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Abstract

Systematic reviews have become increasingly time-consuming and costly due to the accelerat-

ing growth of academic literature, doubling every nine years. Machine learning (ML) offers a

promising solution to manage the growing corpus of literature, but current approaches still

rely on a sequential, two-staged process designed for a purely human approach. In this thesis,

we propose and test a spiral or oscillating approach, where full-text screening is done intermit-

tently with title/abstract screening. We examine this approach in three datasets by simulating

360 conditions with different algorithmic classifiers, feature extractions, prioritization rules,

data types, and information provided. Our results overwhelmingly support the spiral process-

ing approach with Logistic Regression, TF-IDF for vectorization, and Maximum Probability for

prioritization, demonstrating up to a 90% improvement over previous two-staged ML method-

ologies over just title-screening, particularly for databases with fewer eligible articles. These

advancements have the potential to make systematic review screening functionally achievable

for another one to two decades.
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Preface

The research presented in this thesis tests a new spiral approach for using machine learning

in systematic reviews, which includes the full-text PDF data. The methodology, results, and

discussion of this approach have been submitted for publication in the Journal of Systematic

Review under the title "Systematic Review using a Spiral approach with Machine Learning" by

Amir Mehr, Piers Steel and Faramarz F Samavati.

An abridged version of this thesis, highlighting the application of this new spiral approach

and the inclusion of full-text PDF data, was also presented at the 2022 Annual Conference of the

Society for Research Synthetic and Methodology (SRSM) under the title “Effectively combining

PRISMA with machine learning” (Mehr, A., Steel, P., & Samavati, F.). The preface, acknowledge-

ment, and other sections of the thesis provide additional context and understanding of the

research presented. I would like to acknowledge the journal and conference for providing the

opportunity to share this work with a broader audience.
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Chapter 1

Introduction

In recent years, both the volume of academic articles and the time required to perform litera-

ture reviews, especially systematic reviews, have increased dramatically[19]. Regarding this

expansion, the procedure for performing systematic reviews has remained still challenging.

This has complicated the maintenance of quality assurance, including accuracy, openness,

reproducibility, and objectivity, for these types of study. The average completion time from

project inception to publication for published reviews in the PROSPERO registry is 67.3 weeks,

with a range of 6 to 186 weeks [18]. According to a separate research, systematic reviews gen-

erally take between 12 and 24 months to complete[161]. Michelson and Reuter calculated

that each systematic review costs around near 140 thousands dollars and discovered that the

ten biggest pharmaceutical corporations publish an average of near 120 and the ten largest

academic institutions publish an average of 130 systematic reviews annually. Each academic in-

stitution spends an average of 18 million dollars annually on systematic reviews, whereas each

pharmaceutical business spends 16 million dollars[118]. Due to these facts and studies, the

time-consuming and costly nature of systematic reviews impedes modern research. AI might

be used for this purpose to assist researchers in reducing project costs and duration. Wanger

et al. [187] examine six elements of a systematic review process, from Problem Formulation
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1. Introduction

through Data Analysis and Interpretation, and conclude that the potential for AI to help each

step ranges from practically nonexistent to very high. Artificial Intelligence’s (AI) capacity to

revolutionize previously manual processes is still being established. New techniques and tools

are in constant development, often passing milestones faster than anticipated, such as GPT-3

release in 2020 and the GPT-4 upgrade planned for 2022. The screening process in systematic

review, a particularly time-consuming and laborious operation in which relevant items must

be separated from irrelevant ones, holds the enormous potential[187].

1.1 Problem Statement

The Published research is seeing exponential growth, with finding a tripling in growth rates

from 2%-3% prior to WWII to approximately 8%-9% in 2012[19]. Such a growth results in a

doubling of the scientific corpus for many fields every nine years or less, a trend that reflects

the steady increase in the number of researchers [16]. This can be readily confirmed as having

continued or even accelerated. Employing the Date Range filter of the online search platform

Semantic Scholar shows that, more than half of the associated studies have been conducted

in the last nine years for a diverse range of topics. For example, this study contrast the total

number of articles with the number conducted in the last nine years for Procrastination (16,500

vs. 10,500), Entrepreneurship (298,00 vs 207,000), and Inflammatory Bowel Disease (749,000 vs

430,000).

Preferably, academic search engines are properly parsed or structured to handle this ex-

oflood of information, but this is rarely the case. As reviewed by Sturm and Sunyaev [165], there

are various challenges for the researcher seeking to locate the desired literature. The literature

has spread across different databases, having their own interface and features. Integration

and deduplication among these multiple queries are not straightforward. Most criticized are

academic web search engines (e.g., Google Scholar), which have a wide variety of problems,

2



1. Introduction

including very limited export limitations, anemic search interfaces, and low document quality.

Primarily, researchers have to search based on keywords, which is less than ideal. As highlighted

in [163], “Our keyword system has become worthless, and we now rely too much on literal

word searches that do not find similar (or analogous) research if the same terms are not used

to describe it”. Searching by results, whether an article studies and reports on a phenomenon

of interest, is not available.

Altogether, this generates numerous false positives, often exceedingly 30-to-1. Furthermore,

according to Li et al. and Borah et al. [102, 18], and due to the expansion of the literature with

minimal improvement in the associated databases, the systematic review process becomes

unmanageable. Instead, researchers are narrowing their focus artificially by limiting the scope,

time range, or topic. This increasing specialization underutilizes our collective corpus of

knowledge and slows scientific advancement considerably.

1.2 Goals and Scope

This thesis aims to explore and evaluate a selection of machine learning options that can

assist systematic reviews. The hypothesis is that machine learning does not fully utilize the

available data from systematic reviews. The aim here is to find an optimal set that reduces

the researchers’ workload during the literature review screening process. As an additional

consideration, the features should be less computationally intensive. Consequently, near

equivalent options, in terms of reducing workload, may be differentiated by computational

time and resources required.

This thesis limits the machine learning options to those more frequently used, avoiding, for

now, the newer semantic models such as BERT [48] and deep-learning algorithms. These tend

to be extremely computational intensive and often require more information than available in

a typical systematic review. Instead, the focus is on what combination of options, especially

3



1. Introduction

as different machine learning steps, can interact with each other and be influenced by how a

researcher (i.e., human-in-the-loop) is incorporated into the process.

1.3 Methodology

Systematic review begins with generating a research question. What is it that you are searching

for? This research question is then refined and formatted searchable, often by parsing it into

individual components, exemplified by PICO (i.e., Person, Intervention, Control, Outcome).

These components are chained together to isolate the target literature in usually several aca-

demic databases. Due to the limitations of these databases, there are errors of omission to

ensure that the resulting queries are manageable in size. The better the search terminology

as well as the more encompassing the results, the more likely that the target literature is cap-

tured. This creates tension between a search being manageable and being complete. When

these searches have been conducted, they are integrated into a single database themselves

and deduplicated. Typically, as per PRISMA, this consolidated database is then screened first

through by title/abstract and then by full-text. This two-stage process is itself an acknowledge-

ment that the search results are often unwieldy in size, as title/abstract screening is faster but

full-text screening is more accurate. We focus on how machine learning can better address the

screening process, allowing larger, more inclusive search results to be tackled as well as reduce

hours required.

We are using active learning as our machine learning core which is comprised of four parts.

First, there is the choice of what data will be including in the training phase (e.g., title, abstract,

journal, full-text). Second, how will this data be converted into features amenable to machine

learning. Third, what machine learning model will be used, which includes both the algorithm

and the query strategy (i.e., what articles will the algorithm choose to enhance its performance).

Fourth, what is the criterion that the machine learning model is trying to predict or emulate.

4



1. Introduction

To evaluate the performance of our approach, we simulate the process to determine how

it assists researchers. In order to conduct these simulations and ensure robustness, we first

obtained multiple datasets. These datasets reflect prior systematic reviews and exhibit the

following characteristics:

• They must be of sufficient size, preferably containing over 5,000 papers, which should pro-

vide enough articles to train machine learning and represent more extensive systematic

reviews.

• The datasets should be already screened in terms of title-abstract and full-text, which

provides the foundation to train and evaluate the machine learning algorithms.

• The datasets should be from various topics, establishing the robustness or generalizability

of results.

To this end, we identified three datasets. Out of these three, two datasets were available on

GitHub 1 relating to cognitive behaviour therapy (CBT) [185] and post-traumatic stress disorder

(PTSD) [181]. The third database,Which is a meta-analysis of national culture, was obtained

through immediate academic connections. These databases were deduplicated and, where

possible, expanded to include abstracts and the associated PDFs.

Each of these datasets was analyzed based on a combination of feature extractions, classifier

models, query strategies, data types, screening choices, and features, resulting in 360 conditions

per database. Importantly, among these combinations, we contrast the traditional two-stage

process of data screening, where the researcher would conduct in sequence title/abstract

screening followed by full-text, with an oscillating or spiral structure. With oscillating screen-

ing, the researcher switches back-and-forth between title/abstracting and full-text screening,

potentially providing a more accurate criterion upon which to train machine learning.

1https://github.com/asreview/systematic-review-datasets
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1. Introduction

Each of these conditions was iterated multiple times during the simulation, selecting the

initial articles at random. The 95% Work Saved over Sampling (WSS) [36] represents how

many articles must be screened manually before the machine learning process obtains 95%

of the total. Similarly, 10% Relevant Reference Found (RRF) [36] reflects how accurate the

machine learning process becomes after screening 10% of the articles. Finally, we evaluate the

processing resources required in terms of time for retraining in seconds.

1.4 Contributions

There are four main contributions of this thesis.

• First, establish the best combination of machine learning options under classic condi-

tions focusing on just title-abstract screening.

• Second, determine if improvements can be made by screening the data spirally or in

oscillating stages, that is where we intermittently upgrade title-abstract screening with

the superior full-text screening.

• Third, ascertain whether including easily obtainable PDFs during machine learning

improves the process.

• Fourth, provide the results in an interactive Tableau dashboard, allowing users to explore

conditions not highlighted in the thesis.

The methodology, results, and discussion of this approach have been submitted for publi-

cation in the Journal of Systematic Review under the title "Systematic Review using a Spiral

approach with Machine Learning" by Amirhossein Saeidmehr, Piers Steel and Faramarz F

Samavati [150]. An abridged version of this thesis was presented at the 2022 Annual Conference

6



1. Introduction

of the Society for Research Synthetic and Methodology (SRSM) under the title “Effectively com-

bining PRISMA with machine learning” by Amirhossein Saeidmehr, Piers Steel and Faramarz F

Samavati [149].

1.5 Summary

Chapter 1 outlines the main thesis’s objective. There is also a short introduction of the charac-

teristics of the research. The problem statement is followed by the study objectives and scope

to inform the reader of what to anticipate from the research. This thesis’s section 1.3 highlights

the significance of methodology and explains briefly the use of active learning as the heart of

machine learning. In addition, key contributions are outlined at the conclusion of the chapter.

7



Chapter 2

Background and Related works

In this chapter, we review the fundamental components of systematic review and machine

learning. To start with, we review machine learning and adaptive softwares. This provides

an overview of the what machine learning tools are available to apply to systematic reviews.

Following this, we focus on active learning, which is where machine learning system learns more

effectively by choosing the training data. This is most applicable form of machine learning for

systematic review characteristics and includes subsections of: i) Scenarios, ii) Pre-processing of

text data, iii) Feature extraction, iv) Selection algorithms, and v) Sampling strategy. We shift to

how systematic reviews are time consuming and tools developed to reduce the associated time

and costs. Finally, we review existing systematic review tools that have already incorporated

machine learning, in particular active learning.

2.1 Machine learning and adaptive softwares

The inborn ability to gather facts and skills and understand abstract concepts, i.e. the mecha-

nism of learning, has been a clear candidate for a cognitive invariant in humans, which has

fascinated biologists, philosophers, psychologists, and artificial intelligence researchers. This

8



2. Background and Related works

resulted in the human learning study methods, in sufficient detail to replicate them in a com-

puter system as a worthwhile scientific objective [27]. From automating mundane chores to

building systems, aimed to decrease human engagement, machine learning has been a key

and vital field [188]. In addition, robots may provide substantial aid to cognitive psychology,

and their capacity to maintain the learning process can be used to construct self-assisting tech-

nology for people and especially those with terminal cognitive impairments [14]. By evaluating

the coherence and completeness of learning theories and refining the method by which an

intelligent system adapts, it is feasible to achieve success in areas that would propel civilization

to the next evolutionary stage. The core scientific purpose of machine learning is to investigate

probable learning processes, identify induction methods, deal with imperfect data and create

approaches that can be used across domains[3]. Common forms of machine learning include

supervised learning, unsupervised learning and semi-supervised learning[152] are addressed

detail in the upcoming sections. The primary scientific and practical objective is to describe

the capabilities of certain learning approaches and to address the intrinsic difficulty of any

problem: the precision of learning from a large amount of training data. How robust the model

is against mistakes in the training data? Weather or not it is feasible to create a successful

model? A host of other theoretical issues are supported and addressed using the well-known

frameworks of statistical decision theories and computational complexity theories. These

efforts to define machine learning algorithms theoretically have led to mixes of statistical and

computational theories where the goal is to simultaneously quantify sample complexity and

computational complexity [86].

Supervised learning is a sort of machine learning in which a labeled dataset is used to train

an algorithm for the classification or prediction purposes [75]. The input variable utilises a

mapping function that provides the output. The process repeats by altering the weights to

classify/predict a result to achieve maximum accuracy, based on the actual data. The learning

algorithm has the feature of altering its input/output connection in a manner that may be
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described as "learning by example". Due to the simplicity of model training, it advances

scientific exploration and is a popular option among researchers. As it is feasible to determine

the entire number of classes/categories of data, prior to feeding it to the model training. Notably,

the model keeps its knowledge as a mathematical formula and it does not keep the training

data in memory. By utlising these properties, it is more memory-efficient as datasets are

often memory-intensive. As a consequence, it has made greater contributions to variety of

scientific domains, such as, biomedical sciences, cognitive research and a number of significant

industries[95]. Considering the issues that are frequently faced, the quality of available data and

the absence of data is one of the numerous problems encountered while developing a model.

Despite the frequency and importance of missing data issues, several algorithms manage them

in a naive way, rather they should be dealt with consideration. The use of k-nearest neighbour

as an imputation approach, where the missing data treatment is independent of the learning

algorithm employed, allows the user to choose the best appropriate imputation method for

each scenario [10].

When only the input data is provided and there is absence of output data then unsupervised

learning performs much better amoing other common approaches. Unsupervised learning

aims to model the data’s underlying structure to get a deeper understanding of its unique

patterns. Motivated by information theoretic and/or Bayesian principle, unsupervised learning

accepts inputs but does not produce supervised outputs or get rewards from its environment

[64]. It may seem as though patterns are extracted from unstructured chaos. Recent contrastive

learning approaches have revealed that unsupervised picture representations are superior

to supervised pretraining. Although contrastive learning methods rely on a large number of

explicit pairwise feature comparisons and are computationally expensive, it is possible to

produce different augmentations of the same image by clustering the data while enforcing

consistency between cluster assignments simultaneously [28].

