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Abstract

Eligibility screening in the medical field is a critical process that involves assessing
whether certain information meets predefined criteria for research or clinical use. The
large amount of available data, the complexity and diversity of medical information, and
the absence of standardised formats for organising and presenting data complicate the
screening task. These barriers make it difficult for researchers, healthcare professionals,
and patients to quickly and effectively access the required information for informed
decision-making.
A relevant task in the medical domain that requires eligibility screening is clinical trial
recruitment. This thesis begins by examining the challenges in matching patients to
clinical trials. Clinical trials are crucial in advancing medical research and providing
patients with potential treatment options. However, identifying suitable clinical trials for
individual patients can be a complex and time-consuming task. We explore eligibility
screening approaches that consider patient characteristics and trial eligibility criteria,
showing the improvement in the retrieval precision over baseline models.
Next, the thesis focuses on systematic literature reviews, often regarded by researchers
and practitioners as the cornerstone of evidence-based medicine. Systematic literature
reviews aim to provide a comprehensive and unbiased summary of existing research on
a specific topic. However, conducting a systematic literature review can be a labour-
intensive undertaking, particularly when it comes to screening and selecting relevant
citations from a large pool of potentially eligible studies.
We investigate automation techniques to tackle the challenge of citation screening in
systematic literature reviews. Citation screening involves determining whether a study
meets specific eligibility criteria for inclusion in the review. Automatic citation screening
regards the development of machine learning and natural language processing methods to
identify relevant studies and exclude irrelevant ones, thus streamlining the review process.
These approaches have the potential to save researchers time and effort, enabling them to
focus on analysing and synthesising the most pertinent information. Our contributions
in this domain focus on three key factors: datasets, evaluation measures and automation
approaches.
First, in terms of datasets, we extensively evaluate available citation screening resources.
We identify limitations in the available datasets related to their small size, poor doc-
umentation, dataset overlap and lack of common evaluation. To tackle these issues,
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we introduce two comprehensive citation screening datasets: CSMeD and CSMeD-ft.
CSMeD is a meta-dataset containing more than 300 systematic literature reviews—the
largest publicly available citation screening dataset. We further extend CSMeD with
systematic review description, eligibility criteria and search strategy information. In
contrast, the CSMeD-ft is the first dataset specifically designed to model the screening
of full text documents.

Second, the thesis also contributes to improving evaluation methods for automated
citation screening approaches. Evaluating the performance of these algorithms is crucial
to ensure their reliability and effectiveness. The thesis proposes new evaluation measures
and experimental designs to facilitate a more rigorous and standardised assessment of
automated citation screening systems. We examine Work Saved over Sampling, the
most popular evaluation measure in this field, showing its problems and proposing
improvements. Additionally, we present an evaluation approach that shifts the focus
to systematic review outcomes instead of Recall. We find that the evaluation based on
individual publications’ impact changes the ranking of compared models.

Finally, in terms of automation approaches, this work focuses on techniques based on
neural networks and large language models to enhance the efficiency and accuracy of
eligibility screening. We reproduce three neural network-based architectures for screening
as binary classification, showing significant variability in results. We demonstrate how
eligibility criteria can be used to model screening as a question-answering or natural
language inference task. We also present results on the full text screening task showing
that popular models still struggle with inference based on long documents with more than
4,000 words. To showcase how our findings can be used in practice, we introduce CRUISE–
Screening, a tool combining search and screening capabilities, helping researchers conduct
literature reviews more systematically.
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CHAPTER 1
Introduction

Evidence-Based Medicine (EBM) has emerged as an approach that emphasises the use of
the best available evidence to guide clinical decision-making [221, 222]. EBM integrates
clinical expertise, patient values and preferences, and the most current and relevant
research evidence. Its primary objective is to improve patient outcomes by ensuring that
medical practices and interventions are based on solid scientific evidence.

One of the key roles of EBM is to bridge the gap between scientific research and
clinical practice and its ability to enhance the quality and effectiveness of medical
interventions [40]. EBM provides a systematic and structured approach to evaluate the
available evidence, empowering healthcare practitioners to make informed decisions about
patient care. By relying on rigorous scientific evidence, EBM minimises the influence
of bias, personal opinions, and anecdotal experiences in medical decision-making. It
promotes the use of interventions that have been proven effective through robust research
methods while discouraging the adoption of interventions lacking supporting evidence or
proven to be ineffective or harmful.

Furthermore, EBM encourages shared decision-making between healthcare providers
and patients [60, 13]. It recognises that individual patients have unique preferences,
values, and circumstances that should be considered when making medical decisions.
EBM supports personalised and patient-centred care by integrating patient’s preferences,
beliefs, cultural perspectives, and life priorities with the best available evidence.

Figure 1.1 presents the evidence pyramid for EBM, which serves as a framework for
evaluating the quality and reliability of different types of scientific evidence [91, 250].
Systematic literature reviews (SLRs) and meta-analyses are at the peak of the pyramid,
providing the highest evidence level by synthesising data from multiple studies. These
comprehensive analyses offer more reliable conclusions than individual studies alone. Just
below, critically appraised sources offer expert evaluations of individual studies, enhancing
the applicability of research findings. Following are randomised controlled trials (RCTs),
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Figure 1.1: The Hierarchy of Evidence in Evidence-Based Medicine (EBM), detailing
the quality of evidence from expert opinion to meta-analyses. This pyramid illustrates
the increasing reliability and rigor of study designs as one moves up the levels, with
meta-analyses representing the pinnacle of evidence quality due to their comprehensive
review and analysis of literature. The differentiation between ‘filtered’ and ‘unfiltered’
information signifies the degree of critical appraisal and synthesis of evidence.

considered the gold standard for evaluating the effectiveness of interventions. Through
the random assignment of participants to diverse treatment groups, RCTs aim to mitigate
potential confounding variables. Non-randomised controlled trials also contribute valuable
evidence, particularly where RCTs are not viable, despite their increased susceptibility
to biases. Observational studies, such as cohort and case-control studies, are positioned
further down the pyramid. While they may not provide evidence as robust as controlled
trials, they can still offer valuable insights, especially when RCTs are not feasible or ethical.
At the base of the pyramid are case reports, expert opinions and anecdotal evidence,
which are considered the weakest forms of evidence. They often carry subjectivity and
bias, making them less reliable for conclusive decisions. However, it is vital to recognise
that even SLRs and RCTs are not immune to biases; these can skew results if the studies
they incorporate are biased or if publication and selection biases are present.

The pyramid of evidence serves as a valuable tool for clinicians and researchers to
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Figure 1.2: High-level data flow in Evidence-Based Medicine, depicting how individual
patient data contributes to the creation of medical guidelines. Highlighted are sections
where the task of eligibility screening is performed.

prioritise the most reliable evidence when making informed decisions about patient care
and treatment strategies. Transitioning from understanding the broader context of EBM
and its reliance on robust evidence hierarchies, we now delve into the nuances of eligibility
screening in the medical domain.

1.1 Eligibility Screening in the Medical Domain
Eligibility screening is a systematic process of assessing whether a specific entity—a
clinical study, patient, or any other subject—meets predetermined criteria for inclusion
in a particular program, research, or study [244]. This ensures that only pertinent and
suitable data or participants are included, which significantly impacts the quality and
relevance of the final output, whether it is a research finding or a medical intervention.
The term “eligibility screening” encapsulates various processes in the medical domain,
and though they share a common objective, the specifics and implications differ based on
the context. In this section, we examine how eligibility screening plays a pivotal role in
EBM.

Figure 1.2 presents a simplified flow of data in EBM, illustrating how it all starts with
individual patients data contributing to the creation of medical guidelines. Patients, by
participating in clinical trials (CTs), enable their data to form a part of the evidence
base. The results of these trials and research studies are then published as peer-reviewed
publications in journals and conferences. Medical researchers search, screen and summarise
all available evidence to create systematic literature reviews. These findings of SLRs
become part of medical guidelines used by doctors [127].

This diagram highlights two steps where the task of eligibility screening is crucial:
matching patients to clinical trials and selecting publications for systematic literature
reviews. In both contexts, the essence of the process is to ensure the inclusion of relevant
and appropriate data or participants, thereby enhancing the reliability and relevance
of the outcome. However, while they share this foundational similarity, the specifics,
methodologies, and implications can vary based on the context.

Selecting publications (often referred in this context as primary studies) for systematic
literature reviews (Figure 1.3a) is an essential component of evidence synthesis [174, 94].
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Figure 1.3: Three examples of eligibility screening in the medical domain. From the left:
(a) citation screening for systematic literature reviews; (b) trial-to-patients clinical trials
matching; (c) patient-to-trials clinical trials matching. The funnel in the middle of each
diagram represents the eligibility screening process.

Systematic literature reviews aim to summarise and synthesise existing research on a
specific topic to provide an overall understanding of the available evidence. During the
selection process, researchers conduct a comprehensive search of various databases and
sources to identify relevant studies that meet predetermined inclusion criteria. It is vital
to conduct this search in a formal, broad manner to avoid bias by incorporating all
relevant evidence, where relevance is well-defined based on the research question. The
comprehensiveness of this search ensures that the review covers a wide range of study
designs and methodologies, thus enhancing the reliability and generalisability of the
findings. The eligibility screening involves assessing the study’s methodology, quality,
and relevance to the research question. The selected studies serve as the foundation
for the systematic literature review, enabling researchers to draw conclusions and make
evidence-based recommendations.

Selecting primary studies for systematic literature reviews aims to include all relevant
research that addresses the research question. The eligibility criteria for systematic
literature reviews are typically broader to encompass a wide range of study designs and
methodologies. This inclusiveness allows for a comprehensive analysis of the available
evidence and increases the generalisability of the findings. As a result, citation screening,
and also the systematic literature review process overall, is a Recall-oriented task.

On the other hand, matching patients to CTs (Figures 1.3b and c) is a crucial step in
medical research [171, 244]. The eligibility criteria for clinical trials are often designed to
create a controlled environment that can isolate and evaluate the impact of the studied
intervention. To conduct a clinical trial, researchers must recruit participants who meet
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these criteria, such as age, gender, medical condition, and other relevant factors. The
eligibility screening process involves identifying potential participants who meet the
predetermined criteria and are willing to participate in the trial. This step ensures that
the trial’s results are applicable to the targeted patient population.

Two main paradigms for this type of screening can be presented: matching all eligible
patients for a given trial or finding eligible trials for a given patient. The trial-to-patients
paradigm (Figure 1.3b) is Recall-oriented as it prioritises broad inclusion. This approach
aims to ensure diverse participation in studies for generalisable research results and
balanced risk-benefit distribution. Researchers want to make sure that there is enough
diversity in their studies [66, 120]. However, due to the HIPAA,1 research access to the
patient’s medical records in the United States is limited, and therefore, this paradigm
has rarely been studied [265, 216].

Conversely, the patient-to-trials paradigm (Figure 1.3c) focuses on helping single patients
by providing them with the most relevant clinical trials. One patient realistically can
only enrol and contribute to a few experiments (for instance, due to time constraints,
excluding criteria or risks of confounding factors), but what matters most is the quality
and relevance of those few trials. This means that screening clinical trials for a patient is
a Precision-oriented task.

Eligibility screening is a fundamental process in the medical domain, ensuring that
interventions, studies, and treatments are safe, relevant, and effective. Beyond clinical
trials and systematic literature reviews, crucial and impactful areas where eligibility
screening plays a pivotal role include organ transplantation, specialised treatments,
genetic counselling, blood donation, and vaccination, among others. These processes
collectively ensure that individuals receive appropriate and safe care tailored to their
specific needs and conditions. As the main focus of the thesis is on systematic literature
reviews, in the next section, we define this process in more detail.

1.2 Systematic Literature Reviews
The amount of scientific information, especially in the medical domain, is growing
exponentially [159, 142]. Data from 2010 shows that 75 clinical trials and 11 systematic
literature reviews were published per day [16]. Hoffmann et al. [97] estimated that, as early
as 2019, a total of 80 systematic reviews were being published each day, demonstrating a
significant rise compared to 2010. The Cochrane Library2 listed 109,105 trials published
in 2023 alone, which amounts to nearly 300 trials published daily. Scientific information,
despite its growth in size, quickly becomes obsolete. New publications provide more
recent experimental results that can change underlying views of a topic or even invalidate
former findings. Typically, a single scientific paper focuses on a specific experiment,
representing only a fraction of a broader research context. The tendency of dividing

1Health Insurance Portability and Accountability Act
2https://www.cochranelibrary.com/central
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a larger study into several smaller publications not only fragments the literature but
also, over time, encourages deeper exploration of specific facets of the main topic. Such
fragmentation of literature is also caused by researchers trying to maximise the number
of publications for a piece of work. This focused exploration results in specialisation and
segregation into subfields of research [93].

Considering the characteristics mentioned above, it is almost impossible to stay up to
date on the general research levels of all primary studies. Especially since human life
is at stake in the medical domain, data available to specialists must provide recent and
accurate results. For this purpose, systematic literature reviews (SLRs) are a standard
process of analysing primary studies in the healthcare domain [42, 177]. They have a
well-established and rigorous methodology for synthesising and evaluating the evidence
on a specific research question [108].

Unfortunately, conducting SLRs is slow, labour-intensive and time-consuming as this
relies primarily on human effort. A recent estimate shows that conducting a complete
SLR takes, on average, 67 weeks [25], although another past study reports that the
median time to publication was 2.4 years (125 weeks) [252]. Furthermore, according
to Shojania et al. [236], 23% of published SLRs need updating within two years after
completion.

This problem became very evident during the beginning of the COVID-19 pandemic. Only
five SLRs on COVID-19 questions had been published worldwide in English a month after
the World Health Organization (WHO) had declared the COVID-19 outbreak a public
health emergency of international concern [284]. Even though the number of published
SLRs increased quickly, many countries needed to decide on lockdowns, travel restrictions
and quarantines without access to the systematically assessed scientific evidence about
this topic. By now, the growth in produced documentation about COVID-19 generates
another problem of a flood of evidence resulting in meta-SLRs [88]. Furthermore, there
were examples of multiple systematic literature reviews conducted on the same topic by
different research groups, raising concerns about research waste [238, 258].

Systematic literature reviews consist of multiple steps which do not necessarily follow a
linear order. Depending on the granularity, previous studies enumerated between four
and up to 15 tasks that might be included in the SLR process [254]. High-level tasks
include steps of preparation, followed by retrieval and appraisal of primary studies and
then synthesis and write-up of the evidence.

Citation screening (also known as a selection of primary studies) is a step in the SLR
process that follows the retrieval of potentially relevant publications [254]. During the
screening, reviewers read and assess hundreds (or thousands) of documents for eligibility
with respect to the study criteria and decide whether or not these papers should be
included in the SLR. These decisions are made based on considering each article’s content
with respect to predefined exclusion and inclusion criteria. Traditionally the screening
consists of two stages. The first round of screening involves assessing titles and abstracts,
which is supposed to narrow down the list of potentially relevant items. It is followed by

6
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a task appraising the full texts, a more detailed (but also more time-consuming) revision
of all included papers from the first stage based on the full text of articles.

Citation screening is among the most time-consuming steps of the SLR process, involving
making thousands of eligibility decisions [186, 34]. Given the importance of citation
screening in systematic literature reviews, there have been numerous attempts to automate
the process [190]. Previous studies have investigated the use of automated citation
screening methods for systematic literature reviews by using various natural language
processing (NLP), machine learning (ML), and information retrieval (IR) methods to
rank, retrieve, or classify papers [190, 263, 130, 99, 227, 114]. Already several commercial
systems offer, to some degree, automation of the screening process.

Traditional ranking and classification models follow a similar approach and use text
mining and machine learning algorithms to train a supervised model on an annotated
dataset sample. This model is later used on the remaining part of the publication list to
determine whether each article should be included or excluded from the review. More
recently, the approaches include few- and zero-shot algorithms, often based on (large)
language models, which decreased the need for a large annotated dataset sample. A
successful automated citation screening algorithm should miss as few relevant papers as
possible and also save time for the reviewers by removing irrelevant papers.

With the exponentially growing list of publications, manual screening is no longer feasible
on a large scale. Having underscored the need to decrease the workload, as well as to
improve the timeliness of published systematic literature reviews, this thesis focuses on
models and evaluation approaches to improve this process. We assess available evaluation
measures and datasets in citation screening for SLRs. We then establish a reliable and
reusable benchmarking approach and propose novel evaluations of this task. Furthermore,
we focus on citation screening in a zero-shot setting, i.e., without additional manual
annotations. Moreover, we go beyond the systematic literature reviews and evaluate our
algorithms in another medical application of clinical trial matching. In the next section,
we discuss the research questions.

1.3 Research Questions

High-level research question: How can machine learning models help to
automate the eligibility screening step in systematic reviews and clinical trial
matching?

To answer this question, we investigated the following four research questions:

7
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RQ1: How should a comprehensive benchmark dataset for citation
screening in systematic literature reviews be constructed to ensure
robustness against large language models?
In research, a dataset refers to a structured collection of data. Typically, datasets for
systematic literature reviews comprise individual literature items, their metadata, and
often annotations or classifications based on research criteria. On the other hand, a
benchmark is a standard or point of reference against which datasets or algorithms can
be compared or assessed. In this context, a benchmark often involves a specific dataset,
evaluation metrics, and set procedures that allow for consistent evaluation of different
algorithms.
The emergence of deep learning and large language models (LLMs) has revolutionised
NLP and ML research. However, the rapid progress in language models poses unique
challenges in the creation of benchmark datasets that can endure through evolving research
paradigms. This research question explores effective strategies for constructing robust
benchmark datasets tailored for evaluating systematic literature review automation. By
investigating methodologies and techniques that can enhance dataset diversity, complexity,
and generalisability, this research seeks to establish guidelines for creating benchmark
datasets. These guidelines aim to evaluate the true performance and capabilities of LLMs,
while minimising the risks of issues like overfitting and data memorisation, terms which
refer to models excessively tuning to specific data patterns and retaining specific data,
respectively. To address RQ1, we defined three sub-questions, briefly described below.
RQ1.1: What is the current overview of benchmark datasets for automated citation
screening?
To develop effective and accurate automated screening systems, benchmark datasets serve
as essential resources for training and evaluating machine learning models. This research
question investigates the existing landscape of benchmark datasets designed explicitly
for evaluating automated citation screening methods. By exploring the characteristics,
size, evolution and quality of these datasets and their specific domain or research focus,
this research seeks to provide a comprehensive understanding of the current state of
benchmark datasets in this domain. The findings contribute to identifying potential gaps,
limitations, and areas for improvement in the available datasets, thereby guiding future
research efforts in developing more reliable and representative benchmark datasets for
automated citation screening.
RQ1.2: Which properties should a benchmark collection have for a valid assessment of
citation screening algorithms?
As most of the previous research focused on using cross-validation to evaluate their
algorithms, their effective subset of training and testing data differed between studies.
This can generate problems, especially in datasets from citation screening exhibiting very
high variability. Moreover, with a recent shift to the “pre-train, prompt and predict”
paradigm, more and more datasets started to be used in a zero-shot setting. In this
research question, we establish a set of properties for a new benchmark collection to
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ensure a fair and detailed comparison between models. We then construct CSMeD, a
large meta-dataset consisting of 9 datasets comprising more than 300 historical systematic
reviews. This dataset was rigorously cleaned from duplicates, updated with more detailed
documentation and expanded available metadata with a systematic review description.
In our approach, we emphasise the applicability of CSMeD both in the traditional
supervised classification, active learning, and zero-shot techniques.

RQ1.3: How should a dataset for full text publication screening in systematic literature
reviews be constructed?

Full text publication screening is a critical phase in systematic literature reviews where
entire publications are evaluated in detail to determine their relevance to the research
question. This process is more complex than title and abstract screening due to the depth
and volume of information in full texts. Traditionally, automation efforts in this area
were limited due to challenges in processing long documents with limited labelled data.
However, the increasing use of LLMs is transforming this landscape. A comprehensive
dataset for full text publication screening must address several unique challenges: it
should capture the diversity in publication sources and formats, incorporate essential
metadata, and include relevant annotations for specific criteria. Furthermore, the dataset
requires scalability, continual updates to reflect the latest research, and user-friendly
accessibility, complemented by thorough documentation.

RQ2: How should citation screening automation approaches for
systematic literature reviews be evaluated?
If we assume an offline evaluation scenario, estimation of the quality might seem trivial
at first sight, as the problem can be posed as a binary classification. However, the unique
challenges of this domain, such as the very high class imbalance typically found in datasets,
make evaluation more challenging. This imbalance arises because, in systematic reviews,
only a small fraction of the screened papers is usually relevant, while the majority is not.
The strict criterion of identifying all (or nearly all) relevant papers further amplifies this
challenge. Moreover, it is essential to recognise that current search strategies start with
a pool of potentially relevant eligible studies from a broad search. This assumption may
soon be outdated with the advent of generative AI technologies and LLMs, potentially
revolutionising the criteria and methodologies for evaluating these approaches. To address
RQ2, we formulated three sub-questions, outlined below.

RQ2.1: What are the shortcomings of the common evaluation measures used in automated
citation screening?

We assess specific metrics currently used for the evaluation of the citation screening
task, such as the Work Saved over Sampling (WSS) and the True Negative Rate (TNR)
measures. We enumerate their drawbacks and explain what makes some of them unsuitable
for assessing automated citation screening quality. While a detailed discussion is available
in subsequent chapters, it’s essential to understand that these measures, although popular,
might not capture the nuances of the citation screening process.

9



1. Introduction

RQ2.2: Which properties should evaluation measures have for appropriate assessment
of citation screening algorithms?

In order to assess the performance of citation screening algorithms accurately, it is
essential to identify the properties that evaluation measures should possess. For instance,
a metric should be sensitive to the inherent class imbalance and the critical need to
retrieve nearly all relevant papers, ensuring a comprehensive and reliable evaluation.
Fulfilling these properties should ensure a comprehensive and reliable evaluation of the
algorithms.

RQ2.3: How could automated citation screening be evaluated differently to consider
outcomes of systematic literature reviews?

Traditionally, the evaluation of automated citation screening has focused on binary
classification performance measures, such as Precision, Recall, and F1 score, to assess
the algorithms’ effectiveness in identifying relevant documents. However, to consider the
outcomes of systematic literature reviews, the evaluation could be conducted differently,
incorporating additional dimensions and measures. One approach is to evaluate the
algorithms based on the impact their predictions have on the changes in review outcomes.
This could involve assessing the algorithms’ ability to prioritise relevant documents
more likely to influence the review conclusions. It is crucial to recognise that this is a
challenging attempt given the subjective nature of measuring a single paper’s contribution
to an overall systematic review’s conclusions.

