indicated by radius(H) = suph2H P(x : h(x) 6= f � (x)). This also indicates the least value

of � for which BH (f � ; � ) = H . Consequently, the region of disagreement ofH is speci�ed as

[39]:

DIS (H) = f x 2 X : 9h; g 2 H s:t: h(x) 6= g(x)g (2.20)

One of the aims in this work is to obtain bounds for label complexity using the uncer-
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tainty information propagated to the input layer of neural network-based decision models. A

suitable way to do this is to boundP(DIS (H)) by a homogeneous linear function of a bound

on radius(H). The coe�cient in this linear function is known as the disagreement coe�cient,

indicated by � (�). For any V � C and r > maxf radius(V); r0g, P(DIS (V)) � � (r0)r .

2.9 Uncertainty Quanti�cation

The presence of uncertainties in measured quantities and inaccurate information regarding

the underlying structure and features of data and/or model parameters can signi�cantly

hinder the e�ectiveness of the learning process and the accuracy of the resultant decision

models. Uncertainty in the estimated parameters and structure of a trained decision model

poses a signi�cant modelling issue, since it limits the level of con�dence that can be placed

on the predictions made by the model. Uncertainty-aware learning of model representations

is essential for the development of robust models and reliable predictions. Models that fail

to consider these sources of uncertainty may exhibit excessive con�dence in their forecasts.

Furthermore, it is worth noting that neural network models frequently exhibit a susceptibility

to over�tting, which imposes constraints on their capacity to generalise. This might present

signi�cant challenges to the e�cient use of the existing knowledge during the process of

model training, as well as accurate interpretation of the model predictions in unfavourable

circumstances. Furthermore, uncertainty quanti�cation of model predictions is also crucial

for guiding strategic sampling in the context of AL.
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Chapter 3

Uncertainties in Active Learning

Active Learning (AL) constitutes an area of machine learning where the learning algorithm

is allowed to interact with external sources of information to obtain labels corresponding to

the unlabelled instances in the dataset. AL methods are advantageous in modern machine

learning frameworks, where the labelling process may be laborious, long-standing or expen-

sive [40, 41]. However, numerous challenges are encountered during implementation of AL

frameworks in practical scenarios due to inherent assumptions [42]. This chapter presents a

novel hybrid query strategy-based AL framework that addresses three practical challenges,

namely, cold-start, oracle uncertainty and performance evaluation of Active Learner in the

absence of ground truth.

3.1 Related Work

A challenge within AL frameworks is the cold-start problem, which occurs due to absence

of labels in the beginning for training an initial model. Among the alternatives, there is a

proposal to incorporate uncertainty and diversity sampling into a uni�ed process to select

most representative samples as the initial labelled dataset [43]. Gong et al. [44] propose

a novel inference method based on Bayesian Deep Latent Gaussian Model (BELGAM) to

select initial training instances. Another option to address the cold-start problem is an un-
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supervised matching method that proposes bootstrapping active learning [45]. Furthermore,

Deng et al. [46] introduced a sequence-based adversarial learning model to select initial set

of training instances for the AL methods. In this chapter, an AL framework is proposed that

employs a pre-clustering step to select the points closest to the centroids of each cluster as

instances for initial labelled dataset.

The problem of oracle uncertainty occurs due to the assumption of oracle being infallible

in AL methodologies. A majority of approaches proposed in the literature can be classi�ed

into two categories. The �rst category of AL methods [47{49] contemplates a multi-annotator

set-up and combines the con�dence levels of multiple uncertain annotators to obtain a single

con�dence metric. The other category of approaches [50{52] accounts for the oracle noise

by adding denoising layers or including penalties in objective functions within the querying

framework. In contrast to the prior e�orts, a generic framework is proposed to handle oracle

uncertainty that builds upon the ambiguity surrounding the expertise of the labeler and the

con�dence in the given labels. The con�dence scores associated with the model predictions,

as well as the labels supplied by experts, are considered as a part of the querying process.

Such a strategy to handle oracle uncertainty by incorporating additional feedback from the

experts in the form of con�dence levels has not been reported in the Active Learning literature

so far to the best of our knowledge and stands out as a novel contribution of this work.

A majority of the AL methodologies report model performance in terms of classi�cation

accuracy, which requires ground truth information. However, it is not feasible to be informed

about ground truth in practical scenarios. The use of AL heuristics as surrogate metrics is

proposed to evaluate the performance of the Active Learner. These metrics are observed to

mimic the role of classi�cation accuracy in model evaluation. The AL methodology presented

in [53] addresses this issue along with handling oracle uncertainty. However, it still lacks the

ability to solve cold-start problem in practical AL scenarios. The proposed AL framework

possesses the capability to address multiple challenges simultaneously, i.e., cold-start, oracle

uncertainty and performance evaluation of Active Learner in the absence of ground truth.

Additionally, it supports the use of hybrid query strategies, rather than employing a single

query strategy during the entire querying process. This work demonstrates that the use of
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hybrid query strategies helps in reducing the computational cost, while delivering at par

or better performance than the individual query strategies. The values of AL heuristics

are used to identify instances of switching between the query strategies. This approach of

implementing hybrid query strategies has not been presented in the literature before and is

an important contribution of this work.

3.2 Active Learning Challenges

3.2.1 Cold-start problem in Active Learning

The initial labelled dataset is a key component in an AL framework. The expectation is that

a small portion of the dataset is labelled and available to the learner for its use. However,

acquiring labels for the initial labelled dataset can be extremely time-consuming, expensive,

or infeasible in many practical situations [40]. This gives rise to the cold-start problem in AL

settings, where there are no labels in the beginning to train an initial classi�cation model.

The proposed framework addresses this issue through a pre-clustering approach. In this

approach, the unlabelled dataset is clustered using unsupervised clustering algorithm and

the points closest to the centroids of each cluster are selected as the instances for an initial

labelled dataset.

3.2.2 Oracle Uncertainty

The oracle is assumed to be infallible in AL settings [54]. In practical scenarios, the labels

are obtained from experimental test set-ups or provided by a human expert. In either case,

there is an uncertainty associated with the labels due to experimental errors, measurement

noise or human mistakes [42]. This motivates the issue of oracle uncertainty in conventional

Active Learning methodologies. This issue is addressed by incorporating additional feedback

during the query process. This feedback takes the form of (i) a grade on the expertise of the

human oracle and (ii) a con�dence level of the expert in providing such label. The feedback

helps the Active Learner to quantify the reliability of annotations obtained from the oracle.
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3.2.3 Hybrid query strategies

AL frameworks employ querying strategies to select instances. These strategies include Un-

certainty Sampling (US) [55{57] and Query-by-Committee (QBC) [58{60]. Other query

strategies such as Expected Error Reduction [61, 62], Variance Reduction [63, 64] and

Density-weighted Methods (DWM) [55, 65, 66] are described in the literature. The selection

of query strategy for a speci�c application depends on several factors such as computational

cost, feasibility to implement and compatibility with base learning methods. AL method-

ologies usually implement a single query strategy throughout the entire querying process.

However, this is not convenient in practical scenarios. The reasons include a query strategy

that might be easy to implement but fail to deliver satisfactory performance, or another

strategy might exhibit stellar performance but possess high computational cost. This mo-

tivates the use of hybrid query strategies, which allows to combine the bene�ts of multiple

methods within a single framework. For instance, a hybrid combination of two appropriate

query strategies may help to reduce the computational cost, while exhibiting at par or better

performance than the individual query strategies.

3.2.4 Absence of ground truth

The performance evaluation of AL methodologies is generally performed by comparing the

predicted labels against the ground truth. Hence, the corresponding results are reported

in the form of classi�cation accuracy. However, acquiring ground truth labels for all the

instances in a given dataset is not straightforward in practical settings due to the large

amount of work involved in the labelling process. Moreover, the labelling process may also

result in experimental or human errors, which degrade the quality of the labels. Due to

the aforementioned shortcomings, classi�cation accuracy is not an appropriate indicator of

the performance of the Active Learner. This work proposes the use of heuristics evaluated

during the iterative querying process, as metrics to mimic classi�cation accuracy. These

heuristics are observed to exhibit correlation with classi�cation accuracy, and represent the

performance of the Active Learner.
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Figure 3.1: Proposed Active Learning framework for handling practical challenges

3.3 Proposed Framework

The proposed Active Learning framework incorporates a hybrid query strategy that ad-

dresses the following practical challenges: (i) cold-start problem, (ii) oracle uncertainty, (iii)

use of hybrid query strategies, and (iv) performance quanti�cation in the absence of ground

truth labels. The proposed framework is presented in Figure 3.1. The cold-start problem

is addressed using pre-clustering to assign labels to instances close to the cluster centroids.

Meanwhile, the issue of oracle uncertainty in handled by making a combined decision based

on the con�dence scores of model predictions and those of the human experts. In addition,

a set of metrics derived from Active Learning heuristics is proposed to evaluate the quality

of the labels. These metrics are also used to identify the instance that requires switching to

a di�erent query algorithm under the proposed hybrid query strategy. A 
owchart from im-

plementing the proposed framework is demonstrated in Figure 3.2 and all the corresponding

elements are elaborated as follows.
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Figure 3.2: Flowchart for implementing the proposed AL framework to address practical
challenges

3.3.1 Addressing cold-start problem

The proposed framework handles the cold-start problem in AL by introducing a pre-clustering

step that generates the initial labelled dataset. Given a dataset with no labels, the procedure

is as follows:

1. Select an unsupervised clustering algorithm and apply it to the dataset with no labels.

In this work, k-means clustering has been used for the pre-clustering step as it is

relatively simple to implement and scales to large datasets easily.

2. Identify the number of optimal clusters for the given dataset. The elbow method is

employed to select the optimal number of clusters in this work, as discussed in [67].

3. Create the initial labelled dataset by selecting the points closest to the centroids of

each cluster, such that the number of instances in the generated set do not exceed a

pre-de�ned fraction of that in the complete dataset. This work considers the threshold

to be 2%, i.e., the size of the initial labelled dataset should be 2% of the entire dataset.
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Once the initial labelled dataset is obtained using the aforementioned procedure, it can

be used to train the classi�cation model, which is updated continuously during the iterative

querying process in the AL framework.

3.3.2 Handling oracle uncertainty

The oracle uncertainty challenge originates in the ambiguity surrounding the expertise of

the labeler and the con�dence in the given labels. Thus, a solution to this challenge requires

a way to incorporate this uncertainty via a con�dence score that accounts for the model

predictions and the input labels. The AL process produces a posterior probability associated

to each class for all the instances. The posterior probabilities indicate the likelihood of a

particular instance being classi�ed into the given class per the current model. The posterior

probability can be used to calculate heuristics such as the level of uncertainty, entropy of

class probabilities and classi�cation margin. The maximum value of the posterior probability

is calculated using

pmax = max ( P� (ŷjx )) ; (3.1)

where ŷ represents the predicted label for the instancex under the model � . Further,

pmax 2 [0; 1] is scaled-up to the range of 1-5 to associate con�dence scores with the model

predictions. Here, 1 represents the lowest con�dence score and 5 represents the highest

con�dence score.

In addition to the con�dence scores of the model, the con�dence scores supplied by the

oracle need to be incorporated as part of this framework. The con�dence score associated

with labels supplied by the human experts is a result of the following inputs during the

continuous querying process: (i) label, (ii) grade (level of expertise) of the human annotator

(z1) and (iii) con�dence level corresponding to the label provided (z2). z1 and z2 are nu-

meric values between 1-5, where one represents the lowest expertise/con�dence level and �ve

represents the highest expertise/con�dence level. Variablesz1 and z2 are used to produce

an overall con�dence score of the expert on a speci�c label, as per the rule base shown in

30



Table 3.1: Rule to generate overall con�dence score of the expert

Con�dence
Level ( z2)

Grade of Expert ( z1)
1 2 3 4 5

Not Provided 1 1 2 2 3
1 1 1 1 1 1
2 1 1 1 2 2
3 1 1 2 3 3
4 1 2 2 4 4
5 1 2 3 4 5

Table 3.1. It should be noted that the lower graded experts are penalized by imposing a

lower con�dence score than what is originally reported (z2). This is done because there is

relatively lesser trust on the lower graded experts. On the other hand, the scores provided

by higher graded experts are accepted without any penalization.

The next step involves formulation of a combined decision based on the con�dence scores

of model predictions and the labels provided by human experts. This is implemented using

three di�erent strategies discussed as follows:

1. Expert is always right: The con�dence score corresponding to the label provided

by the expert is given a higher priority and is used to update the con�dence score of

the model during each query.