Occasionally, the original problem’s data points are separable (statistical measures of mean
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value and variance), which encouraged researchers to discover a subspace with a smaller

dimension than the original data sample size. This is where Linear Discriminant Analysis

(LDA) is suggested for distinguishing between various varieties of flowers. In situations when

input data has no labels, LDA is a method that makes it simpler to decrease dimensionality,

i.e., to project characteristics from a higher dimension space to a lower dimension space. It is

feasible to apply LDA in unsupervised learning since it is a Bayesian model that does not rely

on data labels as long as there is a prior distribution [5]. Nevertheless, LDA needs a definition

of the number of topics, which is where Hierarchical Deterministic Annealing (HDA) and its

uniqueness come into play [142]. One of the reasons for this advantage is due to the diagonal

modeling assumption imposed on most acoustic models, i.e. if the dimensions are highly

correlated, then the diagonal covariance modeling would produce distributions having large

overlap and low sample likelihood [151].

Semi-supervised learning, sometimes referred to as the "happy medium" between super-

vised and unsupervised learning, utilises a smaller labeled dataset to extract features and

categorises a larger unlabeled dataset. It is a useful strategy when there is a shortage of data

for a supervised learning process or when labeling the instances seems to be laborious or

costly [94]. The capacity of machine learning to give amazing performance on a larger range

of supervised learning with a large collection of labeled cases has shown constant promise.

However, producing such a strong dataset involves substantial financial cost, time, and efforts

that may not be always readily available. This would restrict the use of several machine learning

approaches [128] and increases interest in semi-supervised learning for more data-efficient

deep learning methods. Dealing with the large pool of unlabeled data that exists in the actual

world has been facilitated by this motivation to create fresh approaches or to embrace the

currently available ones [127].

One general misconception is that the Reinforcement Learning (RL) is a semi-supervised

learning technique, whereas RL is a fusion of trial-and-error, law-of-effect, traditionally in-
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spired by behavioural psychology and optimal control theory in engineering that attempts to

overcome the limitations of machine learning (ML) by combining previous ML techniques

into a unique algorithm with modifications on the learning process [126]. The goal of RL is

to provide machines with abilities to surpass all known methods by pushing the boundaries

of what is currently attainable through learning the optimal mapping of situations to actions

(policy) via a trial-and-error search. A scalar reward goal guides this, and in many challenging

scenarios, the actions affects all subsequent rewards alongside the immediate reward. These

features distinguish RL from other techniques of ML and enable the ability to provoke the

current boundaries of knowledge [166]. This also poses a scenario where a reward function isn’t

available in the real world, in domains like robotics or dialogue systems, where reward could

depend on unknown positions of an object or the emotional state of a user. By incorporating a

semi-supervised technique, it is possible to set a reward function in a set of labeled Markov

Decision Processes (MDP). The agent must generalize the behaviour with the wide range of

states in a set of unlabeled MDPs [58].

Active learning, as compared to reinforcement learning, is an example of semi-supervised

learning, a method that chooses which data will it learn from? Active learning methods question

the user about labeling an instance throughout the learning process. As a consequence, it has

a human-in-the-loop, which enables it to learn proactively and pick a fraction of unlabeled

data instances to classify. This enables the algorithm to learn at a considerably quicker pace

and has the potential to exceed other prevalent strategies in terms of precision. It determines

which subset of data to pick depending on whether the cost of collecting that data is less than

the benefit of searching the label. This is particularly advantageous when creating a system to

limit the number of outliers that might otherwise influence the result of an experiment [67],

when the datasets are vast, and there are computing costs to consider. By appropriately picking

a subset of the dataset, the method is able to efficiently learn and deliver solutions to issues

that would otherwise need training with a large dataset [173].
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While both are fascinating, the important aspect to realize is that reinforcement learning

is a goal-oriented approach [83]. Inspired by behavioural psychology, RL takes input from

the environment, implying that, the agent will get better and learn while it’s in use. This is

similar to a human learning process through trial-and-error, as there is no training phase for

the agent. Contrary to this practice, active learning is much closer to traditional supervised

learning. Although, in reality, it is a type of semi-supervised learning method, being trained on

both labeled and unlabeled data. The system mimics the training samples and generalize them

to unseen cases that can be extrapolated. This is where it differs from reinforcement learning,

which falls on the unsupervised side as there are no labels. It has more of a “reinforcement

signal” which evaluates the quality of the current output that the system is providing and

learns a strategy to obtain as good rewards as possible. It is also worth noting that merging

two different approaches to learn a data selection policy explicitly proved successful where the

policy takes the role of active learning heuristic [53].

2.2 Active learning

The core concept of active learning is that a machine learning system may learn more effectively

by selecting the training data. An active learning algorithm may issue "queries," often in the

form of unlabeled data instances, in order to get supervision and a labeled instance of data

[155]. In a world full with unlabeled cases, an algorithm that learns from everything it receives

outperforms other approaches. Speech recognition is a robust challenge where active learning

has the potential to outperform others, as annotation at the word level and accurate labeling

of speech utterances is exceptionally time-consuming and require trained linguists. To get a

simple estimate of time, it can take up to ten minutes to label a one-minute audio speech [206].

Other factors include information extraction, locating entities and relationships from texts.

These factors can cause an entity to take up to a half-hour for even simple newswire stories
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[158]. Also classifying and filtering documents (e.g. articles or web pages) or any other type of

media (e.g.,image, audio, and video) is a laborious process if done manually.

Scenarios

Figure 2.1: Active Learning Process

Active learning methods seeks to overcome the labeling bottleneck by submitting unlabeled

cases to an oracle (i.e., a human annotator) for labeling, which enables the system to acquire

knowledge much more quickly and accurately. There are various situations in which the system

may be able to ask queries, three of which are membership query synthesis, stream-based

selective sampling, and pool-based active learning [154]. As an illustration of how the process

will operate, consider the flow of active learning in the pool-based active learning cycle depicted

in Figure 2.1.

Membership query synthesis (MQS) is one of the first active learning scenarios [2] where

the learner (i.e. the training model) asks labels for any unlabeled data in the input space.

Instead of selecting the most informative instances from unlabeled data, MQS selects the most

informative points in the feature space to label. The objective is to choose the fewest cases to
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label for classifier performance optimization. Although there is human-in-the-loop and query

synthesis is appropriate for many problems, the process can be tedious and can frequently raise

unusual issues, such as a query image generated by a learner training on handwritten characters

that contained artificial hybrid characters with no natural semantic meaning [11]. This is also

true in natural language processing, where the learner may generate streams of text or voice

that are essentially meaningless. To circumvent these restrictions, stream-based and pool-

based scenarios were developed. Nevertheless, King et al. reported a unique and promising

real-world implementation of the membership query scenario, deploying a "robot scientist"

that can conduct a series of autonomous biological experiments to find metabolic pathways in

Saccharomyces cerevisiae [93]. This was accomplished by combining a specific yeast mutant

with a variety of chemical solutions that comprise a growth medium. As a label, whether the

mutant flourished in the growing media was assessed. By autonomously synthesizing the

process with active learning in silico and in vitro, experimental material costs were reduced

by a factor of three, and overall costs were reduced by a factor of one hundred compared to

randomly produced trials. In fields where labels are derived from experiments rather than

human annotators, query synthesis may be a viable solution for automating scientific discovery.

Stream-based selective sampling is another option for query synthesis, similar to MQS

[37]. The essential assumption is that collecting an unlabeled instance is free, thus it may

be sampled from the real distribution before the learner decides whether or not to inquire

the user. As each unlabeled instance is dragged out one at a time, requiring the learner to

decide whether to query or dismiss it, stream-based or sequential active learning is also used

to describe this technique. When the input distribution is uniform, selective sampling often

resembles membership query learning. However, even from a non-uniform distribution,

there are expectations to get requests, which are consistent with the underlying distribution.

There are several techniques to determine whether or not to query an instance. One was is by

analyzing samples using some "informativeness measure" or "query technique" and making
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a biased random choice in which more informative cases are more likely to be searched [45].

An alternative strategy is to calculate an explicit region [37], i.e., the portion of the instance

space that remains unclear to the learner, and only query examples that fall inside it. Setting

a minimal threshold on an informativeness metric that defines the area is a naive approach,

and only instances whose assessment exceeds this threshold are then queried. Several real-

world tasks, including part-of-speech tagging [45], sensor scheduling [96], and learning ranking

functions for information retrieval [200], were used to study stream-based scenarios.

Pool-based active learning is another method proposed to overcome the limitations of

membership query synthesis. It is motivated by the idea that large unlabeled data collections

can be gathered simultaneously, assuming that there is a small set of labeled data and a

large pool of unlabeled data available [101]. The pool is often believed to be closed (static

or unchanging), but this is not required and queries are selected from the pool using some

guidelines. Instances are often queried in a greedy way depending on an informativeness metric

used to assess all instances in a pool. Several areas, including text classification, information

extraction, picture classification, video classification and retrieval have been examined using

pool-based scenarios [101, 4, 173, 172, 198]. The key difference between stream-based and

pool-based active learning is that the former scans through the data sequentially and makes

query decisions individually, whereas the latter evaluates and ranks the entire collection before

selecting the best query.

Preprocessing of text data

Data preprocessing is the collection of techniques used prior to the implementation of a data

mining method [60]. Actual data is likely to be imperfect, comprising inconsistencies and

redundancies and may not be suitable for use directly to start data mining process. There is

tremendous amount of data available and being created in different sectors, such as corporate,
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Figure 2.2: Preprocessing Example

industrial, academic and scientific applications. The greater volumes of data gathered need

more advanced analysis processes. Data preprocessing may tailor the data to the needs of each

data mining technique. Furthermore, it enables the processing of data that would otherwise

be impossible. The quality and performance of the information extracted by a data mining

technique in any framework are reliant not only on the design and execution of the method,

but also on the quality and applicability of the acquired actual data. However, negative issues

such as noise, missing values, inconsistent data, redundant data, large example and feature

sizes have a significant impact on the data utilized for learning and knowledge extraction. It

is evident that low-quality data results in low-quality knowledge [138]. For text data, we have

demonstrated how the procedure can assist and transformed the text in Figure 2.2 as a visual

representation of a single phrase.

There are a number of specialized ways for preprocessing text data. Stop Words Elimination

is an example of such a method. Natural languages are divided by stop words, such as "the, in,

a, an, etc". As described in Vijayarani et al.’s work [186] the purpose of deleting stop words from

a text is to make the text lighter, so that it does not diminish the text’s significance. The most

frequent words in text are prepositions, pronouns, etc., which add no value to the document. As

stop words are not counted as keywords in text mining applications, they are eliminated during

data cleansing [136]. Traditionally, stop words are eliminated by deleting them from a pre-

compiled list [84]. Using the three stop word creation method moved by Zipf’s law is another
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approach for stop word removal [1]. When words are ranked according to their frequency in a

big enough corpus of texts and the frequency is plotted against the rank, a logarithmic curve is

the result. Zipf’s Law is a statistical distribution in specific datasets, such as words in a linguistic

corpus, in which the frequency of certain words is inversely related to their rank. This strategy

was utilized by Vijayarani et al. to eliminate the most common and occurrence-only terms.

Other than stop words, the text includes complicated sentences that would be difficult for a

computer to utilize. To overcome this problem Tokenization is used which divides the stream

of text into tokens, which may be words, symbols, or other significant items. The objective is to

investigate the words in a statement. The list produced by tokenization serves as an input for

further operations such as parsing and text mining [89]. Even when the words are tokenized,

many terms may have the same meaning. For instance, connect, connected, connecting, and

connections can all be traced back to "connect" [143]. In such situations, Stemming comes

into action, which is used to determine a word’s root or stem. The objective is to eliminate

multiple suffixes, minimize the number of words, precisely match stems, and save time and

memory space. The translation of morphological forms of a word to its stem presupposes that

they are semantically linked. However, languages with relatively basic morphology benefit

less from stemming than ones with more complicated morphology. The majority of stemming

experiments are conducted in English and other West European languages [186].

Feature extraction

Feature extraction strategies combine the original collection of features to produce a new

set of variables with reduced redundancy. Text feature extraction is essential to text classi-

fication since it directly impacts classification accuracy [69]. Text is treated as a point in an

N-dimensional space for the purposes of feature extraction, based on the vector space model.

Each dimension of the dot indicates a characteristic of the digital text. Typically, feature ex-
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traction methods use a keyword set. Based on these specified keywords, the feature extraction

algorithm analyzes the weights of the words in the text and then generates the feature vector of

the text as a digital vector [104]. Text representation is the first stage for a computer to com-

prehend text, and the Bag-of-Words (BoW) model is the most prevalent text representation

approach. To create the vector representation of a document, the BoW model independently

matches and counts each element, ignoring a substantial amount of correlation information

between words. It is referred to as a "bag" of words since all information about the document’s

word order or structure is destroyed. The model is only concerned with the presence of recog-

nized terms in the text and not their precise location. Each document is indexed with a bag of

the words that appear in it, i.e., a vector with one component for each term that appears in the

whole collection and the number of occurrences of that phrase in the document. Thus, each

document is represented as a point in a vector space with one dimension for each vocabulary

item. When a word is absent from a document, the corresponding vector dimension is set to

zero [160].

Similarly, Term Frequency Inverse Document Frequency (TF-IDF) [111] weighting scheme,

is another method to extract features. It works by giving a keyword’s relevance depending on

the number of times it occurs in the document, regardless of context. In addition, this approach

for retrieving information evaluates the relevance of the term across the corpus [147]. The

combination of two statistics known as frequency and inverse document frequency, TF-IDF is

a quantitative statistics that reflects the significance of a word in a document. In information

retrieval and text mining, it is often employed as a weighting factor. The value of TF-IDF grows

proportionately with the number of times a word occurs in the text, but the corpus frequency

of the term offsets this effect. This may assist in regulating the fact that certain terms are

more prevalent than others. TF–IDF may be utilized well for stop-word filtering in a variety

of topic areas, such as text summarization and classification. This strategy, although being

straightforward and successful in the majority of situations, has a number of downsides. This
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approach may create feature vectors with a high number of dimensions if the text corpus is

huge, which may increase the likelihood of overfitting in the classification model.