RQ3: How to use machine learning models for automated citation
screening with highly imbalanced datasets so the results could be
generalised to other reviews?
Automatic classification of documents is a well-explored problem in NLP, with high
importance and multiple real-world applications [3]. Two major obstacles to developing
effective text classifiers in practice are the lack of labelled data and class imbalance [104].
Both of these problems exist in automated citation screening. For automated citation
screening, models should ensure consistent performance across multiple datasets, each
with its unique characteristics. In the domain of citation screening, datasets often exhibit
a skew towards one class, notably the class of documents that are not relevant or the
“negative class” (excluded documents). Systematic literature review datasets vary by
the total number of documents and the class balance, meaning that some of them can
be ‘easier’ to learn by machine learning models than others. Here, we focus on four
sub-questions: RQs 3.1 and 3.2 concerning model performance, while RQs 3.3 and 3.4
target the broader applications of automated citation screening.

RQ3.1: How do neural classification methods perform in the citation screening step,
particularly when compared to traditional methods?

We measure the performance of classic deep learning architectures (Recurrent and Convo-
lutional Neural Network-based) on benchmark datasets of systematic literature reviews in
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medicine. We found that none of the three tested architectures could produce consistent
gains over established baseline models on benchmark datasets. Moreover, on average, the
highest scores were obtained with the statistical Support Vector Machine (SVM) based
method, highlighting the strength and potential versatility of more traditional methods
in this domain.

RQ3.2: Which external knowledge sources can be used to improve the quality of automated
citation screening?

Previous work on classification for citation screening mainly focused on using only the
paper’s title and abstract information as the models’ input. This information was
sometimes extended by extracting additional data from medical taxonomies or predefined
study characteristics (like population and outcomes) and treating this as additional input.
Approaches focusing on retrieval and ranking also utilised search queries or the systematic
review title to improve their search. Other automation approaches use information like
citation graphs and the similarity of a paper to previously labelled publications. However,
these methods potentially introduce biases as they only approximate actual SLR protocol.

The eligibility criteria specified in the study protocol contain a list of reasons for including
and excluding a paper from the review. Manual screeners use this information as the
critical component for deciding if a paper should be included or excluded. However,
until now, approaches have not used eligibility criteria (list of criteria for inclusion and
exclusion) as the ultimate decision-making criterion focusing on the similarity of already
labelled papers. We test how the eligibility criteria section can be used as an input to
neural network approaches, specifically in a zero-shot setting.

RQ3.3: How can recent advancements in language models be applied for automatic
eligibility screening of full text publications?

Another foreseeable application, mirroring manual workflows, could be during the full
text eligibility screening. As full texts of publications exceed the maximum input size of
many language models, they have been out of the scope of the previous research. However,
recent developments in LLMs made it possible to process documents containing more
than 10,000 words [81]. We evaluate several Transformer-based models and the GPT-x
LLMs on the full text publication screening dataset, finding that fine-tuned Transformers
still achieve the best results.

RQ3.4: Can these machine learning approaches generalise to systematic literature reviews
conducted in a domain other than medicine?

Systematic literature reviews in medicine follow a structured process. The eligibility
criteria are detailed, as they adhere to strict guidelines. In other scientific disciplines,
the criteria can also be written in less detail or using less strict vocabulary and structure.
This can lead to lower generalisation of models trained using this information as an input
feature. We propose a tool that performs automated search and screening using eligibility
criteria. It can be used to measure the quality of automation approaches in scientific
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disciplines beyond medicine. Researchers can also use the tool for conducting academic
exploratory literature reviews.

RQ4: What techniques can be used to improve eligibility screening of
patients to clinical trials?

The existing methods for the automatic selection of patients for clinical trials primarily
focus on topical relevance, but there is a growing need to explore and develop techniques
that can enhance the eligibility screening process [216]. This research question aims to
investigate novel approaches and strategies that can improve the accuracy and efficiency
of patient eligibility screening.

RQ4.1: What is the impact of individual sections of clinical trial text on the performance
of a lexical retrieval approach?

Clinical trials are multi-fielded semi-structured documents. Understanding the contribu-
tion of individual sections of clinical trial text on the performance of a lexical retrieval
approach can help decide on the limitation of these approaches and make more informed
decisions on how the clinical trials matching process can be improved. We analyse the
impact of each section separately, such as the trial description, tested condition and
inclusion and exclusion criteria, showing the limitations of lexical retrieval models in this
task.

RQ4.2: How can information extraction techniques improve the retrieval of eligible
clinical trials?

Information extraction techniques have the potential to enhance the retrieval of eligible
trials by extracting specific data elements from clinical trial documents, shifting the
focus more on the inclusion and exclusion criteria. These techniques can involve using
rule-based systems, statistical models, or machine learning algorithms to identify and
extract relevant information. They can also be used to structure the patient description
text, written in a free text. We show how the number of retrieved relevant trials can be
improved by employing drug and disease entity recognition and negation detection both
on patient and clinical trial documents.

1.4 Published Research
The subsequent chapters of this thesis are based on the following published research.
The software developed to run the experiments presented in this thesis is open-source,
governed by the Apache-2.0 license, and available at the following website: https:
//github.com/WojciechKusa.

Chapter 2 on eligibility screening for patients to clinical trials matching:

Wojciech Kusa, Óscar E. Mendoza, Petr Knoth, Gabriella Pasi, Allan Hanbury. “Effective
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Matching of Patients to Clinical Trials using Entity Extraction and Neural Re-ranking”.3
In: Journal of Biomedical Informatics. JBI 2023. Journal paper. [136]

Chapter 4 on new citation screening datasets:

Wojciech Kusa, Óscar E. Mendoza, Matthias Samwald, Petr Knoth, and Allan Hanbury.
“CSMeD: Bridging the Dataset Gap in Automated Citation Screening for Systematic
Literature Reviews.” In 37th Conference on Neural Information Processing Systems
Track on Datasets and Benchmarks. NeurIPS 2023. New Orleans, United States. Long
paper. [137]

Chapter 5 on binary evaluation of citation screening:

Wojciech Kusa, Aldo Lipani, Petr Knoth, Allan Hanbury. “An Analysis of Work Saved
over Sampling in the Evaluation of Automated Citation Screening in Systematic Literature
Reviews”. In: Intelligent Systems with Applications, pp. 200193, 2023, ISSN: 2667-3053.
ISWA 2023. Journal paper; [134]

Wojciech Kusa, Aldo Lipani, Petr Knoth, Allan Hanbury. “VoMBaT: A Tool for Visual-
ising Evaluation Measure Behaviour in High-Recall Search Tasks”. In: Proceedings of the
46th International ACM SIGIR Conference on Research and Development in Information
Retrieval. SIGIR 2023. Taipei, Taiwan. System demonstration paper. [135]

Chapter 6 on outcome-based evaluation of citation screening:

Wojciech Kusa, Guido Zuccon, Petr Knoth, Allan Hanbury. “Outcome-based Evaluation
of Systematic Review Automation”. In: Proceedings of the 13th International Conference
on the Theory of Information Retrieval. ICTIR 2023. Taipei, Taiwan. Long paper. [140]

Chapter 7 on conducting citation screening using binary classification algorithms:

Wojciech Kusa, Allan Hanbury, Petr Knoth. “Automation of Citation Screening for
Systematic Literature Reviews using Neural Networks: A Replicability Study”. In:
Proceedings of the 44th European Conference on Information Retrieval. ECIR 2022.
Stavanger, Norway. Reproducibility paper. [130]

Chapter 8 on citation screening using eligibility criteria:

Wojciech Kusa, Petr Knoth, and Allan Hanbury. “CRUISE–Screening: Living Literature
Reviews Toolbox.” In: Proceedings of the 32nd ACM International Conference on
Information and Knowledge Management. CIKM 2023. Birmingham, United Kingdom.
System demonstration paper; [133]

Wojciech Kusa. “Rapid Systematic Reviews: Zero-shot Citation Screening with the
Usage of Eligibility Criteria”. In: The 17th Conference of the European Chapter of the
Association for Computational Linguistics Student Research Workshop. EACL SRW 2023.
Dubrovnik, Croatia, Workshop paper. [128]

3Except for contributions made in Sections 3.4 and 5.4 which are part of the PhD thesis by Óscar
E. Mendoza from the University of Milano-Bicocca: “Adaptation of neural-enhanced retrieval model to
domain-specific tasks”.
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Other publications related to the biomedical NLP and scientific document
processing:

Jason Alan Fries, Leon Weber, Natasha Seelam, Gabriel Altay, Debajyoti Datta, Samuele
Garda, Myungsun Kang, Ruisi Su, Wojciech Kusa, Samuel Cahyawijaya, Fabio Barth,
Simon Ott, Matthias Samwald, Stephen Bach, Stella Biderman, Mario Sänger, Bo
Wang, Alison Callahan, Daniel León Periñán, Théo Gigant, Patrick Haller, Jenny Chim,
Jose David Posada, John Michael Giorgi, Karthik Rangasai Sivaraman, Marc Pàmies,
Marianna Nezhurina, Robert Martin, Michael Cullan, Moritz Freidank, Nathan Dahlberg,
Shubhanshu Mishra, Shamik Bose, Nicholas Michio Broad, Yanis Labrak, Shlok S.
Deshmukh, Sid Kiblawi, Ayush Singh, Minh Chien Vu, Trishala Neeraj, Jonas Golde,
Albert Villanova del Moral, Benjamin Beilharz. “BigBIO: A Framework for Data-
Centric Biomedical Natural Language Processing”. In: Thirty-sixth Conference on Neural
Information Processing Systems Track on Datasets and Benchmarks. NeurIPS 2022.
Long paper; [69]

Wojciech Kusa, Georgios Peikos, Óscar E. Mendoza, Allan Hanbury, Gabriella Pasi.
“DoSSIER at MedVidQA 2022: Text-based Approaches to Medical Video Answer Local-
ization Problem”. In: The 21st Biomedical Natural Language Processing at ACL 2022.
BioNLP 2022. Workshop paper; [132]

Wojciech Kusa, Edoardo Mosca, and Aldo Lipani. “Dr LLM, what do I have?: The
Impact of User Beliefs and Prompt Formulation on Health Diagnoses”. In: 3rd Workshop
on NLP for Medical Conversations at IJCNLP-AACL 2023. NLPMC 2023. Workshop
paper; [138]

Óscar E. Mendoza, Wojciech Kusa, Alaa El-Ebshihy, Ronin Wu, David Pride, Petr Knoth,
Drahomira Herrmannova, Florina Piroi, Gabriella Pasi, Allan Hanbury. “Benchmark
for Research Theme Classification of Scholarly Documents”. In: Third Workshop on
Scholarly Document Processing at COLING 2022. SDP 2022. Workshop paper; [59]

Anjani Dhrangadhariya, Wojciech Kusa, Henning Müller, Allan Hanbury. “HEVS-TUW
at SemEval-2023 Task 8: Ensemble of Language Models and Rule-based Classifiers for
Claims Identification and PICO Extraction”. In: The 17th International Workshop on
Semantic Evaluation. SemEval 2023. Workshop paper; [55]

Jason Alan Fries, Natasha Seelam, Gabriel Altay, Leon Weber, Myungsun Kang, Debajyoti
Datta, Ruisi Su, Samuele Garda, Bo Wang, Simon Ott, Matthias Samwald, Wojciech
Kusa. “Dataset Debt in Biomedical Language Modeling”. In: Workshop on Challenges &
Perspectives in Creating Large Language Models at ACL 2022. Workshop paper. [68]

Wojciech Kusa, Yasin Ghafourian. “DoSSIER at TREC 2021 Clinical Trials Track.” In:
Proceedings of the Thirtieth Text REtrieval Conference. TREC 2021. Virtual. Shared
task paper. [129]

Wojciech Kusa, Patrick Styll, Maximilian Seeliger, Oscar E. Mendoza, Allan Hanbury.
“DoSSIER at TREC 2023 Clinical Trials Track.” In: Proceedings of the Thirty-Second
Text REtrieval Conference. TREC 2023. Virtual. Shared task paper. [139]
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1.5. Thesis structure

1.5 Thesis structure
This thesis is structured as follows. Chapter 2 introduces clinical trials eligibility screening
and presents our work on eligibility screening in the patient-to-trials paradigm. Related
work for clinical trials screening is included in Chapter 2. Chapter 3 introduces systematic
literature reviews and state of the art concerning citation screening datasets, models
and their evaluation. In Chapter 4 we introduce CSMeD: the largest to date citation
screening meta-dataset, and CSMeD-ft: the first dataset specifically designed to evaluate
citation screening of full text publications. Our contributions to the evaluation of citation
screening for systematic literature reviews are showcased in Chapters 5 and 6. These
chapters focus on relevance-based and impact-based evaluation techniques, respectively.
In Chapter 7, we present the work on citation screening using binary classification
algorithms. In contrast, in Chapter 8, we focus on screening using external information
such as eligibility criteria, with extensions for the case of full text screening and literature
reviews beyond medicine. We conclude the thesis in Chapter 9 by summarising the main
findings and discussing future research opportunities for eligibility screening. Figure 1.4
presents the contributions with respect to each chapter.
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Eligibility
Screening

Eligibility Screening for
Patients in Clinical Trials

Citation Screening for
Systematic Literature

Reviews

Evaluation

Chapter 6

- Developed an evaluation framework that prioritises the outcomes of
systematic reviews rather than just the rate of correctly identified relevant

studies (Recall).
- Introduced two distinct methods for performing evaluations based on

the actual impact of the reviews.
- Found that the ranking of models differs when using this new impact-
focused evaluation compared to the older method focused on binary

relevance.
- Demonstrated that using the nDCG metric to account for the influence

of publications alters the goal from identifying all relevant studies to
identifying the most influential ones first.

- Explored and discussed potential extensions and limitations of the
outcome-based evaluation approach

Related work and models

Chapter 7

- Experimental evaluation of three neural network-based models for
citation screening.

- Comprehensive analysis of model's performance based on input
features.

- DAE-based model achieved the best results among tested models,
yet is still does not outperform the statistical model based on the SVM.

- All evaluated models are not robust to initialisations and training
dataset splits.

- Models using all available input features perform on average the best.
- Notably, some datasets responded best when models were trained

using only publication titles.

Chapter 3

- Conducted an exhaustive literature review, emphasising
the examination of datasets, modelling approaches, and the

evaluation approaches for citation screening within the
context of systematic literature reviews. 

- Investigated and delineated the prevailing research gaps
and constraints within the field. 

- Proposed prospective trajectories for future exploration
and development. 

- Revealed that datasets relevant to citation screening are
fraught with issues concerning inadequate documentation,
data leakage, and a scarcity of comprehensive meta-data. 

- Uncovered significant inconsistencies in the evaluation
metrics employed across studies. 

- Observed that current methods for automating citation
screening are predominantly confined to supervised

learning paradigms, with a heavy reliance on classification
and ranking algorithms.

Chapter 4

- Developed a single API for easy access to nine
systematic review datasets through the BigBio

framework.
- Built CSMeD, the most extensive citation screening
dataset available, containing 325 systematic reviews.

- Enhanced CSMeD by adding metadata from Cochrane
systematic literature reviews.

- Introduced CSMeD-FT, a novel dataset dedicated to full-
text screening task, featuring information from 213

Cochrane systematic reviews.
- Implemented visualisations and detailed datasheets for
all new datasets and upgraded the documentation and

accessibility of existing datasets.

Related work

- Performed tests on the CSMeD dataset with Transformer-based
models, focusing on ranking for screening prioritisation. We found the
description of systematic reviews to be the most effective input for the

initial ranking stages.
- Employed a question-answering strategy using the T0-based model.
- Assessed various models on the CSMeD-FT dataset discovering that

pre-trained Transformer models surpass large language models
(LLMs) in full-text screening tasks.

- Introduced CRUISE-Screening, a tool designed to assist scholars in
managing living systematic literature reviews.

Chapter 2

- Executed a systematic assessment of the significance of individual
sections within clinical trial documentation. The 'Inclusion Criteria'

section was observed to have the most considerable impact on the
performance scores of lexical analysis models.

- Introduced a novel methodology for assimilating eligibility information
by applying information extraction techniques. These techniques,
which encompass query and document enhancement, have been
demonstrated to augment the precision in retrieving eligible clinical

trials.
- Assessed a range of filtration strategies, discovering that

incorporating age and gender as filtering parameters contributes to
excluding approximately 26% of trials that would otherwise be deemed

ineligible.

Chapter 8

Datasets

Chapter 5

- Examined four key evaluation metrics: Work Saved over Sampling
(WSS), True Negative Rate (TNR), Precision, and the Area Under the

Curve (AUC).
- Highlighted the misuse of WSS in evaluating automated screening

across different datasets and addressed this issue by applying min-max
normalisation to WSS

- Demonstrated that the normalised WSS reflects the True Negative
Rate.

- Created VoMBaT, a visual tool designed for efficient retrieval of high-
recall information. VoMBaT provides clarity on the evaluation of high-

recall tasks, aiding in the interpretation of evaluation metrics.

Models

RQ 1.1
RQ 4.1, 4.2 — Kusa et al. (JBI 2023)

RQ 1.2, 1.3 — Kusa et al. (NeurIPS 2023)

RQ 2.1, 2.2 — Kusa et al. (ISWA 2023, SIGIR 2023)

RQ 2.3 — Kusa et al. (ICTIR 2023)

RQ 3.1 — Kusa et al. (ECIR 2022) RQ 3.2, 3.3, 3.4  — Kusa et al. (CIKM 2023, EACL 2023)

Figure 1.4: Contributions with respect to each chapter.
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CHAPTER 2
Matching Patients to Clinical

Trials with Eligibility Criteria;
A Pilot Study

In the previous chapter, we introduced two examples of eligibility screening in the medical
setting: citation screening for systematic literature reviews and eligibility screening for
matching patients to clinical trials. In this chapter, we will focus on the problem of
matching patients to clinical trials, focusing on improving the performance of lexical
methods.

Clinical trials (CTs) are crucial to the progress of medical science, specifically in developing
new treatments, drugs, or medical devices [204]. Awareness and access to these studies
are still challenging both for patients and physicians, making the recruitment of patients
a significant obstacle to the success of trials [181, 204].

Even if a sufficient number of patients is found, the recruitment process requires screening
the patients for eligibility, which is a labour-intensive task [63]. Automated identification
of eligible participants not only promises great benefits for translational science [181] but
also aids patients by allowing them to be included in specific trials [125].

In recent years, several initiatives have been proposed to build automatic systems for
matching patients to CTs [125, 216, 215, 235]. The task has been defined as an information
retrieval problem under the patient-to-trials evaluation paradigm [215] (Figure 1.3c).
Here, the query is constituted by patient-related information, either in the form of
electronic health records (EHRs) or ad-hoc queries, and the documents are the CTs
currently recruiting patients [125].

This retrieval task involves the semantic complexity of matching the patients’ information
with heterogenous, multi-fielded CT documents [219]. In addition to this, the eligibility
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criteria often use complex language structures (e.g. concepts can be negated twice) and
medical jargon given in either semi-structured or unstructured ways [49].

To date, the existing approaches have revealed a significant lack of balance between
efficiency and effectiveness. While pipeline-based models showcase promising performance,
the substantial model sizes required to achieve competitive results raise concerns regarding
costly deployment and limitations on reproducibility.

We evaluate the utility of individual sections of CT text on the performance of lexical
retrieval system. We also develop a data enrichment process for both queries and
documents for supporting CT search with a probabilistic lexical model as a first-stage
retriever. It consists of entity recognition and negation detection modules applied to
both the patient description and the eligibility section of CTs. The data enrichment
process also provides the classification of both patient descriptions and CT eligibility
criteria into current, past and family-medical conditions. The extracted information
boosts the importance of affirmative and negative mentions of diseases and drugs for
both the documents and queries in the traditional retrieval scenario. Finally, we compare
several filtering techniques. We evaluate our work on the TREC Clinical Trials track
2021 and 2022 collections.

2.1 Related Work
This section describes previous work on CT matching with various paradigms, approaches
to extract information from clinical data and from patient-related information, and neural
re-ranking for CT retrieval.

2.1.1 Clinical trials matching
The TREC Clinical Trials track concerns the task of matching single patients to clinical
trials. Other tasks concerning CT matching mentioned in the literature are cohort-based
retrieval [126] and trial-to-trial retrieval [279].

In the context of the TREC CT track, patient-related information is written as free-text,
whereas the document collection consists of a snapshot of ClinicalTrials.gov database.1
Each clinical trial contains multiple fields, including two titles (brief and official one),
condition, summary, detailed description, and eligibility criteria. The content of these
fields can range from structured (e.g. gender and age of eligible patients) through
semi-structured (e.g. eligibility criteria section) to unstructured (e.g. description and
summary). The eligibility criteria field contains inclusion and exclusion criteria, a core
aspect of the CT matching task. Trials were judged using a graded relevance scale of
three points: 0 if the patient is not relevant to the CT, 1 if the patient is topically relevant
but excluded based on the eligibility criteria, and 2 when the patient fulfils the eligibility
criteria.

1https://clinicaltrials.gov
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The TREC CTs track differs from previous medical TREC tracks in several aspects.
TREC Precision Medicine 2017–2020 [214] is concerned with matching CTs to a patient
summary consisting of only the patient’s disease, relevant genetic variants, and basic
demographic information. On the other hand, TREC CT topics consist of an unstructured
patient summary. TREC Clinical Decision Support 2014–2016 [213] used topics written
similarly (free-text patient descriptions), but the task was to match patients to PubMed
publications, instead of CT documents. Moreover, none of the previous tracks used a
graded relevance scale focused on eligibility.

Figure 2.1 provides an example of a patient’s EHR description and of sections from
a relevant CT. Using a bag-of-words approach to tackle the patient-to-trial matching
problem may pose difficulties as both the patient’s description and the CTs contain
many irrelevant terms, thereby introducing noise. Moreover, both can contain negated
key terms (for instance, the exclusion criteria), the handling of which is essential for
deciding eligibility but may not be trivial even when using n-grams or neural network-
based models [77, 245]. Additionally, the sections of queries and documents may have
different importance because of their time dependency (i.e., past or present conditions)
and because they can refer to either patients or patients’ family medical history. One
can try to overcome these issues by structuring both the query and documents, and
extracting relevant items first.

As illustrated in Figure 2.1, both patient and clinical trial description share drug and
disease keywords (e.g., salmeterol, fluticasone, asthma). Notably, these drug mentions
also appear in the exclusion criteria of the clinical trial. Existing approaches that directly
incorporate exclusion criteria, either for filtering purposes or to assign negative weights
based on keyword co-occurrence, may erroneously exclude such patients. However, it is
essential to note that these drug entities in exclusion criteria are considered relevant only
in the context of allergic reactions. Therefore, a comprehensive understanding of the
intricate semantics associated with this task is essential for effectively addressing this
problem.