2. Optimistic approach: It considers the higher con�dence score among that of the

model and the expert.

3. Conservative approach: It considers the lower con�dence score among that of the

model and the expert.

Finally, the con�dence scores of model and the expert are used to generate an overall

con�dence score of the Active Learner at each query step. It is calculated as the weighted

average of the scores corresponding to all the instances in the dataset, as given by

SAL =
P 5

i =1 si ni
P 5

i =1 ni
; (3.2)

where,ni represents the number of instances in the dataset with con�dence scoresi .
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3.3.3 Performance evaluation and hybrid query strategies

The fundamental premise of AL methodologies is the iterative selection of most informative

instances by the optimization of selected heuristics. The framework here described pro-

poses the use of the selected heuristics as metrics to quantify the performance of the Active

Learner. This approach is bene�cial in many practical scenarios, where it is not feasible to

obtain ground truth labels for all the instances in a dataset. The metrics used in this work are

presented in Table 3.2. Entropy of the Class probabilities (EC), Margin Uncertainty (MU)

and Classi�er Uncertainty (CU) are associated with uncertainty measures in US query strat-

egy. Consensus Entropy of the committee of classi�ers (CE) is derived from disagreement

measures in QBC. Information densities with Euclidean distance (IE) and Cosine similarity

(IC) are linked to the similarity measures in DWM approach.

Given that these metrics are derived from the heuristics involved in Active Learning

settings, they are expected to mimic classi�cation accuracy so that the performance of Active

Learner can be evaluated in the absence of ground truth. For instance, the value of classi�er

uncertainty decreases with the most informative instances being labelled at each query step.

Consequently, the value of CU should decrease with an increase in classi�cation accuracy as

more instances are labelled iteratively. Similarly, the values of EC and CE are also expected

to decrease and MU is expected to increase in relation to classi�cation accuracy as more

queries are made. The performance evaluation of Active Learning methodologies using such

heuristics has not been reported in the relevant literature so far to the best of our knowledge

and stands out as a novel contribution of this work.

In this work, the metrics CU, MU, EC and CE are used, which can be calculated as

follows:

ˆ CU can be calculated by

CU = 1 � P� (ŷjx ) (3.3)

ˆ MU can be written as

MU = P� (ŷ1jx ) � P� (ŷ2jx ) (3.4)
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where, ŷ1 and ŷ2 are the �rst and second most likely predictions under the model� ,

respectively.

ˆ EC can be evaluated as

EC = �
X

y

P� (yjx ) log(P� (yjx )) (3.5)

wherey ranges over all possible labelling ofx.

ˆ CE can be expressed as

CE = �
X

y

PC(yjx ) log(PC(yjx )) (3.6)

where,

PC(yjx ) =
1

jCj

X

� 2C

P� (yjx ) (3.7)

C is the committee of classi�ers andjCj is the size of the committee.

ˆ IE can be computed as

IE =
1

jUj

X

x 02U

d(x ; x 0) (3.8)

where U represents the pool of unlabelled instances,jUj is the size of the pool of

unlabelled instances andd(x ; x 0) is the Euclidean distance betweenx and x 0, given by

d(x ; x 0) =
p

(x1 � x0
1)2 + ( x2 � x0

2)2 + ::: + ( xn � x0
n )2 (3.9)

n is the size of feature vectors used for training the classi�cation models.

ˆ IC can be determined as

IC =
1

jUj

X

x 02U

sim(x ; x 0) (3.10)
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Table 3.2: Details of the proposed metrics for the hybrid query strategy-based AL framework

Serial Number Metric Description Abbreviation Remarks
1 Entropy of the class probabilities EC

Measures of
uncertainty

2
Margin uncertainty, i.e., di�erence
of the probabilities of �rst and second
most likely predictions

MU

3
Classi�er uncertainty, i.e.,
1 - P(correct prediction)

CU

4
Consensus entropy of the committee
of classi�ers in QBC approach

CE
Measure of
disagreement

5
Information density with Euclidean
distance as similarity measure

IE Density-
weighted
heuristics6

Information density with cosine
similarity as similarity measure

IC

wheresim(x ; x 0) is the cosine similarity betweenx and x 0, given by

sim(x ; x 0) =
x � x 0

jj x jj jj x 0jj
(3.11)

The values of the metrics enlisted in Table 3.2 can also be examined to identify suit-

able instances of switching to a di�erent query strategy rather than using a same strategy

throughout the querying process. This approach is highly advantageous in numerous in-

dustrial settings, where it is desirable to have a trade-o� between aspects such as labelling

expenditures, computational cost and appreciable performance of the Active Learner. The

query strategy can be switched when the values of metrics either oscillate beyond pre-de�ned

thresholds or do not exhibit a substantial change over a certain number of queries. Moreover,

the decision regarding termination of querying process can also be made when the metrics

values exhibit saturation or approach a pre-determined threshold. The use of hybrid strate-

gies is motivated by the equal or improved performance when compared to individual query

strategies at a lower computational cost.

3.4 Experimental Evaluation

In order to evaluate the robustness of our proposed Active Learning framework across dif-

ferent environments and industrial settings, the proposed framework is implemented in the
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following datasets: (i) process data collected from a simulated ethanol plant [68], (ii) drug

consumption (quanti�ed) dataset from UCI Machine Learning repository [69], and (iii) rolling

element bearing test data from the bearing data center at Case Western Reserve University

[70]. The details of the analyses and results are described below.

3.4.1 Description of the datasets

Dataset 1 - Process data collected from a simulated ethanol plant:

The data from a simulated ethanol plant is used to describe how to overcome the clod-start

challenge. The simulations are based on mass and energy balances and the correspond-

ing Human Machine Interface (HMI) is designed using MATLAB. Details of the simulated

ethanol plant are presented in [68]. It consists of a continuous stirred tank reactor (CSTR)

and a distillation column (DC). The measurements available correspond to 11 process vari-

ables: ethanol concentration in CSTR (C101), feed 
ow rate to CSTR (F101) and DT (F105),

coolant 
ow rate (F102), level of CSTR (L101), temperatures of coolant inlet (T101), coolant

outlet (T102), CSTR (T103), third tray of DT (T104), �fth tray of DT (T105) and eighth

tray of DT (T106) [68]. There are 4 di�erent scenarios within these measurements: normal

operating conditions (14041 instances), coolant-related disturbances (1647), CSTR-related

disturbances (2819) and re
ux imbalance (9336), thereby constituting a total of 27843 in-

stances. The output of these 11 processes are treated as features to the classi�cation problem.

The output data originates from an experiment where 10 participants were asked to control

the process variables manually if their values extend beyond the normal operating range.

Dataset 2 - Drug consumption (quanti�ed) dataset:

This dataset contains details of 1885 participants regarding their usage of various types of

legal and illegal drugs. The features for this dataset comprise of personality measurements,

which are termed as NEO-FFI-R (neuroticism, extraversion, openness to experience, agree-

ableness, and conscientiousness), BIS-11 (impulsivity), and ImpSS (sensation seeking). In

addition, it includes level of education, age, gender, country of residence and ethnicity as
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features too [69]. The categorical input attributes are quanti�ed and used as numerical val-

ues [69]. The labels contain information about usage of cannabis drugs and consist of seven

classes: "Never Used", "Used over a Decade Ago", "Used in Last Decade", "Used in Last

Year", "Used in Last Month", "Used in Last Week", and "Used in Last Day". The classes

are reorganized to form a "year-based" binary classi�cation problem as described in [69]: the

classes "Never Used", "Used over a Decade Ago" and "Used in Last Decade" are merged to

form a group of cannabis non-users and all other classes are combined to form a group of

cannabis users.

Dataset 3 - Rolling element bearing test data:

This dataset consists of ball bearing test data obtained from experiments conducted using

a 2 hp electric motor under normal and faulty conditions. The faults vary in size (0.007"

to 0.040" in diameter) as well as location (inner raceway, outer raceway, or rolling element).

The vibration data of the motor captured at the drive end for loads in the range 0-3 hp are

used. This corresponds to four di�erent motor speeds between 1720-1797 RPM. The data

is sampled at 12 kHz for 10 seconds at each speed level. In this experiment, each of these

signal segments are split into 40 instances of 0.25 seconds each at each speed level. It results

in 160 (40 x 4 speed levels) instances for each normal and fault condition. Furthermore,

the classi�cation problem is formulated by selecting the fault size as 0.021" and having

four classes corresponding to the fault location - healthy, inner-race, ball and outer-race.

Consequently, there are a total of 640 (160 x 4 classes) instances used in this experiment.

Wavelet Packet Decomposition (WPD) technique is employed for extracting features from

these signals, as discussed in [71]. WPD is performed at level 6 using mother wavelet from

Daubechies family as it has been reported to be used in other health management problems

[71]. Furthermore, the wavelet coe�cients that correspond to di�erent frequency bands are

extracted and their Shannon entropy values are used as features for classi�cation problem.

WPD analysis is performed using the Wavelet toolbox in MATLAB.
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Figure 3.3: Plot of WCSS vs. number of clusters - Dataset 2: Drug Consumption (quanti�ed)
dataset.

3.4.2 Experimental Settings

Dataset 1 - Process data collected from a simulated ethanol plant:

The initial labelled dataset is pre-processed with the method described in Section 3.3.1. The

optimal number of clusters is identi�ed as four using the elbow method. The plot of within-

cluster sum of squares distance (WCSS) vs. number of clusters is shown in Figure 3.3. It

can be observed that after four clusters, the rate of change in the WCSS distance decreases

signi�cantly. An \elbow" is visible at four-clusters point. The size of the initial labelled

dataset is set as 500 instances with 125 instances for each class.

Once the initial labelled dataset is formed, the �rst model is trained and the iterative

querying process begins. QBC is implemented in Python using the modAL framework [72]

as the basic tool for selection of instances for annotation by a human expert. k-Nearest

Neighbors (kNN) is selected as the base classi�cation method because it is simple and easy

to implement, versatile, and is a non-parametric algorithm. Moreover, it does not make any

assumptions on the input data distribution. The metrics introduced in Section 3.3.3 are also

evaluated at each query step along with the classi�cation accuracy.
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Dataset 2 - Drug consumption (quanti�ed) dataset:

This is a binary classi�cation problem, where the given participant may be a cannabis user

or non-user. The initial labelled dataset is created by selecting 2% of the total instances

at random along with corresponding labels. An initial model is formed by using the initial

labelled dataset and then the iterative querying process is initiated. In these experiments,

US and QBC are implemented for querying in Python using the modAL framework [72]

and kNN is chosen as the base classi�er. In the experiment using this dataset, three query

procedures are used. These procedures are: (i) all queries using US, (ii) all queries using

QBC, and (iii) hybrid approach, i.e., �rst half of the queries using US and another half using

QBC. All the relevant metrics are recorded and monitored at each query step for performance

evaluation in the absence of ground truth and selection of instances for switching between

the query strategies.

Dataset 3 - Rolling element bearing test data:

The dataset is pre-processed using WPD to obtain the features for all the instances. The

procedure described in Section 3.3.1 is applied to the resulting instances to overcome the

cold-start problem. Using the elbow method, the optimal number of clusters is set to four.

Once the initial labelled dataset is available, the �rst model is trained and the iterative

querying process is initiated. The modAL framework [72] is used for implementation of US

and QBC query strategies.

A total of 640 normally distributed random numbers in the range of 1-5 are used to

generate variablesz1 and z2. The normally distributed random numbers help to simulate

the di�culty of �nding many maintenance and vibration experts with di�erent levels of

skills. The resulting overall con�dence score of the expert is produced using variablesz1 and

z2 according to the procedure described in Section 3.3.2. Afterwards, the overall con�dence

score of the Active Learner is calculated using Eq. 3.2 for all the three strategies enlisted in

Section 3.3.2. Finally, the relevant metrics are calculated and monitored at each query step

for di�erent purposes, as highlighted in Section 3.3.3.
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Table 3.3: Results for proposed metrics - Dataset 1: Process data collected from a simulated
ethanol plant

Metrics
Unqueried

Value
Values after making no. of queries
500 1000 1500 2000 2500

EC 0.38 0.35 0.29 0.26 0.23 0.21
MU 0.81 0.83 0.84 0.86 0.87 0.9
CU 0.14 0.12 0.11 0.1 0.08 0.07
CE 0.18 0.15 0.11 0.09 0.06 0.04
IE 0.05 0.05 0.06 0.06 0.06 0.07
IC 0.96 0.97 0.97 0.97 0.98 0.98

Classi�cation
Accuracy

0.71 0.77 0.81 0.87 0.91 0.97

Classi�cation
Accuracy - using

randomly generated
initial labelled dataset

0.69 0.72 0.77 0.84 0.89 0.96

3.4.3 Results

The advantages of implementing a pre-clustering approach to alleviate the cold-start problem

is illustrated using experiments performed on ethanol plant dataset. Table 3.3 presents the

results of the Active Learning framework within the context of the cold-start challenge with

the pre-clustering step incorporated. The entries in the columnUnqueried valuerepresent

the metrics values when the model is trained with only the initial labelled dataset and before

any queries were carried out. The entries in subsequent columns indicate the metrics values

corresponding to the updated model after reaching the indicated number of queries. Firstly,

it can be observed that the classi�cation accuracy increases as more queries are made. This

indicates that the performance of the Active Learner improves during the iterative querying

process. Moreover, it is worthwhile to note that classi�cation accuracy reaches 91% with

2000 queries, which is just around 7% of the total instances in the dataset.