The word embedding algorithm is the second kind of text feature extraction. Word em-

bedding, which is a document vocabulary representation approach, is vital for capturing the

context, semantic and syntactic similarities of a given word. By preserving the contextual

similarity of words and constructing low-dimensional vectors, word embedding provides for a

more expressive and efficient representation. Recently, Word2Vec and Global Vectors (GloVe)

are the most well-known techniques for generating word embedding models. Mikolov et al.

proposed the shallow word embedding model Word2Vec [119]. This is a two-layer neural net-

work trained to modify word contexts. This method generates word vectors from a massive

corpus of words by analyzing the contextual data of the input words. Typically, the dimension

of these vectors falls between a hundred dimensions. Every distinguishing word in the text is

associated with a vector in the Word2Vec space [199]. In the Word2Vec space, the vectors of the

words are positioned such that if words appear in comparable circumstances, the Word2Vec

algorithm then determine that these words should be put in close proximity to one another. It

is a computationally well-organized method for learning word embeddings from unprocessed

data. GloVe is another well-known approach for learning word representations. It is based on

the occurrences of words in a corpus of text. In reality, it is composed of two primary phases.

The first step is the generation of a co-occurrence matrix from a training corpus, where the

frequency of the term is the total number of occurrences. To get vectors, the co-occurrence

matrix is factorized in the second step. Pennington et al. demonstrated that, relative to raw

probabilities, ratios minimize noise by distinguishing significant words from irrelevant terms

[134].

As demonstrated by Li et al. [103], the traditional learning method is based on the dynamic

character-level or word-level embedding as the downstream task inputs, these embedding

lacks the semantic information of the context. The majority of classic deep learning methods
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are based on CNN or RNN, however CNN has difficulties extracting the serialization features

of text, while RNN has weak word encoding capacity. Google announced the state-of-the-art

Bi-directional Long-Short Term Memory(BERT) model in October 2018 [48]. Unlike the prior

pre-training model, it may simultaneously evaluate both aspects of a character. The work

by Li et al. demonstrates that BERT applies the context’s semantic information in its actual

meaning. The BERT pre-training language model vectorizes each character of the text. The

generated character vector sequence is twice deeply coded so that it may be fed into CNN and

BiLSTM models, the two output features are combined, and the final prediction label is output

through the fully connected layer and softmax. They demonstrated that the model learns with

great accuracy, recall, and F1-score using BERT. This demonstrates that it is feasible to make

advancements in the field of Natural Language Processing(NLP) by combining a bi-directional

strategy with a robust model.

Selection Algorithms

The design of selection algorithms that picks and submit the most functional instances to

the oracle for labeling is a vital aspect in active learning. If the original training set is reliable

enough for the model to learn on, it will provide better results with fewer queries. Kang et al.

picks instances for an initial training using k-means and begin by clustering the unlabeled

examples [88]. Instead of utilizing these examples directly as an initial training set (by asking

the user for their labels), their technique uses them as initial seeds to categorize all unlabeled

instances into two clusters. After several rounds, the k-means algorithm converges into two

final clusters, and a representative example from each cluster is chosen and used as a training

set. The centroid may seem to be the greatest option for representing a cluster; yet, direct

identification of the centroids may be challenging due to the lack of real-world instances. In text

classification, for example, there is no document matching with a centroid. As a consequence,
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the example closest to the centroid may be utilized as the representative, and the user can be

asked to classify it. Since the two are so near, the category obtained may also be given to the

centroid itself. After being labeled, the representatives, together with the appropriately labeled

centroids, form an initial training set. They used the k-nearest neighbor(k-NN) method for

classification tasks, which is well-known for its performance in text classification.

Classical machine learning algorithms have been widely used in active learning due to

their simplicity and effectiveness in various tasks. Among these algorithms, Naive Bayes has

been extensively used in text classification tasks due to its efficiency and effectiveness. Naive

Bayes is a simple probabilistic algorithm that makes an independence assumption among

the features given the class label. This assumption makes it computationally efficient and

easy to train with small labeled datasets. The algorithm estimates the probability of each class

given the input features and selects the class with the highest probability as the predicted label.

Although Naive Bayes is based on a strong independence assumption that may not hold in

all datasets, it has been shown to achieve competitive results in various classification tasks,

including sentiment analysis, spam filtering, and document classification [? ].

Another popular algorithm that has been utilized in active learning is Support Vector

Machines (SVMs). SVMs are a powerful algorithm that aims to find a hyperplane that maximizes

the margin between the support vectors and the decision boundary. The algorithm constructs

a decision boundary by mapping the input features into a high-dimensional space, where the

instances are separable by a hyperplane. SVMs have been shown to outperform other machine

learning algorithms in several NLP tasks such as sentiment analysis, text classification, and

information extraction [? ? ]. SVMs are known for their ability to handle high-dimensional

data and can be extended to nonlinear classification tasks using kernel functions. However,

SVMs can be computationally expensive and require careful tuning of the hyperparameters.

Despite these limitations, SVMs have been widely used in active learning and have been shown

to achieve promising results in various tasks.
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There are some issues related to classification algorithm. Sometimes a classification algo-

rithm is computationally too expensive to use in a selection strategy or a text classification

application requires a specific algorithm to train on or the final form of the text classification

system is unknown when the labeled training set is formed using active learning. These possi-

bilities give rise to the reusability issues, which asks whether a collection of labeled instances

that is highly useful for one classification method is even marginally informative for another [7].

A study regarding classification algorithm by R. Hu et al investigated the suitability of several

pairs of classification algorithms used to choose instances during active learning and subse-

quently to execute classification in a resultant text classification application [79]. They explore

two kinds of models: selector and consumer, where selector refers to the labeling algorithm

and consumer refers to the classification method [171]. When the selector and consumer are

the same kind of algorithms, it is termed as self selection; when the models are different, it

is called foreign selection. In their experiments, they employed Naive Bayes, Support Vector

Machine(SVM), and k-NN. They explained how self selection outperforms foreign selection.

When a computationally low, efficient classifier is needed in the selection method, yet the

resultant labeled instances are utilized to train a computationally costly classifier, then foreign

selection may occur. They further demonstrated that for the seven datasets they examined,

the learning curve of self selection exceeds that of foreign selection for both the Naive Bayes

and SVM consumers. This suggests that self selection outperforms foreign selection for these

consumer classifiers. On four of seven datasets, self selection surpasses foreign selection for

the k-NN consumer.

Classical machine learning algorithms have also been employed in the selection strategy of

active learning. Among them, Naive Bayes, SVM, and k-NN have been widely used in previous

studies. Naive Bayes is a simple and efficient probabilistic algorithm that assumes the features

are conditionally independent given the class label. SVM is a popular algorithm that maximizes

the margin between the support vectors and the decision boundary. k-NN is a non-parametric
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and instance-based algorithm that computes the distance between the test instance and the

training instances to determine the class label.

Recent advances have centred on the introduction of pre-trained NLP models, which have

been demonstrated to enhance state-of-the-art outcomes in a variety of NLP tasks [141]. The

NLP research community has paid close attention to BERT; nevertheless, the application of

active learning with deep pre-trained models for text classification has garnered minimal atten-

tion. Dor et al. used BERT in three scenarios, namely balanced, imbalanced, and imbalanced-

practical and demonstrated that BERT improved significantly in the imbalanced-practical

scenario [50], and the authors demonstrated that active learning could indeed improve BERT

results when the annotation budget is small, particularly for datasets with a low prior for

positive examples, as is the case in many real-world settings.

Sampling Strategies

Active learning is a widely used user interaction model for retrieval systems, which learns the

query concept by asking users to label an instance. Since query synthesis generates a query

using a small amount of labeled data, it is therefore very efficient. There are few common query

strategy frameworks as discussed in [154] such as Uncertainty sampling, Query-by-committee,

expected model change, Variance reduction and fisher information ratio, estimated errorr

reduction and density-weighted techniques worth mentioning here. In Lewis et al’s study

[101], uncertainty sampling is the most widely utilized method due to its simplicity. In this

case, an active learner inquires about the occurrences in which it is unclear how to categorize.

For probabilistic learning models, this strategy is often easy. When uncertainty sampling is

employed in active learning, the oracle labels fresh instances each time, and the classifier is

taught using these and other labeled examples.

Lewis et al. employed uncertainty sampling for pool-based active learning, selecting an
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unlabeled instance with the highest degree of uncertainty for oracle annotation at each learning

loop. The present classifier (the learner) has the least confidence in its classification of the

unlabeled sample, which is referred to as maximum uncertainty. In other words, in uncertainty

sampling, an unlabeled example with the highest uncertainty is regarded as the most informa-

tive instance. The important difficulty in uncertainty sampling, however, is determining how

to evaluate the uncertainty of each unlabeled case. It is pertinent to mention that, entropy

is a concept derived from thermodynamics and information theory that represents the level

of uncertainty and disorder in a system. It is a common uncertainty measurement used in

various research [32, 168]. Shannon’s formula for information entropy is the most often used,

with entropy increasing as the number of potential possibilities grows and the likelihood of

any specific occurrence decreasing [76]. For human annotation, the sample with the highest

probability/entropy is chosen. Although the chosen sample might be an anomaly, Zhu et

al. presented density-based re-ranking, which seeks to choose the unlabeled cases with the

greatest density [204]. In their investigations, density is used to establish if an unlabeled sample

is typical or not. The density degree of an unlabeled sample may be calculated by counting the

number of unlabeled instances that are comparable or near to it. Examples of high-density

degrees are particularly representative. That is, a high-density degree case is less likely to be an

oddity. Zhu et al. further concluded that, as compared to margin-based uncertainty sampling,

density-based re-ranking improves the dataset statistically significantly.

Query-by-committee (QBC), like uncertainty sampling, is a theoretically grounded query

selection methodology. The QBC method entails keeping a committee of models that are all

trained on the current labeled set but represent competing hypotheses. Each committee mem-

ber is then given the opportunity to vote on the labeling of query candidates. The most revealing

inquiry is regarded to be the situation in which they disagree the most. However, rather than

voting as in QBC, another method known as Expected Model Change(EMG) involves querying

the instance to determine whether it would impart the biggest change in the present model if
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one were aware of its label. The Expected Gradient Length(EGL) technique for discriminative

probabilistic model classes is an example query strategy in this framework.Moreover, a study

led by Settles et al. [157] established this technique for active learning in the multiple-instance

situation, and it has also been used in probabilistic sequence models such as conditional

random fields [156]. One of the first statistical assessments of active learning was tossed by

Cohn et al. [38], showing how to synthesize queries that reduce future mistakes by decreasing

variance. This is referred to as Variance Reduction and the Fisher Information Ratio. They offer

a query approach for regression learning problems with a real-valued output label (rather than

from a discrete set of class labels).

On the other hand, Roy and McCallum [148] initially suggested the estimated error reduc-

tion approach using Naive Bayes text classification. Later on, Zhu et al. [205] used this paradigm

in conjunction with a semi-supervised learning strategy, resulting in a significant improve-

ment above random or uncertainty sampling. Few years later, Guo and Greiner [68] used an

"optimistic" variation that additionally biases the expectation toward the most probable label,

employing uncertainty sampling as a backup technique when the oracle produces unexpected

labeling. The estimated error reduction approach has the virtue of being near-optimal while

also being independent of the model class. All that is necessary is, a suitable loss function and a

method for estimating posterior label probabilities. It is also worth mentioning that uncertainty

sampling and QBC techniques are prone to querying outliers, which is one of the primary

motivators for the Fisher information and estimated error reduction frameworks [148, 205].

The least certain occurrence is on the classification boundary, but it is not "representative" of

the other instances in the distribution, thus knowing its label is unlikely to enhance overall

accuracy. QBC and EGL may display similar behavior becasue, they spend time questioning

potential outliers merely because they are contentious or are likely to have a large impact on

the model. The Fisher information and estimated error reduction strategies avoid such traps

implicitly by predicting ratios and future mistakes using the unlabeled pool (respectively).
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Regardless of the variances in methodologies, the goal is to offer the oracle with abundant

information for labeling, while the advancement in the research suggests that, there is always

a potential for improvement.

2.3 Systematic reviews are time-consuming

Systematic Reviews (SRs) are in great demand for the following three reasons:

1. Primary studies have increased at an unprecedented rate over the past two decades [77].

2. They are widely regarded as providing the most robust evidence to inform decision-

making across disciplines [31, 66, 135].

3. They are increasingly promoted as a means to reduce research waste [30].

Policy formation is a complicated process that requires a systematic approach to knowledge

development [135], and systematic reviews are the foundation of evidence-informed decision-

making [70]. New standards mandate the inclusion of SRs in contemporary research projects

[162]. According to the Evidence-Based Research movement, all primary investigations should

be guided by a relevant SR to minimize wasteful repetition[108]. Some donors, such as the

National Institute for Health Research in England, now demand applicants to either reference

an existing SR or conduct their own to qualify for funding [59]. As a consequence of these

incentives, there is a drive to generate more SRs, whether in science, engineering, business,

management, politics, law, humanities or education [35, 26, 52, 15, 22].

SRs are resource-heavy and they adhere to a predetermined set of structured methods,

beginning with the writing of a comprehensive study protocol, then the retrieval of relevant

evidence, the critical appraisal of studies, the synthesis and analysis of retrieved data, and

finally the dissemination of findings [105, 120]. This procedure requires sifting through vast
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quantities of text and other evidence sources, which may take months or in some studies years

to complete. In addition, this places a significant strain on the existing resources and funds [176].

For published reviews in the PROSPERO registry, the average completion time from project

initiation to publication is 67.3 weeks, with a range of 6 to 186 weeks. The average duration of

funded research is 42 weeks, compared to 26 weeks for unfunded studies[18]. Similar trends are

seen across SRs of different disciplines[124] with another study reporting SRs to take typically

from 12 to 24 months for completion [161]. The selection of databases for searching has a crucial

role in deciding the overall time required to finish a project because the procedures that need

the greatest time and effort are selecting publications and extracting data [18, 29]. These are,

ironically, the most crucial processes and thus cannot be compromised. In certain professions,

it is easy to underestimate the importance of time, but in emergency situations, like as the

recent COVID-19 epidemic, both time and knowledge are of the utmost importance. Every

new research provided slightly more insight about the disease and subsequently warranted

changes in the recommendations, but due to the lack of time, it was impossible to analyse and

evaluate every evidence[8]. During this time, reviews were seen as very useful but unstable

since they took so long to produce that by the time any of them were published, there is fresh

and up-to-date research with contradictory findings, rendering the previous work quickly

obsolete [92]. Another potential bottleneck is the choice of publication form of media, as

journals require significantly more time than websites [18]. This was recently encountered and

partially mitigated by having peer-reviewers prioritise COVID-19-related projects and making

them available to the public as pre-prints [92].

Since the screening of articles is the most time-consuming step of an SR, reviewers are

sometimes under pressure to accelerate this process, which may increase the likelihood of bias

and inaccurate reporting. In a research findings, that assessed and analysed 40 matched pairs

of reviews on the same themes, 62.5% of papers were included in one matched study but not

the other. Initially, it was believed that the majority of disparities were likely attributable to the
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publication order of the primary research, such that reviews published earlier did not have

access to as many primary studies as those published later. Despite controlling for this bias, 47%

of the differences remained unexplained [179]. This astonishingly low amount of overlap across

included research raises several problems concerning discrepant outcomes. Even though SRs

spend long hours searching and screening articles, this should not compromise the criteria

required to maintain their high quality. New tools and procedures aimed at this particular phase

of study design must be created in a way that does not compromise quality while reducing

time.