Previous work attempted to solve a CT matching task using various lexical and neural
models. Leveling [148] annotated a corpus with terms from medical dictionaries and with
negations for retrieving trials for the TREC Precision Medicine track. A large number of
systems reported in the TREC CT used variants of the Okapi BM25 model [109] or the
Divergence from Randomness (DFR) model [7] that has demonstrated potential in the
biomedical information retrieval field.

2.1.2 Information extraction from clinical data
Information extraction from clinical data has been an active area of research in recent years.
Previous work has focused on automatic extraction of eligibility criteria from clinical
trial protocols. For instance, Dasgupta et al. [48] presented a method for identifying
and segmenting eligibility criteria into five semantic categories, including demographic
information, health status, treatment history, laboratory test reports, and lifestyle. The
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Legend:  Disease | Drug  |  Nega�on  | Nega�on rela�on  |   Current MC  |  Past MC  |  Family MH

 Clinical Trial - NCT03755544
Title: Salmeterol/Flu�casone Easyhaler in the Treatment of 
Asthma and COPD
Eligibility:
Main Inclusion Criteria:
• Male or female pa�ents with asthma or COPD who have 
been using salmeterol/flu�casone propionate combina�on 
treatment for at least 3 monthsbefore the study
• Age ≥ 18 years
• Wri?en informed consent obtained.
Main Exclusion Criteria:
• Pregnant or lacta�ng female pa�ents
• Par�cipa�on in other clinical studies during the study.
• Known hypersensi�vity (allergy) to salmeterol, flu�casone 
propionate or the excipient lactose.
Descrip�on: 
A prospec�ve, open-label, non-interven�onal, mul�centre study 
in adult pa�ents with asthma or COPD who are treated with 
Salme-terol/flu�casone Easyhaler. During the study the 
Salmeterol/flu�casone Easyhaler will be used according to the 
Summary of Product  Characteris�cs. Clinical effec�veness of 
the treatment will be evaluated with change in asthma or COPD 
symptoms during 12 weeks treatment.

 Pa�ent Descrip�on - #23
A 39-year-old man came to the clinic with cough 
and shortness of breath that was not relieved by 
his inhaler. He had these symptoms for 5 days 
during the past 2 weeks. He doubled his oral 
cor�costeroids in the past week. He is a chef 
with a history of asthma for 3 years, suffering 
from frequent cough, wheezing, and shortness 
of breath and chest �ghtness. The symptoms 
become more bothersome within 1-2 hours of 
star�ng work every day and worsen throughout 
the work week. His symptoms improve within 
1-2 hours outside the workplace. Spirometry 
was performed revealing a forced expiratory 
volume in the first second (FEV1) of 63% of the 
predicted. His past medical history is significant 
for seasonal allergic rhini�s in the summer. He 
doesn't smoke or use illicit drugs. His family 
history is significant for asthma in his father and 
sister. He currently uses inhaled cor�costeroid 
(ICS) and flu�casone 500 mcg/salmeterol 50 
mcg, one puff twice daily.

Figure 2.1: An example of a clinical trial and a description of a patient eligible for
this trial. Highlighted items are described in detail in Section 2.2. Example adapted
from Pradeep et al. [203].

EliIE system [111] was proposed for converting free-text eligibility criteria for clinical
research into a structured and formalised format using a 4-step process including entity and
attribute recognition, negation detection, relation extraction, normalisation of concepts
and output structuring.

Other studies aimed to extract information from patients’ health records. The devel-
opment and uptake of NLP methods for processing free-text clinical notes has been
growing in recent years. A systematic review of the literature by Sheikhalishahi et al.
[232] showed that there is a significant increase in the use of machine learning methods for
NLP in clinical notes related to chronic diseases, and that deep learning is an emerging
methodology. The ConText algorithm aims to determine whether conditions mentioned
in clinical reports are negated, hypothetical, historical, or experienced by someone other
than the patient [85]. The n2c2 n2c2/OHNL 2019 shared task [234] focused on extracting
family history information from clinical notes. Garcelon et al. [71] utilised heuristics to
detect medical history and negated terms in patients’ records.

Despite these efforts, there has been a lack of approaches that integrate information
extraction techniques to enhance both query and document representation. Specifically,
there is a lack of methods that effectively combine the extracted terms to determine
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eligibility ranking. This presents an opportunity for further exploration in the field.

2.1.3 Neural approaches for CT
Several approaches using Transformer-based architectures and pre-trained models, such
as BERT [53], have achieved state-of-the-art effectiveness in some of the biomedical
information processing applications. In CT retrieval, there have been multiple attempts
to use BERT embeddings in both dual-encoder and cross-encoder retrieval setups with
different pre-trained models such as BioBERT or ClinicalBERT [107, 220, 219]. These
results correspond to implementations of methods applied to traditional ad-hoc retrieval
tasks and have not outperformed multiple experiments under traditional retrieval mod-
els [216, 217]. On the other hand, Pradeep et al. [203] proposed a multi-stage neural
ranking system for the CTs matching problem, relying on T5-based models, currently
with state-of-the-art results in multiple retrieval tasks, including CT. According to the
findings presented in TREC CT 2021 [216], large, T5-based models outperform smaller
transformers models in CT retrieval.

Kusa et al. [136]2 proposed the TCRR (Topical and Criteria Re-Ranking) neural method.
This method draws inspiration from curriculum learning principles, where concepts are
progressively learned from simple to complex. The model is initially trained on identifying
documents of topical relevance where both eligible and excluded documents are relevant.
Subsequently, it targets the more challenging eligibility classification, distinguishing
only eligible documents as relevant. This dual-objective training uses a pre-trained
BERT language model as a cross-encoder, enhanced with a linear combination layer for
fine-tuning through a pairwise loss function. The inference process mirrors this training
by employing the first stage retrieval rank to perform a two-fold re-ranking of top trials,
leveraging the distinct models stemming from the dual training objectives. Usage of
this training method shows that BERT-based models can provide a viable alternative to
T5-based models in clinical trial retrieval.

2.2 Methodology
This section describes the steps for processing CT documents and patient descriptions.
We used these processed text as input to probabilistic lexical retrieval models. We
conduct our experiments on the TREC Clinical Trials 2021-22 track collections.

2.2.1 Clinical trials processing
Clinical trials are fielded documents with the following fields: brief summary, brief title,
identifier, detailed description, drug name, drug keywords, eligibility criteria, gender,
general keywords, intervention type, maximum age, minimum age, official title, and

2As described in Chapter 1, this part of the work was developed by Óscar E. Mendoza from the
University of Milano-Bicocca and is described in his PhD thesis “Adaptation of neural-enhanced retrieval
model to domain-specific tasks”.
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primary outcome. Intervention type, gender, and primary outcome refer to controlled
vocabularies; age-related fields are numeric. All other fields except clinical trial ID are
textual.

We parse the content of a clinical trial document to split it into specific sections. The
eligibility criteria section is crucial, as it outlines the specific requirements and conditions
a patient must meet or the characteristics they must possess to participate in the trial.
This can range from age, gender, and health status to previous treatments and current
medications. Ensuring a patient meets these criteria is essential for the safety and
integrity of the research and to demonstrate that the results are scientifically valid. Our
CT processing is focused on making the eligibility criteria as fine-grained as possible so
we can easily discriminate aspects referring to medical history and drugs. We start by
using a parser based on heuristics to separate the eligibility criteria section of clinical
trials into inclusion and exclusion criteria. Then, we extract single criterion items from
the two criteria sections.

We further classify each item from inclusion and exclusion as concerning one of the three
sections: ‘current medical condition’, ‘past medical condition’ and ‘family medical history’.
Our motivation is that admission notes (which the topics simulate), consist of several
sections that do not have equal impact on the patients’ relevance to the trial and may
even be irrelevant to their eligibility. Similarly, clinical trials can have different types of
information stored in their eligibility section.

We then use a pre-trained entity extraction model together with an algorithm for
determining negation to detect affirmative and negative drug and disease entities in both
inclusion and exclusion sections. In the next step, we remove double negations coming
from negated exclusion criteria. For every entity in the exclusion criteria, we swap their
modifier (from affirmative to negative and vice versa). It allows us to create a single list
of eligibility criteria keywords by concatenating extracted inclusion criteria keywords with
exclusion criteria keywords for which we swapped the affirmative/negative modifiers. For
instance, the exclusion criterion ‘Patients who are not smoking’ becomes the inclusion
criterion ‘Patients who are smoking’. This step may not always be correct; nevertheless,
we found it to be a good approximation, allowing us to collapse these two sections into
one.

The final result is a single list of extracted entities, classified by their section and
modifier. All extracted keywords from a document Di can be described by the set
KDi = {Acmc

i , Apmc
i , Afmh

i , N cmc
i , Npmc

i , Nfmh
i }, where A stands for a list with affirmative

entities, N for negative entities, and cmc, pmc and fmh for current medical conditions,
past medical conditions, and family medical history, respectively.

We can then enrich the CT document representation by expanding them with the
extracted keywords. Traditionally, this would have been done by boosting the im-
portance of extracted terms. However, in order to preserve the semantic information
about each extracted entity (section and modifier information), we use prefixing to
create special tokens describing each entity. Furthermore, as many of these entities are
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multi-word expressions, we concatenate the tokens using the underscore character ‘_’
to create a single token. Specifically, we create new tokens by adding them the pre-
fixes ‘cmc’, ‘pmc’ and ‘fmh’ for each respective section and additionally ‘no’ when an
entity is negated (e.g. Npmc

i = [‘myasthenia gravis’,‘shortness of breath’] becomes
[‘pmc_no_myasthenia_gravis’,
‘pmc_no_shortness_of_breath’]). We append the new tokens to the pre-processed
document and use the enriched document to create an index for the lexical retrieval
models. An example gold output for the CT document NCT03755544 from Figure 2.1 is:
[‘cmc_asthma’, ‘cmc_copd’, ‘cmc_salmeterol’, ‘cmc_fluticasone’,
‘pmh_salmeterol’, ‘pmh_fluticasone’, ‘pmh_propionate’]

2.2.2 Patient description processing

As we are essentially aiming to match the patient to the CT criteria, we follow a similar
approach to enrich the input query. A patient’s description is split into the sections of cur-
rent medical conditions, past medical conditions, and family medical history. As for the
trials, we run an entity and negation detection algorithm for each section. Extracted key-
words for query Qj can be represented as KQj = {Acmc

j , Apmc
j , Afmh

j , N cmc
j , Npmc

j , Nfmh
j },

where each element contains a list of extracted entities. We follow the same procedure
as in Section 2.2.1 to create special tokens by adding the section and negation prefixes.
Finally, the query for lexical models containing the original patient description is enriched
by appending the extracted entities after tokenisation. An example gold output for Pa-
tient #23 from Figure 2.1 is: [‘cmc_oral_corticosteroids’, ‘cmc_asthma’,
‘cmc_cough’, ‘cmc_no_smoke’, ‘cmc_no_illicit_drugs’, ‘cmc_fluticasone’,
‘cmc_inhaled_corticosteroids’, ‘cmc_salmeterol’,
‘pmc_seasonal_allergic_rhinitis’, ‘fmh_asthma’]

2.2.3 Ranking

In our experiments we consider the following sections (fields) of clinical trials as input
when creating an index: brief title, official title, description, summary, conditions and
criteria. For experiments in Section 2.4.2, we also append the enhanced eligibility criteria
representation as an additional text.

2.2.4 Filtering

Following approaches from previous work [148, 129, 219], we employ filtering on the
age and gender to eliminate trials for which patients would be excluded based on the
demographic criteria. We parse the age and gender information from patient descriptions
for all patients. In clinical trials, this corresponds to ‘minimum_age’, ‘maximum_age’
and ‘gender ’ fields. In this step, we remove the trials for which the patient is ineligible
based on these two criteria.
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Furthermore, we try rule-based parsing to extract information about smoking and alcohol
consumption from both patients and clinical trials. Similarly to the demographic filters,
we use this information to filter out ineligible patients.

2.3 Experiment Setup
This section details the datasets and baselines we have employed as well as the evaluation
procedure. Additionally, we discuss the implementation of the methods described in the
paper. The code is available under the following URL.3

2.3.1 Dataset
The corpus released by TREC contain 375,580 clinical trials. In 2021, 75 topics (patient
notes) were used, and 50 more were created in 2022. There are 35,832 relevance judgements
in 2021 and 35,394 in 2022. More details of the datasets can be found in Table 2.1.
Clinical trial documents released by TREC are in xml format and consist of several
sections. For our experiments, we use the sets of topics as they were provided.

Table 2.1: Statistics of TREC CT datasets from 2021 and 2022.

2021 2022
Documents 375,580 375,580
Topics 75 50
Avg. topic length (tokens) 133.4 105.9
Avg. topic length (sentences) 11.2 9.4
Total judgements 35,832 35,394

– Eligible (2) 5,570 3,939
– Excluded (1) 6,019 3,036
– Not relevant (0) 24,243 28,419

Unique Trials judged 26,162 26,585

2.3.2 Evaluation
We follow the evaluation procedure from the TREC Clinical Trials track, which is the
standard evaluation procedure for ad-hoc retrieval tasks. As the relevance assessment is
given using graded relevance scale (eligible, excluded, or not relevant), the performance
of the models is measured using normalised discounted cumulative gain (nDCG). We
present results as reported by TREC, using nDCG@5 and nDCG@10, Precision at 10
(P@10), and Reciprocal Rank (RR).

We treat unjudged documents as non-relevant, ensuring that our results are not biased
towards models that retrieve a large number of unjudged documents. Furthermore, we

3https://github.com/ProjectDossier/patient-trial-matching
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focus on Precision as the primary metric for optimising retrieval models. Our goal is to
identify trials for which patients are eligible, and Precision provides strict feedback to
achieve this aim.

2.3.3 Implementation details
We use ScispaCy [180] and medspaCy [64] to implement our entity extraction experiments.
We apply the spaCy NER model trained on the bc5cdr dataset4 to detect disease and
drug mentions.

We have decided to use the ConText algorithm [85] to determine whether extracted
entities were negative or affirmative. While more recent algorithms are available for
identifying assertions in clinical text [259], we opted for the ConText algorithm due to
its established track record and availability inside the medspaCy library. Moreover, as
our approach is focused on enriching not only 125 queries but also 375,000 clinical trial
documents, an additional criterion for selecting the ConText model was its scalability.

Text is lowercased, and tokenised with the spaCy’s en_core_sci_lg model5; punc-
tuation and stopwords are removed. As a main lexical retrieval model, we use the
BM25+ [253] “out-of-the-box”, i.e. without parameter optimisation, implemented in
the Rank-BM256 Python package. Furthermore, for the first two experiments, we also
test two other lexical models, namely TF-IDF [242] and DFR model based on inverse
document frequency with Bernoulli after-effect and H2 normalisation (In_expB2) [7],
both implemented in the Terrier search engine7. Our Clinical Trials parsing script is
available as a separate open-source package8.

2.4 Results
We begin by assessing the effectiveness of using clinical trial sections. Subsequently, we
examine the influence of extracted entities and filtering techniques.

2.4.1 Clinical trials sections
We first evaluate the utility of different sections of CTs. For this experiment, we use the
raw, unmodified version of the clinical trial and patient description text. We successfully
extracted the ‘inclusion’ and ‘exclusion’ sections from the eligibility criteria for 91% of
the clinical trials. For the remaining 9% of trials where extraction did not work, we
attributed the empty text to both the ‘inclusion’ and ‘exclusion’ sections. We create

4https://s3-us-west-2.amazonaws.com/ai2-s2-scispacy/releases/v0.5.3/en_
ner_bc5cdr_md-0.5.3.tar.gz

5https://s3-us-west-2.amazonaws.com/ai2-s2-scispacy/releases/v0.5.3/en_
core_sci_lg-0.5.3.tar.gz

6https://github.com/dorianbrown/rank_bm25
7http://terrier.org
8https://github.com/WojciechKusa/clinical-trials
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Table 2.2: Impact of CTs’ sections on the performance of the BM25+ retrieval model.
The first group contains results using only a single section as a document representation,
and the second group represents results using several concatenated sections. The ‘criteria’
section represents the original text from the eligibility criteria section of a clinical trial.
The ‘inclusion’ and ‘exclusion’ sections are derived from the ‘criteria’ section using
heuristic methods. Underlined values indicate highest score within the group, bold
values indicate highest score overall. The identifier of each run is in the first column.

TREC CT 2021 TREC CT 2022
# Input sections nDCG@5 nDCG@10 P@10 RR nDCG@5 nDCG@10 P@10 RR
1. brief title .218 .205 .131 .298 .216 .189 .128 .297
2. official title .245 .215 .137 .293 .237 .205 .140 .370
3. description (desc.) .354 .317 .195 .408 .324 .277 .168 .381
4. summary (sum.) .332 .315 .192 .376 .346 .305 .220 .480
5. conditions (cond.) .168 .164 .109 .245 .165 .155 .102 .224
6. inclusion .405 .391 .252 .478 .373 .337 .230 .459
7. exclusion .120 .117 .048 .114 .169 .137 .068 .173
8. criteria .397 .367 .199 .411 .363 .338 .216 .437
9. brief title + official title (tit.) .270 .256 .172 .322 .261 .220 .150 .369
10. sum. + criteria + tit. .470 .445 .255 .467 .450 .427 .292 .542
11. desc. + criteria + tit. .490 .448 .259 .470 .426 .394 .258 .446
12. sum. + desc. + tit. .402 .386 .243 .443 .414 .381 .272 .491
13. sum. + desc. + tit. + cond. (all) .400 .380 .228 .437 .407 .379 .272 .473
14. all + inclusion .508 .462 .276 .505 .464 .437 .312 .520
15. all + exclusion .398 .367 .203 .395 .386 .363 .238 .451
16. all + criteria .491 .464 .272 .492 .465 .426 .290 .506

several indexes and retrieval models with different combinations of sections as input
features. The results for the BM25+ model are presented in Table 2.2. The first eight
rows represent results when only one CT section was used to create an index, whereas
the remaining rows present runs conducted on the concatenations of selected sections.
Meanwhile, the results for In_expB2 and TF-IDF retrieval models are presented in Table
2.3.

Among single section runs, the usage of the inclusion field alone (run 6) yields the highest
Precision@10 and nDCG@5 scores for the BM25+ model, both for 2021 and 2022 data.
Moreover, for 2021 topics, the inclusion section also achieves the highest nDCG@10 and
RR from all single input sections (runs 1–8). Run 6 is also on par with run 13, that
concatenates all sections except eligibility criteria.

Notably, for the 2022 collection, for all single-field runs, the summary field consistently
achieves the highest on-average Reciprocal Rank (RR) across the three evaluated retrieval
models. This distinction can be attributed to the nature of RR, which is the multiplicative
inverse of the rank of the first relevant trial. The summary field, often offering a broader
overview of CT, might match more queries due to its generic terms, thus potentially
positioning the first relevant document higher. However, metrics like Precision@k and
nDCG@k emphasise the presence of multiple relevant items within the top k results.
Hence, sections with specific details, such as the inclusion criteria, might find more
eligible trials for a patient, explaining the observed variances across different evaluation
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Figure 2.2: Topic-by-topic Reciprocal Rank (top) and P@10 (bottom) scores comparison
for a BM25+ model with different document representations for TREC CT 2022 data.

metrics. This observation is further supported by a topic-by-topic comparison of RR and
P@10 for the BM25+ model, as illustrated in Figure 2.2. Nevertheless, there are patients
for which the inclusion section run outperforms the summary in terms of RR.

Concatenating more sections to create an index improves the on-average nDCG scores.
However, this does not always hold for the metrics that consider the distinction between
eligible and ineligible (P@10 and RR).

The exclusion section achieves the worst results from all single section runs (run 7),
even when compared to runs using only the title of a clinical trial. Moreover, simply
adding the text from the exclusion section for the bag-of-words approaches decreases the
retrieval performance when compared to using the inclusion section only (run 16 versus
14). These outcomes motivate our subsequent experiments and document enrichment
techniques described in Section 2.2.1, where we try to structure the knowledge contained
in the eligibility section to take advantage of the available data.

The results for In_expB2 and TF-IDF retrieval models follow a similar trend, with the
differences for 2022 data even higher than for the BM25+ model. The only noticeable
difference is the nDCG scores for the TF-IDF model being higher when using all sections
with eligibility criteria compared to using the inclusion section (run 16 versus 14). This
outcome shows that our findings can be generalised to other lexical models.
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Table 2.3: Impact of CT sections on the performance of In_expB2 and TF-IDF retrieval
models. For each model, the first group contains results using only a single section
as a document representation, and the second group represents results using several
concatenated sections. The ‘criteria’ section represents the original text from the eligibility
criteria section of a clinical trial. The ‘inclusion’ and ‘exclusion’ sections are derived
from the ‘criteria’ section using heuristic methods. Underlined values indicate highest
score within the group, bold values indicate highest score overall for each model. The
identifier of each run is in the first column.