Table 3.3 shows that EC, MU, CU and CE exhibit a correlation with the classi�cation

accuracy. EC, CU and CE are observed to decrease with increased classi�cation accuracy as

more instances are queried. This is expected because entropy of the class probabilities, level

of uncertainty and level of disagreement between the committee members (QBC approach)

decrease as the most informative instances are labelled by the Active Learner during the

initial set of iterations. On the other hand, MU grows with increased classi�cation accu-
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Table 3.4: Results for hybrid query strategy - Dataset 2: Drug consumption (quanti�ed)
dataset

Metrics
Unqueried

value
Values after making no. of queries

125 250 375 500
US QBC US QBC US QBC US QBC US + QBC US QBC US + QBC

EC 0.64 0.58 0.56 0.51 0.52 0.48 0.47 0.44 0.46 0.43 0.41 0.41
MU 0.27 0.38 0.34 0.44 0.42 0.49 0.48 0.56 0.5 0.52 0.63 0.57
CU 0.36 0.32 0.33 0.29 0.31 0.24 0.27 0.21 0.26 0.25 0.19 0.23
CE 0.53 0.48 0.46 0.42 0.43 0.39 0.39 0.36 0.38 0.35 0.34 0.34
IE 0.21 0.21 0.21 0.22 0.22 0.22 0.22 0.23 0.23 0.23 0.23 0.23
IC 0.52 0.51 0.52 0.51 0.52 0.51 0.51 0.51 0.51 0.51 0.5 0.51

Classi�cation
Accuracy

0.58 0.69 0.64 0.74 0.76 0.8 0.85 0.88 0.89 0.89 0.9 0.91

racy as more instances are queried. The reason is a higher margin implies less uncertainty

in distinguishing between the two most likely alternatives and is likely to increase with in-

creasing number of queries. The metrics IE and IC do not exhibit an appreciable change

as more instances are queried because information density is not considered while selecting

instances using QBC query strategy. These heuristics might change when using Density

Weighted Methods for instance selection during querying. Hence, the proposed framework

can be used to evaluate the performance of Active Learner using the metrics in the absence

of ground truth information. Secondly, the classi�cation accuracies corresponding to the

proposed framework is a bit higher as compared to the case when the initial labelled dataset

would have been obtained by means of random sampling. This is an added advantage of the

pre-clustering step in the proposed Active Learning framework.

The bene�ts of hybrid query strategies are established using experiments performed on

the drug consumption dataset and the corresponding results are shown in Table 3.4. Here,

500 queries (i.e., around 25% of total instances in the dataset) are made using three di�erent

modes: (i) all queries using US, (ii) all queries using QBC, and (iii) a hybrid of US and QBC -

�rst half of the queries using US and next half using QBC. In all the querying procedures, the

classi�cation accuracy increases as more queries are made, thereby indicating the improving

performance of the Active Learner during the querying process.

It can be seen from the values of classi�cation accuracy that the performance of the Active

Learner in the hybrid case is at par or better than that of the individual query strategies.
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The US strategy has greater ease of implementation when compared to QBC but it provides

lower performance results than QBC. On the other hand, QBC is computationally expensive

when compared to US, although it achieves a superior performance in terms of classi�cation

accuracy. The hybrid approach of US + QBC helps to accomplish a trade-o� between these

two aspects - the performance at the end of 500 queries is better than that of individual query

strategies, while simultaneously reducing the expense of QBC as �rst 250 queries are made

using US, which is comparatively cheaper in terms of computational cost. Finally, all the

metrics for the three querying procedures exhibit a correlation with classi�cation accuracy as

shown in Table 3.4. This correlation is an expected behavior given the relationship between

the metrics and classi�cation accuracy.

The contribution of all the elements together in the proposed framework is exhibited

through experiments performed on rolling element bearing dataset. The results of this ex-

periment that aims to evaluate the performance of an hybrid query strategy are shown in

Table 3.5, where the hybrid combination of US + QBC is observed to deliver at par or

better performance than individual query strategies. The trade-o� between model quality

and computational cost provides an additional incentive for the use of the hybrid strategy.

When starting with a dataset without labels, the classi�cation accuracy, relevant metrics

and the overall con�dence scores of the Active Learner using three combination strategies

are reported in Table 3.6. EC, CU and CE exhibit an inversely proportional correlation

with classi�cation accuracy and MU is directly proportional to classi�cation accuracy as

more queries are made. This behavior of the metrics is consistent with the previous dataset

experiments.

Furthermore, it can be observed that the overall con�dence scores of the Active Learner

obtained by combining those of the model predictions and the experts exhibit an increasing

trend with increasing number of queries for all the strategies. The plot showing this per-

formance over 30-52 queries is presented in Figure 3.4. This range of queries is selected for

better readability and comparing performance across di�erent combination strategies. The

intermediate valleys in the plot are probably due to outliers being selected by the Active

Learner for annotation by the human experts. It can be observed that the overall con�dence
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Table 3.5: Results for hybrid query strategy - Dataset 3: Rolling element bearing test data
from the bearing data center at Case Western Reserve University

Metrics
Unqueried

value
Values after making number of queries

25 50 75 100
US QBC US QBC US QBC US QBC US + QBC US QBC US + QBC

EC 0.93 0.72 0.77 0.64 0.62 0.52 0.53 0.44 0.47 0.48 0.38 0.34
MU 0.15 0.32 0.28 0.39 0.39 0.51 0.49 0.59 0.51 0.53 0.65 0.59
CU 0.51 0.37 0.45 0.32 0.41 0.25 0.37 0.23 0.28 0.27 0.19 0.18
CE 0.89 0.67 0.73 0.59 0.61 0.51 0.50 0.43 0.43 0.46 0.34 0.30
IE 0.01 0.01 0.02 0.02 0.02 0.01 0.02 0.02 0.02 0.03 0.02 0.03
IC 0.58 0.58 0.58 0.58 0.59 0.58 0.59 0.59 0.59 0.60 0.59 0.60

Classi�cation
Accuracy

0.40 0.53 0.54 0.67 0.69 0.86 0.74 0.93 0.89 0.88 0.98 0.99

Table 3.6: Results for proposed metrics - Dataset 3: Rolling element bearing test data from
the bearing data center at Case Western Reserve University

Metrics
Unqueried

Value
Values after making no. of queries
25 50 75 100 125

Con�dence Score
(Expert is always right)

3.02 3.6 3.93 4.45 4.46 4.70

Con�dence Score
(Optimistic approach)

3.03 3.64 3.94 4.46 4.46 4.71

Con�dence Score
(Conservative approach)

3.03 3.64 3.93 4.46 4.46 4.70

EC 0.93 0.80 0.66 0.57 0.42 0.38
MU 0.16 0.24 0.40 0.57 0.75 0.78
CU 0.47 0.41 0.38 0.31 0.25 0.16
CE 0.84 0.74 0.61 0.51 0.41 0.38
IE 0.01 0.01 0.02 0.02 0.02 0.03
IC 0.58 0.59 0.59 0.59 0.60 0.61

Classi�cation
Accuracy

0.45 0.59 0.74 0.79 0.91 0.98

Classi�cation
Accuracy - using

randomly generated
initial labelled dataset

0.40 0.54 0.69 0.74 0.88 0.98

scores corresponding to the optimistic strategy is generally higher than the other strategies.

This is intuitive as the optimistic approach considers higher con�dence scores among that

of the model and the expert.

3.5 Summary

This chapter introduces a hybrid query strategy-based framework, which addresses the prac-

tical challenges in AL, namely, cold-start, oracle uncertainty and evaluating model perfor-

mance in the absence of ground truth. The robustness of the proposed framework is evaluated
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Figure 3.4: Plot of overall model con�dence scores with number of queries made to the expert
- Dataset 3: Rolling element bearing test data from the bearing data center at Case Western
Reserve University.
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across three datasets from di�erent environments and industrial settings. Firstly, the merits

of using a pre-clustering approach to address the cold-start problem is exempli�ed by exper-

iments performed on the process data collected from a simulated ethanol plant. Secondly,

the utility of hybrid query strategies is established with the help of experiments performed

on the drug consumption dataset. It is concluded that the use of hybrid query strategies

helps in reducing the computational cost, while delivering at par or better performance than

the individual query strategies. Finally, the contribution of all the elements together in the

proposed framework is demonstrated through experiments carried out on the rolling element

bearing test data from Case Western Reserve University. In the next chapter, the idea of

AL shall be extended to representation learning in non-Euclidean space like graphs.
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Chapter 4

Active Learning over Graphs

In recent years, there has been a substantial development in AI engines and machine learning

technologies to harness the power of data and build e�cient decision models that are capable

of making accurate predictions and inferences. However, a huge amount of labeled data is

required to train these computational models. Semi-supervised learning approaches like AL

helps to address this limitation by actively and strategically choosing the most informative

samples from the pool of unlabeled data. Consequently, it is possible to accomplish a better

predictive performance with a signi�cantly reduced training sample size.

There is an increasing research interest in analyzing and learning from data in non-

Euclidean space, like graphs. It has a wide variety of applications in several interesting

areas like social networks, knowledge graphs, protein-protein interaction networks, combina-

torial optimization and molecular �ngerprinting. Graph Neural Networks (GNN) provide an

elegant framework for e�ective inferencing on such graph-structured data. Given the exten-

sive applications of learning from graph-structured data and the bene�ts of semi-supervised

learning techniques, it would be highly bene�cial to consolidate AL with GNN for many

downstream tasks like node classi�cation, link prediction, community detection and graph

classi�cation. This chapter presents an AL framework combined with GNN for node classi-

�cation in attributed graphs using a convex optimization approach.

The node classi�cation task in attributed graphs is addressed by utilizing a framework
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that combines AL and GNN using a rigorous convex optimization approach. The novel

contributions are as follows:

ˆ Four graph-theoretic metrics are used as AL heuristics/acquisition functions for active

selection of nodes.

ˆ Both node attributes and topological information are incorporated in the learning

scheme. The node features are exploited while training the GNN-based decision model

and topological information is considered during selective sampling of the nodes.

ˆ An inductive GNN approach is used for building node classi�cation models. This allows

the approach to be scalable across graphs of di�erent sizes as well as subgraphs within

the given graph.

4.1 Related Work

There is only a limited number of AL models for graph-structured data as compared to other

types of data that are represented in Euclidean space, like images, text or numerical data

[73]. It has also been established that the use of graph theoretic measures as acquisition

functions in AL provide better performance than using traditional heuristics like classi�er

uncertainty, entropy of class probabilities or classi�cation margin [74]. The early works

related to application of AL on graph data are based on cluster assumption and local and

global consistency [75, 76]. In these techniques, it is assumed that nearby points on the same

structure (i.e., cluster or manifold) are likely to have the same labels. This category of AL

methodologies do not mimic realistic settings and restricts the modeling capacity.

Some of the works related to implementing AL of graph-structured data are linked to

earlier classi�cation models like Gaussian random �elds [77{79]. However, these models do

not incorporate node features and label information in the learning process. Moreover, some

of these models are not adaptive in the sense that the active learner is not updated based

on the newly labeled instances. These limitations are addressed by approaches that employ

AL models coupled with GNN architectures [74, 80]. However, such studies are very limited
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and the corresponding acquisition functions are based only on matrix concepts for centrality

formulation. This results in a lack of intuition related to the underlying network topology.

In this chapter, a convex optimization driven AL framework combined with GNN is

presented, that uses four graph theoretic measures, namely, eigenvector centrality, closeness

centrality, betweenness centrality and E�ective Graph Resistance (EGR) as AL heuristics

for active node selection in attributed graphs.

4.2 Convexity Analysis

The following result formalises the convexity of the optimization problem for Active Learning.