2.4 Systematic review tools

Despite the widespread recognition of systematic reviews (SRs) and its usefulness, the time

and resources they take, makes it impossible to meet the huge demand [130]. The reviews

are typically outdated by the time they are published, preventing them from serving their

intended purpose [175]. The time required for any main study to be incorporated into an SR

spans between 2.5 and 6.5 years [51]. In addition, two years after publication, 23% of SRs are

obsolete because they fail to account for new evidence that may have a substantial impact

on the results [159]. Without an efficient process of reading papers and regularly updating

SRs, new discoveries are readily neglected, and their translation into practical applications is

slowed down [130]. To speed up the process, technology comes into action and fills in the gaps

between human skills. Several tools have been built or are under development for different

phases of SRs such as preparing themes, searching, screening, data extraction, analysis and

synthesis, and drafting reports, which are the primary responsibilities of SRs [192].

Every systematic review and meta-analysis begins with the most fundamental task of posing

a question. This necessitates beginning with a broad literature study and refining it down to a

particular question. Due to the dependence of reviews on published studies, compromises
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are made throughout the process. The question should not be so specific that it cannot be

practically applied to any particular group, nor should it be so wide that it cannot be addressed

to any specific domain [192]. As this entire method is intuitive and rather complex, it is currently

challenging to construct automated tools. However, guides such as Preferred Reporting Items

for Systematic Reviews and Meta-Analyses (PRISMA)[121, 105], The Conducting, Systematic

Reviews and Meta-Analyses of Observational Studies of Etiology (COSMOS-E), is accessible to

aid researchers not just in initiating a review, but also in every step leading up to its conclusion

[47]. These tools guide researchers through established frameworks like PICO (Population,

Intervention, Control, and Outcomes), PECO (Population, Exposure, Control, and Outcomes)

[122], SPICE (Setting, Perspective, Intervention, Comparison, Evaluation)[17], SPIDER (Sample,

Phenomenon of Interest, Design, Evaluation, Research type)[39], ECLIPSE (Expectation, Client

group, Impact, Professional, Service) [194] etc. A recent development by the National Institutes

of Health (NIH) of a PubMed PICO tool for social, behavioral and health sciences to aid in

literature evaluation when focusing on a specific subject [20].

After developing a research topic, the next stage is to screen through the available evidence.

Going through hundreds of databases to ensure all current material is included can be tedious

and time-consuming practice [9]. Firstly, there are available recommendations to ensure that

an effective search strategy is formed, and secondly, there are tools designed to facilitate the

process to a certain level, as discussed. The objective of Peer Review of Electronic Search

Strategies (PRESS) is to enhance search keywords applicable to all databases. It is essentially

a list of parameters that users must adhere to in order to conduct high-quality searches and

minimize errors [115]. Article Galaxy is a search tool that allows you to search through journals

and books simultaneously, and let users purchase or rent articles at lowered price, saving

time and financial expenses [146]. Systematic Review Accelerator expedites the completion

of the various parts of a systematic review by providing a variety of features that aid in the

design and execution of the search query. Word Frequency Analyser (finds common terms with
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their frequencies from the library of articles to be used as keywords in search strategy), Search

Refinery (helps refine search query by comparing a list of relevant PMIDs against a PubMed

search to determine the proportion of relevant citations found from the query), and the most

widely used Polyglot Search Translator (translates search strings across databases) are among

these [110]. ParsCit retrieves search results with the aid of machine learning by processing the

reference strings so that nothing significant is lost due to search keywords [42].

Screening each study according to the inclusion criteria is the most time-consuming phase

of SR [9]. Conventionally, this phase requires researchers to go through titles, abstracts, and

whole articles to determine their relevance. However, the volume of available data makes

this practice an exhaustive one [192]. Therefore, tools like Covidence[43] and CADIMA[23]

were developed to assist numerous mobile users in the screening of articles. Currently, AI is

being implemented to minimize workload further by automating the process to a great extent.

Many tools including DistillerSR [177], Rayyan [129], EPPI-Reviewer[177], Abstrackr[144] and

Asreview[183] utilize active learning models to scan articles by automatically anticipating their

relevance based on the decisions of reviewers. This portion of the cycle is highly focused, as

automation can save reviewers significant amounts of resources.

After screening the articles, the necessary variables are extracted. Due to the repetitious

nature of the jobs involved in this process, tools have been developed to substitute human

involvement up to some extent. Using tools such as Systematic Review Data Repository to

collaborate with others on projects is one option (SRDR). The collected data is then made

available to the public, to save their time and resources [82]. However, given it only contains

records of research that have been evaluated at least once in the past, its utility is extremely

limited. Exact [63] and Colandr [87] are examples of tools that incorporate machine learning to

execute rapid and dependable data extraction, and provide data mining capabilities. Another

such tool by name of Graph2Data, takes a step further and can extract data from graphs, which

is groundbreaking for particular scientific fields [44].
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Before results can be examined or synthesized, SRs must also undergo thorough quality

evaluation. Due to their diverse study designs and methodology, the primary studies produce

contradictory results [191]. A reliable analysis technique takes into consideration the shifting

variables to generate results, allowing the development of new policies and initiatives. RobotRe-

viewer is an automated tool that facilitates quality evaluation by automatically extracting the

risk of biased statements and judgments in randomized controlled trials, thereby lowering the

reviewer’s effort substantially [114].

After successfully extracting all essential data parameters from the included primary re-

search, they are vetted for conclusion. A puzzle can be used as an analogy here, which requires

all parts to be placed in the correct location to make the final image, similarly, reviews require

good data analysis to produce a logical conclusion; otherwise, all efforts are lost. Thoth is one

of the available tools that can analyze data and provide numerical and graphical findings [97].

Thoth was originally developed for astronomy, but it is now adopted by different domains such

as, engineering, medical, and business disciplines, demonstrating the adaptability of tools and

the community’s readiness to experiment with novel tools to speed up the entire process of

performing reviews [97].

Reporting all findings is the final step of any investigation. Reporting should be performed

meticulously to ensure that the significance of the results is communicated properly. Although

systems such as RevManHAL are available to generate reports based on templates, their use

is minimal [71, 174]. The primary limitation is the lack of prioritization of currently available

techniques, and in majority of cases, require substantial human intervention [170]. Typically,

scientists publish more, with statistically significant results than with non-significant results,

which contributes to publication bias. This may not seem significant, yet it distorts the evidence

for experts. The unpublished information is dumped into a file cabinet, and this is the problem

that the fiddling attempts to fix. It enables researchers to swiftly examine the different formats

and study types to appropriately discover methods for distributing file drawer data to the public
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[12]. Copying incorrect data into final tables is a common mistake made while producing

manuscripts. OutcomesApp automates the creation of tables describing the features of the

included studies in the review and facilitates the movement of data between sections [153].

There is a rising desire for technologies that may automatically include new studies and

their analyses in reviews, marking the updated portions. Since the reviews become obsolete

rapidly, the community has prioritized the development of these features [170]. Such "living"

reviews with the capacity to be automatically updated are still in the development stage, but

the emergence of the requisite technology is imminent [170]. Mainly, with the formation of the

Australian National COVID-19 Clinical Evidence Taskforce to produce living, evidence-based,

national guidelines for COVID-19 [178]. The systematic review community is optimistic that

living reviews will be available for use in the near future.

2.5 Active learning tools for systematic review

Since the last decade, the quantity of published articles has grown at unparalleled rate. Sys-

tematic reviews (SRs) and meta-analyses are regarded as prominent research methods, for

ensuring that no relevant finding is overlooked [130]. Although, this is a beneficial approach for

evidence-based practice, doing a systematic review is currently a laborious, time-consuming,

and complex undertaking [203, 18, 176]. Previously, it was a common a belief that, a software

can only perform iterative jobs. However, with the introduction of machine learning (ML), the

view has changed. Recently, a SR was completed in two weeks of time period, as opposed to a

few months, demonstrating the remarkable powers of artificial intelligence (AI) [34]. The most

time-consuming and labor-intensive procedures during the entire process are paper selection,

and data extraction [18, 29]. While extraction contains numerous data pieces, necessitating

significant natural language processing, that has been insufficiently studied yet and there

is still plenty to learn [85]. But on the other side there has been a remarkable reduction in
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the workload associated with screening references as indicated in [177, 74, 61], showing a

satisfactory progress in the right direction.

In the screening phase of systematic reviews, a huge number of relevant publications are

acquired through an initial search query. This search query is executed on several databases,

and the output is manually inspected and evaluated for their applicability. At least two authors

evaluate all retrieved citations independently, based on their inclusion criteria [99]. It has

been estimated that even an experienced reviewer can examine an average of two abstracts

every minute. One worker would be required to labor nonstop for one week to process 5000

citations [189]. To reduce the efforts required to undertake linear manual reviews, researchers

in the disciplines of evidence synthesis [98, 183, 62, 65, 113] have developed a computational

method and electronic discovery. An active learning algorithm have been created to construct

an automatic classifier that removes unnecessary references based on reviewer inclusion

decisions [40, 41]. In other words, active learning is a sort of machine learning that, as its

name suggests, improves with time. Similar to a young toddler, the system observes others and

attempts to imitate them. It analyzes the patterns depending on the user’s decisions, which in

this case is the selection of database entries. Once the algorithm learns with sufficient data,

it begins to make independent decisions, which become more accurate with each new user

decision [183].

These ML and text-mining algorithms have been widely implemented in a variety of screen-

ing systems for systematic reviews. The tools’ pattern recognition algorithms forecast the

likelihood of citations being eligible or ineligible for a specific systematic review [131]. Each of

these technologies require the manual screening of a particular number of citations, which

acts as the pattern recognition learning content. Screening prioritizing and learning from

categorization are two essential techniques for applying ML and text mining to assist with

screening in systematic reviews. In screening prioritization, the most likely relevant citations

to the review are displayed in descending order. This intelligent method of sorting enables
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researchers to screen the most relevant papers first and, if necessary, screen the remaining less

relevant citations by a sub-team. The second approach of learning from categorization employs

the manually given include and exclude categories of references to learn how to automatically

apply similar categorizations to the remaining unscreened citations. This solution decreases

user workload in comparison to the first by not only sorting but also automatically screening

citations [131].

Figure 2.3: Abstrackr New Project Form

Abstrackr is one of the earliest semi-automated screening tools designed for systematic

reviews. The Brown Center for Evidence Synthesis in Health has developed this free program.

The user interface of Abstrackr is relatively intuitive and displays a single reference at a time.

Support Vector Machine(SVM), a supervised learning model, aids in article filtering based

on title, abstract, and keywords. SVM examines the terms in screened citations and matches

them to subsequent citations, based on their relevancy. When citations are initially uploaded,

they are shown in a random order, one citation at a time [190]. Reviewers evaluate these
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randomly selected articles until a pattern emerges, allowing them to screen the remaining

articles automatically. Using a framework for active learning, these predictions are continuously

updated. If the setting "Order Abstracts by: Most likely to be relevant" is selected, these

predictions are available to the users. When the predictions are ready, citations are provided

based on their estimated likelihood of eligibility. During the screening procedure, individual

forecasts can be retrieved at any moment. As a result of maintaining a record of all user

decisions, a user can to go back and modify the initial decisions and ultimately modify the

selection algorithm to better suit the user’s needs [21]. It has been determined by several studies

to lower the number of records requiring manual screening by 65 to 88 percent [61, 144]. This is

a significant burden decrease for humans, but it comes at the expense of losing out an average

of 4.2% of publications included in the researchers’ final review. It was determined to be

more accurate for larger datasets that lacked complex inclusion requirements [61]. Due to this

extremely critical deficiency, it has been suggested that it undergoes more development before

being considered for independent screening in any project. Figure 2.3 depicts a screenshot of

the Abstrackr website.

In contrast to Abstrackr, Rayyan displays multiple records at once, starting with an alphabet-

ical order, and displays graphically the estimated probability of inclusion, as a 5-star rating next

to each reference. It was developed by the Qatar Computing Research Institute (QCRI) in 2014.

In the title and abstract screening, the user has the option to either select the new available

rating or wait for the program to update the predictions automatically. Similar to Abstrackr, the

reviewer can determine the order of unscreened citations by placing the most relevant ones

at the front. However, a user cannot automatically screen them [74, 62]. It also permits the

user to upload entire PDFs for individual citations and provides a word cloud, based on the

Brown Clustering method that displays the most frequent medical subject headings (MeSH)

in the submitted citations [91]. Users can construct two lists of keywords (one for relevant

citations and one for irrelevant citations) to be emphasized in abstracts and incorporated into
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Figure 2.4: Rayyan’s Dashboard

the prediction algorithm [90]. The Rayyan screenshot is depicted in Figure 2.4.

RobotAnalyst, Similar to Rayyan, is a web-based tool that shows several citations in an

alphabetical order concurrently. It was created by the National Centre for Text Mining (NaCTeM)

and the National Institute for Health and Care Excellence (NICE) of United Kingdom in 2017. It

employs predictions of relevance based on a pattern recognition algorithm that is continuously

updated upon each user-made screening choice. In contrast to Rayyan, probabilities between

0 and 1 are presented alongside each citation. With RobotAnalyst, the user can also "apply

the predictions," which implies that any studies with a probability of eligibility over a specific

level are regarded as relevant and those below as irrelevant. This criteria can be adjusted by

the reviewer from its default threshold value of 0.5. Progressively, RobotAnalyst is expanding

its knowledge base in a variety of disciplines, that will make the screening process significantly

more effective [137]. RobotAnalyst screening is based on titles and abstracts and along with

predicting relevancy, it can also employ topic modeling and descriptive clustering technologies
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to separate citations into sets, with comparable topics or language, even if the same terms are

not used [137]. Even though RobotAnalyst’s claims are quite encouraging, evaluation studies

have not shown a significant reduction in workload while maintaining acceptable levels of

sensitivity [145].

Figure 2.5: ASReview’s Project Homepage

ASReview is another software that uses the initial labeled data to analyze and screen re-

maining studies [182]. As the references, including their titles and abstracts, are imported, a

previous knowledge preference is picked. This is used to train the initial model to provide the

researcher with the first record. Since screening is a binary classification question, based on

eligibility criteria, the user must include and exclude at least one record. As the number of

categorization decisions increases, the active learning process becomes more efficient. As soon

as the minimum criteria for prior knowledge is fulfilled, the user can select the active learning

model to filter references in the "most likely to be pertinent" order. ASReview utilizes these

labels to prioritize unscreened articles, retraining and improving the model after each labeling
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until the user-specified stopping threshold is met [182]. The active learning models by default

consist of a Naive Bayes classifier, TF–IDF feature extraction, a dynamic resampling balance

method, and certainty-based sampling for the query strategy. It allows users to configure their

own classifiers, feature extraction approaches, query tactics, and balance strategies, making it

significantly more customizable and optimized than the majority of other current tools [182].