TREC CT 2021 TREC CT 2022
# Input sections nDCG@5 nDCG@10 P@10 RR nDCG@5 nDCG@10 P@10 RR

In_expB2
1. brief title .174 .167 .112 .221 .222 .193 .134 .296
2. official title .194 .179 .109 .252 .245 .209 .146 .380
3. description (desc.) .354 .327 .200 .458 .341 .296 .186 .380
4. summary (sum.) .299 .288 .172 .313 .373 .322 .222 .511
5. conditions (cond.) .119 .119 .081 .172 .141 .135 .094 .196
6. inclusion .398 .370 .225 .445 .389 .345 .238 .485
7. exclusion .147 .131 .051 .134 .138 .133 .070 .142
8. criteria .386 .360 .192 .409 .347 .322 .224 .409
9. brief title + official title (tit.) .252 .235 .149 .325 .300 .248 .162 .423
10. sum. + criteria + tit. .454 .426 .227 .467 .474 .435 .286 .574
11. desc. + criteria + tit. .462 .437 .248 .419 .437 .417 .292 .441
12. sum. + desc. + tit. .441 .405 .252 .517 .455 .415 .282 .488
13. sum. + desc. + tit. + cond. (all) .440 .411 .252 .533 .463 .420 .282 .493
14. all + inclusion .518 .482 .281 .553 .506 .480 .346 .539
15. all + exclusion .395 .365 .203 .377 .425 .388 .254 .473
16. all + criteria .480 .455 .267 .441 .490 .449 .312 .508

TF-IDF
1. brief title .196 .172 .107 .253 .221 .193 .130 .305
2. official title .203 .181 .109 .256 .238 .200 .138 .353
3. description (desc.) .313 .280 .160 .396 .309 .272 .162 .387
4. summary (sum.) .281 .263 .147 .327 .336 .288 .196 .496
5. conditions (cond.) .124 .127 .087 .180 .152 .144 .094 .201
6. inclusion .411 .377 .229 .466 .383 .333 .232 .444
7. exclusion .145 .132 .053 .146 .139 .129 .072 .125
8. criteria .383 .364 .199 .421 .338 .316 .220 .405
9. brief title + official title (tit.) .235 .213 .129 .300 .276 .223 .146 .397
10. sum. + criteria + tit. .444 .411 .214 .436 .416 .389 .260 .497
11. desc. + criteria + tit. .458 .429 .232 .435 .403 .385 .264 .438
12. sum. + desc. + tit. .364 .335 .195 .429 .392 .354 .236 .480
13. sum. + desc. + tit. + cond. (all) .362 .332 .184 .435 .405 .358 .234 .505
14. all + inclusion .478 .446 .260 .481 .430 .406 .282 .474
15. all + exclusion .380 .345 .183 .381 .380 .342 .222 .454
16. all + criteria .482 .450 .248 .454 .437 .407 .274 .478

2.4.2 Impact of extracted entities

To determine the impact of the extracted entities, we selected the optimal configuration
of input sections from the previous step, which used the summary, description, titles,
conditions, and inclusion criteria (run 14). We use these sections as a base document
representation and enriched it with different combinations of extracted entities: c – only
current medical conditions, cf – current and family medical history, cp – current and
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Table 2.4: Experimental results for runs with index and query expanded with extracted
entities. Letters describe usage of extracted affirmative and negative medical entities for
(c) current conditions, (p) past conditions, and (f) family history. Bold values indicate
highest score overall. The identifier of each run is in the first column.

TREC CT 2021 TREC CT 2022
# Model nDCG@5 nDCG@10 P@10 RR nDCG@5 nDCG@10 P@10 RR
14. all + inclusion .508 .462 .276 .505 .464 .437 .312 .520
16. all + criteria .491 .464 .272 .492 .465 .426 .290 .506
14a. + c .524 .480 .292 .542 .500 .459 .328 .528
14b. + cf .524 .481 .293 .542 .500 .460 .330 .528
14c. + cp .532 .478 .287 .555 .501 .460 .328 .521
14d. + cfp .532 .480 .288 .555 .502 .460 .328 .521

past medical conditions, cfp – current, family and past medical conditions.

The results for the BM25+ model are presented in Table 2.4. Using extracted items from
patients positively impacts the final score. The highest Precision scores are achieved
with extracted affirmative and negated entities for the current and family medical
history. The low impact of past medical condition can be explained by an infrequent
occurrence of this data in patient descriptions in the TREC dataset and the quality of the
ConText algorithm. Extracted entities contribute more positively to the measures where
judgements distinguish between eligible and ineligible patients. The best-performing
model (14d) comprises all available extracted data (affirmative and negative entities for
current, past and family medical history) to enrich the index. This tells us that our
proposed method can potentially improve the retrieval with complex negated sentences.
However, the relative performance gain is low, and a detailed analysis is needed to
understand how it can be further improved.

Topic #48 of TREC CT 2021 and entities extracted from it using our approach are pre-
sented in Table 2.5. The table shows drug and disease mentions with information if these
mentions are negated. These entities are classified into current, past and family medical
conditions. Upon examination, our entity extraction and section classification models
may produce false negatives. For instance, they failed to recognise ‘MI’ (Myocardial
Infarction) as a disease in the family history or ‘fungal hyphae’ as a current condition.
In our exploration of other topics and clinical trial documents, we also encountered
false positives, where entities were extracted erroneously and did not correlate with
drug or disease mentions. These inaccuracies affect the final retrieval result. By further
fine-tuning our models on domain-specific data, we anticipate an enhancement in retrieval
quality.

Results for In_expB2 and TF-IDF retrieval models are presented in Table 2.6. The
In_expB2 model on TREC CT 2021 data is the only one for which our query and
document enrichment techniques do not improve results. We hypothesise that this is the
case as the starting model (run 14) was already a very strong model compared to other
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Table 2.5: Example entities extracted for Topic #48 from TREC CT 2021.

Topic #48: Fernandez is a 41 year man who is a professional soccer player. He came to the clinic with
itchy foot. Physical exam revealed localized scaling and maceration between the third and fourth of his
right toe. It became inflamed and sore, with mild fissuring. The dorsum and sole of the foot was unaffected.
There is no pus or tearing in the affected area. He didn’t use ant topical ointment on the lesion and has
no positive history for any underlying disease such as DM. He smokes 15 cigarettes per day and drinks a
beer per day. His family history is positive for hyperlipidemia in her mother and MI in her father. He is in
relation with several partners and use condom during the intercourse. His physical exam and lab studies
were normal otherwise. Tinea pedis infection confirmed as his diagnosis by the observation of segmented
fungal hyphae during a microscopic KOH wet mount examination.

Section Entity Is negated

Current MC

itchy —
sore —

fissuring —
tearing ✓

Tinea pedis infection —
KOH —

Past MC DM ✓
Family MH hyperlipidemia —

baselines. For the TF-IDF model, we can observe that the enrichment with current and
past medical entities yields the best results both for 2021 and 2022 data.

2.4.3 Effectiveness of filtering
Next, we test several filtering methods as described in Section 2.2.4. As a base run, we
take our best configuration from the previous experiment: BM25+ run enriching data
with current medical conditions and medical history of the patient and family (run 14d).
Results for TREC CT 2021 are presented in Table 2.7.

Our filtering results align with other researchers’ results, confirming that utilising age
and gender fields can improve the quality of the final matching. The usage of both filters
(run e) removes, on average, 26.3% trials from the top 1000 retrieved documents for all
topics of the 2021 collection, improving the P@10 score by 4.9 percentage points over the
unfiltered run. Out of these two fields, the contribution of the age filter has more impact
and is significantly better than the base run.

On the other hand, smoking and alcohol related-filtering does not help to improve the
results further (runs f and g). We grouped these filters together as our algorithm did
not identify any smoker, and only nine drinking patients in the TREC CT 2021 topics.
Despite only these few mentions, we observe deterioration of the results.

Figure 2.3 presents a topic-by-topic analysis of the results in terms of the number of
relevant trials ranked in top 20 using lexical models for the three best runs from each
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Table 2.6: Experimental results for runs with index and query expanded with extracted
entities for In_expB2 and TF-IDF retrieval models. Letters describe usage of extracted
affirmative and negative medical entities for (c) current conditions, (p) past conditions,
and (f) family history. Bold values indicate highest score overall for each model. The
identifier of each run is in the first column.

TREC CT 2021 TREC CT 2022
# Model nDCG@5 nDCG@10 P@10 RR nDCG@5 nDCG@10 P@10 RR

In_expB2
14. all + inclusion .518 .482 .281 .553 .506 .480 .346 .539
16. all + criteria .480 .455 .267 .441 .490 .449 .312 .508
14a. + c .499 .457 .272 .483 .515 .484 .340 .555
14b. + cf .491 .455 .272 .479 .524 .482 .342 .554
14c. + cp .494 .461 .267 .494 .521 .479 .336 .559
14d. + cfp .492 .457 .267 .490 .521 .475 .332 .547

TF-IDF
14. all + inclusion .478 .446 .260 .481 .430 .406 .282 .474
16. all + criteria .482 .450 .248 .454 .437 .407 .274 .478
14a. + c .484 .452 .259 .463 .496 .439 .302 .536
14b. + cf .481 .446 .259 .457 .493 .437 .302 .528
14c. + cp .483 .459 .261 .515 .475 .439 .306 .511
14d. + cfp .477 .453 .259 .508 .477 .439 .304 .517

Table 2.7: Filtering results on TREC CT 2021 data. Letters describe the used filters:
(A) Age, (G) Gender, (S) Smoking and (D) Drinking. Bold values indicate highest
score overall. Superscripts denote significant differences in paired Student’s t-test with
p ≤ 0.05. The identifier of each run is in the first column.

# Model nDCG@5 nDCG@10 P@10 RR % filtered trials
a 14. 0.508 0.462 0.276 0.505 —
b 14d. 0.532 0.480 0.288 0.555 —
c 14d. + A 0.554af 0.509abdf 0.335abdf 0.603abdf 23.4%
d 14d. + G 0.537f 0.483f 0.288 0.556b 5.7%
e 14d. + AG 0.561abdf 0.513abcdf 0.337abdf 0.604abdf 26.3%
f 14d. + SD 0.526 0.475 0.284 0.546 0.7%
g 14d. + AGSD 0.555af 0.509abdf 0.335abdf 0.595abdf 26.7%

experiment. We can observe an incremental gain both from extracted entities and
filtering.

2.4.4 Finding eligible trials

Figure 2.4 presents two plots with an averaged per patient count of relevant and excluded
trials depending on a cutoff point for TREC 2022 collection. We compare our result to
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Figure 2.3: Topic-by-topic number of relevant trials in the top 20 for the three best
BM25+ runs from each experiment: 14 – baseline, 14d – further query and index enriched
with extracted entities, and 14d+AG – further filtered for age and gender.

the TCRR neural re-ranking model [136]9. Both applied techniques, namely extracting
drug and disease entities and filtering by age and gender, impacts finding more eligible
trials. However, only the run with filtering is able to retrieve consistently fewer ineligible
trials than the baseline run. We can also see that, on average, our best run (14d-AG),
retrieves twice as many trials for which a patient is eligible than ineligible.

Upon comparison with a neural TCRR method, it can be observed that our approach
yields less favourable outcomes for retrieving eligible trials (although similar in terms
of excluded trials as shown in the lower part of Figure 2.4). However, it is important
to note that methods like TCRR and other neural re-rankers need a solid first-stage
retrieval model to work well. Our query and document enrichment approach builds a
strong foundation for first-stage retrieval models, which helps improve the performance
of TCRR. Moreover, when directly compared to TCRR, our method offers lower latency,
an important factor to consider.

There are several limitations of this study, both related to the dataset and the models.
Usage of the TREC CT collection implies that the patient descriptions are relatively
short, i.e., EHR admission note-style documents. We acknowledge that our approaches
could have problems handling longer sequences.

Furthermore, the topics are written only in English. This does not concern clinical trials,
for which the ClinicalTrials.gov database is the leading international source. Nevertheless,
multilingual medical retrieval may present challenges for both lexical and neural models,
as the nuances and complexities of medical terminology can vary significantly across
languages. Addressing these limitations and developing strategies for multilingual medical
retrieval is an essential area for future research.

9In this paper, the TCRR model was developed by Óscar E. Mendoza from the University of
Milano-Bicocca and is described in his PhD thesis “Adaptation of neural-enhanced retrieval model to
domain-specific tasks”.
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Figure 2.4: Averaged per patient count of relevant (top) and excluded (bottom) trials
depending on a cut-off of K trials retrieved (x-axis) for TREC CT 2022 collection.

2.5 Summary
This chapter presents an approach for clinical trial retrieval under the patient-to-trial
paradigm. We investigate the impact of individual clinical trial sections showing that
the ‘inclusion’ section alone contributes the most to the final retrieval score. Moreover,
we evaluate the handling of complex eligibility criteria for matching patients to clinical
trials by combining input from information extraction modules into a lexical retrieval
model. The extracted drug and disease entities and their negations positively impact
the retrieval of eligible trials. Filtering based on gender and age proved to be successful
in eliminating ineligible trials. Even though our proposed system involves many single
components, it showcases an alternative approach to the clinical trial matching problem,
emphasising the importance of eligibility criteria. In future work, we plan to measure the
impact of extracted entities on neural re-ranking models.
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CHAPTER 3
Background and Literature

Review

In the remaining part of the thesis, we focus on the task of citation screening for systematic
literature reviews. This chapter introduces the related work and state-of-the-art for this
task. Specifically, in Section 3.2, we present the process of systematic literature reviews
in detail. In Section 3.3, we overview the task of citation screening, presenting current
automation approaches. Next, in Sections 3.4 and 3.5, we focus on available datasets
and evaluation approaches for citation screening, respectively. In Section 3.6, we outline
tools available to researchers for reviewing the literature, primarily in the context of
systematic reviews.

We base our literature review about the automation of systematic literature reviews and
citation screening on three recent surveys of this topic:

• Systematic review conducted by O’Mara-Eves et al. [190] in 2015;

• Update to the review above, completed by Norman [182] in 2020;

• Systematic review conducted by van Dinter et al. [261] in 2021.

We extend these reviews to cover published research until May 2023.

3.1 Notation
In Table 3.1, we present the definitions, standard evaluation measures, and notation
used throughout the thesis. Items are ordered by importance, starting with the most
general terms. While concepts related to systematic literature reviews adhere to standard
definitions, some notation connected to evaluation is specific to this thesis.
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Table 3.1: Definitions of concepts and terms used in the thesis.

Concept Definition

Systematic Litera-
ture Review, SLR

A research method that involves reviewing existing literature in
a structured and comprehensive way to answer a specific research
question.

Review Protocol A detailed plan that describes the rationale, hypothesis, and planned
methods of the systrmatic literature review.

Cochrane An international network dedicated to creating and disseminating
SLRs on the effects of healthcare interventions. The Cochrane Library
is a key resource for systematic reviews in health care.

Publication Any piece of academic or scholarly work, such as articles, reports, or
papers, that is disseminated to a wider audience.

Study An organised and detailed piece of research conducted with the
objective of answering a specific question or testing a particular
hypothesis. It involves the systematic gathering and interpretation
of data to derive meaningful insights on a targeted subject.

Eligibility Criteria Guidelines or standards predefined in the review protocol, used
to determine which studies or publications should be included or
excluded from a systematic review. These criteria ensure that only
relevant and appropriate studies are considered, thereby maintaining
the review’s validity and reliability.

Includes Refers to the set of publications included in an SLR based on the
eligibility criteria.

Excludes Refers to the set of publications that don’t meet the set eligibility
criteria and are omitted from the SLR.

Meta-Analysis A statistical technique that combines the findings from indepen-
dent studies to synthesise evidence on a particular topic or research
question. It provides a quantitative estimate of the overall effect of
a particular intervention or treatment based on pooled data from
multiple studies.

SLR Outcome A comprehensive conclusion or set of findings that arise from
analysing the literature reviewed within a systematic literature re-
view. For instance, in a systematic review exploring the efficacy of
a certain drug on reducing blood pressure, the SLR outcome might
state: “After analyzing 50 studies, the drug was found to reduce
systolic blood pressure by an average of 10 mmHg more than the
placebo.”

Forest Plots Graphical representation of the estimated results from individual
studies in a meta-analysis, along with the overall results.

Group Size The total count of individuals enrolled in the experimental or control
group.
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Table 3.1: Definitions of concepts and terms used in the thesis.

Number of Events The count of specific occurrences or outcomes observed within the
study groups, such as number of individuals exhibiting particular
symptoms or adverse events.

Weight of a Study The importance or influence given to a study when calculating an
average or combined effect in a meta-analysis.

Effect Size Measure of the strength of the relationship between two variables
in a statistical population (e.g., risk ratio or standardised mean
difference) in events between the experimental and control group.

RevMan A Cochrane tool available for conducting meta-analysis and managing
SLR.

CLEF TAR The “Conference and Labs of the Evaluation Forum – Technology
Assisted Reviews”. CLEF is an initiative that focuses on the evalua-
tion of information access systems, and the TAR track specifically
dealt with technologies aimed at assisting systematic reviews.

Run A specific execution of a machine learning system, using a particular
model, parameters, and data. In the case of citation screening, runs
can be retrieval (publications returned for a query), classification
(publications relevant to the SLR topic) or ranking (publications
sorted by their relevance to SLR topic).

Measure Definition

Recall Also known as sensitivity, measures the proportion of relevant items
retrieved compared to the total number of relevant items.

TNR True Negative Rate, also known as specificity, a traditional measure
for evaluating citation screening.

nDCG Normalised Discounted Cumulative Gain, a measure of ranking
quality.

WSS Work Saved over Sampling, a traditional measure for evaluating
citation screening.

Notation Definition

I set of relevant documents that should be included in the review,
includes

E set of irrelevant documents that should be excluded in the review,
excludes

|I| number of includes
|E| number of excludes
N total number of documents |I| + |E|
TP number of true positives, i.e., includes classified correctly
TN number of true negatives, i.e., excludes classified correctly
FP number of false positives, i.e., excludes classified incorrectly
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Table 3.1: Definitions of concepts and terms used in the thesis.

FN number of false negatives, i.e., includes classified incorrectly
r% a recall value of r%
nr% rank of a document for which the recall level of r% is achieved
X@r% evaluation measure X calculated at a fixed recall value of r%
X@d evaluation measure X calculated at a fixed cut-off of d documents
X@d% evaluation measure X calculated at a fixed cut-off of d%·N documents
Oo Original outcome of the review.
Op Predicted outcome based on evaluated system.
CIlower Lower bound of the confidence interval of the original outcome.
CIupper Upper bound of the confidence interval of the original outcome.
MoD Magnitude of difference in the outcome effect size: ∥Oo−Op∥

∥Oo∥ .
∆CI Distance between the predicted outcome and the closest bound of

the CI: min(∥Op − CIlower∥, ∥Op − CIupper∥).
IPi Publication Influence, it quantifies the extent to which a publica-

tion affects the outcomes of an SLR, as defined by the formula:�J
j

�K
k

MoDj,k

npsk


.

3.2 Systematic Literature Reviews
What is perceived to be the first analytical approach to aggregate the outcomes of several
clinical studies was published in 1904 by Karl Pearson [196]. Synthesis of research findings,
systematically and critically appraised, emerged in the 1970s under the term ‘meta
analysis’ [240]. The Cochrane Collaboration1 was established in 1993 and has created
the ground for evidence-based medicine. Now, Cochrane is an international network
of researchers, academics and practitioners dedicated to the principles of managing
healthcare knowledge in such a manner that ensures their high quality, availability and
completeness [94]. There are more than 220,000 records published between 2000 and 2022
tagged as SLRs in PubMed2. Under the assumption that the number of publications was
constant throughout the years, there was, on average, 10,000 SLRs published per year.
PROSPERO, international prospective register of systematic reviews, had 15,667 new
registrations in 2018 alone, and this data comes from the times before the COVID-19
pandemic [182].

3.2.1 How is a systematic literature review conducted?
Systematic literature reviews consist of multiple steps which do not necessarily follow
the linear order. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) is the standard methodology followed by most authors for conducting SLRs in

1https://www.cochrane.org
2https://pubmed.ncbi.nlm.nih.gov/
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Figure 3.1: Fourteen steps of the systematic literature review process clustered into five
high-level categories. Steps and process description according to the Cochrane [94], figure
adapted based on Tsafnat et al. [254].

medicine [174]. Depending on the granularity, previous studies enumerated between four
and up to 15 tasks that might be included in the SLR process [254]. A representation of
the ordered fourteen SLR steps is presented in Figure 3.1. On a high level, the task can
be categorised into five different phases: Preparation, Writing, Retrieval, Appraisal, and
Synthesis.

Preparation: The preparation stage is foundational, laying the groundwork for the
systematic review. The first step, formulating the research question, involves delineating

39



3. Background and Literature Review

the scope and objectives of the review. This is followed by the development of a search
strategy, which sets out the plan for identifying relevant literature sources. It includes
selecting keywords, databases, and other sources to be searched.

Writing: In the writing phase, the review protocol is created. This protocol outlines the
methods and processes that will be followed throughout the systematic review. It ensures
transparency and replicability of the review process. Later in the process, after data
extraction and synthesis, the results and insights are consolidated and presented in a
comprehensive review.

Retrieval: Retrieval encompasses a set of steps focused on obtaining the literature.
The first step is searching databases and other sources based on the pre-defined search
strategy. Once the initial pool of articles is obtained, de-duplication is done to remove
any redundant articles. After the appraisal stages, there is often a need to obtain
more literature, either by obtaining full texts not available initially or by ‘snowballing’
citations–looking at the references and citations of obtained articles to find more relevant
articles. Re-checking the literature ensures that no recent or crucial articles have been
missed.

Appraisal: Once articles have been retrieved, they must be appraised for relevance and
quality. This process begins by screening titles and abstracts to filter out unrelated
or low-quality articles. For those articles that pass this initial screening, full texts are
obtained and screened. This deeper dive allows reviewers to ascertain the relevance and
rigour of each article, ensuring that only the most pertinent and trustworthy sources
inform the review’s findings. In the medical SLRs, the standard is to have two reviewers
appraise and agree on the decision on each paper.

Synthesis: The synthesis phase is where insights start to emerge. Data from the included
articles is extracted, capturing the vital information required to answer the research
question. This data is then synthesised, often combining quantitative or qualitative
findings from different articles to derive more comprehensive insights. If the data allows,
a meta-analysis might be performed in some cases. This statistical technique combines
results from multiple studies to provide a more robust estimate of an effect or phenomenon.

The SLR process, while complex, provides a high level of clarity and depth, making it
invaluable in informing research, policy, and practice across various fields. Among the
most time-consuming steps of the SLR process, the study selection and data extraction
repeatedly come first [186, 34, 11, 231]. Surprisingly, Haddaway and Westgate [82] report
that the most significant proportion of time was needed for administration and planning,
which are beyond the reach of current automation techniques. Automated citation
screening methods could also help in updating the timeliness of reviews as it would allow
for the creation of “living reviews” (Section 3.2.3).

One crucial framework often used within the SLRs of clinical research is the PICO
framework. PICO stands for Patient/Population, Intervention, Comparison, and Outcome.
This framework facilitates the structuring of clinical questions and subsequently aids in
the systematic search of literature [94]:
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• Patient/Population – Defines the patient or population group in question. It is
crucial for pinpointing the exact demographic or condition under investigation.

• Intervention – Describes the treatment, exposure, or management strategy that is
being considered for the patient or population group.

• Comparison – Refers to the alternative against which the intervention is compared.
It can be a placebo, another treatment strategy, or no intervention at all.

• Outcome – Enumerates the effects or endpoints that are being measured. This
could range from physiological measures to patient satisfaction.

The PICO framework provides a clear method to translate clinical questions into com-
ponents that can be used to search databases in an organised and efficient manner.
However, it is important to clarify that the PICO framework is particularly applicable
and predominantly used within Randomised Clinical Trials (RCTs). Within the SLR
process, the PICO framework is used for instance in the retrieval phase to help formulate
search strategies. Moreover, when specifying inclusion and exclusion criteria for studies
in the review, the PICO criteria offer a systematic approach to deciding which studies
are relevant to the posed research question.

3.2.2 Challenges in conducting systematic literature reviews

Conducting systematic literature reviews comes with several challenges that can affect
the process and results [83].