Theorem 1. The optimization problem for Active Learning, given by:

min � jjSZ jj q;1 + tr (D T Z ) s.t. Z � 0; 1T Z = 1T (4.1)

over the optimization variableZ 2 RjUj�jUj is convex, whereD is the dissimilarity matrix

indicating the degree of dissimilarity between samples (nodes) in the dataset (graph),S is

the overall score matrix formed by combining informativeness and diversity scores of all the

samples in the dataset and� is a parameter that balances the costs associated with encoding

all the samples and number of representatives.

Proof. It is well known that a function f : Rn ! R is convex if dom(f ) is a convex set and

if for all x1, x2 2 dom(f ), and 0 � � � 1, we have

f (�x 1 + (1 � � )x2) � �f (x1) + (1 � � )f (x2) (4.2)

ConsiderjjSZ jj

jjS(� A 1 + (1 � � )A 2)jj = jj � SA 1 + (1 � � )SA 2jj (4.3)
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By triangle inequality for matrix norms,

jjS(� A 1 + (1 � � )A 2)jj � jj � SA 1jj + jj (1 � � )SA 2jj

= � jjSA 1jj + (1 � � )jjSA 2jj
(4.4)

This indicates that jjSZ jj is convex. Further,� is a positive constant multiplier. Hence,

� jjSZ jj is also convex.

Consider the second term, tr(D T Z ) =
P

i;j dij zij .

tr( D T (� A 1 + (1 � � )A 2)) =
X

i;j

dji (�a 1 + (1 � � )a2) ji

�
X

i;j

�d ji a1ji +
X

i;j

(1 � � )dji a2ji

= �
X

i;j

dji a1ji + (1 � � )
X

i;j

dji a2ji

= � tr( D T A 1) + (1 � � ) tr( D T A 2)

(4.5)

This indicates that tr( D T Z ) is convex. Since both the terms of eq. (4.1) are convex,

their sum is also convex. The linear equality constraints ensures that the overall formulation

in eq. (4.1) is convex.

4.3 Methodology

This chapter proposes an AL framework for active node classi�cation on attributed graphs.

The proposed framework is shown in Figure 4.1. The raw input graph-structured data is

preprocessed so as to convert it into a format suitable for further operations and analysis.

After appropriate preprocessing steps, training, validation and test masks are generated to

split the original graph-structured dataset into respective components. This is followed by

de�nition of GNN model architecture (no. of GNN layers, no. of feed-forward layers, hidden

dimensions, dropout, optimizer, epochs, etc.) and training an initial model using the initial
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Figure 4.1: Proposed AL framework for active node classi�cation on attributed graphs.

labeled dataset. The dissimilarity matrix D = f dij gi;j =1 ;2;3;:::;N is evaluated by computing

normalized Euclidean distances between node embeddings of all node pairsi , j .

The selection of representative nodes is initiated by calculation of informativeness (sinf (u))

and diversity (sdiv (u)) scores for all the nodes in the unlabeled pool.sinf (u) is obtained based

on the values of AL heuristics. This step is similar to computing heuristics like classi�er

uncertainty, classi�cation margin or entropy of class probabilities in conventional iterative

querying AL frameworks [53, 81]. In this work, the following graph theoretic measures are

used as acquisition functions to select the representative nodes in the graph-structured data.

1. Eigenvector centrality

The most informative node from the unlabeled pool of nodes is given as:

u� = arg max
u

1
�

NX

j =1

Auj cj (4.6)

Here, cj is the centrality of node j , Auj ensures that only the neighbors of nodeu

contribute to the sum and� is the largest eigenvalue ofA.
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This metric tries to select the node which is connected to many other nodes in the

network, while simultaneously weighing all the neighbors based on their importance

or in
uence. It overcomes the limitation of degree centrality measure (already used in

the literature [73]), which considers equal weights for all the neighbors of the node.

2. Closeness centrality

The most informative node is selected using:

u� = arg max
u

N
P

j =1

N

duj (4.7)

Here,duj is the shortest distance between the nodesu and j .

The closeness centrality metric tries to select the node whose average distance to other

nodes in the graph is smaller.

3. Betweenness centrality

The most representative node is expressed as:

u� = arg max
u

NX

s=1

NX

t=1

nu
st (4.8)

nu
st =

8
><

>:

1; if u lies on the shortest path froms to t

0; otherwise
(4.9)

This measure selects the nodes which have maximum control over information passing

between other nodes in the graph.

4. E�ective Graph Resistance (EGR)

The most informative node from the unlabeled pool of nodes is selected using:

u� = arg max
u

(RG � RGu ) (4.10)
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Table 4.1: Summary of the datasets considered. Avg. Deg.: Average Degree, Avg. CC:
Average Clustering Coe�cient

Dataset Nodes Links Features Classes Avg. Deg. Avg. CC
Cora 2708 5429 1433 7 4.00 0.24
CiteSeer 3312 4732 3703 6 2.84 0.17

Here, RG is the EGR of complete graphG and RGu represents the EGR ofG after

removal of nodeu.

This metric leads to selection of the nodes whose removal maximizes the decrease in

graph robustness.

The aforementioned graph theoretic measures have not been used as AL heuristics/acquisition

functions in the literature of node classi�cation using active learning, and is a novel contri-

bution of this work. The advantages of the proposed AL framework are multifold. Firstly, it

incorporates both node attributes and topological information in the learning scheme. The

node features are used while training the GNN-based decision model and topological infor-

mation is considered during selective sampling of the nodes. Unlike a majority of existing

works in the literature, inductive GraphSAGE [17] approach is used for building node clas-

si�cation models. This allows the approach to be scalable across graphs of di�erent sizes as

well as subgraphs within the given graph.

4.4 Experimental Evaluation

4.4.1 Datasets Description

The proposed AL framework is evaluated by performing experiments over two datasets,

namely, Cora [82] and CiteSeer [83]. These are the citation networks consisting of scienti�c

publications. Every node in the graphs represents a publication characterized by a set of

binary features indicating the presence/absence of unique words from the dictionary. The

edges in the graphs signify citation links among di�erent publications. The properties of the

datasets are summarized in Table 4.1.
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4.4.2 Experimental Settings

All the downstream tasks related to representing and processing graphical data are handled

using NetworkX [84] library in Python. PyTorch [85] is used to implement aspects of deep

learning and GNN-speci�c tasks are integrated using Deep Graph Library (DGL) [86]. The

detailed architecture of the GNN is as follows: depth (i.e., number of node embedding

modules): 2; number of neurons in 2 layers: 48, 48; number of multi-layer perceptron (MLP)

layers: 2; activation function: ReLU (except last layer with softmax); aggregation function:

mean.

The training of GNNs is carried out in a mini-batch manner. 1.5 - 2% of the total nodes

in the graph-structured datasets are randomly chosen to construct the initial labeled dataset.

Around 20 - 25% of the nodes (uniformly selected over all classes) are kept aside for testing

and are not used during training and validation steps. A total of 100 queries are made on

Cora and 120 queries (� 3.5 - 4% of the total nodes) on CiteSeer datasets. AL models are

trained by considering four di�erent graph-theoretic measures, namely, eigenvector centrality,

closeness centrality, betweenness centrality and EGR (described in Section 4.3) as heuristics

for selecting the most informative nodes. The evaluation is repeated for 100 times and the

average values of classi�cation accuracy scores are reported in Section 4.4.3. The degree

centrality and clustering coe�cient (CC) metrics, used in [73] are treated as the baselines.

Degree centrality of a nodeu represents the fraction of nodes in the networks that are

connected tou. The use of this metric as an AL heuristic results in selection of a node that

is connected to maximum number of nodes in the network. On the contrary, CC of a node

u is evaluated by computing the fraction of triangles possible through it. When used an

acquisition fuction in AL framework, it tries to select nodes that possess high tendency to

form clusters together.

4.4.3 Results and Discussion

The values of classi�cation accuracy using all the four graph-theoretic measures (eigenvector

centrality, closeness centrality, betweenness centrality and EGR) as well as the baselines
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Table 4.2: Results of proposed AL methodology for Cora dataset

Query Strategy
Initial Classi�cation

Accuracy
Classi�cation Accuracy after no. of queries

25 50 75 100
Degree 29.43% 46.42% 58.57% 68.28% 75.14%
Clustering Coe�cient 27.66% 43.51% 52.17% 65.96% 69.86%
Eigenvector 32.64% 45.79% 64.43% 75.84% 77.92%
Closeness 29.71% 42.06% 50.28% 54.42% 60.97%
Betweenness 30.42% 54.71% 67.85% 70% 80.57%
EGR 31.75% 52.36% 68.79% 75.53% 83.81%

Table 4.3: Results of proposed AL methodology for CiteSeer dataset

Query Strategy
Initial Classi�cation

Accuracy
Classi�cation Accuracy after no. of queries

25 50 75 100
Degree 27.64% 34.06% 46.18% 60.69% 71.56%
Clustering Coe�cient 24.33% 37.57% 40.82% 58.48% 63.12%
Eigenvector 28.14% 39.51% 50.42% 67.31% 75.73%
Closeness 26.53% 35.56% 44.10% 62.54% 72.02%
Betweenness 30.27% 41.78% 52.37% 63.22% 77.82%
EGR 30.91% 43.88% 56.25% 68.48% 79.38%

(degree centrality and clustering coe�cient) for Cora and CiteSeer datasets are tabulated in

Table 4.2 and Table 4.3 respectively. The corresponding plots are shown in Figure 4.2 and

Figure 4.3 respectively. It can be observed that two of the metrics, i.e., betweenness centrality

and EGR consistently exhibit better performance as compared to both the baselines for Cora

and CiteSeer datasets.

Degree centrality is a naive graph theoretic measure which quanti�es the number of

connections of a node to other nodes in the graph. On the other hand, the metrics like

betweenness centrality and EGR incorporate topological information in a more elegant way

as compared to degree centrality. In the context of AL framework, betweenness centrality

tries to select the node having maximum control over information passing between other

nodes in the graph. EGR is a robustness measure which picks up the nodes whose removal

maximizes the decrease in graph robustness. Therefore, the use of these graph theoretic

metrics as AL heuristics leads to an improvement in classi�cation performance by upto 10%

as compared to the baseline.
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Figure 4.2: Plots of classi�cation accuracy scores vs. no. of queries for Cora dataset.

Figure 4.3: Plots of classi�cation accuracy scores vs. no. of queries for CiteSeer dataset.
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4.5 Summary

This chapter presents an AL framework to address node classi�cation task in attributed

graphs using a convex optimization approach. The proposed method integrates both topo-

logical information as well as node attributes within the learning scheme. The decision

models are trained and updated using GraphSAGE, an inductive node embedding approach

that learns both the topological structure and distribution of features for a node in its lo-

cal neighborhood. Graph theoretic measures are used as AL heuristics to select the most

informative nodes in the graph for annotation. It is observed that betweenness centrality

and EGR consistently outperform the baseline and improve the classi�cation performance by

upto 10%. The next chapter focuses on representation of AL in the form of a collaborative

decision environment of AI engines and human experts. The impacts of behavioral biases

(associated with human experts) on the performance of AL strategies shall be studied.
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Chapter 5

Impacts of behavioral biases on

Active Learning

There is a plethora of literature published on handling practical AL challenges, like cold-

start problem, oracle uncertainty, variable labelling costs and performance evaluation in

the absence of ground truth. However, the collaboration of human and AI engine in a

decision environment is neither straightforward nor well understood. There are anomalies

and biases associated with both human and AI components of the decision environment.

Algorithmic biases (like, selection bias, sampling bias, correlation fallacy, etc.) arises due to

inability of algorithms to appropriately adjust to di�erences in data from di�erent population

subgroups [5]. On the other hand, behavioral biases (like, overcon�dence, cognitive bias, hot

hand fallacy, regret aversion bias, etc.) creep in due to uncertainties associated with human

decisions [6].

This chapter demonstrates the simulation of di�erent behavioral biases in an AL context.

AL is represented as a collaborative decision environment consisting of AI engines (ML-based

models) and human experts (Oracle). The user inputs are designed to be taken in two steps:

agreement or disagreement with the AI model, followed by class labels based on human

judgement (in case of disagreement). The behavioral biases are simulated by providing pre-

engineered human decisions during the input steps. All the bias models are validated by
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performing experiments on a real-world pancreatic cancer dataset. Further, the impacts of

all the simulated biases on the performance of AL strategies are examined by comparing

classi�cation accuracy against an ideal case, which does not subsume any type of behavioral

bias. It is observed that the accuracy score of the decision model is reduced by at least 20%

(in cases of hot-hand fallacy and representative bias) to around 85% (in case of gambler's

fallacy). Such a collaborative decision framework, with the 
exibility to study multiple

behavioral biases, has not been proposed in the literature and is a novel contribution of this

work.