While being assessed on a large dataset, the tool identified over 80% of relevant papers after

screening only 10% of the set and over 95% of relevant publications after screening about

20% of all publications [57]. ASReview’s ability to be deployed locally is its most significant

benefit over a number of other programs. As a result, it may function offline without an internet

connection and offers more security and privacy by separating data from Internet servers [183].

Figure 2.5 depicts the project homepage for ASReview.

Colandr is a free, web-based software that was developed in 2017 to satisfy the demands of

academics doing large-scale assessments in the fields of environmental and wildlife conservation[167].

Since the workflow of the program is applicable to systematic reviews in other fields, includ-

ing medicine and education, its use spread to these sectors. Colandr, unlike the majority of

previous tools, has a distinct planning phase prior to the actual screening in which essential

information such as research questions, search queries, inclusion and exclusion criteria, and

data extraction fields are gathered [167]. This data is utilized to highlight significant terms

during the screening process in order to facilitate faster title and abstract screening and lessen

the likelihood of overlooking an important study. This is another AI-based tool that aims to

learn from user decisions in order to prioritize the screening of remaining articles by relevance

[33]. Similar to previous tools, the classification of articles is dynamic and impacted by the

users’ continuing title and abstract screening. However, despite its amazing features, it has its

own limitations, the most significant of which is the inability to submit many PDFs at once for

full-text screening, which can be difficult if the dataset is huge [87].

DistillerSR is a commercial software designed for numerous industries that helps automate
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a number of review-related operations [49]. It provides two AI-based features: prioritized

reference screening (re-sorting references at regular intervals during the title and abstract

screening based on the model’s assessed chance of relevance for each remaining record) and

custom classifiers (automatically labeling randomized controlled trials). To be able to screen, a

training set of 10 included and 40 excluded studies is required [62]. DistillerSR strives to be an

all-inclusive solution with the majority of capabilities available on the same platform, making

it overly complicated for certain users, especially beginners. The tool’s predictions are available

in real-time as compared to Abstrackr, which requires two days to build a list of forecasts [62].

EPPI-Reviewer is a cloud-based tool that, like DistillerSR, addresses all stages of reviews

but has a cumbersome user interface[74]. The built-in active learning technology not only

automates the screening process based on detected phrases in manually screened studies,

but can also identify study kinds automatically on the go [132]. It provides title and abstract

screening while simultaneously permitting PDF uploads for viewing [177]. Since the tool has

been created to streamline the process of evidence synthesis, it also enables living reviews

in healthcare. This implies that, it may regularly search online resources such as PubMed for

freshly updated studies. Although this sophisticated method is still in development, the ML

system attempts to determine which review or guideline may be able to utilize these updated

findings. This unusual feature of fast and automatically updating reviews allows the product to

stand out amid other available tools [132, 125].

SWIFT-Active Screener is a relatively new tool with a slightly enhanced active learning

algorithm in comparison to existing tools. The web-based application is able to prioritize

articles for screening in addition to many other functions. Using a novel statistical method,

it can also estimate the amount of remaining relevant documents [78]. It employs certainty-

based screening, in which papers (including only titles and abstracts) are offered to the user at

random in sets of a fixed size. After one set has been thoroughly screened, subsequent sets

are restructured in accordance with relevance predictions [78]. In a simulation including 26
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distinct sets, the program was able to find 95% of the relevant articles by screening 40% of the

overall list[78]. The instrument was originally created for environmental health researchers,

but now has expanded into different fields [140].

Fastread, a quicker technique for analyzing a vast corpus of documents, integrating, and

parameterizing the most efficient active learning algorithms. It is one of the active learning

techniques being investigated to improve the screening process. It was created after evaluating

and analyzing 32 distinct active learning algorithms in great detail [201]. Fastread enables a

real user to go through a list of randomly arranged records until they identify the first relevant

reference, at this point it can begin removing the other research. Similar to other active learning

systems, the more input the user provides, the more precise the selection becomes [202]. It

was discovered that screening 20% to 50% fewer studies yielded the same final results as other

competing techniques [54]. Since it has no prior domain knowledge, the title and abstract

screening judgments depend heavily on the user’s choices, which are always believed to be

accurate. The algorithm’s ability to discover patterns by going through all irrelevant research

until the first relevant one is located is a considered as a flaw. Assuming the appropriate

study could be found rapidly, the tool would have restricted data to work with, which could

compromise its accuracy [201]. The issues mentioned here have restricted the use of this tool

in reviews, but the developers have committed to enhance it in future updates of the tool [201].

Due to the development of ML and AI technology, the systems have evolved from simple

citation managers to those able to identify new, relevant articles for reviews automatically. A

few years ago, the concept of a computer learning to behave like humans was inconceivable,

but today it is progressing in positive direction. As technology continues to advance, there are

increasingly fantastic opportunities. One of the primary focuses of systematic review method-

ologists is to examine the stopping threshold [25]. Existing work either provides an ad-hoc

stopping point or does not show how many relevant references remain to be discovered. Rapid

progress in research and development in this area offers optimism for increased effectiveness
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in active learning and enhanced technologies to automate other phases of the systematic

review procedure.

2.6 Summary

Chapter 2 presents the background research and gives a larger context for the study and related

work, which is consistent with the thesis. This chapter provides an overview of machine

learning and adaptive softwares. In section 2.2, the fundamental notions of active learning

are explored with several examples. Next, the significance of systematic reviews is highlighted

in terms of why they are more significant in research and how they might assist to eliminate

research waste. Finally, the tools utilized in systematic reviews and active learning tools for

systematic reviews are examined, along with the characteristics of available tools. Abstrackr,

Rayyan, RobotAnalyst, and ASReview beside some similar tools that have been explored in

detail, along with their advantages and usage.
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Chapter 3

Methodology

At this point, it is clear that there is a need to improve efficiency in the systematic review

process and that machine learning, in particular active learning, is a viable path towards such

improvements. To this end, there are four parts of the methodology to be described. First, we

consider how to incorporate RITL most effectively. RITL reflects the active learning strategy

almost universally adopted for systematic review (see 2.5 Active learning tools for systematic

review). Second, we apply our RITL methods to three different datasets and review how we

prepare them. Our choice of databases helps assess the robustness of our results. Third, we vary

different components of the RITL process and run simulations on each variation. As per Table

3.1, these components are: Feature Extraction (i.e., aspects of the text), Classifier Models (i.e.,

algorithms), Query Strategies (i.e., what articles are prioritized), Data Type (i.e., title/abstract

versus full-text), Screening (i.e., whether RITL decisions are based on title/abstract or full-

text), and Features (i.e., the corpus that Feature Extraction is based upon). By varying these

components, we should be able to establish the most efficient RITL combination. Fourth, we

review how we evaluate the outcomes of this simulation, focusing on increased productivity

and computational efficiency.
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3.1 RITL Process

Screening in the systematic review process is one of the most time-consuming parts of the

process. For a typical systematic review, researchers need to determine the relevancy of an

article or study, often for several thousand papers or more. Machine learning can help reduce

this workload. A subset of machine learning is active learning, where a learning algorithm

interactively prompts a user to label data with the desired outputs (e.g., include or exclude).

In active learning, the algorithm proactively selects what instances (e.g., articles) should be

annotated or labeled next by the user from the pool of unlabeled data. The fundamental

strategy behind active learning is that a machine learning algorithm could reach a higher

accuracy level while using a smaller number of training labels if it were allowed to choose the

data it wants to learn from. This makes active learning part of the human-in-the-loop (HITL)

paradigm[196], where it has been proven to be very effective.[154] Systematic review screening,

which inherently has a person annotate instances (i.e., label articles as relevant or not), is

readily convertible to an active learning process, in this case, RITL (research-in-the-loop).

The process is iterative as the dataset is incompletely labeled, and the learning algorithm is

sporadically re-informed by the choices of the researcher. How best to integrate an active

learning algorithm in the systematic review process, that is, how to reduce workload along with

simultaneously finding most or all of the relevant articles, is advancing but yet to be definitively

determined.

This RITL process is reviewed in Figure 3.1, of which we show a Traditional Method and

a new Spiral or Oscillating Method. Both of them represent RITL. Initially, the researcher

randomly takes articles from the list of papers and labels them "Accept" or "Reject." When

there is a sufficient number of articles labeled, the machine learning (ML) classifier attempts

to predict whether unlabeled articles would be accepted or rejected by the researcher. Based

on this, it also sorts the list of papers to prioritize those that would either be useful to the
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(a) Traditional Method

(b) Spiral or Oscillating Method

Figure 3.1: RITL Process
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researcher (e.g., most relevant) or help speed its own learning. As can be seen, the process is

circular, putting the researcher "in the loop."

The difference between the Traditional Method and the Spiral Method determines what

criterion active learning is trained upon. For the Traditional Method, it follows a classic two

staged PRISMA process, where in Stage 1 the researcher’s decisions are based solely upon

the title and abstract. This reflects that it is excessively cumbersome for the researcher to

examine each article’s full-text, so only the subset that passes title/abstract screening is later

evaluated, hence two stages. As mentioned in the introduction, the better criterion is based

on full-text, which can provide a definitive decision based on full information (e.g. PDF of

articles). To take advantage of this better criterion while acknowledging that the process needs

to be manageable, we propose Spiral screening. Rather than waiting until all the articles

are title/abstract screened (which does not include the full-text screening information in

the process) before moving to the second stage, spiral or oscillating screening rapidly shifts

between the two stages. Consequently, aside from the order of operations, the researcher’s

experience is identical for both Staged and Spiral. In the Figure 3.1 Spiral example, we have

full-text screening nested between title/abstract screening and the ML classifier. Since only

those articles that pass title/abstract screening are considered for full-text screening, it doesn’t

increase the workload but does provide active learning with a better criterion to train itself

upon.

3.2 Simulation Details

Currently, it is unclear what is the best configuration of active learning components for system-

atic review. We could address this experimentally by assigning individuals to each condition

and assessing their screening efficiency. However, even if we had just 30 people per condition,

this would require approximately 10,000 participants, which is not obtainable. Instead, we
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Figure 3.2: Simulation Process

take the standard approach and assess through simulation. The advantage is that we only need

a few fully annotated datasets, each of which receives every condition stipulated.

As shown in Figure 3.2, the simulation begins with a prepared data set that can be parsed

into various conditions. The simulation replicates the cyclical RITL process as per Figure 3.1,

but instead of an active researcher labelling the data, the simulation relies on an AI Agent that

samples from previously established researcher decisions. Presently, this study review the

active learning algorithm conditions in addition to the information that could be included in

the training process.

As per Figure 3.2, the simulation process starts with selecting a dataset and then parsing it to
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Criteria Choice Total Number

Feature Extractions
TF-IDF High

3TF-IDF Low
BoW

Classifier Models

Logistic Regression

4
Naïve Bayes
Random Forest
SVM

Query Strategies
Max Uncertainty

2
Max Probability

Data Types
Everything

3Endnote-Only
Full-Text

Screening
Full-Text Screening

2
Title/Abstract Screening

Features
Title+Abstract

3Title+Abstract+Endnote
Title+Abstract+Endnote+PDF

Total 360

Table 3.1: Simulation Conditions

align with one of our conditions. Having obtained access to the dataset, the AI agent selects an

article randomly and labels it (which is simply drawing from previous researchers’ decisions).

This acts as prior knowledge. Subsequently, the simulation vectorizes the chosen features

using the selected feature extraction algorithm. This vectorized data is fed to the machine

learning classifier, which trains itself based on it. The classifier algorithm then predicts the

probability of acceptance for the unlabeled articles, which is saved. Based on the choice of the

query strategy and the predicted probability for each unlabeled article, the simulation asks the

agent to label a subsequent article, restarting the cycle until there are no other articles left to

be considered.

As per Table 3.1, we vary six different components of the entire process, resulting in 360

conditions per dataset for a total of 1080 instances (i.e., 360 x 3 datasets). This is less than

the 432 possible conditions as it is nonsensical to run the Title/Abstract Screening condition
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with the Full-Text condition (i.e., those in the Full-Text condition have already been accepted

during Title/Abstract Screening). To enhance and assess stability, we run each instance ten

times and take the average. As discussed in the introduction, this research study explores,

feature extraction, classifier model, query strategy, data type, screening, and features. For

feature extraction, as per the introduction, the two techniques were considered BoW and

TF-IDF. TF-IDF is limited by document frequency (i.e. the total number of documents divided

by the number of documents containing the term in the dataset). Necessarily, each term must

have a document frequency ranging from 0 (i.e., it occurs in no documents) to 1.0 (i.e., it

occurs within every document). Within this range, TF-IDF High is operationalized as having

a document frequency between 0.1 to 0.9 and for TF-IDF Low as between 0.2 to 0.7. If both

perform equivalently, it suggests that we can further constrain TF-IDF’s range and achieve

some reductions in the computing resources required.

The algorithmic classification models (i.e., Naïve Bayes, SVM, Logistic Regression, and

Random Forest Trees) were obtained from scikit-learn [133] python library. For query strategy,

Maximum Probability is rank ordering by the classifier model algorithm’s output. Maximum

Uncertainty is operationalized by scores midway in the range of the classifier model algorithm’s

output. Data Type reflects subsets of the three datasets, with transparent and self-explanatory

descriptions. Everything is an intact dataset, with no restrictions. EndNote-Only is restricted

to those with PDFs attached due to EndNote’s automatic find Full-Text option, and Full-Text is

restricted to those which have been accepted during Title/Abstract Screening and now have

PDFs attached. Screening, as mentioned, is whether the researcher accepted the article based

on Title/Abstract or Full-Text. Finally, Features are the columns in the extracted dataset, where

it is further tested into three nested levels of information.

• First, limits were imposed on use of the traditional Title and Abstract only.

• Second, Only PDFs automatically obtained through EndNote were added.
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• Third, the PDFs obtained during Full-Text screening were added.

These six conditions were organized as per Figure 3.2. The simulation emulates the review

process, attempting to find the most useful operationalization of active learning in systematic

review screening. Sensibly, we begin with dataset selection. After choosing and preparing one

of the three datasets, as per Figure 3.3, we select one of the 360 conditions. This begins with

choosing a subset of the dataset or Datatype (e.g., only articles that have EndNote PDFs), and

then features to be extracted (e.g., Title+Abstract+Endnote PDFs). Of note, it does no’t make

sense to choose features extracted that are not contained within the "Data Type." To enhance

stability of our estimates, for multiple iterations, we use a random seed to determine the initial

articles that the AI agent labels, and then subsequently calculate the average of these iterations.

If the features selected are title/abstract or title/abstract plus EndNote PDFs, these need to be

vectorized only once. During PDF vectorization, to reinforce the importance of title/abstract,

we include the previous vectorization of title/abstract to compensate for OCR limitations.

However, if the features include Full-Text PDFs, which are added only after they are accepted

in Title/Abstract Screening, these must be periodically updated. The process ends after all the

articles have been accepted or rejected. More information and details about the simulation

can be found in our open source GitHub repository https://github.com/ammirsm/automatic-

pancake.