Bias and objectivity concerns in selection SLRs aim to provide unbiased insights,
but inadvertent biases in study selection, weighting, or emphasis can skew the review’s
results [10, 247]. Ensuring consistent criteria and transparency throughout the selection
process is vital to maintaining the review’s credibility and integrity.

Database limitations and coverage Relying on databases for literature sourcing
presents a challenge: no single database captures every relevant publication [192, 160].
If a database omits essential journals or articles, it can inadvertently introduce gaps in
the SLR. Hence, multi-database searches and alternative sourcing methods are vital to
ensuring a review’s comprehensiveness.

Heterogeneity in study designs Researchers working on SLRs must navigate through
many sources when dealing with different study designs, from RCTs to observational
studies [156]. The inherent diversity complicates the synthesis process, necessitating
robust strategies to compare and consolidate results uniformly.

41



3. Background and Literature Review

Language and translation barriers The global nature of research means that crucial
studies might be published in languages unfamiliar to the reviewers [179]. Overlooking
or misinterpreting these due to translation inaccuracies can skew SLR results. As such,
investing in accurate translation services and multilingual review teams is crucial to
maintaining an SLR’s comprehensiveness and reliability.

Redundancy in review efforts Systematic literature reviews (SLRs) often involve
repetitive tasks, such as screening similar articles or using overlapping search terms,
leading to inefficiencies in the review process [103, 10]. By developing better tools and
protocols, there exists a significant potential for streamlining the SLR process, enhancing
productivity, and effectively reducing redundant efforts.

Escalating workload The exponential growth in the volume of published literature
means reviewers face the daunting task of comprehensively reviewing and synthesising
vast amounts of information [182, 16]. As this workload increases, it is essential to
adapt methodologies, leverage technology, and develop new tools to cope with the surge,
ensuring reviews remain thorough and reliable.

Extended duration of systematic review completion By their nature, SLRs are
thorough and meticulous, demanding significant time and effort to ensure every piece of
relevant literature is considered [94, 143, 26]. This extended duration can be challenging
for researchers and stakeholders awaiting results. Hence, there is a pressing need for
innovative strategies that can expedite the review process without sacrificing its rigour
and quality. Moreover, certain research domains evolve at a very fast pace, making some
SLR findings obsolete soon after they’re published [236, 19]. In such dynamic fields of
science, periodic reviews, rapid updates, and agile methodologies become essential to
keep the literature review current and relevant.

3.2.3 Living reviews
The ever-evolving landscape of knowledge requires a more agile approach to literature
reviews. As described in the previous section, traditional systematic reviews, while
comprehensive and rigorous, can quickly become outdated as new studies and findings
emerge. To address this limitation, there has been a growing interest in the concept
of living literature reviews in the medical community [61, 282]. Unlike their static
counterparts, living reviews are dynamic and iterative, ensuring that they are always
up-to-date and in tune with the latest evidence. This continuous evolution is instrumental
in providing clinicians, researchers, and policymakers with the most relevant and current
insights.

The process of conducting a living review involves consistent monitoring of the research
landscape for new evidence that can potentially impact the review’s conclusions. The
living review is promptly updated to incorporate these findings when significant new
research is identified. These constant updates ensure that the review remains a reliable
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source of information, reducing the time lag between the emergence of new evidence
and its assimilation into clinical or policy recommendations. Living reviews represent a
paradigm shift in evidence synthesis, ensuring that medical decisions are informed by
the most recent and robust evidence available. To ensure timely updates, living review
creators often leverage advanced tools and technologies to automate and scale up the
search and appraisal of relevant literature [164].

3.2.4 Systematic literature reviews outside medicine
The process applied in systematic literature reviews in medicine was also transferred into
other scientific domains, such as environmental sciences [21], software engineering [119],
social sciences [201] and engineering [31]. The Campbell Collaboration3, a sibling
organisation to Cochrane, emerged in 1999 and adapted Cochrane methodology to
produce systematic reviews on broader public policy issues. Searching the Web of
Science for the query: “systematic literature review” shows clear dominance in medical
sciences, followed by business economics, psychology, computer science, and engineering
sciences with a total of almost 130,000 publications [31]. However, outside the medical
domain, there exist fewer procedures, standards and guidelines. Moreover, there are
fewer dedicated tools that help researchers. The need for procedures, guidelines and tools
offering some automation is and will be manifested in these other disciplines.

3.2.5 Exploratory literature reviews
Finally, academic literature reviews (usually more exploratory than “systematic”) are
also conducted in the academic setting by myriads of PhD and Masters students [76].
This process enables students to familiarise themselves with the current state of the art,
theory and methods in their field. They can also identify gaps that could be addressed
by their research. Overlapping reviews are very often repeated by different groups as
there is no data sharing and exchange format that could enable reusing past reviews as
it is in systematic reviews in medicine [239, 103]. Guidelines and methodologies also aim
to improve this process but do not mention any automated approaches, and the search
process itself is not very structured but, instead, exploratory [202]. Students conduct
their literature review searches using multiple tools [241]. However, this area is still
underexplored compared to the systematic literature reviews. Further studies are needed
to assess the adoption of various tools for conducting exploratory literature reviews by
early-career academics. There is substantial potential in developing standards and tools
that academics could adopt for the purpose of literature reviews.

3.3 Citation Screening
All the documents retrieved from the search step constitute the input to the citation
screening (CS) step. In a manual screening scenario, annotators (also called reviewers

3https://www.campbellcollaboration.org
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or screeners) need to screen (appraise) all these documents to select only the fraction
relevant to the systematic review study, which should be included in the final review
(also known as includes). The remaining documents are irrelevant to the review topic
and should be excluded (also known as excludes).

Previous publications estimated that reviewers can screen from 0.13 to 2.88 abstracts
per minute (20 seconds to 7.7 minutes per publication), while screening one full text
article takes them from 4.3 to 5 minutes [186, 233]. Traditionally, for SLRs in medicine,
every publication needs to be appraised by at least two reviewers. Because the total
number of retrieved documents can go into tens of thousands, it is essential to find a way
of accelerating this process [190].

3.3.1 Task formulation
We start by introducing the task of citation screening for SLRs and presenting the
notations used for its formulation. An SLR is characterised by various attributes,
including the title, abstract, research question RQ, and eligibility criteria C. We refer to
all these attributes collectively as the SLR protocol. Eligibility criteria comprise a set of
rules and conditions that a document must meet for inclusion in the SLR. Given a pool
of all documents denoted as D, the main goal of automated citation screening is to assist
researchers in identifying relevant publications for inclusion in an SLR. Each document
d ∈ D has attributes such as its title, abstract, main content, authors, and publication
year.

Document retrieval The initial step involves document retrieval, which aims to
generate a set of potentially relevant documents D′ ⊆ D based on the research question
RQ. This step commonly involves querying bibliographic databases with specific keywords
and Boolean expressions. We can formulate this step as a retrieval function r, such that
r(RQ, C) = D′.

However, the retrieved set D′ may contain a large number of false positives (irrelevant
documents). Therefore, the following citation screening step is needed to exclude irrelevant
documents from the SLR. The task of citation screening for SLRs can be formally defined
as follows:

Definition 3.3.1 (Citation screening).
Given a set of documents D′ and a set of eligibility criteria C, the task of citation
screening for SLR is to systematically determine for each document d ∈ D′ whether it
satisfies the criteria C. This decision can be represented as a binary label yd ∈ {0, 1},
where yd = 1 if document d satisfies the criteria C, and yd = 0 otherwise.

It is important to emphasise that strict adherence to traditional Boolean search methods
as the initial step is not obligatory. Theoretically, the entire literature collection D,
could serve as the initial “pool” from which screening techniques are then applied to
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Abstract: To determine the effects and safety
of systemic antibiotics in the treatment of diabetic
foot infections compared with other systemic
antibiotics, topical foot care or placebo ...

Criteria: + randomised controlled trials,
+ studies of people with diabetes mellitus (type 1
or 2) with any type of foot wound that had been
diagnosed as infected, ...

1. Title and abstract screening 2. Full-text screening

Citation Screening for the SLR "Systemic antibiotics for treating diabetic foot infections"

Title: The Safety and
Efficacy of Daptomycin
Abstract: Daptomycin is the first
available agent from a new class of
antibiotics, the cyclic lipopeptides, that has
activity against a broad range of gram-positive
pathogens, including organisms ...

Title: The Safety and
Efficacy of Daptomycin
Abstract: Daptomycin is the first available
agent from a new class of antibiotics, the cyclic
lipopeptides, that has activity against a broad
range of gram-positive pathogens, including ...

Main article text: Complicated skin and
skin-structure infections (cSSSIs), such as wound
infections, major abscesses, or infected ulcers,
typically involve gram-positive pathogens ...Does the {{ publication.title }}
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meet the eligibility criteria
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Does the {{ publication.full_text }}
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{{ review.abstract }}
{{ review.abstract }}?

Document
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Figure 3.2: Illustration of the citation screening process, separated into two tasks (1) title
and abstract screening and (2) full text screening. Tasks are represented as a specific
example of question-answering when a single question asks for a fulfilment of all eligibility
criteria C at once.

isolate documents meeting specific criteria C. This perspective suggests a more flexible
and potentially more inclusive approach to literature review, leveraging the strengths
of modern computational methods. Nevertheless, this method raises another concerns
regarding trust and transparency [160].

The manual citation screening is conducted in two steps, differing in which attributes of
documents are considered (as shown in Figure 3.2): (1) title and abstract screening and
(2) full text screening. In the first step, the relevance of each document is evaluated based
on its title and abstract. In the second step, a more thorough assessment is performed
by examining the full text of the documents included in the previous step.

Binary classification and document ranking are central screening task formulations
for screening methods. Both directly assess documents against eligibility criteria in
a straightforward, binary fashion. Binary classification functions as the foundational
method, determining the relevance of each document by mapping its features to a binary
outcome. Document ranking extends this assessment by ordering the documents in a
manner that reflects their likelihood of meeting the set criteria, hence prioritising the
review process. In contrast, question answering and natural language inference represent
alternative formulations. Both offer a more fine-grained analysis of documents, often
revealing insights not immediately apparent through binary classification or ranking
methods.

Binary classification When citation screening is treated as a binary classification
problem, each document d ∈ D′ is assigned a binary label yd ∈ {0, 1} to indicate its
relevance (yd = 1) or irrelevance (yd = 0) to the SLR per the criteria C.

We denote the feature representation of document d as xd ∈ Rn, where n is the dimen-
sionality of the feature space. The goal is to learn a classifier f(xd; θ) parameterised by θ
that maps the feature representation to the predicted relevance score:

yd ≈ f(xd; θ) (3.1)
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The classifier can also leverage decisions made on previously screened papers. This
historical decision data acts as an additional source of information for the classifier. It
can either modify the feature representation xd or directly influence the classification
function f via parameter updates to θ.

In this case, let H represent the set of previously screened documents with their associated
decisions. The classifier may incorporate these decisions into its learning process, possibly
leading to a refined parameter set θ′ and an updated classification function f ′(xd, H; θ′).

yd ≈ f ′(xd, H; θ′) (3.2)

Document ranking In the context of citation screening, document ranking involves
ordering documents by their likelihood of meeting the eligibility criteria C. The ranking
function ρ, parameterised by ϕ, assigns a score to each document d ∈ D′ such that
documents more likely to satisfy C are positioned higher in the ranking:

∀d, d′ ∈ D′, C(d) > C(d′) =⇒ ρ(d; ϕ) > ρ(d′; ϕ) (3.3)

The document ranking approach can be converted to a binary classification task using a
threshold τ in the ranking scores. Documents with a ranking score above τ are classified
as relevant (yd = 1), and those below as irrelevant (yd = 0). For a given document d,
if ρ(d; ϕ) > τ , then yd is predicted to be 1, else 0. The threshold τ can be determined
based on the specific requirements of the SLR or through empirical methods such as
maximising a particular evaluation metric.

Question answering An alternative formulation of the citation screening task is to
frame it as a question-answering (QA) problem. In this approach, we transform the
eligibility criteria C into a set of questions Q = {q1, · · · , q|C|}, where each question qk

corresponds to a specific criterion in C.

For each document d ∈ D′, we obtain a set of predicted answers Âd = {âd
k|meets(qk, âd

k)},
where meets(qk, âd

k) denotes that the document d should meet the criterion expressed
by the question qk. The final relevance label ŷd of a document d can be determined by
aggregating the predicted answers Âd using a logical combination function, such as the
logical AND operation. This question-answering formulation offers a more fine-grained
assessment of a document’s relevance concerning various aspects of the eligibility criteria
C.

Natural Language Inference The task of natural language inference (NLI) involves
determining the logical relationship between a premise and a hypothesis. In the context
of automated document screening, the premise represents the eligibility criteria C, and
the hypothesis corresponds to the content of a document d. The NLI model, denoted as
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α, is trained to predict whether the hypothesis is true (entailment), false (contradiction),
or undetermined (neutral) given the premise:

ŷd = α(C, Content(d); ξ) (3.4)

Where ξ are the parameters of the NLI model. The entailment score can then be used
to infer the relevance of the document to the SLR. If the predicted result is entailment,
then the document satisfies the eligibility criteria and should be included in the SLR.
NLI explores the subtleties of logical relationships between document content and the
SLR criteria, adding a layer of inferential judgment to the screening process.

These four formulations of the citation screening task–binary classification, document
ranking, QA, and NLI–represent distinct but complementary approaches to the citation
screening process. Each contributes to a comprehensive strategy for efficiently identifying
relevant literature in an SLR. These methods can be integrated to leverage their strengths,
using classification as an initial filter, question answering and NLI for detailed analysis,
and ranking to organise the screening workflow.

3.3.2 Automated citation screening
Automated citation screening is an umbrella term for using natural language processing
(NLP), machine learning (ML) and information retrieval (IR) techniques with the goal of
decreasing the time spent on manual screening. According to a survey on the topic of
automation of systematic literature reviews by van Dinter et al. [263], 25 out of 41 analysed
primary studies published between 2006 and 2020 addressed (semi-)automation of the
citation screening process. Another, older systematic review from 2014 found in total
44 studies dealing implicitly or explicitly with the problem of screening workload [190].
Both of these surveys highlight that citation screening was automated the most often in
the past among other SLR steps. This can be attributed primarily to three factors: (1)
the importance and cost involved when conducting this step manually, (2) the relatively
low entrance level for researchers working on this topic as it can be represented as a
binary document classification problem, and (3) the availability of SLR datasets.

Screening automation is a general term for various approaches aimed at reducing workload
during the screening stage of systematic reviews [190]. These approaches can be divided
into four different categories [182]:

1. screening reduction – classification or ranking algorithms to automatically exclude
non-relevant publications;

2. screening prioritisation – ranking relevant records earlier in the process of screening;

3. automation as a second screener – classification or ranking methods to include
relevant publications instead of a second annotator;
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4. visual text mining – using NLP algorithms to present similarities allowing workers
to locate relevant documents faster.

Screening reduction approaches traditionally train a supervised model on an annotated
dataset sample to determine whether a paper should be included or excluded from the
review. They have the downside of requiring gathering manual annotations before making
any predictions for every new systematic review. In particular, many previous studies
used half of the dataset as a training dataset [99, 124, 130] which might limit their
applicability to larger systematic reviews.

Although innovative, the prioritisation approach in automated citation screening is not
without limitations, especially in context of medical systematic literature reviews where
comprehensiveness is essential. In a study by Tsou et al. [257], the prioritisation accuracy
varied greatly across datasets and approaches tested. Furthermore, the prioritisation
method, by design, does not reduce the total number of studies that need to be reviewed.
It merely rearranges the order in which they are assessed. While this might streamline
the initial phase of the review, enabling the reviewers to focus on later stages of the
process, it does not lessen the overall workload. Reviewers still need to assess each
study, making the time savings marginal at best. Furthermore, reliance on automated
prioritisation might inadvertently lead to overconfidence in the initial results, potentially
causing reviewers to give less attention to studies ranked lower, creating additional bias
in the review process.

Previous (semi-)automation approaches ranged from statistical models like naïve Bayes
classification [17, 166], support vector machine (SVM) [37, 165, 99, 36], voting percep-
tron [35] and random forest [122] to neural networks [124, 262, 130]. Martinez et al.
[165] proposed a system which combines both prioritisation via ranking and filtering
via classification. A significant limitation of all these approaches is the need for a large
number of manual annotations that must be completed before developing a reliable model
for every new systematic review [255]. Moreover, the majority of the classification models
are evaluated only retrospectively which might raise questions of data leakage when
considering large amounts of data used for pretraining language models.

Researchers looked at utilising external information in automated citation screening.
Timsina et al. [249] used UMLS tokens in order to improve the classification quality.
Tsafnat et al. [255] extracted four critical characteristics of observational studies (pop-
ulation, exposure, confounders and outcomes) and used them to filter studies showing
significant performance gains over standard approaches. Brockmeier et al. [27] trained a
named entity recognition model to extract PICO phrases which were used as additional
features for a relevance classification model.

A question-answering approach has been explored to enhance the efficiency of systematic
reviews, building upon the advancements in automated citation screening [295]. This
approach, detailed by Zou and Kanoulas [294], introduces an interactive method for
high-recall information retrieval. The methodology revolves around formulating direct
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questions about specific entities or information within documents that are likely to be
relevant but have not yet been identified. This approach aims to rapidly find the remaining
crucial documents in a collection by engaging reviewers in a question-and-answer format.
The system, utilising a Sequential Bayesian Search-based method, optimises the sequence
of questions to maximise efficiency in document retrieval. This technique is particularly
beneficial when identifying the last few relevant documents in a collection, which are
often the most challenging to locate using traditional methods. Notably, this approach
has been demonstrated to be effective even in scenarios where reviewers provide noisy or
imperfect answers.

A big part of the research focusing on reducing the screening workload has investigated the
use of active learning [35, 172, 269, 87]. Active learning approaches for document screening
were also introduced into some commercial software [100]. However, in systematic
literature reviews, active learning for screening is not as popular as in the legal domain,
where it has received considerable attention, with continuous active learning being able to
significantly reduce the burden of screening [44]. Despite the growing number of papers in
this domain highlighting potential work savings with certain algorithms or systems, these
savings are largely theoretical and evaluated a posteriori. Realizing these efficiencies in
practice hinges on developing a method to effectively determine the appropriate time to
stop the screening process.

Statistical stopping criteria have emerged as a vital component in automated screening
for systematic reviews, addressing the challenge of determining when to cease screening
while ensuring relevant studies are not missed [30, 151]. These criteria, based on sta-
tistical inference, estimate the probability of encountering additional relevant studies
and suggest stopping when this probability falls below a predefined threshold. Callaghan
and Müller-Hansen [30] introduced a statistical stopping criterion for active learning in
document screening, where screening continues until the recall surpasses a set target,
assessed through a hypothesis test using random sampling from unseen documents. The
process involves estimating the likelihood of missing relevant documents based on the
hypergeometric distribution and stops screening when this likelihood falls below a certain
confidence level, ensuring both efficiency and reliability in the screening process. Steven-
son and Bin-Hezam [243] have developed a novel stopping method for screening based on
point processes, demonstrating its effectiveness in achieving high recall with minimal doc-
ument screening and outperforming several alternative methods across various datasets.
Implementing these criteria requires balancing the risk of missing relevant studies against
the resources required for screening, making their integration into automated systems a
nuanced yet critical aspect of the screening process. This approach coincides with active
learning methods, offering an additional layer of efficiency by dynamically adjusting the
screening process based on real-time data analysis [35, 172].

Using automation as a second reviewer in systematic reviews suggests that while single-
reviewer screening can be efficient, it risks missing a significant number of studies.
Waffenschmidt et al. [266] found that single screenings by experienced reviewers missed
a median of 5% of studies, with varying impacts on meta-analysis findings. Similarly,

49



3. Background and Literature Review

Gartlehner et al. [73] reported a 13% miss rate in single-reviewer screenings. They
suggested that while single-reviewer screening may not meet the high standards expected
in systematic reviews, it could be a viable option for rapid reviews where methodological
rigour is balanced against the need for speed. These findings point towards the potential
of automated systems to act as a second reviewer, aiming to enhance the speed and
reduce the likelihood of overlooking relevant studies.

A different strategy for automating systematic reviews was presented during the CLEF
eHealth Lab Technology Assisted Reviews (CLEF TAR) in Empirical Medicine task [112,
113, 114] running between 2017 and 2019. The organisers curated a benchmark collection
of 129 systematic literature reviews with citations, eligibility decisions and review proto-
cols. Specifically, in the CLEF TAR 2019 edition, the challenge was to find all relevant
documents from a set of PubMed articles given a Boolean query. It overcomes the need
to create an annotated dataset but makes it harder to incorporate reviewers’ feedback.
Participants experimented with IR and NLP approaches during this task, using active
learning and relevance feedback.

The introduction of the Transformer architecture [264] was the giant leap forward in
deep learning for NLP. The BERT model [53] and its variants, which are based on
the Transformer architecture, have pushed state of the art for many NLP tasks. It
involves massive pre-training of a language model on unsupervised corpora and a detailed
supervised fine-tuning on a usually much smaller corpora of a downstream task. Pretrained
Transformer models have already replaced other architectures in multiple fields, including
text classification, information retrieval, and ranking [290]. So far, deep neural network-
based models have not managed to consistently outperform other approaches for citation
screening in medical systematic reviews [130]. This might be primarily due to the very
high class imbalance and lack of positive examples to train the model. Ioannidis [102]
used BERT-based models to work on document screening within the CLEF TAR task
achieving better results than the traditional IR models. Yang et al. [289] showed an
approach to successfully training the BERT model on a legal e-discovery dataset, and
this approach has a potential to also be applicable to systematic literature reviews. To
our knowledge, these were the first usages of a generative neural network models in a
document screening task.

3.3.3 Fixing the search

The search for documents is an essential step preceding the screening. It involves
developing a search strategy (the search query) using a research question and eligibility
criteria. This query is then issued to one or more search engines that index published
literature (e.g. PubMed4 or Embase5). Search strategies are commonly represented as
Boolean queries and are developed by information specialists in an iterative process [225].
These queries are large and complex as they need to cover multiple synonyms, acronyms

4https://pubmed.ncbi.nlm.nih.gov
5https://embase.com
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and spelling variations peculiar to the medical domain. The key motivation for using
Boolean queries instead of best-match retrieval systems is the need for reproducibility
enforced with a deterministic result set and static collection statistics.

As manual query formulation might take several weeks or even months [211, 117], another
strategy for improving the process focuses on the automated formulation of a search
query. This could fix many flaws coming from the currently used search process. It could
provide reviewers with seed studies or information specialists with an initial query to
begin the formulation process [227]. For instance, Karimi et al. [118] investigated the
early provision of the quality of search strategies by returning ranked results during the
strategy formulation process.