5.1 Related Work

Human experts are crucial components of AI-enabled services in Cyber-Physical-Human Sys-

tems (CPHS). They form a collaborative decision environment with the support of AI-based

computational models. This is pertinent in a wide variety of domains, including fault diagno-

sis, predictive maintenance, optimal control, process and manufacturing industry operations

and medical diagnosis. Given the compelling role of humans in such decision environments,

it is an important research challenge to model, predict and use the limits of human behavior

(e.g., behavioral bias and cognitive fatigue) in CPHS design [87]. Modeling human behavior

in a decision environment is not straightforward. Humans use cognitive mechanisms and

decision heuristics to process information and make decisions under uncertainty [88, 89].

Behavioral biases have been studied in numerous �elds, including investment and �nance

[90], radiology [91], medical diagnosis [92], and human-in-the-loop systems [93]. The exis-

tence of behavioral biases for investment decisions is studied, supported by evidence from

the Indian stock market [94]. Protte et al. [6] have presented the impacts of overcon�dence

bias and hot-hand fallacy with the help of an experimental framework involving surveil-

lance drone piloting. Cognitive bias and carelessness are parameterized, and their impact

on users' reliability is evaluated for personal context recognition [95]. Furthermore, sev-

eral recent studies have proposed methodologies to address algorithmic biases using e�ective

sampling approaches [96{99] and adversarial learning [100{102]. Among all these studies
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presented in the literature, a generic framework for modelling and prediction of behavioral

biases in the context of a collaborative decision environment has not been proposed so far.

An interactive framework with the 
exibility to simulate and predict di�erent behavioral

biases would be highly bene�cial to study, analyze and use the limits of human decision

under uncertainty in human-AI collaborative decision-making tasks.

5.2 Behavioral Bias Models

The irrational behaviors of humans which abstractly hinder the logical decision process are

known as behavioral biases. The human decision or judgement methodically deviates from

rationale, under the in
uence of these biases. This can lead to serious consequences, espe-

cially in domains like human health and medicine, where the stakes associated with decision-

making are high. In this work, the following behavioral biases are considered: herding bias,

cognitive bias, hot-hand fallacy, representative bias, anchoring bias, gambler's fallacy and

regret-aversion bias.

In order to simulate the behavioral biases, the AL framework has been designed to query

human experts in two steps:

(I) Firstly, the instance selected by the Active Learner is labelled as per the AI model

trained at the current step. This instance is then presented to the human expert along

with the predicted label, who is asked to specify whether he/she agrees or disagrees

with the decision of the AI model.

(II) If the human expert agrees with the decision of AI model, the predicted label is con-

sidered to update the model, otherwise the human expert is prompted to provide a

label as per his/her judgement.

In this work, each of the behavioral biases is simulated by supplying pre-engineered human

decisions during both the input steps, based on the foundational understanding of respective

biases. On the other hand, the human inputs corresponding to \Ideal Case" are formulated
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based on the ground-truth labels in the dataset, which justi�es the absence of behavioral

biases.

Herding bias is the tendency of humans to take a speci�c decision just because it is

being supported by many other people, rather than relying on their own judgement. This is

simulated in our AL environment by making the human expert to indiscriminately agree with

the AI model during step (I) of each query. Cognitive bias arises from the generation of a

strong, falsi�ed preconceived notion in human minds. Henceforth, there is a tendency to form

mental shortcuts to process the information quickly, rather than making rational decisions.

This is simulated by making the human expert to blindly disagree with the AI model during

step (I) of the input process. Further, their decisions are simulated by supplying uniformly

distributed random numbers as shown in (5.1) during step (II) of each query. Here,C is the

number of classes anddj is decision of the human expert at step (II) forj th query.

dj � U(1; C) (5.1)

Hot-hand fallacy causes humans to overcon�dently believe that their decision will be

correct based on sequences of immediate correct decisions in the past. This is a \fallacy"

because a future outcome is independent of the past performance. This is simulated by

considering ground-truth labels during an initial set of queries, similar to that in Ideal Case.

After an initial set of queries, the inputs are formulated so as to make the human expert

to always disagree with AI model in step (I) and generating uniformly distributed random

numbers in step (II) to mimic the overcon�dence e�ect in hot-hand fallacy. Representative

bias leads to decisions being taken based on an erroneous prototype already existing in

the human minds. This \prototype" is typically the most relevant example of a particular

object or event. It results in overestimation of similarity between two things that are being

compared by the humans. In the AL environment, ground truth labels are considered during

initial fraction of queries. Once the representative bias sets in, the inputs in step (I) are

designed to have the human expert randomly agree/disagree with the AI model, followed by

uniformly distributed random numbers in step (II), as indicated in (5.1).
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Anchoring bias induces the human decisions to over-rely on �rst piece of information

about a particular event or object. This skews the human judgement and prevent them from

making rational decisions. This is simulated in our AL environment by having inputs so as to

make the human expert to always agree with the AI model after an initial set of queries. This

emulates the decision of human experts to be anchored based on the information learn during

initial queries. Gambler's fallacy causes humans to erroneously predict the probability of a

random event based on the outcomes corresponding to sequences of immediate events in the

past. Although the human expert would have made a series of incorrect decisions, he/she

would still go ahead for another wrong decision overcon�dently, in the hope of making a

correct one. This is simulated by having the human experts to forcibly make wrong decisions,

i.e., shu�ing the ground-truth class labels for a fraction of instances in the query set.

Regret-aversion bias occurs when human experts make decisions, so as to avoid regretting

alternate decisions in the future. Under the in
uence of this bias, the expert prefers to select

the option that would carry the least regret, even if it is not the most appropriate choice.

This is simulated in our AL environment by modifying the ground-truth labels to replace

them with the ones corresponding to a pessimistic choice (for example, replacing the label

corresponding to lower grade of a disease with the one corresponding to higher grade of the

same) for a fraction of instances in the set of queries.

5.3 Experimental setup

In this chapter, simulation of all the behavioral biases discussed in Section 5.2 is demon-

strated in an AL context, on a pancreatic cancer dataset adapted from [103]. It com-

prises of data from 159 participants, classi�ed into 4 classes (healthy, pancreatitis, local-

ized and metastatic) on the basis of an enzymatic signature consisting of arginase, matrix

metalloproteinase-1, -3, and - 9, cathepsin-B and -E, urokinase plasminogen activator, and

neutrophil elastase [103]. 10% of the total instances in the dataset are selected randomly

to create an initial labeled dataset, which is used to train an initial ML-based classi�cation

model. Further, 50% of the total instances are used for querying iteratively (one query per
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iteration), and the classi�cation model is updated after each query step. kNN is chosen as

the base classi�cation method because it is versatile, simple and easy to implement and a

non-parametric classi�cation algorithm. Moreover, it does not make any inherent assump-

tions about the distribution of input data. US query strategy is implemented in Python 3.8

to select instances for annotation by the human experts. US selects instances for querying

from the pool of unlabeled samples which minimizes the classi�er uncertainty, as described

mathematically in (5.2). Here,ŷ is the predicted label for the instancex under the model� .

In the US query strategy,ŷ is the prediction with the highest posterior probability under the

model � (indicated in eq. (5.3)) andx � is the instance chosen for annotation by the human

expert.

x � = arg min
x

P� (ŷjx) = arg max
x

1 � P� (ŷjx) (5.2)

ŷ = arg max
y

P� (yjx) (5.3)

5.4 Results

For the sake of convenience, the behavioral biases discussed in Section 5.2 are categorized

into 4 categories: Representative bias and Anchoring bias are classi�ed asChasing Trends;

Hot-hand and Gambler's fallacies areOvercon�dencebiases; Herding bias and Cognitive bias

fall under Limited Attention Span; and Regret-aversionbias is treated as a separate category.

In order to study the impacts of all these behavioral biases in AL setting, the performance

(i.e., classi�cation accuracy score) of the model is recorded after each query step for all the

cases. The plots of accuracy scores for all categories of biases are presented in Figures 5.1,

5.2, 5.3 and 5.4.

It can be seen that the accuracy score increases with increase in no. of queries for the

Ideal Case. The model trained with initial labelled dataset classi�es around 65% of the

instances correctly. This score gradually increases to around 96% after 80 queries are made
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Figure 5.1: Plot of Accuracy Score vs. No. of Queries: Chasing Trends.

Figure 5.2: Plot of Accuracy Score vs. No. of Queries: Overcon�dence.
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Figure 5.3: Plot of Accuracy Score vs. No. of Queries: Limited Attention Span.

Figure 5.4: Plot of Accuracy Score vs. No. of Queries: Regret-aversion.
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Table 5.1: Confusion matrix for Ideal Case after 50% queries

Predicted Class
Healthy Pancreatitis Localized Metastatic

Healthy 50 0 0 0
Pancreatitis 2 23 0 1

Localized 0 0 32 1
True Class

Metastatic 0 2 0 48

to the human annotator and model being updated after each query step. The corresponding

confusion matrix is shown in Table 5.1. However, this trend is not observed in case of any

of the behavioral biases. For Representative bias (Figure 5.1), the accuracy score increases

upto 40% of the queries. The inputs are provided so as to set in the Representative bias at

this point. Once its sets in, the accuracy score reduces with increasing no. of queries. This

is because the human decisions are biased due to an erroneous prototype already existing

in their minds. Similarly, for the cases of Anchoring bias (Figure 5.1) and Hot-hand fallacy

(Figure 5.2), the accuracy score start decreasing after the corresponding biases set in at 50%

and 60% query steps respectively. Further, it can be seen that in the case of Cognitive bias

(Figure 5.3), the accuracy score consistently reduces with increase in no. of queries. This

is because the human experts make biased decisions due to a strong, falsi�ed preconceived

notions. They tend to form mental shortcuts for quick information processing, rather than

making rational decisions. Similar trends can be observed for Gambler's fallacy (Figure 5.2),

Herding bias (Figure 5.3) and Regret-aversion bias (Figure 5.4). In each of these cases, the

human experts make decisions biased on several factors as discussed in Section 5.2, rather

than relying on their own logical judgement.

5.5 Summary

In this chapter, the impact of seven behavioral biases, namely, herding bias, cognitive bias,

hot-hand fallacy, representative bias, anchoring bias, gambler's fallacy and regret-aversion

bias is illustrated using experiments conducted on a real-world pancreatic cancer dataset.

Firstly, AL is represented in the form of a collaborative decision environment of AI engines

and human experts, and the annotation by human experts is formulated as a two-step process.
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Secondly, the behavioral biases are simulated by dispensing pre-manipulated user inputs

based on the foundational understanding of respective biases during the iterative query

steps. Finally, the impacts of these biases on the performance of AL strategies are assessed

by comparing classi�cation accuracy score of the decision model against a reference case,

which does not assimilate any sort of behavioral bias. It is observed that the performance

deteriorates signi�cantly when the human decisions are in
uenced by each of the behavioral

biases. The next chapter focuses on tracking and handling these behavioral biases in AL

frameworks.
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Chapter 6

Handling behavioral biases in Active

Learning

This chapter presents a systematic framework for modeling, tracking and adaptation of

behavioral biases in human-AI interactive decision environments within the context of AL.

The speci�c contributions are as follows:

ˆ The human-AI interactive decision environment is modeled in the form of a coupled

dynamical system consisting of human experts and AI engines using communication

graphs. This novel modeling approach helps characterize the dynamics of error vari-

ables that arise when the communication graph changes over iterative queries within

the AL environment.

ˆ For the �rst time, a novel Exploitation-Scrutinization-Investigation-Scrutinization (ESIS)

strategy is proposed for tracking of behavioral biases within AL settings. Speci�cally,

the querying process is strategically designed and split into four iterative stages to track

the extent of behavioral biases and subsequently infer the grade of human expert.

ˆ Once the behavioral biases are tracked, a unique model adaptation framework is intro-

duced to handle these biases by assigning appropriate weights to samples during the

iterative training procedure in AL. These weights are evaluated based on the values
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Figure 6.1: Proposed framework for tracking and handling behavioral biases in AL frame-
works.

of expected collaborative utility function. The samples with higher value of expected

collaborative utility are allotted higher weights during training and vice-versa.

Thus, the novelty of this work lies in adding two new components (one for tracking the

behavioral biases and the other for subsequent model adaptation) in the traditional AL cycle.