3.3 Datasets

The simulation is applied to three distinct datasets. These databases are described in Table 3.2.

ASReview provides an open source github[180] where people archive their systematic review

datasets, from which we obtained two. The Cognitive Behavioral Therapy (CBT) [185] dataset

reflects a meta-analysis of the outcomes for anxiety-related disorders and the Post-Traumatic

Stress Disorder (PTSD) [181] dataset reflects a systematic review of PTSD studies that include
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Figure 3.3: Dataset Preparation

latent trajectory analyses. In addition, an access to an ongoing systematic review on national

culture was obtained, which is an update to a previous meta-analysis [169], which will be

available in an Open Science Framework (OSF) folder upon publication. All datasets have both

reviewers’ title/abstract and full-text screening decisions.

These systematic review datasets have different properties, appropriately to determine the

process’s robustness. This is often a byproduct of the search strategies, topic (which can make

it easier or harder to locate desired articles) and tolerance for errors of inclusion. According

the the Table 3.2, the CBT and PTSD datasets have a full-text screening acceptance rate of

approximately 0.7% while the Cultural project has an 11% acceptance.
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Cultural Project PTSD Project CBT project
Total papers 12107 6184 10953
Total English papers 10887 6152 10933
Number of duplicates 2768 162 406
Full-Text screening accepted 1379 43 73
Title abstract screening accepted 3080 388 806
LibKey founded 3355 1318 6719
LibKey open access 434 254 1530
LibKey founded PDFs 2916 1156 5902
Crossref founded metadata 3385 1375 7030
Endnote founded PDFs 2165 804 1388
Manually added PDFs 6055 327 698

Table 3.2: Dataset description table

The processing of these datasets is summarized in Figure 3.3. After obtaining the initial

dataset, such as the RIS file, available missing data was obtained through a CrossRef API (e.g.,

precise title). Attempt to obtain PDFs, using automated and semi-automated methods, was

performed next. Notably, initiation of this step was performed earlier in the process than

recommended by PRISMA guideline, though in a realistic approach that is not labor intensive.

First, EndNote Full-Text finding tool is used, whose efficacy is dependent upon journal access

which varies among Universities. Then, the Third-Iron API 1 was used to determine how

many articles are published in open scientific databases and how many can be located using

libkey APIs. Due to the restriction of the Third-Iron API, automated PDF downloads from their

website is not yet possible, but this can soon change. The results of these attempts are shown

in Table 3.2. In addition to these two automated download methods, all PDFs for articles, were

manually downloaded, that passed the Title/Abstract Screening to see how successful machine

learning might be if Full-Text Screening is done spirally rather than staged. Notably, the original

systematic review does not have to be done spirally for us to run our simulation.

To further maximize the chance of obtaining PDFs, deduplication was conducted after this

1libkey.io
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step. Minor differences in the DOI (Digital Object Identifier) and title references can hinder

EndNote’s automatic Full-Text finding. There were a few duplicates in the CBT dataset and

the PTSD dataset. However, there were 2,768 duplicate articles in the dataset for the Cultural

project, whose data has not been preprocessed. As per Table 3.2, this reduced the number of

articles by 3% to 23%. This number was further reduced as our machine learning approach

(e.g., BoW) is language specific. Consequently, the dataset was limited to English-only (being

by far the most common). To accomplish this filtering, the langdetect python module (Version

1.0.8) was used, which is a python port of language detection library[123] having 99% accuracy

rate, filtering out the non-English ones.

The title, abstract along with full-text PDFs, were prepared for feature extraction. An open

source Python package, pdftotext [139] was used to convert the PDFs to text, with an emphasis

on text data. Next, extraneous data (e.g., emails, URLs, designations or ranks, numbers) was

removed from our text to improve feature extraction (i.e., which focuses on terms). Furthermore,

all punctuation and recommended stopwords (i.e., words already identified as having limited

usefulness for NLP) were removed, the data was tokenized and making it ready for feature

extraction. As per Figure 3.3, the data is now ready for active learning. The source code for

each of these procedures is accessible in our GitHub repository for more information and

explanation.

3.4 Evaluation

There are various ways to evaluate the performance of the process, including the amount of

data needed to operate and the time it takes to analyze that data. For systematic reviews, three

key metrics were focused. First, there is Work Saved over Sampling (WSS), which reduces the

number of articles needed to be screened [36]. Unless there is a perfect prediction, there will

be a certain percentage of articles missed, so typically this is WSS for a given level of errors
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of omission, such as 5%. In other words, it is the number of articles that must be screened

before 95% of the relevant total is found. Second, the point to investigate is the Relevant

References Found (RRF) [36], which is how accurate a machine learning option becomes after

a given percentage of screened articles. For example, the number of relevant articles a machine

learning technique can identify after screening only 10% of publications. Typically, RRF is

demonstrated graphically, with Relevant References Found along the Y axis and the Number

of Articles Screened along the X axis. Third, the retraining time required in seconds to reflect

computational intensity, was measured. Some machine learning techniques are far more

computationally intensive and may only provide marginally better results.

3.5 Summary

This chapter mostly defines the RITL procedure in detail. Methodology is explained in four

distinct areas. This chapter essentially divided the whole procedure into pieces, and each

section addresses or elaborates on subjects such as how to include the RITL, how the RITL has

been applied to various datasets, how the simulation was conducted, and the evaluation of the

results.
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Implementation

In this chapter, we cover the implementation’s tools, architecture, and simulation procedure.

4.1 Tools

This chapter discusses the tools, techniques, and libraries used in each phase of our implemen-

tation in order to obtain the desired outcomes. The implementation details presented here

are connected to the big picture of our research, which focuses on the impact of PDFs on the

machine learning process and how they should be included into text analytics and algorithms.

Machine Learning

Our technique employs machine learning algorithms, which are the basis of our solution. Scikit-

learn [133] is one of the most prominent and widely used Python packages for machine learning,

providing efficient implementations for machine learning techniques such as Random Forest

Tree and Naive Bayes, as well as feature extraction methods for text data, such as Bag of Words

and TF-IDF, which we utilize in our work. Scikit-learn’s API has become the de facto standard

for machine learning implementations due to its relative usability, well-considered design, and
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active community. It is mostly developed in Python and leverages NumPy for array operations

and high-performance linear algebra. Some key algorithms of Scikit-learn have been rewritten

in Cython to improve speed.

Throughout the simulation and active learning phases, sorting and querying the data

is essential. To accomplish this, we use Pandas [116] and NumPy [73] libraries, which are

also used to create effective data structures for storing and processing the data. Pandas is a

Python library for manipulating datasets, providing capabilities for data analysis, cleansing,

exploration, and manipulation, while NumPy is a Python library mainly used for dealing with

arrays and including functions for linear algebra and matrices. NumPy is built on the locality

of reference, and unlike lists, NumPy arrays are maintained in a single, continuous location in

memory, allowing processes to access and manipulate them with great efficiency.

As machine learning algorithms cannot operate directly on raw text, feature extraction

methods are necessary to transform text into matrices. For the feature extractions mentioned

in the methodology and results section, we use Scikit-learn implementations. During the study,

we tested other options, but due to the computational cost of running simulations and the

expansion of the research’s scope, we only kept the GitHub repository of implementations. In

our implementation, we also utilize several deep learning transformers, such as BERT and

SciBERT.

PDF conversion

Basically, this research is based on the change that PDFs can have in the machine learning

workflow and it should be included in the text analytics and algorithms. The issue that arises is

that the PDF files couldn’t be included into the text analytics and algorithms by themselves.

Therefore, there should be some ways to convert these PDF files first to text in order to use

them in the text analytics and algorithms.
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This study focuses mostly on the impact of PDFs on the machine learning process and how

they should be included into text analytics and algorithms. PDF files could not be included in

text analytics and algorithms without first being converted to text. There are several methods

for converting PDFs to text. The first method is to view PDF files as PDF files and parse them

using specific libraries. Python has many rendering libraries, such as Poppler based pdftotext

[139]. Poppler is a free software utility library for rendering PDF documents and is used by

the PDF readers of the open-source GNOME and KDE desktop environments. One another

possible solution is to first convert the PDF files into images. In this way, as an extended

solution, these images can be converted into plain text. Multiple Optical character recognition

(OCR) methods are available for transforming photos containing textm, such as Tesseract. It is

an optical character recognition engine for several operating systems that has a Python wrapper,

might be used for this purpose. Due to the reduced cost of computations, the first method for

has been selected for this study and utilised the pdftotext python library for implementation.

Data Preprocessing

As the text data originates from database search results and PDFs that have been processed,

there are greater chances of noise in the data. These raw text data include a large amount of

unwanted material, ultimately effecting the accuracy of our findings and make them difficult

to debug and improve. Due to the necessity for more robust analysis and results, and as a

standard procedure, preprocessing methods are inevitable.

Language Detection

Focusing on a single language for training the active learning core of the system and construct-

ing around it is a crucial stage in the process. Multiple alternatives and implementations exist

for doing this job. One such reliable tool is LangDetect [123]. It is a Java-to-Python port of
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Google’s language-detection tool and is used in our solution. LangDetect can identify over

50 languages. In the implementation, its library’s functions are applied to each article. Every

articles’ full text data along with the title, abstract and PDF text output (if available) is provided

for assessment to the LangDetect in order to predict the articles’ languages.

Tokenize and basic preprocessing

As our data is coming from a database search and possibly contains noise, there should be

something in the pipeline to get rid of this. By converting all characters to lowercase, removing

punctuation marks, removing stop words and doing required essential NLP text preprocessing,

the noice can be significantly reduced or eliminated.

Stopwords Removal

Stop words are the words in a stop list that are filtered out before or during the processing of

text data due to their insignificance. There is no global database of stop words used by all NLP

tools, nor are there any specific agreed-on algorithm for identifying stop words [193]. In fact,

not all tools use such a collection. Therefore, any set of words may be selected as stop words for

a particular reason. Stop words are essential for many applications because, by removing the

most frequent terms in a particular language, concentration can be paid on the most significant

words. As there are several stop words in every human language by excluding these terms from

our text, it is possible to place more emphasis on the essential details. In addition, the removal

of stop words decreases the dataset size, hence training time owing to the decreased number

of tokens involved in the training.

In the pipeline, stopwords have been eliminated in order to emphasize the primary key-

words of each article’s data. The list of stopwords that this report utilized was derived from the

Stopwrods GitHub [100] collection. It was developed exclusively for English academic literature

stopwords.
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Stemming and Lemmatization

Stemming and Lemmatization are Natural Language Processing (NLP) methods used to stan-

dardise text and prepare words and documents for further processing in Machine Learning.

For example, "go" and "goes" are the same words in various tenses. The objective is then to

reduce both words to a single word root by Stemming or Lemmatization. Thus, both words are

handled equally; if not, "go" and "goes" would be as unlike to the model as "go" and "vehicle."

[6]

In language morphology and information retrieval, Stemming is the process of reducing

inflected (or occasionally derived) words to their word stem, base or root form, which is often

a written version of the word. The stem need not be identical to the word’s morphological

root; it is typically sufficient that related words map to the same stem, even if this stem is not a

genuine root. Porter’s Stemmer Algorithm[195], which was introduced in 1980, is one of the

most widely used Stemming techniques. It is predicated on the notion that suffixes in the

English language consist of a mixture of smaller and simpler suffixes. It is well-known for its

straightforward and efficient operations, but it also has several downsides. It can only be used

for English words since it is based on various hard-coded principles derived from the English

language. In certain instances, the output of Porter’s Stemmer may be an artificial word stem

rather than an English word [84].

Lemmatization is an extension of Stemming and refers to the act of grouping the many

inflected forms of a word so they may be studied as a single unit. Lemmatization is comparable

to Stemming, except it adds meaning to the words. Therefore, it connects words with similar

meanings to one term. Positional arguments, such as whether a word is an adjective, noun, or

verb, are often used as inputs for Lemmatization algorithms. According to [6] Both Stemming

and Lemmatization are useful in text preparation for natural language processing. Occasionally,

you may come across publications or conversations in which both terms are used, giving a
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perception as if they are synonyms or can be used interchangeably. Lemmatization is often

preferable over Stemming because it use contextual analysis of words rather than a hard-coded

procedure to eliminate suffixes. However, if the text documents are lengthy, Lemmatization

will take a great deal longer, which is a significant drawback [6].

As data is preprocessed once it is in the pipeline, using Lemmatization algorithms will not

have a significant impact on our computational cost. Python has the NLTK [107] library for

Lemmatization and word conversion to their root form. NLTK utilises Wordnet[56] which is a

huge and open-source lexical database for the English language that attempts to standardize

the semantic relationships between words.

Simulation

In this research, we devised a simulation procedure to determine the optimal combination

and analyze all possible combinations along the active learning pipeline. To execute this

simulation, we created a Python active learning agent, which emulated the RITL and began

storing all simulation-related data. However, executing many simulations simultaneously

would be difficult without integrating parallel processing methods.

To overcome this challenge, we integrated parallel processing techniques into our sim-

ulation process. Parallel processing is a computing technique that utilizes multiple central

processing units (CPUs) to perform distinct portions of a larger work. By decomposing simula-

tion jobs to employ more resources concurrently, the time required to complete simulations

can be significantly reduced [13].

By employing parallel processing techniques, we were able to efficiently execute the simu-

lations required for this research. This allowed us to analyze a large number of combinations

along the active learning pipeline and determine the optimal approach for our proposed spiral

processing method.
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Server

For simulations and obtaining the results of these simulations Docker servers were used [117].

These servers were used throughout development since there was a need to segregate the

application’s environment. Docker is an open-source platform for containerization. It helps

developers to bundle applications into containers, which are standardised executable com-

ponents that combine application source code with the operating system (OS) libraries and

dependencies necessary to execute the code in any environment. In addition to using many

servers to shorten simulation execution time, we profited from docker containers, which

facilitates the delivery of distributed applications.

Visualization

As there are various circumstances in the simulations, the outcomes must be represented

visually for better understanding. For this purpose the python Matplotlib[80] package was

used to comprehend the outcome data in a better way and to graphically convey the findings.

Matplotlib is a graphing library for the Python computer language and NumPy[73] is its exten-

sion for numerical mathematics. It offers an API for incorporating plots into projects using

general-purpose GUI toolkits like Tkinter [109]. As the number of possible combinations and

simulations grew, the difficulty of navigating between static displays emerged. Comparing each

visualization would require time-consuming scripting and code execution, making it more

difficult to discover insights from data. Due to this difficulty, there was a need to implement

an interactive tableau dashboard [46] to facilitate exploration. Tableau is a data visualization

application that focuses on business intelligence for examining and analyzing massive data

sets. Tableau was created in 2003 and began at Stanford; since then, it has produced several

products for a variety of purposes. It should be noted that the pipeline utilized the Tableau

desktop to create the interactive visualization and Tableau public to post it on the web.
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4.2 Architecture

The architecture of a system plays a critical role in its performance, scalability, and reliability.