There are two main approaches to query formulation: conceptual formulation [33]
and objective formulation [89]. Objectively derived Boolean queries compared to the
conceptual approach have been found to typically yield retrieval effectiveness results
of higher sensitivity [90]. However, the objective approach can only be applied to
meta-reviews and not to typical systematic review query formulation.

The general approach consists of composing query logic using a systematic review protocol
and seed studies. Several previous studies proposed this approach using techniques like
extracting PICO terms and linking to medical taxonomies (like MeSH6 and UMLS7),
followed by postprocessing techniques to increase the precision [227, 228]. AutoFormulate
is a tool that, based on seed studies, can generate a search string [153]. Other researchers
proposed visual text mining techniques to support building the search query [170].

A comparison of automatic Boolean query formulation techniques found that they are
still only somewhat effective compared to the original, manually formulated queries [228].
Automatic query formulation approaches generate outcomes that are less “natural” for
doctors and reviewers. Therefore the queries might be harder to understand, and the
adoption might be even slower than it is for citation classification approaches.

3.3.4 Technology-assisted reviews
High-recall search tasks or High-Recall Information Retrieval (HRIR) are terms describing
the objective of locating all or nearly all relevant documents in a collection. Technology-
Assisted Review (TAR), an approach arising from HRIR, combines information retrieval
and machine learning to refine the process of reviewing extensive volumes of documents.
TAR systems aim to support human reviewers by automating repetitive tasks and
highlighting the most relevant documents for review, thus helping organisations save time
and resources.

Citation screening for systematic literature reviews can be seen as an example of TAR
task [190]. Other examples of high-recall search tasks are legal electronic discovery [288],

6The Medical Subject Headings (MeSH) ontology is an hierarchically organised index of biomedical
concepts.

7The Unified Medical Language System (UMLS) is an integration of a number of key medical and
biomedical terminologies, including MeSH.
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construction of evaluation collections [144], and responses to the freedom of information
laws requests [168]. Workshops such as LegalAIIA [41] and ALTARS [56] have popularised
HRIR applications among the research community. The TREC Legal [46, 251, 12, 188],
TREC Total Recall [78], and the CLEF eHealth Lab Technology-Assisted Review [112,
113, 114] have provided researchers with access to datasets and standardised evaluation
methods.

One of the most critical aspects of HRIR systems is recall, which measures the proportion
of relevant documents that are retrieved by the system. One of the key goals of TAR
systems is to detect as many relevant documents (True Positives, TP s) as possible while
excluding as many irrelevant documents (True Negatives, TNs) as possible. By reducing
the number of TNs, TAR systems can save time and resources for human reviewers.
However, caution must be exercised in implementing TAR systems as poor performance
could result in legal sanctions, personal liability, and economic costs, as demonstrated in
legal discovery scenarios [58].

3.4 Citation Screening Datasets

In this section, we present the review of available citation screening datasets and discuss
the limitations of these datasets. We then outline the approach to standardising biomedical
datasets using the BigBio framework. Finally, we summarise datasets for other SLR
steps.

To find relevant citation screening datasets, we searched Google Scholar8 and Semantic
Scholar9 for publications introducing new datasets for the citation screening task. We
then searched for the forward citations of the original publication to find usages of the
datasets. From our list we excluded private datasets used in only one publication. We
further excluded datasets with only one SLR. As a results, we found 12 datasets fulfilling
the criteria. Table 3.2 presents a summary of these datasets.

A dataset created by Cohen et al. [35] containing 15 SLRs is the first and, to the best
of our knowledge, up until today, the most commonly used to evaluate the effectiveness
of machine learning models for the CS task. They constructed a test collection of 15
different systematic reviews produced by the Oregon Evidence-based Practice Centre
(EPC) related to the efficacy of medications in several drug classes. Wallace et al. [269]
released another datasets consisting of three systematic reviews related to the clinical
outcomes of various treatments. Both these datasets contain SLRs with a small number
of citations (varying from 310 to 4751). Howard et al. [99] introduced new collection of
five substantially larger reviews (from 4479 to 48 638 citations) that have been used to
assess the performance of the SWIFT-review tool. These datasets were created using
broader search strategies which justifies a higher number of citations.

8https://www.scholar.google.com
9https://www.semanticscholar.org
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Table 3.2: A comparison of publicly available benchmark datasets used in the experiments
on automated citation screening for systematic literature reviews, sorted by the publication
year. We included all publicly available datasets and private datasets which were used in
more than one publication. The “Avg. size” refers to the average number of citations
contained in each review within the dataset. The “Avg. ratio of included” indicates
the average percentage of those citations that were included in the final review. The
“Additional data” column describes if the review contains metadata other than coming
from the citation list.

Introduced
in #reviews Domain Avg.

size
Avg. ratio
of included

Additional
data

Publicly
available

1. Cohen et al.
(2006) [35] 15 Drug 1,249 7.7% — ✓

2. Wallace et al.
(2010) [269] 3 Clinical 3,456 7.9% — ✓

3. Miwa et al.
(2014) [172] 4 Social

science 8,933 6.4% — —

4. Howard et al.
(2016) [99] 5 Mixed 19,271 4.6% — ✓

5. Scells et al.
(2017) [225] 93 Clinical 1,159 1.2% Search queries ✓

6. CLEF TAR
2017 [112] 50 DTA 5,339 4.4% Review protocol ✓

7. CLEF TAR
2018 [113] 30 DTA 7,283 4.7% Review protocol ✓

8. CLEF TAR
2019 [114] 49 Mixed 2,659 8.9% Review protocol ✓

9. Alharbi et al.
(2019) [5] 25 Clinical 4,402 0.4% Review updates ✓

10. Parmar
(2021) [195] 6 Biomedical 3,019 21.6% — —

11. Hannousse et al.
(2022) [84] 7 Computer

science 340 11.7% Review protocol ✓

12. Wang et al.
(2022) [275] 40 Clinical 1,326 — Review protocol

and seed studies ✓

Starting in 2016, a new dataset (test collection) was released almost every year. All these
12 datasets differ in the total number of reviews, subdomain, average review size, and
percentage of included studies. However, the overall tendency shows a very high-class
imbalance towards the negative class (i.e., irrelevant publications). Datasets introduced
by Miwa et al. [172] and Parmar [195] are not publicly available, yet they were used in
three and two research papers, respectively, so we included them in our comparison.

Until 2017 all of the datasets contained only the citation list with eligibility decisions
[182]. More recently, datasets started to include titles of SLRs and search queries used
for finding publications. Additional metadata is limited to search queries [225], review
protocols (three datasets released as a part of the CLEF TAR shared-task by Kanoulas

53



3. Background and Literature Review

et al. [112, 113, 114]), review updates [5] and seed studies [275].

So far, there was a little attention to review automation outside of the medical domain.
The only available datasets are four social science reviews by Miwa et al. [172], and seven
computer science reviews by Hannousse and Yahiouche [84]. Compared to the general
interest and rate of production of SLRs in other domains, this overall underrepresentation
of benchmark datasets could be improved. We also found a dataset containing one large
SLR of environmental policies [98], which has different scope and format than other
screening datasets.

Overall, we found, that in the citation screening domain, there is a lack of a standard-
ised benchmark on which other researchers evaluate their approaches. Many previous
works compare their models only on their (often private) dataset without showing the
performance gain over previous work. Papers from the ML and NLP domains, very often
evaluate their approaches on datasets introduced by Cohen et al. [35]. This dataset is, at
the moment of writing, 17 years old and contains reviews characterised by a short generic
title (e.g. ‘ADHD’ or ‘Statins’) and a list of PubMed IDs with their binary eligibility
decisions. On the other hand, IR focused papers present their evaluation on CLEF TAR
task datasets.

We have also evaluated a comprehensive catalogue of medical artificial intelligence
datasets and benchmarks by Blagec et al. [22], only three citation screening datasets are
mentioned: Cohen et al. [35], Wallace et al. [268], and Miwa et al. [172]. Of these three
datasets, only two are publicly available. Additionally, another five private SLRs used in
only one publication [237] are mentioned.

3.4.1 Limitations of existing datasets
Through our review, we identified twelve CS datasets reported in research papers, of
which ten have been publicly released. During this analysis, we identified several datasets’
shortcomings; some are also prevalent in other machine learning problems. Below, we
summarise our findings, highlighting the key issues.

Poor documentation One major concern with previous datasets is the lack of doc-
umentation. None of the datasets we examined implement a datasheet [75] or data
card [207], which are essential tools for ensuring transparency and reproducibility. Addi-
tionally, seven datasets do not provide clear licenses or terms of use. Inconsistencies were
also found for one of the datasets [225], in terms of the number of the available content:
the paper states 93 SLRs, but we found a list of 176 reviews on the corresponding GitHub
repository.

Limited applicability Previous datasets are often small and lack crucial metadata
like SLR research question or eligibility criteria, limiting their use to only evaluation
of classification tasks. Older datasets typically provide only the title of the review,
which limits their applicability for the comprehensive evaluation of neural language
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understanding models. The most widely used dataset to date [35] was released in 2006.
As ML and NLP techniques continue to advance rapidly, it is crucial to have up-to-date
datasets that reflect the complexities and nuances of the current research landscape.

The datasets also do not contain the information about why a particular paper was
excluded from the review. Without this data, the automated citation screening problem
cannot be tackled in any other way than a binary decision. This is not the case in real
life, as a typical SLR contains at least several exclusion and inclusion criteria, and the
decision about every paper can be presented as a multi-dimensional relevance problem.

Lack of canonical splits Another significant challenge of previous datasets is the
absence of canonical train-test splits. Depending on the field of research, practices may
vary. As discussed before, In the ML and NLP domains, the prevailing practice is to use
inter-review splits, where each review is treated as an individual dataset, and a set of
citations is selected for training and testing. Conversely, IR publications often report
intra-review splits, treating each review as a “topic” or query, and averaging the results
across multiple queries.

In this sense, only the three TAR10 datasets contain pre-defined canonical splits, yet,
only at the intra-review level. For three other datasets [35, 269, 99], previous works
have demonstrated significant variability in model evaluation based on the selection of
cross-validation splits, particularly for the smallest datasets that contain a limited number
of relevant documents [262, 130]. The lack of standardised splits makes it challenging to
compare different approaches and hinders the fair evaluation of models’ performance.

Dataset overlap We also evaluated the overlap between datasets at the level of
entire systematic reviews This analysis aimed to understand the potential duplication of
information and data leakage across different datasets.

Table 3.3 presents the extent of overlap observed between the train and test splits of the
datasets. We discovered that at least 11 SLRs were present in multiple collections [225,
112, 113, 114]. SLRs released as part of the SIGIR 2017 collection [225] are also present
among the test splits in CLEF TAR 2017 and 2019 collections. The TAR 2019 collection is
most severely affected, with 3 SLRs present both in its training and test splits, accounting
for approximately 6% of the test partition [114]. While this overlap is not a significant
concern when evaluating unsupervised methods like BM25 [218], it poses a potential
threat to conducting fair comparisons with large language models (LLMs). Machine
learning models, and especially LLMs, have the capability to memorise their training
data, making it critical to address dataset overlap to ensure unbiased evaluations [96].

It is worth noting that we did not explicitly report the overlap between different CLEF
TAR datasets [112, 113, 114]. The creators of the dataset have already acknowledged

10TAR stands for Technology-Assisted Reviews and was a shared task organised at CLEF between
2017 and 2019 by Kanoulas et al. [112, 113, 114].
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Table 3.3: List of overlapping Cochrane systematic literature reviews between datasets.

Cochrane review ID First collection Other collections
CD011145 sigir2017 (train) tar2017 (test)
CD010633 sigir2017 (train) tar2017 (test), tar2018 (train), tar2019 (train)
CD010653 sigir2017 (train) tar2017 (test), tar2018 (train), tar2019 (train)
CD010542 sigir2017 (train) tar2017 (test), tar2018 (train), tar2019 (train)
CD009185 sigir2017 (train) tar2017 (test), tar2018 (train), tar2019 (train)
CD008081 sigir2017 (train) tar2017 (test), tar2018 (train), tar2019 (train)
CD002143 sigir2017 (train) sigir2017 (train)
CD001261 sigir2017 (train) tar2019 (test)
CD011571 tar2019 (train) tar2019 (test)
CD012164 tar2019 (train) tar2019 (test)
CD011686 tar2019 (train) tar2019 (test)

that each new edition of the dataset includes SLRs from the previous editions as part of
the training data.

Finally, as some other datasets did not share metadata about the considered reviews
(except for the very high-level title of the systematic review like ADHD or COPD), we
were not able to map them to specific systematic reviews. An alternative method would
involve checking the overlap between the included and excluded documents using for
instance their Pubmed IDs.

Lack of common evaluation Another notable deficiency among the previous datasets
is the absence of a common set of evaluation measures. For example, the most widely used
dataset by Cohen et al. [35] was evaluated using several disparate evaluation measures
such as WSS [35], AUC or Precision@r%. However, recent research has exposed
limitations and problems with both WSS and AUC as metrics for this task [134]. Only
the three TAR datasets provide scripts for evaluating submissions. We delve deeper into
the problem of evalaution measures in Section 3.5 of this chapter and in Chapters 5 and
6.

Availability in biomedical benchmarks Recent efforts have focused on creating
larger collections of more diverse datasets to evaluate the performance of biomedical NLP
models. These efforts include benchmarks like BLUE [198], HunFlair [280], BLURB [79],
and BigBio [69], which provide datasets and tasks for evaluating biomedical language
understanding and reasoning. Additionally, there are biomedical datasets geared towards
prompt-based learning and evaluation of few and zero-shot classification, such as Super-
NaturalInstructions [278] and BoX [194]. Out of all benchmarks mentioned above,
only BoX contains one CS dataset covering five SLRs, however, this dataset is private.
Coverage for other SLR tasks is also limited.
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To summarise, previous datasets exhibit certain drawbacks that limit their suitability for
comprehensive and standardised evaluation. While the TAR 2017-19 collections stand
out as the only ones containing canonical splits and a set of evaluation measures, some of
their topics overlap with another dataset [225], and we also identified data leakage in the
newest TAR 2019 dataset. Consequently, we believe that developing a new collection is
necessary to address these issues and establish a robust foundation for SLR automation
evaluation. Moreover, as the topic of systematic review automation has direct commercial
applications, it also would be beneficial to the broader research community to have a
resource for objective verification of commercial products.

3.4.2 Standardising biomedical datasets
The creation of benchmarks such as ImageNet [52], SQuAD [209] or GLUE [272] were one
of the critical components of growing success in the machine and deep learning in many
domains. It should also be noted that while the progress made on these benchmarks is
unquestionable, all benchmarks and datasets are only proxies for real-world tasks and
can exhibit significant biases [256].

Furthermore, a recent trend in deep learning shifted the attention from model-centric
machine learning (proposing novel architectures) to data-centric (improving training
datasets) [68]. It is inspired by the observation that the performance gains provided by
using better training data and commodified model architectures are higher than gains
from new architectures. This shift requires a curation of appropriate datasets. For
instance, Lee et al. [147] showed that data deduplication leads to more accurate and
more robust models.

Unfortunately, implementing these successes in specialised areas such as biomedicine
faces substantial obstacles, partly due to the current dataset debt in biomedical NLP. The
review of available biomedical datasets showed that only 13% of them are available via
programmatic interface [68]. There are currently no zero-shot evaluation frameworks for
biomedical data similar to BIG-Bench,11 which currently contains little-to-no biomedical
tasks.

The standardisation of datasets will be a critical aspect in the realm of biomedical natural
language processing. BigBio, a comprehensive framework, has been instrumental in ad-
dressing the challenges inherent in biomedical NLP data [69]. BigBio offers programmatic
access to over 120 biomedical NLP datasets, covering a wide range of tasks and languages.
This accessibility facilitates the creation of meta-datasets, which are crucial for training
and evaluating language models. The framework supports reproducibility by allowing
consistent and standardised dataset access, emphasising data-centric machine learning
principles. This approach aligns with the trend towards improving training datasets
rather than focusing solely on novel model architectures.

A key feature of BigBio is its dual-view dataset loaders: the ‘source’ view preserves the
original dataset format, while the ‘BigBio’ view harmonises the dataset into standardised

11https://github.com/google/BIG-bench
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schemas. Harmonisation in BigBio involves adapting datasets to a set of lightweight,
task-specific schemas to standardise biomedical datasets, catering to various NLP tasks.
The knowledge base (KB) schema is versatile, encompassing entity-based tasks like
named entity recognition and relation extraction. The question-answering (QA) schema
supports various QA formats, including multiple-choice and factoid questions. The
textual entailment (TE) schema addresses tasks involving the relationship between text
spans, such as entailment or contradiction. The Text (TEXT) schema is employed for
classification tasks and for handling tasks with single text spans and associated labels. The
textual pairs classification (PAIRS) schema is designed for tasks involving relationships
between two text spans, like semantic similarity. Finally, the text-to-text (T2T) schema
is used for sequence-to-sequence tasks, including translation and summarisation. Each
schema is constructed to maximise coverage of relevant task features while maintaining
simplicity and flexibility for diverse dataset integration.

3.4.3 Datasets for other SLR steps
Several other datasets have also been introduced that covers other steps of SLR creation.
Marshall et al. [162] introduced a large dataset with Cochrane reviews for the task of
assessing the risk of bias – a procedure aiming at establishing the quality of input studies.
Nye et al. [187] proposed a PICO (Population, Intervention, Comparison and Outcome)
extraction dataset containing 5,000 annotated abstracts of biomedical publications. In
the query formulation, often the models evaluate their performance on the CLEF TAR
2017-2018 datasets [112, 113]. For the task of systematic review summarisation, an
MSLR2022 shared task was introduced [273] consisting of two datasets: [271, 54].

There is poor coverage of SLR datasets among biomedical benchmarks, especially for
the task of citation screening. None of the existing benchmarks contains any publicly
available citation screening dataset. Only the BoX [194] benchmark incorporates five
SLRs. However, these datasets remain inaccessible, not even available through a Data
Use Agreement (DUA). This limitation renders the benchmark ineffective for broader
research and application purposes.

From other SLR automation tasks, BLURB [79] and BigBio [69] benchmarks contain only
the information extraction dataset by Nye et al. [187]. BLUE [198] and CBLUE [293]
benchmarks do not contain any SLR-related task. Therefore, there is a clear need
to develop and include publicly available SLR datasets in biomedical benchmarks, to
facilitate further research and progress in this field.

The latest advances in large language models (LLMs) offer significant potential for aiding
in SLR automation but simultaneously raise several concerns. A user study by Yun
et al. [291] mentions that SLR practitioners acknowledged the potential utility of LLMs
in various tasks, such as generating the first draft of a review, writing plain language
summaries, and extracting information from longer texts. On the other hand, domain
experts have highlighted several crucial issues, including concerns about hallucinations,
the untraceable origins of generated content, and proliferation of bad quality reviews.
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As the evaluation of LLMs is often based on benchmark datasets, ensuring that more
SLR-related datasets will be included in future benchmarks is essential.

3.5 Evaluation of Citation Screening Automation
Evaluation measures can be classified according to the conceptual class into: performance
measures (how successful a system/user is in accomplishing a search task), process
measures (describing interaction between the user and the system) and usability measures
(what is the user’s perception of and experience with the system) [121].

When it comes to evaluating interactive information retrieval, precision and recall are
the most commonly used performance measures, as noted by Kelly and Sugimoto [121].
However, assessing precision in system-centered evaluation is a more straightforward
process as it only involves determining whether a document has been retrieved or not. In
contrast, user-centered evaluation requires documents to be retrieved, viewed, and marked
as relevant by a human subject, which can be a more complex process. In addition to
performance measures, usability measures are frequently used to evaluate the effectiveness
of interactive information retrieval systems. Such measures often focus on aspects such
as user satisfaction with the search results, ease of use, usefulness, understandability, ease
of learning, general satisfaction, and the amount of time required to conduct the search.
In the context of CS automation, most evaluation was conducted using performance
measures.

In the remaining parts of this section, we first describe evaluation measure axioms. Then,
we detail the measures used in evaluating citation screening automation.

3.5.1 Evaluation measure axioms

Busin and Mizzaro [29] introduced a novel axiomatic approach, termed axiometrics,
for analysing evaluation metrics in information retrieval systems. They proposed eight
axioms that a metric should satisfy to be considered robust and reliable. The first two
axioms address the consistency of relevance measurements across documents and queries.
Axiom #1, named “Similarity comparison per document”, posits that equal similarity in
relevance assessments for a particular document should remain consistent when additional
documents are included in the analysis. Axiom #2, “Similarity comparison per query”,
extends this principle to queries, asserting that equal similarity in relevance assessments
for a specific query should be maintained across various query sets.

The following four axioms, Axioms #3 to #6, focus on the intrinsic properties of
effectiveness metrics. Axiom #3, “Zero and maximum”, mandates that an effectiveness
metric must define a true zero and a maximum value, reflecting the extremities of
worst and best performances. Axiom #4, “Similarity”, requires that the metric should
align with the similarity order between system-generated and user-defined relevance
measurements. Axiom #5, “System Relevance”, and Axiom #6, “User Relevance”,
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emphasise that the metric should prioritise documents based on system relevance and
user relevance, respectively, when their correctness is equivalent.

Axiom #7 and #8 address the stability of effectiveness metrics concerning the expansion
of document and query sets. Axiom #7, “Document Set Stability”, argues that adding a
document to a set should not adversely impact the performance comparison between two
IR systems if no such effect was observed in a smaller subset. Axiom #8, “Query Set
Stability”, similarly posits that enlarging the query set should not reverse the performance
ranking between two sysems unless such inversion was evident in a reduced query set.

Complementary research in this field has been conducted by other scholars. Bollmann [24]
examined evaluation measures for IR systems, introducing the principles of monotonicity
and the Archimedean axiom. They demonstrated that measures adhering to these axioms
can be expressed as a function of the count of relevant retrieved and nonrelevant not
retrieved documents. Contrasting this approach, Ferrante et al. [67] focused on developing
a formal framework for utility-oriented measurements of retrieval effectiveness. Moffat
[173] contested the exclusive use of uniform-step interval scales in IR evaluation. They
advocated for the current IR metrics such as reciprocal rank or normalised discounted
cumulative gain, which translate categorical and ordinal data into real numbers, arguing
for their foundational robustness and enhanced interpretability compared to proposed
intervalised alternatives.