This is illustrated in Figure 6.1. The components in black outline represent the existing

traditional AL frameworks. The components in red outline depict the novel contributions

of this work. A scalar parameter� is introduced to track behavioral biases using a novel

ESIS strategy, and these are consequently handled by attributing appropriate weights to the

training samples based on expected collaborative utility function (E[U]). The green arrows

indicate the iterative training procedure of the HITL decision system.

An approach for tracking of representative bias and subsequent model adaptation in

this work. Behavioral biases are imitated by providing pre-engineered human decisions for

both input AL steps (illustrated in Section 5.2), based on a fundamental understanding

of respective biases. Representative bias causes humans to make decisions based on an
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erroneous prototype that already exists in their minds [104]. This \prototype" is often

the most representative instance of a speci�c item or occurrence. It causes humans to

overestimate the similarity between two objects they are comparing. Ground truth labels

are considered during the initial fraction of queries in the AL context. As discussed in Section

5.2, the inputs in step (I) are meant to make the human expert randomly agree/disagree

with the AI model, followed by uniformly distributed random numbers in step (II). Although

the demonstration of tracking and model adaptation strategies is limited to representative

bias in this work, the proposed framework is generic and can be applied across any type of

behavioral biases.

6.1 Related Work

As we look ahead, human experts may be a part of a collaborative decision environment

with AI/ML-based computational models. Such synergistic frameworks are applicable across

many critical domains like medical diagnosis, optimal control, predictive maintenance, fault

monitoring and safety-critical procedures in manufacturing industries. Thus, modeling, pre-

dicting, and using the limits of human behavior in HITL systems is a prominent research

challenge [87]. Behavioral biases associated with human behavior in decision making and

algorithmic biases associated with supporting AI engines are key challenges in HITL systems.

Recently, numerous studies have proposed several methodologies to address algorithmic

biases. These are handled primarily using two major techniques: e�ective sampling ap-

proaches [96{99] and adversarial learning [100{102]. The authors in [96] handle algorithmic

biases by employing variational autoencoder to learn the latent structure within the data.

These learned latent distributions are then used to re-weigh the training data points based

on their importance. Iosi�dis et al. [97] propose data augmentation techniques to deal with

algorithmic biases at the input/data layer. Generative Adversarial Networks (GAN) are

proposed to generate training data where the model fails [98]. This is coupled with popula-

tion bias visualisation, that groups features by similarity and those instances are identi�ed

where the model fails to generalize. This procedure is continued iteratively till convergence.
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A novel probabilistic formulation for data pre-processing is introduced to mitigate the al-

goritmic biases [99]. Alvi et al. [100] propose an algorithm to eliminate multiple sources

of deviations from the feature representation of a neural network. This is then utilized to

mitigate algorithmic biases from the feature representation while training networks on highly

biased datasets and consequently improve the model performance. A domain-independent

training technique based on adversarial learning is presented for mitigation of algorithmic

biases [101]. In another study conducted by Zhang et al. [102], the algorithmic biases are

handled by simultaneously learning a predictor and an adversary. The fundamental premise

here is to maximize the predictor's ability to make predictions, while simultaneously mini-

mizing the adversary's ability to model a protected feature/variable.

It is di�cult to model human behavior in a decision-making context accurately. Humans

analyze information and make decisions under ambiguity by employing cognitive mechanisms

and decision heuristics [88, 89]. There exists a limited number of studies addressing behav-

ioral biases. These biases have been investigated and analyzed for various applications like

visual analytic systems [93], radiology [91], �nance and investment [105, 106], as well as med-

ical diagnosis [92]. The impacts of hot hand fallacy and overcon�dence bias in the context

of surveillance drone piloting have been studied with the help of an experimental setup by

the authors in [6]. Giunchiglia et al. [95] have parameterized carelessness and cognitive bias,

followed by the evaluation of users' reliability in reference with personal context recognition.

A review of �nance-related behavioral biases is provided and a framework for identifying

behavioral biases in investment decisions has been proposed [105]. Another study focuses on

the existence of behavioral biases for investment decisions [94], supported by the evidence

from the Indian stock market. A fuzzy analytic hierarchical framework has been proposed

to evaluate the e�ects of herding bias, loss aversion bias and overcon�dence bias on decision-

making of individual equity investors [106]. The in
uence of behavioral biases is studied in

the context of entrepreneurial strategic decision-making [107]. However, all these works in

the literature lack a generic framework for modelling, tracking and adaptation of behavioral

biases. An interactive framework is proposed with the 
exibility to simulate di�erent behav-

ioral biases in our work [10]. This work builds upon the interactive framework in [10] and
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Figure 6.2: Communication graph between human expert and AI model in AL frameworks.

presents a novel strategy for tracking and subsequent model adaptation of behavioral biases.

Additionally, these biases are modeled as a coupled dynamical system between human and

AI agents via a communication graph in the context of HITL decision environments.

6.2 Modeling Behavioral Biases

The collaboration between humans and AI engines in a decision environment is not well

studied in the literature. This is because the interaction between these agents is not straight-

forward and encompasses anomalies/biases associated with each of them. In this work, the

human-AI collaborative decision environment is modeled as a coupled dynamical system con-

sisting of human and AI components via a communication graph. This approach captures

the dynamics of variables that arise when the communication graph changes over iterative

queries within the AL environment. The interaction between human experts and AI agents

in AL frameworks is represented in Fig. 6.2. The errors on human and AI ends are char-

acterized by eH and eM respectively. eH captures all the errors due to behavioral biases

(like cognitive bias, overcon�dence, regret aversion, hot hnd fallacy, etc.) that emerge as a

result of uncertainties associated with human decisions [6]. On the other hand,eM captures

all the errors arising due to classi�cation inaccuracies of the AI model. The human-AI and

AI-human link weights are indicated bywHM and wMH respectively. wHM is dictated by

the grade of human expert, which can be quanti�ed using numerous ways. It is inversely

proportional to the expertise level of the human expert, i.e.,wHM / 1=(expertise level). In

this work, three grades of human experts are considered: high, medium and low. Hence, one
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possible representation ofwHM is given by

wHM =

8
>>>>>><

>>>>>>:

1
3 ; for high-grade expert (� 1)

2
3 ; for medium-grade expert (�2)

1; for low-grade expert (� 3)

(6.1)

It should be noted that the de�nition of human experts grades illustrated in eq. (6.1)

is just an example and there can be many other ways to outline the same. The proposed

framework is generic and is applicable across all such divisions pertaining to the grades of

human experts. wMH is guided by a scrutinization score, which is a part of the ESIS bias

tracking strategy described in Section 6.3.1. At any given query step in AL, scrutinization is

performed by considering the performance of the decision model over a prede�ned window

of the last few queries. That is,

wHM = �
v[q]
ns

(6.2)

where,ns represents the number of queries considered in the scrutinizing window; the scru-

tinization score at query stepq (i.e., v[q]) is de�ned as

v[q] =
ns � 1X

i =0

c[q � i ] (6.3)

c[a] =

8
>>>>>><

>>>>>>:

+1; when J [a] > J [a � 1]

0; when J [a] = J [a � 1]

� 1; when J [a] < J [a � 1]

(6.4)

J [a] denotes the value of performance measure (like, classi�cation accuracy) of the deci-

sion model at query stepa. v[q] is increased by 1 when performance improves, decreased by

1 when performance degrades and remains unchanged when performance remains constant

over each of the iterative queries in AL environment. Again, this de�nition of scrutinization
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score is just an illustration and can vary based on the structure of the decision environment

and query settings. The proposed framework is capable to incorporate any mathematical

formulation of the scrutinization score.

The primary goal of analyzing this information 
ow between the human and AI agents

is to understand the dynamics of variableseH and eM , as the communication graph changes

over iterative queries in AL environment. Therefore, the values of these variables need to

be updated at each query step. In order to incorporate the dynamics of both human as

well as AI agents within the framework, the values ofeH and eM at subsequent query steps

(q + 1) should individually account for both eH and eM at the previous query stepq. This

is mathematically described as

eH [q+ 1] = f � 1 (eH [q]; eM [q]) (6.5)

eM [q+ 1] = g� 2 (eH [q]; eM [q]) (6.6)

Here, � 1 and � 2 are the prede�ned or learnable parameters. For the sake of notational

simplicity, � 1 and � 2 are not included during the follow-on discussion in this work. Thus,

eqns. (6.5) and (6.6) can be rewritten as

eH [q+ 1] = f (eH [q]; eM [q]) (6.7)

eM [q+ 1] = g(eH [q]; eM [q]) (6.8)

De�nition 2. In a human-AI collaborative decision environment represented as a communi-

cation graph between human and AI agents, the errors corresponding to both the components

(indicated by eH and eM respectively) are updated over iterative AL queries as described in

eqns. (6.7) and (6.8), withf (�) and g(�) satisfying the following properties:

(i) Non-negative: f (x; y) � 0; g(x; y) � 0
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(ii) Commutative: f (x; y) = f (y; x) and g(x; y) = g(y; x)

(iii) Bounds: min(x; y) � f (x; y); g(x; y) � max(x; y)

In a classi�cation problem, the errorseH and eM are dictated by the number of mis-

classi�cations in the model predictions, which is always a non-negative quantity. Assuming

the error to be absolute di�erence of predicted and actual output quantities for any regression

problem, the property(i) should always hold true. Every iteration in AL frameworks involve

contributions from both the components, i.e., human expert as well as AI agent. The HITL

settings might involve contributions from individual components in any order, i.e., input

from humans followed by deliberation by an AI agent [108], [109], or contemplation by the

AI agent followed by opinions of human experts [10], [110]. It is to be noted that that the

\order" over here refers to the sequence of inputs obtained from human expert and AI agent

within a single AL iteration and does not incorporate any time-related aspects of the AL

framework. The proposed framework is capable of incorporating both these scenarios and the

evolution of errorseH and eM over di�erent queries should be independent of the sequence

of these operations within the human-AI collaboration, thereby holding property(ii) . It is

well established that the collaborative e�orts of human and AI agents leads to an enhanced

performance, thereby reducing the errors associated with individual components [111], [112].

Moreover, AL frameworks lead to improvement in model performance (reduction in errors) as

more queries are made during the iterative querying setup [10]. This justi�es the maximum

bound of f (�) and g(�) functions in property (iii) . However, the overall model performance

in AL frameworks is limited either by annotation budget in terms of labeling cost and time

[113], or due to behavioral and cognitive factors associated with human experts [10]. This

accounts for the minimum bound off (�) and g(�) functions in property (iii) .

In this work, the values of eH and eM are updated by taking the weighted averages

(weighted by corresponding human-AI or AI-human link weights in the communication

graph). This can be represented as

eH [q+ 1] =
eH [q] + wMH eM [q]

1 + wMH
(6.9)
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eM [q+ 1] =
eM [q] + wHM eH [q]

1 + wHM
(6.10)

For this speci�c case,� 1 and � 2 in eqns. (6.5) and (6.6), respectively, can be represented as:

� 1 = wMH and � 2 = wHM . It is trivial to show that the weighted average fucntion satis�es

properties (i) -(iii) illustrated in De�nition 2. Eqns. (6.9) and (6.10) reinforce the following

intuitive arguments: (i) the high-grade experts have lower contributions towards increase

in model inaccuracies, as compared to medium-grade and low-grade experts, (ii) a poor

scrutinization score leads to an increase in behavioral biases, whereas a good scrutinization

score reduces the behavioral biases. A reduction in behavioral biases signi�es improvement

in the grade of human experts.

The overall discrete-time coupled dynamical system comprising of human expert and AI

engine corresponds to

e[q+ 1] = Te[q]; (6.11)

where,

e[q+ 1] =

2

6
4

eH [q+ 1]

eM [q+ 1]

3

7
5 ; (6.12)

e[q] =

2

6
4

eH [q]

eM [q]

3

7
5 ; (6.13)

and

T =

2

6
4

1
1+ wMH

wMH
1+ wMH

wHM
1+ wHM

1
1+ wHM

3

7
5 (6.14)
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6.3 Tracking and Model Adaptation of Behavioral Bi-

ases

This work presents an integrated framework for tracking and incorporating behavioral biases

within AL settings. Firstly, a novel ESIS strategy is proposed for tracking of behavioral

biases. Once tracked, these biases are handled by assigning appropriate weights to the

individual samples during iterative training process in AL. The training weights associated

with each of the samples are evaluated based on the values of expected collaborative utility

function. Each of these components are discussed in the following subsections.