In this section, we will discuss the architecture of our system, including the servers and their

configuration. We will also cover the structure of the code for active learning, data processing

procedure, and its classes. By understanding the architecture of our system, we can optimize its

performance and ensure its success in managing the growing corpus of literature in systematic

reviews.

Preprocessing

The data inside the systematic review articles consist of scholarly journals. Each article includes

PDF data for the whole paper’s text and bibliographical metadata for the paper’s metadata.

In the majority of systematic review studies, metadata is generally stored in bibliographic

citation format (e.g. RIS or BIB files) with their related PDFs address. People use reference

management software (e.g. Endnote, Zotero) most of the time to save time and maintain

consistent referencing due to the number of articles included in each systematic review project.

Some of these reference management software, such as Endnote, offers full-text download

capabilities, that can search and find PDFs based on metadata. This particuluar feature is quite

useful in our study, which is based on grabbing PDFs data based on this feature on Endnote

version X9[81]. As our simulation agent requires article data, the primary input of our code

base is a RIS file (i.e. the output of the reference management software) and the folder of

PDFs connected to each bibliography file article (see Figure 4.1). PDF files are fed to our PDF

reader script and then converted to text files. Next, these files are supplied to our preprocessing

script, which analyze the data and generate a CSV file for use in the simulation. In addition to

adding the data of full-text screening PDFs, this procedure might be repeated to build a new

preprocessed CSV file including all of the data.
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Figure 4.1: Preprocessing Pipeline

After obtaining the CSV file, there will be two further steps invloved. First, if available,

upload the PDFs of the title screening from another CSV file. Second, the title screening and

full-text screening decisions should be attached to the file. After completing the preparation

phase and integrating the data, the file is ready for simulation.

Figure 4.2 depicts the class diagram of this part for further technical information about

the data preparation. The preprocessing have two primary components/classes: the stop-

words and the preprocessor class. The stopword class is the class we extended from Scientific

Stopwords[193], as discussed earlier, and provides the appropriate data for preprocessor classes.
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Figure 4.2: Preprocessing Class Diagram

The preprocessor class contains all functions, including language identification and pre-

processing routines. The preprocessor class is developed from the base class that initiates

primary libraries and manage shared resources over the preprocessor. The purpose of the base

class is to provide flexibility for future expansions of the preprocessor, hence reducing code

duplication and utilising code reusability.

Simulation

To find how much time will be reduced when applying each combination of active learning,

we developed the simulation. After receiving data from the preprocessor and preparing the

feed for machine learning, the simulation process is the next component to be described. The

Figure 4.3 has provided a high-level overview of the simulation process’s different components.

The simulation procedure would be initiated by the configuration file containing all of the

simulation’s parameters that the agent wants to execute. It includes the query strategy, number
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Figure 4.3: Simulation Pipeline

of iterations, location of the data files and other information required for the simulation agent

to begin its procedure. In fact, the configuration file is the primary input to the simulation

process, and it is used to be called between servers, as described in the preceding sections. This

configuration file is then forwarded to the main function, which generates a data object that

reads the data files and convert them to a suitable format for the agent and a learning model

object, that provides the machine learning models that have already started. These items are

supplied to the active learning agent, which then initiate the simulation and training processes.

Active learning saves all of the necessary statistics, and after the simulation is complete, it
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creates a file with the results.

Figure 4.4 depicts the class diagram for this part of the simulation pipeline. It summarizes

the classes involved, their attributes and relationships, and their responsibilities. The main

simulation classes contains configuration class, data class, learning model class and active

learning agent class. The main simulation function is responsible for creating the configuration

object, data object, learning model object, and active learning agent object. The active learning

agent initiates the simulation and training. After the simulation and training are complete,

the main function creates a report and saves the results. The remaining classes are used to

facilitate this process.

The main function uses the configuration class to initiate the simulation and creates the

configuration object. The configuration object contains the parameters used in the simulation.

The data class converts the data from the data files into a format suitable for the simulation

and actual training. The learning model class contains the machine learning model based on

the configuration object that is used for the simulation and training. The simulation active

learning agent is responsible for initiating the simulation and training based on all of these

objects. At the end of a simulation and training process, the main process creates a report and

saves the results. These classes are discussed next.

The simulation configuration class, see Figure 4.4, contains the parameters that are used

for others. These parameters include the file locations for the datasets, query strategy choice,

learning model choice and output file. The configuration file is stored in the configuration file

path, which contains all of the parameters that are needed by the simulation’s main process.

The configuration file includes the location of the data files and the number of iterations

required for simulation. This class is responsible for reading the configuration parameters to

the configuration file and returning the configuration object.

The simulation data class, see Figure 4.4, is responsible for creating, reading, and convert-

ing data files into a format suitable for the simulation. When the main is called, one instance
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Figure 4.4: Simulation Classes
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Figure 4.5: Sampler Classes

from the simulation data class is initiated. It uses the configuration object, reads the data and

the number of iterations of each simulation, which also has to be in the configuration object.

After the simulation data class is called, it becomes one of the input for the active learning

agent.

The simulation learning model class, see Figure 4.4, is responsible for creating learning

models. The main function initializes the learning model class instance. This object serves as

the core initiator for machine learning. The simulation learning model class creates all machine

learning infrastructures for the active learning agent using machine learning frameworks such

as scikit-learn. The simulation learning model class then returns the learning model object,

which is then passed to the active learning agent object as an input.

The simulation learning model class includes a sampler class object that has been coded

but has not been utilized in this research. Sampler classes, as depicted in Figure 4.5, consists

of a single base class and several classes that inherits from it. In our study, balancing and
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Figure 4.6: Feature Extraction Classes

sampling strategies are not reviewed, but implementation is available for future research.

In addition to the simulation learning model, the object for feature extraction is also in-

cluded. The feature extraction object converts text data into such a format that is readable

by machine learning classifiers and it has its own classes. In Figure 4.6, extraction classes

illustrates the feature extraction classes, which consist of a base class and three derived classes.

In this research, the bag of words and TF-IDF are examined, but not BERT classes, which could

serve as a foundation for future studies. The configuration object configures these classes for

the learning model object.

The simulation active learning agent, see Figure 4.3, is responsible for initiating the simu-

lation based on the data object and the learning model object. The simulation active learning
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Figure 4.7: Query Strategy Classes

agent is called by the main process. The simulation active learning agent returns the result

object. The result object contains all of the statistics of the run simulation, and it is used for

generating the report. The simulation active learning agent, as depicted in Figure 4.3, is respon-

sible for initiating the simulation based on the data object and the learning model object. The

main function invokes the simulation active learning agent. The result object is then returned

by the simulation’s active learning agent. The report function uses this result.

The simulated active learning agent includes the query strategy object, which handles the

agent’s approach for selecting the next articles to be annotated by RITL. Query strategy classes,

as illustrated in Figure 4.7, are derived from the query strategy base class, which provides
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the infrastructure for it. In the implementation phase, few query strategy classes are created

for future research, but in our primary study, the max probability and max uncertainty are

analyzed.

The simulation results have to be saved via the plot and report function of the simulation

active learning agent class, as shown in Figure 4.3. The simulation agent invokes the simulation

report function, which writes simulation results to the simulation report. The simulation report

is stored in the directory of the output file. This component is in charge of saving simulation

results in the simulation report.

Altogether, these classes and objects keeps the simulation running and provide the simula-

tion report.

Running the simulation

Simulations performed on several datasets and with various combinations on a single pro-

cessor can take quite long time to execute. Therefore, it was opted to run these simulations

simultaneously on bigger servers with more CPU and RAM to reduce the overall processing time.

In addition to the CPU and RAM, the time required for simulations is also directly proportion

to the quantity of data.

To accomplish this, the simulations were set up on clusters of servers, see Figure 4.8. Each

machine may concurrently execute dozens of simulations, and a machine crash will not influ-

ence the other simulations.

By manually balancing the combinations on each server, simulations can be assigned to

each server individually. For each server, a configuration file is created including simulation

parameters and the URL of the dataset file. This configuration file is kept on the server and read

by the active learning agent script, which runs the simulations. This technique helps us balance

the simulations on each server without requiring a great deal of technological complexity for
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Figure 4.8: Simulations’ Server Structure
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simulations involving numerous servers.

Due to the CPU and RAM capabilities of each server, they are configured to execute several

simulations, which aided in completing the simulation process. This technique helps to finish

the simulations in a timely manner.

Exporting data to Tableau

When the results of simulations on multiple datasets has grown into significantly vast collection

of data, making it challenging to comprehend and visualize. It was proposed to use the interac-

tive visualization application (i.e. Tableau), instead of producing static charts using Python.

Using Tableau and the results dataset created, enabled us to make interactive visualizations of

the data. These visualizations provides much more insight into the data comparative to using

Python visualization techniques. Also, it enabled us to use the visualizations to gain insight

into some of the key data points.

Google Sheet are utilised as the source of data for the Tableau dashboard and it is made

accessible on the Tableau Public website. Thus, any person who desire to examine the data

can obtain the permission and access the data.

As shown in Figure 4.9, each server uploads its file to the aggregator server, a server whose

only function is to store the created data, in order to generate this data. Indeed, servers

broadcast their data; this server combines them and submit the resultant Google Sheets file.

This Google sheet is connected to the tableau dashboard, and it may synchronize anytime a

user accesses the public dashboard of tableau and requests new data. Python helped in to

automate the retrieval, analysis, and conversion of the data into a CSV file for uploading into a

Google Sheet. Every time the Python code executed, it would get the data from the aggregator

server and save it in a CSV file, which is then produced and uploaded to the Google Sheet.

The Google Sheet structure utilized in this procedure was built in a way that it includes all
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Figure 4.9: Tableau Data Aggregation Process
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Figure 4.10: Tableau Online Dashboard

of the information required by Tableau. This data includes setup for active learning agents,

meta-data for datasets, and simulation outcome data. It is also worth noting that the two of

the databases data is available in our public repository and anybody may access and use the

data as they see appropriate.

As a consequence of this procedure, we were able to develop a Tableau dashboard, as

illustrated in Figure 4.10, that displayed the data in an exceptionally comprehensible manner.

The size of the chart changes, based on the presented data. This helped us to comprehend

the facts we were showing with clarity. It allows us to filter the data to the appropriate set and

also enabling us to draw specific conclusions from the data. The visualizations are interactive,

allowing viewers to get a deeper knowledge of any data point by clicking on it, live.

We were able to use this data in several ways. For instance, we were able to compare the
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simulations that used the most server resources. Using Tableau to run simulations enabled

us to study the data in a variety of ways. In addition, we were able to compare the overall

accomplishment of each simulation in order to determine how good the model was at self-

improvement. Some of the visualizations were extremely helpful in highlighting some of the

major data points. In Chapter 5 the findings and charts can be examined with details, and in

Chapter 6 conclusions from the data are formed.

4.3 Summary

The chapter on implementation described the tools, strategies, and various dependencies

utilized during each implementation step. First, the tools are described, including the machine

learning core, PDF conversion, and data pre-processing, which includes language identi-

fication, tokenizing, and pre-processing. In addition, the implementation of a simulation

approach to identify optimal combinations was discussed. Principally, in the simulation,

Python-developed active learning agents which described in detail were used to simulate the

RITL process. Furthermore, the infrastructure of docker-based servers used for simulation and

data collection was mentioned. In the final section of the chapter, the visualization strategy for

displaying the findings was discussed and described how, rather than using static charts or

graphs, Tableau was used to generate required interactive dashboards.
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Results and Discussion

This report implemented a system that simulates all 360 options and summarizes it with a

Tableau dashboard for interactive examination hosted at Hubmeta1. The default interface is

provided in Figure 5.1. In order to apply different settings, a quick overview is provided. Each

of the three datasets is displayed by default.

Navigate to the right most menu and choose the options from:

• To select the algorithm(s) from Classifier drop down (e.g., Random Forest)

• The query strategy from Strategy (e.g., maximum probability),

• The text vectorization from Feature Extractor (e.g., BoW)

• A subset of the dataset from Data Type (e.g., EndNote Only is all the articles that End-

Note automatically located PDFs; Title Accepted are all those considered for Full-Text

Screening)

• Type of screening decision from Screening (i.e., Title/Abstract Screening versus Full-Text

Screening)

1https://hubmeta.com/exploring-ai/
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Figure 5.1: Tableau Dashboard Overview

• What data was vectorized from Features (e.g., Title+Abstract+Endnote PDF+[Full-Text

PDF])

The results can be shown as the raw Actual Values or the Percentages and, in either case,

a line have been superimposed to indicate WSS 95% and RRF 10%. Again, not all combina-

tions are sensical. For example, choosing Title Accepted for Data Type does not match with

Title/Abstract Screening (i.e., as only the articles previously accepted during Title/Abstract

Screening are being chosen). Also, if both Title and Full-Text screening are selected simultane-

ously, they have different peaks, that is, the total that would be approved during each stage,

but we can display only one WSS 95% and RRF 10% cutoff. From this list of 360 conditions, we

focus on those that address our core questions. We give the required settings for the Tableau
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dashboard to recreate our results, which is recommended for visualization as it provides clear

identification regardless of the number of conditions contrasted. Of note, Tableau simply

provides interactive graphs from our static database of results, allowing us to forgo generating

360 separate figures.

In order to interpret the Tableau charts 5.1, the following elements were reviewed. The

standard deviation reflects the percentage of the relevant articles found (e.g., 20 relevant

articles out of a possible 50 would be 40%) based on the ten iterations for each condition’s

simulation. Thicker lines indicate more significant standard deviations. When the lines are

relatively narrow, the results can be considered stable. Each of the three datasets has two

associated charts, generating six charts in total. The top chart represents WSS, with the number

[or percentage] of relevant publications on the Y-axis and the number [or percentage] of articles

screened on the X-axis. Together, they show how many articles must be screened to obtain

a given percentage or number of relevant articles and curves reaching the top of the chart

quicker are usually better performing. Again, two lines were included to assist interpretation:

the horizontal line is WSS95% and the vertical line is RRF10%.

The bottom chart reflects the computational resources or processing time required. Like

the top chart, the X-axis is the number of screened publications but the Y-axis, in this case, is

the time for retraining (in seconds). Those with steeper curves take more time and resources.

A point to note here is, at higher resolutions (i.e., shorter publication spans), these curves can

display a jagged or zigzagged quality, representing periodic re-vectorization, most prominent

where new PDFs have their features extracted. To emphasize that this re-vectorization is

intermittent, any such terms are enclosed in square brackets (i.e., [Full-Text PDF]).
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5.1 RITL: Staged versus Spiral

there are two issues to determine the difference between screening sequentially and spirally.

When using spirally, not only is the criterion improved, but there is more data to train the

system (i.e., the accumulation of full-text articles). The focus here is to first improve criterion

and in a subsequent section on Dataset Expansion.