3.5.2 Screening evaluation metrics
A successful automated citation screening algorithm should miss as few relevant papers
as possible and also save reviewers time by removing irrelevant papers. In a more strict
scenario for medical systematic literature reviews, the requirement might be not to miss
any relevant paper. Metrics used in past studies consisted of the traditional metrics used
in the NLP and IR, like accuracy, recall, precision, specificity, F-score or AUC and a set
of custom metrics like WSS, count of relevant references found, utility or coverage [263].
Evaluation of automatic approaches traditionally relies on binary relevance ratings, very
often obtained from the title and abstract screening step [190, 114].

When the screening task is treated as a classification task, measures based on the
confusion matrix and the notion of Precision and Recall are commonly used [263, 190].
Aside from Precision and Recall, measures include variations of the harmonised mean
between the two, i.e., Fβ–score, Yield, Burden [269], Utilityβ [268], sensitivity-maximising
thresholds [47], and AUC [38]. Another measure, Work Saved over Sampling (WSS),
measures the amount of work saved when using machine learning models to screen
irrelevant publications [35]. Another popular evaluation approach measures system’s
precision at a fixed recall level (Precision at r% recall, Precision@r%), representing the
percentage of relevant retrieved documents [124].

When the screening task is treated as a ranking task (e.g., for the sub-task of screening
prioritisation or predicting when to stop screening), then rank-based measures and
measures at a fixed cut-off are commonly used, e.g., nDCG@n, Precision@n, Recall@n,
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R-Precision [78], and last relevant found [225, 100]. Recall versus effort plots using the
knee method [43] have been also used, plotting the ‘effort’ scores over the full range of
values of recall. Cost- and economic-based metrics are also popular, for instance, CLEF
TAR shared task [114] used total cost (TC) and total cost with weighted penalty (TCW)
The TREC Total Recall track [78] employed another cut-off-based metric, recall@aR + b,
which measures the recall achieved when aR + b documents have been identified, where R
is the number of relevant documents in the collection and a and b are parameters. When
a = 1 and b = 0, recall@aR + b is equivalent to R-precision. However, retrospectively
evaluating models at different levels of recall might better suit the screening task, because
it takes into account the number of relevant documents found and the trade-off between
reviewing more documents and potentially finding more relevant ones, versus stopping
the review and potentially missing some relevant documents. One challenge arising from
these two distinct approaches (classification versus ranking) is the difficulty in going
beyond simple effectiveness measures and comparing the real-world savings for users.

Another practical issue for evaluation arises from the fact that the screening is typically
conducted in two stages. During the initial phase of screening titles and abstracts, the
limited information available often makes it challenging to definitively classify papers as
either eligible or ineligible. Papers are usually marked as ‘maybe eligible’ or discarded as
‘not eligible’. Only at the full-text stage can the label be confirmed as ‘definitely eligible’.
In practice, missing a paper at both of these stages leads to evidence being overlooked.
However, there are several other factors to consider. The costs of manual screening are
significantly higher at the full-text level. Conversely, the ability to recover a study at the
full-text level is greater, as the pool of potentially screened studies is smaller. Finally, it
is also important to consider that the majority (if not all) of the machine learning-based
tools used to date work with the titles and abstracts of publications, so their assessments
should only be compared to the initial screening stage label.

Evaluation of models using active learning was conducted with different metrics that
account for labelled and unlabelled samples. Yield and burden were the most common
metrics introduced for evaluating active learning models [269]. Yield represents the
fraction of positive instances identified by an algorithm, whereas burden represents the
fraction of positive instances annotated manually by reviewers. However, the formula for
calculating Yield is identical to Recall. Wallace et al. [268] introduces Utility, a weighted
sum of recall and (1-Burden) using a β parameter, similar to Fβ-measure. Another
evaluation measure, Coverage, was proposed by Miwa et al. [172], which indicates the
ratio of positive instances in the data pool annotated during active learning. Hashimoto
et al. [87] proposed to estimate WSS in an active learning scenario as: WSS@95% =
(1 − Burden), over a Yield performance of 95%. Despite the number of proposed bespoke
metrics, one of the most commonly used ones to evaluate active learning models is the
Area Under the ROC Curve (AUC).

A problem that echoes the lack of a common benchmark is a lack of standardised metrics
that could be used to compare different approaches. Publications from the field of NLP
usually use metrics like F1-score or AUC, whereas publications from IR focus on WSS
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or precision-recall curves. Some metrics, like specificity, positive likelihood relation,
net reclassification index, coverage, Matthews correlation coefficient (MCC), normalised
Discounted Cumulative Gain (nDCG), were used only in one or two studies, making
it hard to compare the scores between runs [263]. Another confusion in comparing
approaches arises when different papers use different names to introduce the same metric:
for instance, recall, sensitivity and yield effectively measure the same thing, and WSS
and specificity are strongly correlated.

Among evaluation approaches for citation screening, the most common is cross-validation
(van Dinter et al. [263] reports 13 papers), followed by train/test split (appeared in 9
publications) and train/validation/test split (2 studies). When using cross-validation,
11 studies used the 10-fold or 5 × 2-fold approach [263]. 5 × 2 cross-validation splits the
dataset into two equally sized subsets: train and test, with an even distribution of label
classes which are subsequently used to train and test the model. The whole process is
then repeated five times [131]. Using half of the dataset for training machine learning
models is convenient, mainly if the dataset contains few relevant documents. However,
effectively, this assumption gives lower gains in a real-life scenario, especially for large
SLRs where half of the dataset that needs to be manually annotated can mean several
thousand publications. When there are no predefined test datasets it is also difficult to
make comparisons between different models.

3.5.3 Usage of metrics across datasets

Finally, we were interested in checking how recently each dataset was used, where that
usage was published, and what kind of evaluation measures were applied to that data.
For each dataset from Table 3.2 we searched for the most recent publication using that
dataset for an experimental evaluation. We then checked which evaluation measures were
used in that publication and where it was published. Table 3.4 presents the summary
of our findings. We can see that to this date, most datasets were used in the past two
years and simultaneously used by different publications. There is also a disparity in used
evaluation measures, yet the basic Precision, Recall and F1-score prevail.

3.6 Digital Tools and Resources in Literature Reviewing
This section delves into the various tools and platforms that facilitate the process of
systematic literature reviews, beginning with academic search engines.

3.6.1 Academic search engines

Private academic search engines, citation indices and paywalled collections such as Sci-
enceDirect, Scopus and Web of Science are one source of finding relevant publications.
However, the restricted access and associated costs of these platforms might pose chal-
lenges for some researchers. Public search engines and publication aggregators such as
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Table 3.4: Usage statistics of the SLR datasets, including the latest publication year,
venue and evaluation measure. We report two usages in case there was a more recent
pre-print published.

Introduced
in

Latest
usage in

Latest
evaluation measures

Latest
venue

1. 2006 [35] 2023 [146, 134] TNR [134], AUC [146] ECIR
2. 2010 [269] 2022 [130] WSS, Precision@95% [130] ECIR
3. 2014 [172] 2016 [87] Yield, Burden, WSS [87] JBI
4. 2016 [99] 2022 [130], 2023 [145] WSS, Precision@95% [130], AUC [145] ECIR
5. 2017 [225] 2018 [224] Precision, Recall, WSS [224] SIGIR
6. 2017 [112] 2023 [276] Precision, F1, Recall [276] WSDM
7. 2018 [113] 2023 [276] Precision, F1, Recall [276] WSDM
8. 2019 [114] 2022 [274], 2023 [145] MAP, Precision, nDCG [274], AUC [145] ECIR
9. 2019 [5] 2020 [6] Recall, Precision [6] JAMIA

10. 2021 [195] 2022 [194] F1-Score [194] NAACL
11. 2022 [275] 2023 [277] Precision, F1, F3, Recall [277] SIGIR
12. 2022 [84] 2022 [84] Recall, Precision, Macro F1, Accuracy [84] MedPRAI

Google Scholar12, Semantic Scholar [8], CORE [123], OpenAlex [205] and PubMed13 are
becoming increasingly popular for allowing researchers to access the latest publications
freely. While one of their functionalities is creating a citation network, their overarching
goal is to facilitate academic research. Their support for conducting systematic literature
reviews, however, is often minimal.

Several systems were introduced for academics, offering more reviewing-related capabilities
than simply searching for papers relevant to the query. For instance, ResearchRabbit14

provides a graph-based visual interface for finding relevant publications based on citations
and document similarity. ZetaAlpha15 provides personalised recommendations of papers,
but the application covers only the domain of Artificial Intelligence. The primary focus of
these applications is on exploratory search. Moreover, only a few of the abovementioned
tools provide an API, and none of them allow for a traditional systematic literature
review workflow.

3.6.2 Data sources
Transitioning from general academic search engines, there are dedicated data sources
that cater to specialised fields, providing researchers with detailed and often curated
information. In the domain of medical systematic literature reviews, there are specific
requirements on the number of databases researchers need to use to ensure the com-
prehensiveness of the search. For instance, Cochrane suggests using, at minimum, the
following three data sources [94]:

12https://www.scholar.google.com/
13https://www.ncbi.nlm.nih.gov/pubmed/
14https://www.researchrabbit.ai
15https://www.zeta-alpha.com
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1. MEDLINE,16 which can be accessed through PubMed, is a primary source for
biomedical literature.

2. EMBASE17 is another critical database of biomedical and healthcare publications.
However, it is noteworthy that certain institutions might not have a direct sub-
scription to EMBASE. In such cases, Scopus18 is a viable alternative to retrieve
the content present in EMBASE.

3. The Cochrane Central Register of Controlled Trials (CENTRAL),19 accessible
through the Cochrane Library, is an essential resource for bibliographic reports of
RCTs.

However, to further minimise potential biases, Cochrane researchers often supplement
their searches with databases like ClinicalTrials.gov and the International Clinical Trials
Registry Platform (ICTRP).20 This is because the register records in CENTRAL are
found to be less comprehensive than the original register entry, leading to the risk of
missing out on crucial studies during a search, as highlighted by Hunter et al. [101].

3.6.3 Systematic review toolboxes
There are already a number of tools that help researchers conduct systematic literature
reviews. The abundance of tools aiding systematic reviewers led to the creation of a
page which aggregates all the available tools21 [161]. Although there are 241 listed
tools, researchers should be cautious as this index is not comprehensive and misses some
commercial tools. Actually, not only would the toolbox be needed to categorise these
tools, but a dedicated “graveyard” would be required to catalogue all the unsupported,
not maintained applications, which makes it harder to create a common standard for
this discipline.

Dedicated commercial tools exist to support medical researchers in conducting systematic
literature reviews. However, these tools may further widen the knowledge gap as they
are usually customised to medical reviews and require purchasing a subscription, which
can be a bottleneck to academic researchers from lower- and lower-middle income
countries [176, 184].

Colandr [32] is an open-access, machine-learning-assisted tool for finding relevant citations
and extracting desired data from PDF articles. Elicit22 uses large language models to
find relevant studies and answers to the review questions. L·OVE23 (Living OVerview of

16https://www.nlm.nih.gov/medline/index.html
17https://www.embase.com
18https://www.scopus.com
19https://www.cochranelibrary.com/central
20https://www.who.int/clinical-trials-registry-platform
21http://systematicreviewtools.com
22https://www.elicit.org
23https://www.iloveevidence.com
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Evidence) provides a freely available database of living systematic reviews. However, the
database covers only medical and health-related reviews. Given this tool’s specialisation,
the field would benefit from a comprehensive solution that leverages NLP techniques to
streamline the living literature review process across domains.

Conducting systematic reviews without dedicated tools is possible but can be long and
tedious, leading to an accumulation of errors and making the review difficult to update
and reproduce. It was previously shown that with a set of good tools, the systematic
review could be conducted within two weeks [34]. This outstanding result was achieved
by using ten different tools that helped automate different stages of the whole process.
Furthermore, using automation tools for screening can reduce the costs and time of
the process by 50% when a machine learning model replaces one human screener [233].
Despite these advancements, a surprising revelation is that one of the most common
tools used for extracting evidence from publications is Microsoft Excel [189]. However, in
many disciplines outside of medicine, the adoption of any of these tools is still minimal.
Therefore, a compelling case exists for broader education and advocacy to increase
adoption, ensuring systematic reviews are efficient, accurate, and replicable [230].

3.6.4 Screening reduction tools
As of June 2023, the systematic review toolbox includes 46 applications targeting the
screening phase, particularly title and abstract screening. Harrison et al. [86] found
15 of these tools as both accessible and available without requiring specific computing
infrastructure. Among the popular commercial offerings are DistillerSR24, Covidence25,
Evidence Prime26 or Sciome27 each presenting varied modules covering different aspects
or the entirety of the systematic literature review (SLR) process.

Except for the commercial tools, a plethora of free or even open-source tools is available,
usually created by academics. These tools, such as Abstrakr [270], Rayyan [62], or
ASReview [260] usually support only one of the systematic review stages. They all offer
a user interface for selecting relevant studies, and even some of them provide screening
automation or prioritisation models. The APS tool has been proposed as a systematic
review search system using continuous active learning on the PubMed collection [152].

The evaluation by Harrison et al. [86] highlighted that these tools vary significantly in
cost, scope, and user community. Covidence and Rayyan, scoring over 75% in feature
analysis, emerged as particularly notable in the user survey. They were lauded for their
usability, aligning well with user requirements, and were favoured by researchers for future
use, despite Covidence’s associated costs potentially being a drawback. In contrast, tools
like Abstrackr, Colandr, and EPPI-Reviewer, while providing valuable functionalities,
were noted for certain limitations. For instance, Colandr’s processing speed and user
interface issues with EPPI-Reviewer were points of concern.

24https://www.evidencepartners.com/products/distillersr-systematic-review-software
25https://www.covidence.org
26https://www.evidenceprime.com/products
27https://www.sciome.com/swift-review/
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Tsou et al. [257] compared Abstrackr and EPPI-Reviewer, finding varying performance in
citation screening prioritisation across different datasets. This variation in performance,
especially in the context of large and small reviews, highlights the need for careful
consideration of the tool’s capabilities in relation to the heterogeneity and complexity of
the research topics addressed in systematic reviews.

The landscape of screening tools is complex and varied, with each offering unique features
and functionalities. While tools like Covidence and Rayyan stand out for their general
applicability and user-friendliness in healthcare research, the choice of tool should be
guided by the specific requirements of the systematic review and the resources available
to the researchers.

66



CHAPTER 4
Citation Screening Datasets

In this chapter, we introduce two novel datasets designed for improving robustness, acces-
sibility and standardisation of resources in citation screening. The recent advancements
and paradigm shifts in NLP and ML; with the extensive use of pre-trained models and
transfer learning [149, 57], and the more recent prompt-based learning [155, 28]; have
significantly transformed the field and enhanced the predictive capabilities of models
across various tasks. Based on our review of available citation screening datasets and
benchmarks (Section 3.4 of Chapter 3), we identified the most representative datasets for
the task of citation screening, finding several issues with existing datasets. The available
datasets still primarily cater to training supervised algorithms, lacking the scale and
granularity necessary to evaluate state-of-the-art models.

To address these limitations and provide a more comprehensive resource for training and
evaluating data-centric methods in SLR automation, we create CSMeD, consolidating
nine previously released collections of SLRs. We further extend a subset of SLRs in
CSMeD with additional metadata coming from the review protocol. We present how we
achieved our goal of curating a meta-dataset that captures the diversity and challenges
present in real-world SLRs and allows for easy extensions. Furthermore, we introduce
CSMeD-ft: a first dataset explicitly designed for evaluation of the full text publication
screening task. The chapter details these datasets’ construction, characteristics, and
potential applications, aiming to facilitate more nuanced and efficient citation screening
processes. Finally, we discuss how CSMeD could be utilised in the future for a continuous
prospective evaluation of systematic review automation with minimal human annotations—
a task which could assist in the evaluation of large language models.

4.1 CSMeD: Citation Screening Meta-Dataset
CSMeD contributes to the field of citation screening by addressing the scarcity of repre-
sentative datasets in this area. Its creation, encompassing a wide array of systematic
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Table 4.1: A list of source citation screening datasets included in the CSMeD. First
four datasets contain non-Cochrane SLRs, whereas the other five are based on Cochrane
reviews. ‘Avg. ratio of included’ column present ratio of included publication from the
title and abstract screening stage, ‘Avg. size’ refers to averaged across SLRs document
count in the dataset. The ‘Additional data’ column describes if the review contains
metadata other than coming from the citation list: (A): Search queries, (B): Review
protocol containing review title, abstract and search strategy, (C): Review updates
consisting of changes to included papers. Total values do not account for duplicated
reviews. ‘DTA’ stands for diagnostic test accuracy reviews. ‡ – different number of
reviews in the paper versus the GitHub repository; ‘Total’ counts the higher value and
doesn’t account for duplicates.

Source # reviews Domain Avg.
size

Avg. ratio
of included

Additional
data

Cochrane
reviews

[35] 15 Drug 1,249 7.7% — —
[269] 3 Clinical 3,456 7.9% — —
[99] 5 Mixed 19,271 4.6% — —
[84] 7 Comp. Science 340 11.7% B —
[225] 93/176‡ Clinical 1,159 1.2% A ✓
[112] 50 DTA 5,339 4.4% B ✓
[113] 30 DTA 7,283 4.7% B ✓
[114] 49 Mixed 2,659 8.9% B ✓
[5] 25 Clinical 4,402 0.4% C ✓

Total 360 3,471 4.4%

literature reviews (SLRs), marks a step towards a more nuanced understanding and im-
provement of citation screening processes. This dataset not only addresses the limitations
of existing collections, but also expands the scope for evaluating contemporary models.
The inclusion of diverse SLRs, enriched with additional metadata, makes CSMeD an in-
valuable resource for developing and testing data-centric methods in systematic literature
review automation, offering a comprehensive platform for future research advancements.

4.1.1 Dataset construction details
We search for the original dataset sources, trying to identify the list of publications with
eligibility decisions and as much meta-data about systematic reviews as possible. We
decided not to host these datasets and to create dataset loaders that rely on that dataset’s
original (external) location. Currently, nine out of ten public CS datasets identified by
us have been included in CSMeD. We provide a summary of the datasets in Table 4.1.
In total, CSMeD consists of 360 SLRs, making it the largest publicly available collection
in this domain and the only one providing access to the datasets via a harmonised API.

To ensure interoperability and facilitate the ease of use, we designed data loaders for
the datasets in accordance with the BigBio text classification (TEXT) schema [69]. This
choice offers several advantages. BigBio has the largest coverage of biomedical datasets
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and supports access to the datasets via API. Moreover, it is compatible with popular
libraries such as Hugging Face’s Datasets [150] and the EleutherAI Language Model
Evaluation Harness [70], thereby reducing the experimental costs.

Taking advantage of the lists of publications that most of the sources of datasets share
as PubMed IDs, we extend the BigBio data loaders to enable the download of PubMed
articles. Our harmonised data loaders selectively load the PubMed articles that are a
part of each dataset. The single exception is the dataset by Hannousse and Yahiouche
[84], which is the only publicly available collection of non-medical SLRs. For this dataset,
we extract the content using the SemanticScholar API.1 As a result, CSMeD serves also
as the first resource that gathers SLRs from diverse domains.

Adding new citation screening datasets to CSMeD is a straightforward process, requiring
the implementation of a custom dataloader. This dataloader is responsible for parsing
input data, and it should include mechanisms for data splitting and example generation.
An illustrative example of a dataloader is available under the following URL.2 Additionally,
CSMeD offers utility methods for the automatic downloading of publications from
PubMed and SemanticScholar, which are particularly useful when the dataset depends
on external resources. It is important to ensure that the dataset’s usage complies with
its licensing terms and that the dataset authors have obtained all necessary permissions.
Subject to these conditions, the dataset can be integrated into the HuggingFace Dataset
Hub.3

4.1.2 Extending metadata
We present the possibilities of extending the subset of Cochrane SLRs to experiment
with screening beyond classification or ranking. The extension of metadata in CSMeD is
an enhancement that increases the dataset’s utility and relevance.

We categorise CSMeD datasets into two groups:

1. Datasets containing Cochrane medical SLRs (datasets #5-9 in Table 4.1),

2. Datasets comprising other SLRs (datasets #1-4 in Table 4.1).

This distinction is made because from following the Cochrane protocol, more extensive
information on the review is provided. We use the additional data available on reviews
websites to extend CSMeD. Among the new information, we find the eligibility criteria
most valuable—the inclusion of eligibility criteria no longer limits the data to the
evaluation of supervised binary classification but opens its application to question-
answering or language inference tasks.

1https://www.semanticscholar.org/product/api
2https://github.com/WojciechKusa/systematic-review-datasets/blob/main/

csmed/datasets/datasets/swift/swift.py
3https://huggingface.co/datasets
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We carefully examine the subset of SLRs produced by Cochrane, aiming to identify
potential enhancements and extensions that would help mitigating the existing limitations
of previous datasets. Every Cochrane SLR first registers and publishes the protocol
containing the review title, abstract, search strategy and the eligibility criteria. This
information is all that human experts need to produce the final review, i.e., they first find
the relevant studies and then conduct the meta-analysis of their results. As described in
Section 3.3.1, the screening process can be also modelled as question-answering, where
every publication is compared against the eligibility criteria in order to make the decision
about the inclusion, similar to the task of matching patients to clinical trials [214, 216].
In the current approach, we consider only binary relevance (included versus excluded).
However, in practice, more categories can be defined by reviewers (e.g. a study can be
assigned as a background publication or meta-analysis).

To expand CSMeD, we searched the Cochrane Library4 for all SLRs from the meta-
dataset based on the Cochrane review ID and take their latest open-access version. We
extract available information about the review: review title and abstract, eligibility
criteria, search strategy and references. Cochrane reports a list of publications that were
included and excluded at the full text screening stage. These lists can be treated as
representative of all included from the title and abstract screening stage. This assumption
is based on practical review processes, where reviewers, especially in cases of large
volumes of papers, might not report every exclusion at the full text level due to time
and workload constraints. Hence, these publications are considered an approximate
but comprehensive representation of those included during the earlier screening phase.
Each excluded publication in these reports is also accompanied by a specific reason for
exclusion, as determined by the reviewer.

As the previous research on citation screening for medical SLRs evaluated their approaches
on the PubMed database, we assign PubMed IDs to these publications. We also define
appropriate BigBio data loaders (Section 3.4.2) so the task can be seen as question-
answering (QA) or textual pairs classification task (PAIRS).

Table 4.2: Details of the CSMeD expanded meta-dataset. Column ‘#docs’ refers to
the total number of documents included in all SLRS within the dataset, ‘#included’
mentions number of included documents on the title and abstract screening stage and
‘Avg. %included’ the percentage of included publications averaged from all reviews.