6.3.1 Tracking of behavioral biases

A novel ESIS strategy (summarized in Figure 6.3) is proposed for tracking behavioral baises

in AL frameworks. The querying process is strategically designed and split into four iterative

stages (exploitation, scrutinization, investigation and scrutinization) to track the extent of

behavioral biases and subsequently infer the grade of human expert. Typically, the decisions

taken by higher grade of human experts are considered to be less biases than those of lower

grade experts. This is because the higher grade experts shall have better domain knowledge

and experience, which facilitates superior decision making abilities as compared to lower

grade experts [114]. There are several ways to quantify the extent of behavioral biases

across di�erent grades of human experts. In this work, a scalar parameter� is introduced

to track biases. In general, this parameter can be probabilistically modeled as:� � F (�),

whereF is a distribution with parameter �. The parameter � can be used to re
ect the level

of expertise of the human. For example, �2 � 1 for high-grade expert; � 2 � 2 for medium-

grade expert; and � 2 � 3 for low-grade expert, and �1 \ � 2 \ � 3 = � . As an example of

such a model, a uniform distribution is considered for� with � 1 =
�
0; 1

3

�
; � 2 =

�
1
3 ; 2

3

�
and

� 3 =
�

2
3 ; 1

�
. That is,
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Figure 6.3: ESIS strategy for tracking behavioral biases.

� �

8
>>>>>><

>>>>>>:

U
�
0; 1

3

�
; for high-grade expert

U
�

1
3 ; 2

3

�
; for medium-grade expert

U
�

2
3 ; 1

�
; for low-grade expert

(6.15)

where,U(u1; u2) speci�es uniform distribution in the rangeu1 to u2. While � = 0 denotes the

case with no behavioral biases,� = 1 represents the decision heavily corrupted by behavioral

biases. It is worthwhile to note that the speci�cation of� in eq. (6.15) is just an example

considered in this work. It can vary based on the experimental settings and design of the

decision environment. The framework for modeling, tracking and adaptation of behavioral

biases proposed in this work is generic and applicable across any speci�cation of� , without

being restricted to just the uniform distribution.

The querying process begins with exploitation steps for an initial set of queries (nse).

During these queries, the most informative instances are selected by optimizing AL heuristics

(for example, uncertainty sampling, classi�cation margin, or entropy [53, 81]), as in a typical

AL framework. For instance, if the base query strategy is uncertainty sampling, the instances

selected for annotation during the exploitation steps are given by:
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x � = arg min
x

P� (ŷjx) (6.16)

where,

ŷ = arg max
y

P� (yjx) (6.17)

Here, ŷ is the predicted label for instancex under the model� , y is the true label and

P� (�) indicates the probability of a speci�c event under the model� .

After nse exploitation queries, scrutinization is performed to evaluate the change the

performance of decision model over this window.

v[q] =
nse � 1X

i =0

c[q � i ] (6.18)

This is followed by nsi investigation steps, where the instances similar to that selected

during the last exploitation step are picked up for annotation by the human expert. This is

indicated as follows:

x0 = arg max
x

T(x; x � ) (6.19)

where,T(x; x � ) can be any similarity measure like Cosine similarity, Euclidean distance, or

Manhattan distance. The fundamental premise of having additional investigation queries is

to ensure that the model performance obtained during exploitation is actually because of

marginal learning and not at random by chance.

Finally, scrutinization is performed once again to capture the change the performance of

decision model after the investigation steps.

v[q] =
nsi � 1X

i =0

c[q � i ] (6.20)

This ESIS querying cycle is repeated until the query budget is available and the decision

model is updated at each query step. Furthermore, the value of� is updated at each

scrutinization step based on the values ofv[q], as demonstrated in eq. (6.21).
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Table 6.1: Utility Function

Meta-decision
(m)

Prediction
Correct Incorrect

Agreement ( A) 1 � � A � � A � � � 

Disagreement ( D) 1 � � D � � D � � � 


� q+1 =

8
>>>>>><

>>>>>>:

� q + ��; when v[q] < 0 (degrading performance)

� q; when v[q] = 0 (consistent performance)

� q � ��; when v[q] > 0 (improving performance)

(6.21)

The value of� at query (q+1) (i.e., � q+1 ) is obtained by: (1) increasing the value of� at

previous query step (i.e.,� q) by a small amount (� q + �� ) for degrading performance (indi-

cated by v[q] < 0); (2) reducing � q by a small amount (� q � �� ) for improving performance

(indicated by v[q] > 0); and (3) keeping� q unchanged in case of consistent performance

(indicated by v[q] = 0). The decreasing values of� denotes reduction in behavioral biases

(leading to improvement in overall performance of the decision model) and vice-versa.

6.3.2 Model adaptation of behavioral biases

After tracking of behavioral biases using the proposed ESIS strategy, the e�ects of these

biases are mitigated by assigning appropriate weights to the individual samples during iter-

ative training process in AL. These weights are evaluated based on the values of expected

collaborative utility function. Given the two-step input design of AL framework considered

in this work, a utility function can be formulated as shown in Table 6.1. Here,� A and � D are

costs incurred in additional analysis carried out by human experts,� and 
 capture errors

due to behavioral biases and model inaccuracies respectively.

The con�dence of the model for a prediction is given by:

P(ŷ = yjm = A) = h(x)[ŷ] (6.22)
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Here, h(x)[ŷ] represents the values of class probability corresponding to the predictions ^y.

The grade of the human experts (g) can be represented as:

P(ŷ = yjm = A) = g (6.23)

The threshold con�dence for agreement/disagreement of human expert with the recom-

mendation of AI model (step (I) of the AL input design as described in Section 5.2) is

formalised as Lemma 1.

Lemma 1. The minimum con�dence level for agreement of human expert with the recom-

mendation of AI model is given by:

s(� A ; � D ; �; 
; g ) = g �
(� D � � A )
(1 + � + 
 )

(6.24)

where, � A and � D are costs incurred in additional analysis carried out by human experts;

� and 
 capture errors due to behavioral biases and model inaccuracies, respectively; andg

represents the grade of the human expert.

Consequently, the policy of agreement is speci�ed as:

P(m = A) =

8
>><

>>:

1; if h(x)[ŷ] � s(� A ; � D ; �; 
; g )

0; otherwise
(6.25)

where, ŷ is the predicted label for instancex.

Proof. The human expert agrees with the decision of AI model only if the expected utility

for (m = A) is greater than or equal to that for (m = D).

E [U(m = A)] � E [U(m = D)] ; (6.26)

where,E[�] represents the expected value.

E [U(m = A)] = h(x)[ŷ](1 � � A ) � (1 � h(x)[ŷ])( � A + � + 
 ) (6.27)
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Simplifying (6.27),

E [U(m = A)] = h(x)[ŷ](1 + � + 
 ) � � A � � � 
 (6.28)

E [U(m = D)] = g(1 � � D ) � (1 � g)( � D + � + 
 ) (6.29)

Further simplifying (6.29),

E [U(m = D)] = g(1 + � + 
 ) � � D � � � 
 (6.30)

Substituting eqs. (6.28) and (6.30) in (6.26),

h(x)[ŷ] � g �
(� D � � A )
(1 + � + 
 )

(6.31)

The minimum con�dence level for agreement is given by:

s(� A ; � D ; �; 
; g ) = g �
(� D � � A )
(1 + � + 
 )

(6.32)

Therefore, from eqs. (6.31) and (6.32), the policy of agreement is speci�ed as:

P(m = A) =

8
>><

>>:

1; if h(x)[ŷ] � s(� A ; � D ; �; 
; g )

0; otherwise
(6.33)

The following result formalises the evaluation of expected collaborative utility of the

coupled dynamical system consisting of human expert and AI agent.

Theorem 2. The expected collaborative utility of the coupled dynamical system consisting of
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human expert and AI agent is given by:

E[U] =

8
>><

>>:

h(x)[ŷ](1 + � + 
 ) � � A � � � 
; if h(x)[ŷ] � s(� A ; � D ; �; 
; g )

g(1 + � + 
 ) � � D � � � 
; otherwise
(6.34)

where, � A , � D , � , 
 , ŷ, x, and g are as de�ned in Lemma 1.

Proof. The expected collaborative utility is calculated as:

E[U] = P(m = A)[P(ŷ = yjm = A)(1 � � A ) + P(ŷ 6= yjm = A)(� � A � � � 
 )]

+ P(m = D)[P(ŷ = yjm = D)(1 � � D ) + P(ŷ 6= yjm = D)(� � D � � � 
 )]
(6.35)

Simplifying (6.35), we get

E[U] = P(m = A)[h(x)[ŷ](1 + � + 
 ) � � A � � � 
 ]

+ (1 � P(m = A))[h(x)[g(1 + � + 
 ) � � D � � � 
 ]
(6.36)

E[U] = P(m = A)[(1 + � + 
 )[h(x)[ŷ] � g] + ( � D � � A )]

+ g(1 + � + 
 ) � � D � � � 

(6.37)

Substituting the policy of agreement from Lemma 1,

E[U] =

8
>><

>>:

h(x)[ŷ](1 + � + 
 ) � � A � � � 
; if h(x)[ŷ] � s(� A ; � D ; �; 
; g )

g(1 + � + 
 ) � � D � � � 
; otherwise
(6.38)

During the process of iterative querying and training in AL frameworks, the samples

can be weighted based on the values ofE[U]. The samples with higherE[U] should be

allotted higher weight during training and vice-versa. In this framework, the samples with
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lower values ofE[U] might be either misclassi�ed by the decision model or biased by human

behaviour like overcon�dence or hot-hand fallacy. These might also be outliers or possess

heavy cost for human annotation.

The performance of decision model can then be computed as follows:

R =
1
N

NX

i =1

wi L (yi ; ŷi ) (6.39)

where, wi are weights evaluated on the basis of values ofE[U], N is the total number of

samples, andL (�) is a loss function. L (�) is a measure to determine the deviation between

the current output of a decision model and the expected output. It de�nes how well the

algorithm is able to model the given dataset.

6.4 Experimental Evaluation

In this work, the approach for tracking of behavioral biases and the subsequent model adap-

tation within AL settings is demonstrated using a pancreatic cancer dataset derived from

[103]. The pancreatic cancer dataset captures protease/arginase activity measured using

ultrasensitive nanobiosensors and consists of a set of eight biomarkers including arginase,

matrix metalloproteinase-1, -3, and - 9, cathepsin-B and -E, urokinase plasminogen activa-

tor, and neutrophil elastase. The publicly available NCBI Gene Expression Omnibus (GEO)

database was used to collect the identi�ed biomarkers. Proteases that exhibited signi�cantly

di�erent expression levels in two samples - a primary tumor sample and a sample of healthy

tissue - had to both be fromHomo sapiensand were therefore considered to be biomarkers.

The gene expression analysis using data gathered from Gene Symbol, Entrez Gene ID, NCBI

GEO and Unigene ID was employed to compute the features corresponding to a panel of

seven proteases and arginase for each sample in the dataset. Human serum samples were

obtained from the Biospecimen Repository Facility in the Cancer Center of the Univer-

sity of Kansas Medical Center. Protease/arginase activity was measured each for identi�ed

biomarker in all these samples after 60 minutes incubation. The detection of pancreatic
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cancer is modeled as a multi-class classi�cation problem as in [115]. The dataset consists

of samples classi�ed into 4 categories: \Healthy", \Pancreatitis", \Localized" pancreatic

cancer and \Metastatic" pancreatic cancer. \Healthy" denotes the data corresponding to

healthy volunteers. \Pancreatitis" indicates the ones with in
ammation in pancreas. While

\Localized" pancreatic cancer samples indicate the absence of any signs that the disease

has spread outside the pancreas, \Metastatic" pancreatic cancer implies that the cancer has

spread to other parts of the body too.

10% of the total instances in the dataset are used to create an initial labeled dataset.

This is then used to train an initial ML-based model for AL framework to classify the health

status of patients. Once an initial model is trained, the querying process is initiated. Fifty

percent of the total instances are used for querying the instances iteratively (one query

per iteration), and the classi�cation model is updated after each query step. kNN is used

as the base classi�cation method because it is simple, easy to implement and versatile.

Additionally, it does not entail assumptions pertaining to the distribution of input data.

Uncertainty Sampling (US) query strategy is employed to select instances for annotation

during the iterative querying process in AL environment. It is worthwhile to note that the

use of kNN is just an illustration and the proposed framework is applicable across any base

classi�cation method. In this strategy, the instances which minimize the classi�er uncertainty

are selected for annotation during each query step, as indicated in eq. (6.16).

Five exploitation queries (nse) and �ve investigation queries (nsi ) are considered itera-

tively, as part of the ESIS strategy for tracking of behavioral biases. Further, the value of

� is modi�ed by adding (in case of improving performance during scrutinization step) or

subtracting (in case of degrading performance during scrutinization step)�� from the value

of � at the previous query step. In this work,�� is picked to be a very small value, i.e., 0.001.