Furthermore, there is need to add two conditions together to emulate the traditional staged

process. First, reviewers conduct their title/abstract screening to WSS95%. Second, they then

conduct Full-Text screening, to WSS95% or WSS100%, usually depending on the number of

articles. Adding these two numbers together gives a user the traditional staged process. To

get Stage 1 (Title/Abstract Screening) in the Tableau dashboard, set the Classifier, Strategy,

and Feature Extractor to your preference. Set Data Type to "Everything, " Screening to "Title

[Abstract] Screening," and Features to "Title+Abstract." Note when the number of publications

reaches 95%. Moreover, to get Stage 2 (Full-Text Screening), use the exact same settings, except

set Data Type to "Title Accepted" and Screening to "Full-Text Screening." Add the numbers

together. For example, for the PTSD dataset [181], it requires approximately 4,500 to screen

titles and 450 to screen full-text each at WSS95% (with variation depending on Classifier and

Feature Extractor) for a total of 4,950 screenings.

To emulate the spiral process, replicate the same setting with these exceptions. Set the

Data Type to "Everything" (which means every article is included, whether it has PDFs or

not) and Screening to "Full-Text Screening." In this case, for the PTSD dataset [181], WSS95%

can be achieved in 2,350 articles, with no increase in the number of full-text screened (i.e.,

remains at approximately 450). Again, only those articles accepted based on their titles and

abstracts would be evaluated with their full-text. Without any additional manual work, we

can reduce the title/abstract screening workload from 73% of the total (i.e., 4,500) to 45%

(i.e., 2,350 or an absolute reduction of 1,750 articles) simply by processing them spirally. The
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reduction is due to both the improved criterion and because the articles most likely to have

data are potentially being prioritized and presented first (i.e., setting the strategy to Maximum

Probability). Running Full-Text Screening spirally establishes when we have exhausted the

supply of actually relevant articles, which happens more quickly as per Table 5.1. This is best

exemplified by Figure 5.2, which directly compares staged versus spiral processing.

Staged Spiral
Cultural PTSD CBT Cultural PTSD CBT

Random Forest
WSS95% 6852 4552 4752 5502 702 7752
% of Articles 76.50% 74.00% 43.60% 61.50% 11% 71.10%
Seconds Required 116.6 62.4 78.5 1763 7.87 202.2
Logistic Regression
WSS95% 6802 4402 4952 5802 452 4252
% of Articles 76% 71.60% 45.40% 64.80% 7% 39.00%
Seconds Required 184.1 83.5 124 1841 23.4 155.9
SVM
WSS95% 7052 4752 5502 6102 952 6602
% of Articles 79% 77.20% 50.50% 68.20% 15.50% 60.60%
Seconds Required 513.3 140.7 289 5750 11.78 300.5
Naïve Bayes
WSS95% 8102 4502 5652 7052 1952 7202
% of Articles 91% 73.20% 51.80% 78.80% 31.70% 66.10%
Seconds Required 73.23 39.87 82.4 1668 37.55 187.5

Note. For all conditions, Query Strategy = Maximum Probability and Data Type = Everything.
Staged processing represents Screening = Title/Abstract Screening and Features = Title +
Abstract. Spiral processing represents Screening = Full-Text screening and Features = Title +
Abstract + Endnote PDF + [Full-Text PDF].

Table 5.1: Differences among Classifier Algorithms for Staged & Spiral Processing

5.2 Query Strategy

Two options were considered for Query Strategy: Maximum Probability and Uncertainty. In-

terpretation is straightforward. For all conditions, as per Figure 5.3, Maximum Probability
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was superior, likely due to providing a more balanced training dataset. Consequently, it is

recommended that for the remaining contrasts, Strategy query has to be set for "Maximum

Probability" by default.

5.3 Dataset Expansion

Further following up on RITL, the typical PRISMA guideline can be adjusted to increase

the information available. To this end, we conducted several contrasts, as displayed in Fig-

ure 5.4. First, what is the advantage of including the more easily accessible EndNote PDFs

during title/abstract screening? On the Tableau dashboard, set Data Type to "Everything,"

Screening to "Title [Abstract] Screening," and Features to both "Title+Abstract" as well as "Ti-

tle+Abstract+EndNote PDFs." As can be seen, benefits range from small to negligible. However,

there is a limited number of articles with PDFs, as per Table 3.2. If we constrain our Data Type

to "EndNote-Only," it can more clearly demonstrate the effects of having every publication

with Full-Text. In this case, the benefits can be substantial, especially for the CBT dataset. Each

algorithm does substantially better when drawing on PDF data, especially the Random Forest

and Logistic Regression classifiers.
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(a) Staged: EndNote Only

(b) Staged: Everything

(c) Spiral: Everything

Figure 5.4: Dataset Expansion
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Second, what is the advantage of obtaining all the PDFs for the articles accepted in the

title/abstract screening during spiral processing? This is using the maximum information

realistically available, as it includes only papers that would be acquired during Full-Text screen-

ing anyway at approximately the time they are individually acquired. In this case, change

the Screening setting to "Full-Text Screening" and set Features to "All." This will allow the

contrast between all three data levels (i.e., from Title+Abstract to Title+Abstract+EndNote

PDF+[Full-Text PDF]). Here the differences range from negligible to massive, depending upon

the dataset. Referencing Table 5.1, 95% of the relevant PTSD dataset [181] can be obtained after

approximately 452 articles using spiral processing. Moreover, staged processing would take

4,402 to achieve WSS95%.
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5.4 Feature Extraction

(a) Title & Abstract Only

(b) Title & Abstract & PDFs

Figure 5.5: Feature Extraction for (a) vs. (b).
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As displayed in Figure 5.5, two major categories were tested of feature extraction: BoW and

TF-IDF. Furthermore, two variants of TF-IDF, were considered, High (where the document

frequency range is 0.1 to 0.9) and Low (where the range is 0.2 to 0.7). For BoW, its performance

relative to TF-IDF was contingent on the Features. It tended to perform well when there was

less information (i.e., Title+Abstract). However, when there was more information (i.e., the

addition of PDFs, such as during spiral processing), it tended to perform worse than TF-IDF. In

addition, BoW takes more processing time, given that it generates more words than TF-IDF. As

might be expected, TF-IDF High and Low often perform similarly, but TF-IDF High proves to

be the better choice.

5.5 Algorithmic Classification

We test our algorithms under staged and spiral processing conditions, as shown in Figure 5.6.

For staged, the Tableau settings at "All" were used for Classifier, "Everything" for Data Type, and

"Title [Abstract] Screening" for Screening. Features tend not to make a substantive difference in

performance here. All the algorithms tend to perform similarly, except for Naïve Bayes, which

tends to perform slightly to noticeably worse (i.e., for the Cultural dataset). However, Naïve

Bayes was also the most computationally efficient, requiring the fewest seconds to run. The

most computationally demanding by far was SVM.

For the spiral processing condition, the setting were changed to "Full-Text Screening" in

Screening and to "Title+Abstract+EndNote PDF + [Full-Text PDF]" in Features. Consistent

with staged processing, Naïve Bayes was the most computationally efficient and SVM was the

least. Compared to staged screening, there were significant differences among the algorithms.

Of the algorithms, Logistic Regression performed the most dependably, though Random Forest

did slightly better for the Cultural dataset. Again, Naïve Bayes was the worst performing.
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5.6 Discussion

The combination of machine learning and systematic review is an evolving field, and there

are various ways to optimize this combination. Traditionally, the PRISMA format follows a

staged screening process based on title/abstract and then full-text. However, this approach

may not fully exploit the advantages of machine learning, and a spiral approach that includes

PDFs early in the process can enhance the efficiency of adding machine learning to systematic

review with minimal additional workload. Our study tested this approach on three datasets

and found it to be effective.

While our results are based on a limited number of databases and may not be conclusive in

terms of the size and efficiency of various machine learning approaches. Therefore, further

replication is necessary to confirm our conclusions. Additionally, the effectiveness of machine

learning may vary depending on the type and depth of information available in different

databases.

Based on our findings, we recommend a spiral approach that includes PDFs whenever

possible and prioritizes TF-IDF for feature extraction and Maximum Probability for query

strategy. For classifier algorithms, we suggest using Logistic Regression as the default instead

of Naïve Bayes or SVM. Nonetheless, if a staged process is still being employed where PDFs are

not being considered, BoW may work slightly better, and the choice of classifier algorithm is

more flexible. Researchers should also keep in mind that SVM is the most computationally

expensive by far.

It is important to note that the number of databases explored in our study was limited

to three, and we observed that the effectiveness of the spiral processing approach varied

depending on the number of target articles. Researchers should consider the number of

eligible articles when deciding on the best approach.

In summary, our study provides valuable insights into the combination of machine learning
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and systematic review, but further research is necessary to confirm our findings and optimize

this combination in different contexts.

5.7 Summary

The results demonstrated that when screening and comparing staged and spirally, the criterion

improved when spirally was used, as did the availability of more training data. As for query strat-

egy, maximum probability was found to be performing well, for all conditions, when compared

with uncertainty. For feature extraction two algorithms were tested namely BoW and TF-IDF.

For BoW, its performance relative to TF-IDF was based on features. It performed well with less

data but poorly with higher amount of data. Moreover, BoW requires more processing time

than TF-IDF. In comparison, TF-IDF proves to be the superior option. Regarding algorithmic

classification, the algorithms were evaluated under conditions of staged and spiral processing.

In conditions of staged processing, the performance of various algorithms was comparable.

In spiral conditions, Logistic Regression performed most reliably, whereas Random Forest

performed marginally better for the Cultural dataset.
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Figure 5.2: Staged vs. Spiral Processing
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Figure 5.3: Maximum Probability vs. Maximum Uncertainty
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Figure 5.6: Classification Algorithm for Spiral Processing
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Chapter 6

Future works and Conclusion

In this chapter, we cover the future works and conclude the thesis.

6.1 Future works

Consistent with the rapid incorporation of machine learning into the systematic review, there

is still a multitude of steps to consider [184]. First, it is evident that different datasets have

noticeable different properties, such as the ratio of relevant/irrelevant articles. This may be due

to the field, the topic, or simply the search strategy. This range of databases can expand even

further as language translations are included (e.g., from Mandarin to English). If robustness in

results continues to endure, this becomes less of a concern. Otherwise, it can be diagnosed

that, what machine learning conditions work best for a particular type of database. Instead,

researchers should rely on what works the best ceteris paribus.

Second, given that systematic review datasets are often unbalanced, it makes good sense

to prioritize articles likely to be included. However, we could organize the process to speed

learning in other ways, such as identifying those articles with the least information and prompt

the gathering of the associated PDFs earlier, providing more information for machine learn-
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ing. Related to this, we can expect the ease of article acquisition to continue to improve, as

per the Open Access Movement [106]. At present, obtaining PDFs en masse is intermittently

challenging, but this is not a technological issue as much as a business decision by publishers

and this limitation could change rapidly. As an intermediate step, almost all the articles can

be preprocessed by publishers and we will need to evaluate the degree of improvement this

provides. If this continues to be sizeable, ideally all articles are preprocessed by the publishers

or at least published in machine readable form, such as XML. Similarly, other information

can be added to machine learning, such as exact authorship (e.g., not name but orcid.org

nomenclature). A researcher who has previously published relevant articles is far more likely

to publish again.

Third, as the databases increasingly have PDFs attached, there is the issue of legacy PDFs.

Our ability to read and "clean" older PDFs (e.g., one’s not almost available in XML format) will

become increasingly important and ideally be provided by the publisher. Feature extraction

cannot work without effectively reading the words. Following this, different feature extractions

may prove inconsistently useful. For example, there are dozens of BERTs (Bidirectional Encoder

Representations from Transformers) [48] and they continue to be fine-tuned. When and to

what degree these refinements provide improvement will need to be established. In addition,

instead of using just NLP technology, image processing can be employed, useful for detecting

graphs, tables and matrices. According to a recent research [55] image processing along with

machine learning is becoming a staple in a variety of scientific endeavors, especially medical

diagnostics and material sciences. As utilized in this research, the ability to detect whether an

article contains a correlation matrix versus a factor or regression analysis would be invaluable.

Fourth, stopping rules are still being developed [24]. Ideally, a researcher would be informed

when they have likely passed WSS95%. There are many possibilities that could be pursued.

As per the research in [197] a suggested method is based on mark and recapture, typically the

Lincoln-Peterson method, often used to estimate the number of fish in a pond. In this case, the
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fish are the target articles and the pond is the output of the search strategy. While another paper

[164] describes that, another possibility is the 2399 heuristic, where one reviews 2399 articles

plus 1.2 x previously included articles. However, likely a probability cutoff method will work

best. In this case, stopping rules are based on converting the machine learning estimates into

probability estimates. Logistic regression’s output, for example, in a binary case is effectively

a probability. Any machine learning estimate will have a relationship with the probability of

inclusion, which when once derived, is the sum of the probabilities of the remaining articles

and indicates how many articles are likely to remain. To properly estimate this, sampling across

the entire range of articles is recommended to detect irregularities in the relationship.

To further help develop more precise stopping rules, a fully processed dataset, where

every article is full-text screened would be ideal. Such a fully evaluated dataset provides an

additional option to test for RITL: immediately proceeding to full-text. Running screening

spirally helps to prevent errors of commission, whereby approved articles are immediately

checked for eligibility. However, errors of omission, articles that were not approved for full-text

screening, are not further assessed and thereby potentially errant. Described as True Recall

[72], it is desirable to know exactly how many articles the process missed and what they were.

By taking a well-selected sample of articles for immediate full-text screening and skipping

title/abstract screening entirely, one can have an even better criterion with which to train and

assess machine learning. As soon as the machine learning algorithm stabilizes, the remaining

articles are screened automatically, whereupon traditional full-text screening resumes. In fact,

there is need to create an extended set of such fully evaluated databases, providing a baseline

that any new machine learning conditions can be run with. In this way, it would be possible to

easily make comparisons across studies instead of just within them.

Finally, this entire process can be iterative and used to improve the original search. In a

study conducted in 2018 [112] revealed that based on the terms and other features extracted,

a report can be given to the researcher summarizing what best identified the target articles.
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These may be used to compose additional search strings. Ideally, this step would also be

automated, where search strings are generated that prioritize including the target articles and

then attempt to exclude those rejected. Any additional articles detected with the revised search

strategy are also then screened.

6.2 Conclusion

The incorporation of machine learning tools into systematic review is rapidly advancing,

making it a challenge to incorporate definitively in guidelines. Despite or even due to this

speed, as findings are replicated across multiple databases from different fields, we expect that

the optimal set of machine learning parameters will be soon established or at least a more

limited set of options to focus upon. Until then, researchers should remember that the PRISMA

guidelines are exactly that, evolving recommendations that allow for flexibility. The advantage

of using machine learning is science-wide, accelerating research across virtually all fields. Our

research is one of many steps toward this end though we hope a significant one.
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