The following �ve di�erent learning scenarios are simulated: (i) learning for low-grade ex-

pert; (ii) transition from low-grade to medium-grade expert; (iii) learning for medium-grade

expert; (iv) transition from medium-grade to high-grade expert; and (v) learning for high-

grade expert. The values of classi�cation accuracy scores as well� over di�erent queries are

recorded and analyzed for all the learning scenarios. The variations in classi�cation accuracy
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Figure 6.4: Plots for changes in classi�cation accuracy and� : Scenario 1.

scores are compared in three cases: (i) decision models without the use of AL methods; (ii)

naive decision models; and (iii) bias-aware decision models. When AL methods are not used,

training instances are chosen randomly from the dataset, rather than strategic sampling by

optimizing AL heuristics (as in eqns. (17) and (18)). Naive models employ AL methods, but

do not incorporate knowledge of any existing behavioral biases during the learning process.

On the other hand, bias-aware models adapt based on the behavioral biases, as discussed in

Section 6.3.2. All the learning scenarios are discussed as follows.

ˆ Scenario 1: Learning for low-grade expert

In this scenario, the low-grade expert learns during the iterative querying process and

the overall classi�cation accuracy increases as more queries are made. The plots for

changes in classi�cation accuracy and� over di�erent queries are presented in Figure

6.4. The decrease in values of� also reinforces the argument that the learning process

leads to improvement in the performance of decision model. However, the learning in

this scenario is not that signi�cant to improve the overall grade of the human expert.

ˆ Scenario 2: Transition from low-grade to medium-grade expert

As opposed to Scenario 1, the learning in this scenario is prominent enough to upgrade

the human expert from low-grade to medium-grade. The plots for changes in classi�-

cation accuracy and� over di�erent queries are presented in Figure 6.5. It can be seen
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Figure 6.5: Plots for changes in classi�cation accuracy and� : Scenario 2.

Figure 6.6: Plots for changes in classi�cation accuracy and� : Scenario 3.

that the value of � crosses the threshold of 0.7, as discussed in eq. (6.15).

ˆ Scenario 3: Learning for medium-grade expert

This learning scenario is similar to Scenario 1 with low-grade expert replaced by the

medium-grade expert. Figure 6.6 shows the plots for values of classi�cation accu-

racy and � over di�erent queries. It can be observed that the values of classi�cation

accuracy increases and that of� decreases as more queries are made to the human

expert. Although the learning process improves the quality of decision model, it is not

substantial enough to shift the human expert to next higher grade.

ˆ Scenario 4: Transition from medium-grade to high-grade expert
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Figure 6.7: Plots for changes in classi�cation accuracy and� : Scenario 4.

In this scenario, the learning process causes the human expert to upscale from medium-

grade to high-grade. The changes in classi�cation accuracy and� values are illustrated

in plots provided in Figure 6.7. The classi�cation accuracy is observed to improve with

increasing number of queries. The value of� reduces and crosses the threshold of 0.4

(refer eq. (6.15)) as more instances are queried from the unlabeled pool of data.

ˆ Scenario 5: Learning for high-grade expert

This scenario illustrates learning for a high-grade expert during the iterative querying

process in AL. Although the human expert involved in this scenario belongs to high-

grade category, the learning process still helps them to further advance their decision-

making capabilities. This is shown by decreasing values of� in Figure 6.8, as more

queries are made. The increase in values of classi�cation accuracy also indicate the

improvement in performance of decision model as the learning progresses.

The performance comparison of the proposed bias-aware decision models with baselines

(i.e., naive decision models) as well as decision models without the use of AL methods is

summarized in Table 6.2. Firstly, it can be clearly established that the use of AL methods

exhibit a signi�cant advantage in performance of decision models, as compared to the case

when AL methods are not employed. This is because AL allows strategic selection of training

instances by optimizing AL heuristics, rather than random sampling. Further, it can be
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Figure 6.8: Plots for changes in classi�cation accuracy and� : Scenario 5.

Table 6.2: Performance comparison of proposed bias-aware decision model with naive deci-
sion model (baseline) and without using AL methods.

Scenario Description
Classi�cation Accuracy of AL

models after 80 queries
Decision
Models

without AL
Naive Decision

Model (Baseline)
Bias-aware

Model (Ours)

1
Learning for low-grade
expert

64.83% 84.81% 61.66%

2
Transition from low-grade
to medium-grade expert

65.38% 84.93% 62.41%

3
Learning for medium-grade
expert

72.46% 86.62% 60.19%

4
Transition from medium-grade
to high-grade expert

73.17% 87.03% 64.56%

5
Learning for high-grade
expert

66.72% 90.15% 65.95%
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observed that the classi�cation accuracy of naive decision models start deteriorating once

the e�ect of behavioral biases creep in. On the contrary, the classi�cation accuracy of

bias-aware decision models do not show signi�cant decline. During the iterative querying

process, the bias-aware decision models are consistently updated to accommodate the e�ects

of behavioral biases that are tracked using proposed ESIS strategy. Despite the presence of

behavioral biases, the bias-aware models exhibit an improving trend of performance as more

queries are made within the learning framework.

All the learning scenarios discussed in this work portray a systematic progression of

human expert from low-grade to medium-grade. While the overall performance of decision

model is characterized by the classi�cation accuracy score,� indicates the expertise level

of the human expert at any given point of time. In all the learning scenarios, the bias-

aware decision models are observed to deliver better performance as compared to naive

decision models, at the end of querying procedure in the AL framework. It is observed

that bias-aware models improve the �nal classi�cation accuracy of naive decision models

(at the last query step in AL) by upto 16% (in Scenario 5). This is because the bias-

aware decision models continuously adapt based on the behavioral biases tracked using ESIS

strategy within the iterative querying process in AL environment. Further, it is noted that

the bias-aware decision models su�er a loss in performance as compared to naive models

during the initial query steps. This is due to the computational e�ort spent in tracking

the behavioral biases and subsequently modifying the training weights of individual samples

during the iterative querying process. However, as the behavioral biases are tracked using

ESIS strategy and appropriate handling steps are taken, the bias-aware decision models

outperform naive models and the performance is signi�cantly improved at the end of querying

procedure.

6.5 Summary

In this chapter, a systematic framework for modeling, tracking and adaptation of behav-

ioral biases in a collaborative human-AI decision setup is presented. Firstly, the human-AI
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interactive decision environment is modled in the form of a coupled dynamical system (us-

ing communication graphs) that evolves as more queries are made in the context of AL

frameworks. A novel ESIS strategy is proposed for tracking behavioral biases within AL

settings. Finally, a model adaptation framework is introduced to handle the tracked bi-

ases. This is executed by allocating suitable weights to the training samples during the

iterative querying process. The proposed framework is evaluated by conducting experiments

on real-world pancreatic cancer dataset. We consider �ve di�erent learning scenarios: (i)

learning for low-grade expert; (ii) transition from low-grade to medium-grade expert; (iii)

learning for medium-grade expert; (iv) transition from medium-grade to high-grade expert;

and (v) learning for high-grade expert. In each of these learning scenarios, the classi�cation

accuracy scores and extent of behavioral biases over di�erent queries for both \naive" and

\bias-aware" decision models are recorded and analyzed. Naive models do not track or in-

corporate knowledge of behavioral biases during the learning process. On the other hand,

bias-aware models adapt based on the behavioral biases tracked using ESIS strategy. It is

observed that bias-aware models improve the classi�cation accuracy of naive decision models

by upto 16%. The next chapter presents two case studies on addressing observational bias

in decision models.
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Chapter 7

Observational Bias in Decision

Models { Case Studies

DNNs have demonstrated remarkable advancements across diverse domains in the recent

years. These data-driven models, typically characterized as \black-box" models, often en-

counter failures attributable to various factors. A primary limitation of these NN-based deci-

sion models is their propensity to over�t, resulting in sub-optimal generalization performance

when extrapolating beyond the con�nes of the available data, particularly in out-of-sample

prediction tasks. The predictions generated by neural network models may exhibit phys-

ical inconsistencies, thereby reducing their interpretability. One approach to address this

challenge involves incorporating prior domain knowledge, which encapsulates a high-level

abstraction of the underlying natural phenomena. The \black-box" models can be made

more robust by incorporating additional biases.

Observational data serve as a cornerstone in the recent advancements of ML and represent

the fundamental input mode through which biases can be introduced into ML algorithms

[116]. With a comprehensive dataset covering the input space of a learning task, ML method-

ologies have showcased remarkable e�cacy in accurately interpolating data points, even in

tasks characterized by high dimensionality. Particularly in the domain of physical systems,

the proliferation of sensor networks enables the exploitation of diverse observations spanning
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various levels of �delity, facilitating the monitoring of complex phenomena across spatial and

temporal scales. These observational data ideally encapsulate the underlying physical prin-

ciples governing their generation, presenting an opportunity to embed such principles into

ML models during their training phase, albeit weakly. However, for deeply parameterized

ML models, substantial data volumes are typically required to reinforce these biases and

yield predictions that adhere to speci�c symmetries and conservation laws. Consequently,

a primary challenge arises concerning the considerable expense associated with data acqui-

sition, particularly in �elds such as physical and engineering sciences where observational

data may necessitate costly experiments or extensive computational simulations.

This chapter presents two case studies, each demonstrating a way to incorporate observa-

tional biases within the learning frameworks. Firstly, a GNN-based framework is developed

for identi�cation of potential biomarkers for biological phenomena. This involves incorporat-

ing knowledge from an existing database to develop a graph that incorporates protein-protein

interactions as edge connections and is used as input data to identify the potential biomark-

ers. Secondly, a foundational model-based AL framework is proposed for fault diagnosis of

electrical motors, that utilizes less amount of labeled samples, which are most informative

and harnesses a large amount of available unlabeled data by e�ectively combining AL and

Contrastive Self Supervised Learning (SSL) techniques.

7.1 Case Study 1: Identifying Potential Biomarkers

In this section, a GNN-based framework is presented to identify potential biomarkers for ex-

amining the change in protein expression changes at di�erent sti�ness levels in Glioblastoma

studies. This is an extension of our prior work on identi�cation of potential biomarkers for

Traumatic Brain Injury (TBI). TBI represents a signi�cant global burden in terms of mor-

tality and morbidity. In the United States, the Center for Disease Control and Prevention

reported more than 220,000 TBI-related hospitalizations and 60,000 TBI-related deaths in

2021 alone. TBI is a multifaceted neurological condition characterized by initial mechani-

cal injury followed by secondary pathophysiological processes including neuroin
ammation,
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excitotoxicity, oxidative stress, cellular apoptosis, and mitochondrial dysfunction. These

secondary mechanisms collectively contribute to long-term motor and cognitive impairments

[117{120]. Presently, TBI diagnosis primarily relies on neurological assessments such as

the Glasgow Coma Scale and imaging modalities such as Computed Tomography (CT) and

Magnetic Resonance Imaging (MRI). However, these methods are limited in their ability to

swiftly and accurately detect, evaluate, and monitor the severity and speci�c components of

brain injury, such as cell death, neuroin
ammation, or blood-brain barrier (BBB) disruption

[121].

This study conducts a thorough investigation of the biophysical alterations and changes

in DNA/protein content observed in circulating extracellular vesicles (EVs) across various

phases of TBI, including the acute, post-acute, and chronic stages. The protein content of

EVs was analyzed using targeted western analysis targeting established TBI biomarkers, as

well as an unbiased proteomics approach is demonstrated to identify potential novel biomark-

ers. Employing biostatistical and computational methodologies, which include graph-based

ML algorithms and protein-protein interaction networks, this study aims to explore a diverse

array of TBI biomarkers encapsulated within EVs. The proposed GNN-based framework is

then extended to identify potential biomarkers for examining the change in protein expression

changes at di�erent sti�ness levels in Glioblastoma studies.

7.1.1 Proposed Methodology

The proposed framework makes use of GNN as it allows to systematically incorporate

multiple features such as neurological associations, protein-protein interactions, and time-

dependent label-free quanti�cation (LFQ) intensity values of each protein. By including

these parameters, GNN provides a more comprehensive analysis that better captures the bi-

ological context of each identi�ed protein to increase the likelihood of discovering a potential

biomarker. The proposed work
ow is illustrated in Figure 7.1. Firstly, a Protein-Protein

Interaction (PPI) network was constructed using available databases from the STRING tool

[122], considering the list of proteins in the proteomics data as nodes of the network. The
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