Split name #reviews #docs #included Avg.
#docs

Avg. %
included

Avg. #words
in document

CSMeD-train-basic 30 128,438 7,958 4,281 9.6% 229
CSMeD-train-cochrane 195 372,422 7,589 1,910 21.9% 180
CSMeD-dev-cochrane 100 229,376 4,365 2,294 20.8% 201
CSMeD-all 325 730,236 19,912 2,247 20.5% 195

4https://www.cochranelibrary.com/cdsr/reviews
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Details of the new expanded CSMeD are provided in Table 4.2. We were not able to
find meta-data for all Cochrane SLRs, hence the expanded CSMeD is smaller than
the original meta-dataset. In total, the new expanded dataset consists of 295 unique
Cochrane SLRs and 30 non-Cochrane SLRs.

We then establish the canonical splits for our dataset. We design the splits at the
intra-review level, which assumes a zero-shot application of models to “held-out” SLRs
(models trained on one set of reviews are applied to another set without further training).
The entire set of basic SLRs is designated for training. From the Cochrane subset of
systematic reviews, we randomly selected 195 of them for the training split and the
remaining 100 for the development split. We abstain from designating a test split because
CSMeD aggregates existing datasets, all of which have been heavily used in prior research.
Given the concerns raised about the overlap in these datasets, creating a new, unbiased
test collection is recommended.

We decided against introducing inter-review splits due to the dataset’s diverse potential
applications. For instance, researchers interested in ranking and prioritisation might run
the model in a zero-shot setting, while those focusing on active learning-based models
would find dynamic definitions of ‘train’ and ‘test’ documents more relevant, making
such static designations impractical. However, this could easily be extended in future
work, especially for the potential introduction of a new test collection.

With this new information, one can envision a modelling benchmark which steps away
from simple classification of publications to simulating a complete process of searching and
generation of review. In this way we establish a more reliable benchmark for evaluating
the capabilities of language models.

4.1.3 Visualisations

Our data analysis methodology involved creating visualisations and summary tables based
on curated datasets. We analyse dataset statistics like available data splits, licensing
information, dataset and reviews size as well as dataset overlap. This allows us to provide
both a detailed view of individual reviews and an overview of datasets containing multiple
reviews.

We leverage Streamlit5 to create interactive visualisations for our meta-dataset. We
present essential details for every dataset, such as the number of training samples,
character and word counts, and labels and token lengths distribution across dataset splits
(example in Figure 4.1). We build upon the existing BigBio schemas and visualisations,
extending them to incorporate citation screening-specific details.

We use TF-IDF-based document vectoriser with UMAP [169] to plot two-dimensional
representations of the datasets. This approach allows us to effectively capture and display
the structural patterns and similarities within a single systematic literature review, aiding

5https://streamlit.io
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Figure 4.1: Example visualidation with statistics for a “Proton Pump Inhibitors” SLR
dataset.

researchers in identifying clusters, outliers, and potential data correlations. An example
of UMAP clustering of publications is presented in Figure 4.2.

A live demo of the visualisation interface is available.6 Some features of the visualisation
interface require data preprocessing; they are unavailable in the demo but can be run
locally using the code from the GitHub repository.

4.1.4 CSMeD Data Card
Dataset Description: CSMeD is a meta-dataset consisting of nine different citation
screening datasets containing 300+ systematic literature reviews (SLRs). Each systematic
review consists of a list of publications that need to be classified as either relevant or
irrelevant. All datasets have data loader scripts providing programmatic access aligned
with the BigBio framework and HuggingFace datasets library. We preserve the original
splits of the datasets. We also generate data cards for every dataset which is part of
the CSMeD. CSMeD allows for accessing independent datasets and single systematic
reviews, which are part of each dataset.

train-cochrane and dev-cochrane splits contain expanded metadata about sys-
tematic reviews such as systematic review title, abstract, eligibility criteria and search

6https://systematic-review-datasets.streamlit.app/
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Figure 4.2: Example visualisations with TF-IDF and UMAP representation of documents
for a “CS-Goulao-2016” SLR. Based on the plot, one can see that the retrieved documents
are grouped in two clusters with all relevant publications belonging to one of them
(bottom-right part of the plot). This can be an indicator that any model will likely
remove the other “non-relevant” cluster of documents and hence achieve good score in
detecting true negatives.

strategy. train-basic is a set of SLRs for which such meta-data was unavailable and it
is characterised by the systematic literature review title.

train-cochrane and dev-cochrane splits are suitable for the tasks of question
answering, natural language inference, and text pair classification. train-basic is
suitable only for the text classification task.

Homepage: https://github.com/WojciechKusa/systematic-review-datasets

URL: https://github.com/WojciechKusa/systematic-review-datasets

Licensing: CC BY 4.0

Languages: English

Tasks: text classification (TXTCLASS), question answering (QA), natural language
inference (NLI), text pairs classification (PAIRS).
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CSMeD-FT reviews:
• TRAIN: 148 SLRs from Scells et al. (2017)
• DEV: 36 SLRs from Nussbaumer-Streit et al. (2018)
• TEST: 29 new SLRs published by Cochrane between 05/2022 - 05/2023

SLR protocol
title
abstract
eligibility criteria
references

Obtain DOIs
for references

61% of
references with
matched DOIs

Obtain full-text PDFsparse PDFsCSMeD-FT

23% of references
with open access

full text

Figure 4.3: CSMeD-ft construction steps.

Schemas: Text (TEXT), Text pairs classification (PAIRS). Question Answering (QA),
source (source).

Splits: train-basic, train-cochrane, dev-cochrane, all

4.2 CSMeD-ft: Full Text Classification Dataset
LLM advancements have enabled processing long context windows [20, 292, 175, 81], with
the commercial tools claiming to support 32k [191] or even 100k tokens [9]. Exploiting
this capability, we propose CSMeD-ft: a dataset designed explicitly for evaluating the
screening of document full texts, to research questions associated with the comprehensive
understanding of very long documents

CSMeD-ft is an extension of the CSMeD meta-dataset that specifically focuses on
the full text screening step in SLRs. CSMeD-ft is, to the best of our knowledge, the
first dataset explicitly targeted at the screening of the publication full text. While
previously researchers already used full text screening labels from other datasets to
evaluate their models, the input to these models constituted only the titles and abstracts
of publications [100].

4.2.1 Dataset construction details
Figure 4.3 depicts CSMeD-ft construction steps. To construct CSMeD-ft, we collected
various elements of SLRs from the Cochrane Library website, including the title, abstract
and eligibility criteria sections of the SLR and SLRs’ appendix and references. The
appendix of published SLR contains a search strategy, while the references list papers
categorised as: “studies included in the review”, “studies excluded from the review”,
and “additional references”. We decided to focus solely on the “included” and “excluded”
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categories as there is no definitive way to determine the intended meaning when researchers
added papers as additional references. However, in future work, we plan to explore the
possibility of extending the dataset to encompass publications from the “additional
references” category.

To obtain the full texts of references, we used the DOI (Digital Object Identifier) of each
publication. While some references directly provided the DOI, for others, we initially
attempted to match them to PubMed IDs and then extracted the DOIs from PubMed and
Semantic Scholar. To assign PubMed IDs to the publications parsed from the Cochrane
website, we followed a four-step process:

• We check if the PubMed ID information is provided on the Cochrane references
webpage.

• We conduct search in PubMed using Entrez7 by searching for the same title and
authors.

• We search for the PubMed ID in SemanticScholar using publication DOI from
Cochrane references webpage.

• We search again in PubMed, this time with a relaxed requirement by searching for
an exact match in the title only.

We then use the PubMed ID to resolve the DOI of the publication. We could match
the DOI for more than 61% of references. We take the publications with matched DOIs
and use SemanticScholar and CORE8 APIs to find URLs to their open access full text
documents. This process successfully finds URLs to 27% of publications on average. We
then download the PDFs and use GROBID [1] to parse the content of these documents
into an xml format.

We adopted a time-wise construction approach for CSMeD-ft canonical splits, putting
the newest reviews in the test set to ensure the integrity and avoid data contamination.
Therefore, we select 31 open access Cochrane reviews published in the last year (between
01/06/2022 and 31/05/2023) to create our test set. We used data from previous publica-
tions to construct a testing and development set: we selected 60 reviews mentioned in
Nussbaumer-Streit et al. [185] for the development set and 176 reviews listed by Scells
et al. [225] for the training dataset.

At the moment of constructing this dataset, creating a prompt for LLMs with an input of
a few thousand tokens is feasible, albeit costly. According to the OpenAI model pricing9

as of June 2023, screening 500 full texts with the GPT-4-32k model would cost more
than 400 USD. Therefore, we also release a subset of randomly selected 50 documents

7https://www.ncbi.nlm.nih.gov/search/
8https://core.ac.uk
9https://openai.com/pricing
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from the test set as CSMeD-ft-test-small. Details of the dataset are presented in
Table 4.3.

It should be noted that newer SLRs tend to have more comprehensive metadata and
more open access full text publications available. This resulted in token length and label
frequency differences across the dataset splits (Figure 4.4). Despite these variations, we
decided to retain these splits as they present a more realistic and challenging scenario,
closely reflecting real-life circumstances. We release the source code for the entire dataset
construction process, enabling transparency and reproducibility. We have also built
a dedicated page to explore CSMeD-ft dataset containing full text documents on
the CSMeD visualisations dashboard.

Table 4.3: Details of the CSMeD-ft dataset. Column ‘#included’ mentions number
of included documents on the full text step. CSMeD-ft-test-small is a subset of
CSMeD-ft-test.

Dataset name #reviews #docs. #included Avg. %
included

Avg. #words
in document

Avg. #words
in review

CSMeD-ft-train 148 2,053 904 44.0% 4,535 1,493
CSMeD-ft-dev 36 644 202 31.4% 4,419 1,402
CSMeD-ft-test 29 636 278 43.7% 4,957 2,318
CSMeD-ft-test-small 16 50 22 44.0% 5,042 2,354

Despite its small size, all labels in the dataset have been created by medical experts. It
evaluates the eligibility of publications to the often very complex criteria, both written
in a domain-specific medical language.

4.2.2 CSMeD-ft Data Card
Dataset Description The dataset focuses on the task of full text screening for systematic
literature review creation. It contains 3,333 systematic literature review and publication
pairs with decisions if the publication was included in the systematic literature review.
Every excluded publication also contains a textual justification for exclusion. Systematic
literature reviews are formatted in the json format, whereas publications are stored
as csv files. Token frequency distribution by split and frequency of different kind of
instances is presented in Figure 4.4. Newer SLRs (in validation and test splits) have
more text, than the older reviews in the training splits. CSMeD-ft-sample is a subset
of CSMeD-ft-test dataset. We intend to store the dataset on the TU Wien Research
Data repository,10 currently the dataset is available on the project GitHub repository.

Homepage: github.com/WojciechKusa/systematic-review-datasets

URL: CSMeD-ft.zip

Licensing: CC BY 4.0
10https://researchdata.tuwien.ac.at
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Figure 4.4: Token frequency distribution by split (top) and frequency of different kind of
instances (bottom).

Languages: English

Tasks: text pairs classification, natural language entailment

Schemas: TEXT, PAIRS, source.

Splits: train, dev, test, sample

Dataset size (document pairs): train: 2,053, dev: 644, test: 636, sample: 50

Size of downloaded dataset files: 33.5 MB

Size of the generated dataset files: 112.2 MB

4.3 Discussion

In this section, we delve into the broader implications, challenges, and future directions
presented by the introduction of CSMeD and CSMeD-ft. We discuss the underlying
motivations for their creation, their potential for transforming SLR automation, and the
challenges of evaluating large language models in this context. This discussion aims to
contextualise our contributions within the broader landscape of information retrieval and
machine learning, highlighting their relevance and potential impact on the field.
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4.3.1 Rationale behind CSMeD
The introduction of CSMeD represents a step forward in the standardisation of sys-
tematic literature review automation. This meta-dataset addresses the acute need for
comprehensive and diverse datasets in citation screening, a task that has been historically
underrepresented. By consolidating nine distinct datasets and incorporating a broad
range of SLRs, CSMeD offers more robust training and evaluation of models but also
provides insights into the nuanced challenges faced in real-world SLR scenarios.

Despite the potential value in revising existing collections, we recognise that such efforts
might not substantially alter prevailing research practices, particularly the reliance on
outdated dataset versions. For instance, Lagopoulos and Tsoumakas [141] identified some
issues with the CLEF TAR 2019 collection. They subsequently released an updated
version containing extended meta-data and addressing concerns related to duplicates
and overlap11. However, subsequent research has largely ignored this updated dataset.
Therefore, we decided to introduce the CSMeD as a new collection.

The development of CSMeD is not an attempt to establish another gold standard dataset
but rather to refine and enhance the quality of existing data. Our aim is to shed light on
potential research directions that can further the automation of SLRs. In this regard, to
ensure impartiality, quality, and continuous improvement, we advocate for the governance
of citation screening datasets by independent collaborations, such as the International
Collaboration for the Automation of Systematic Reviews (ICASR) [18].12

4.3.2 Prospective evaluation of systematic review automation
The evaluation of large language models presents several challenges, prominently including
prompt sensitivity [178], construct validity, and data contamination [115, 116]. Prompt
sensitivity refers to the model’s performance variability based on the input prompt’s
structure or wording, complicating consistent assessment across different prompts. Con-
struct validity concerns the extent to which the evaluation metrics and tasks genuinely
reflect the model’s ability to perform intended functions. Contamination, often resulting
from data leakage, involves models inadvertently being trained on parts of the test set,
leading to inflated performance metrics. These challenges necessitate careful design and
implementation of evaluation protocols to ensure the reliability and validity of LLM
assessments. CSMeD can offer a platform for this purpose by providing an up-to-date
collection of SLRs, coupled with detailed metadata, enabling a more dynamic and realistic
evaluation of LLMs.

One of the most promising aspects of our approach and using CSMeD is the potential for
prospective evaluation. New Cochrane reviews are continually conducted and published
in the Cochrane Library. The approach proposed for the construction of CSMeD can be
used to gather the SLR protocols as soon as they are registered in the Cochrane Library.

11https://github.com/sakrifor/tar
12https://icasr.github.io
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The data from the protocols (namely SLR description, search strategy, and eligibility
criteria) is sufficient for reviewers to conduct the SLR manually. Thus, the automation
approaches can be tested inside such ‘sandboxes’, and the gold data will be available
as soon as the manual review is completed. This strategy ensures that predictions
are made before the publication of a review, ensuring no data contamination. Even if
LLMs contained some information about underlying PubMed documents in their training
data, this was without any labels relevant to screening or meta-analysis results, further
preventing contamination. Using Cochrane reviews minimises the data requirements
and enhances the real-world applicability of the evaluation. It assesses current model
capabilities and their adaptability and scalability in evolving SLR datasets. A notable
limitation is the approximate two-year delay from SLR registration to publication, which
can be mitigated to some extent by selecting older SLR protocols.

4.4 Summary
This chapter has presented the development and potential applications of two novel
datasets for citation screening in systematic literature reviews, CSMeD and CSMeD-ft.
CSMeD, with its extensive collection of diverse SLRs and enhanced metadata, addresses
significant gaps in existing datasets and sets a new standard for evaluating citation
screening methods. CSMeD-ft, focuses on full-text screening, further expanding the
scope for evaluation of advanced language models in this field. We also discuss how
our work can be extended to facilitate evolving collections of systematic reviews. These
datasets not only facilitate more efficient and accurate screening processes but also open
avenues for future research in applying advanced language models to the complexities of
systematic literature reviews.
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CHAPTER 5
Relevance-based Evaluation

Measures for Citation Screening

As discussed in Chapter 3, multiple evaluation measures have been proposed for assessing
the efficiency and effectiveness of citation screening algorithms. Among these measures,
one that has garnered significant attention is the Work Saved over Sampling (WSS). This
chapter starts by examining Work Saved over Sampling. We investigate the properties
of WSS, and assess its terms and their influence on the final WSS score. Similarly
to the Discounted Cumulative Gain (DCG) metric [105], we propose to normalise the
WSS in order to be able to compare the scores between multiple models and datasets.
This representation preserves all the features of the WSS and simultaneously removes
some constants from the equation. Furthermore, we show that the normalised WSS is
equivalent to the True Negative Rate (TNR, also known as specificity).
Using the derived equation, we calculate and provide benchmark scores for fifteen
systematic review datasets with the TNR@95% Recall measure. We show that the
incorrect usage of WSS@95% to compare averaged performance across several datasets
proved to yield erroneous order of models. Based on our findings, we recommend using
TNR at r% Recall as the evaluation measure for citation screening automation and
technology-assisted reviews.
We also examine the behaviour of Precision at r% Recall cutoff – a measure analogous
to WSS, also used in previous research. Similarly to the WSS, we propose its min-max
normalised versions.
We introduce a variation of the True Negative Rate, which we call rectified True Negative
Rate (reTNR@r%). The reTNR penalises models that perform worse than a random
ordering of the documents, following the original rationale of WSS.
Finally, we introduce VoMBaT – a new visual analytics tool for analysing behaviour of
evaluation measures for high-recall tasks. Our visual analytics tool addresses the current
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limitations in understanding evaluation measures, especially at different Recall levels, by
bridging the gap between technical experts and non-experts in the field of High-Recall IR.
Our tool allows researchers and practitioners to gain deeper insights into the behaviour
of evaluation measures. Additionally, it offers the ability to simulate potential savings in
time and money, specifically in the process of manual versus automatic citation screening
across different datasets. Using VoMBaT, we present several analyses of evaluation
measures in the context of citation screening. We discuss and compare WSS and TNR
with Precision and AUC, two other commonly used evaluation measures in this setting.

5.1 Screening Evaluation Measures Based on the
Confusion Matrix

In this section, we introduce and discuss a set of evaluation measures derived from
the confusion matrix, which forms the basis for assessing the performance of citation
screening models. Most of these measures have been previously applied to the evaluation
of automated citation screening or TAR models.

Accuracy and Balanced Accuracy We begin with accuracy, a primary measure
that represents the overall correctness of the model in classifying both relevant and
irrelevant documents. It is calculated as the proportion of true positive and true negative
predictions among all predictions, given by:

Accuracy = TP + TN

TP + FN + TN + FP
(5.1)

While accuracy provides a general indication of model performance, it can be misleading
in imbalanced datasets. Particularly in citation screening, where average percentage of
relevant documents in 300 systematic reviews is 7.1%. In such cases, the accuracy metric
may not provide a comprehensive insight into the model’s performance. To mitigate
this issue, Balanced Accuracy (BA) is introduced, offering a more nuanced evaluation by
considering the model’s effectiveness separately for each class and then averaging these
accuracies. BA is defined as:

BA = 1
2


TP

TP + FN
+ TN

TN + FP


(5.2)

Precision, Recall, and F-score Precision and Recall are pivotal in contexts where
either false positives or false negatives have significant implications. Precision calculates
the proportion of true positive predictions among all positive predictions, indicating the
model’s ability to avoid false positives. Recall, on the other hand, assesses the model’s
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capability to identify all relevant documents. They are formalised as:

Precision = TP

TP + FP
(5.3)

Recall = TP

TP + FN
(5.4)

(5.5)

The Fβ-score harmonises these metrics, offering a single measure that balances Precision
and Recall. The β parameter is chosen such that Recall is considered β times as important
as Precision:

Fβ = (1 + β2) · TP

(1 + β2) · TP + β2 · FN + FP
(5.6)

Two commonly used values for β are 2, which weighs Recall higher than Precision, and
0.5, which weighs Recall lower than Precision:

F2 = 5 · TP

5 · TP + 4 · FN + FP
(5.7)

F0.5 = 1.25 · TP

1.25 · TP + 0.25 · FN + FP
(5.8)

In the context of citation screening, a Recall-oriented task, users might be more interested
in minimising false negatives, hence using the β values higher than 1.

Depth for Recall, Burden, Utility and Coverage Depth for Recall (DFR) quanti-
fies the effort required to achieve a certain level of Recall. It integrates the prevalence of
relevant documents and Precision to provide insights into the workload associated with
manual citation screening:

DFR = Prevalence · r

Precision
(5.9)

where the Prevalence is described as a ratio of relevant documents to all documents in
the collection:

Prevalence = I
N (5.10)

Burden, Utility and Coverage were proposed to assess the screening model performance
in the active learning setting [269, 172]:
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Burden = TPL + TNL + FPL + TPU + FPU

N
, (5.11)

Utility = β · Recall + (1 − Burden)
β + 1 , (5.12)

Coverage = TPL

TPL + FNL + TPU + FNU
, (5.13)

given true positives (TP), true negatives (TN), false positives (FP), and false negatives
(FN) for labelled data (TPL, TNL, FPL, FNL) and unlabelled data (TPU , TNU , FPU ,
FNU ).

Other measures The Matthews Correlation Coefficient (MCC) is a robust metric that
considers all four terms of the confusion matrix, delivering a balanced evaluation even in
imbalanced datasets:

MCC = TP · TN − FP · FN�
(TP + FP )(TP + FN)(TN + FP )(TN + FN)

(5.14)

False Discovery Rate (FDR) quantifies the proportion of false positives among all positive
predictions. The Diagnostic Odds Ratio (DOR) combines these rates to offer insights
into the model’s discriminative power:

FDR = FP

TP + FP
(5.15)

LR+ = TPR

FPR
(5.16)

LR− = FNR

TNR
(5.17)

DOR = LR + @r%
LR − @r% (5.18)

Additional measures like Negative Predictive Value (NPV) and False Omission Rate
(FOR) can also be considered to provide a comprehensive understanding of the model’s
performance across various dimensions:

NPV = TN

TN + FN
(5.19)

FOR = FN

TN + FN
(5.20)
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5.2 Work Saved over Sampling Measure

The Work Saved over Sampling (WSS) is a custom evaluation measure, also based on
a confusion matrix, used specifically in the context of automated citation screening
evaluation. It was introduced and described by Cohen et al. [35] as “the percentage
of papers that meet the original search criteria that the reviewers do not have to read
(because they have been screened out by the classifier).” It estimates a reduction in the
workload of human screening by using automation tools, assuming a fixed r% Recall level.
WSS, given a Recall set at r%, is defined as follows:

WSS@r% = TN + FN

N
− (1 − r) , (5.21)

where TN is the number of true negatives (excludes that were correctly removed), FN
is the number of false negatives (includes that were incorrectly marked as irrelevant
documents), and N is the total number of documents.

The choice of Recall level is influenced by the domain and characteristics of the review.
Past studies on the automation of citation screening typically used 95% Recall as
the threshold to preserve a satisfactory quality of the systematic literature review in
medicine [35]. In other technology-assisted review tasks, Recall level might be lower,
and sometimes this choice is influenced by time or money limitations. For instance, in
e-discovery, a commonly used Recall is 80% [289].

WSS has been used in almost 40 previous publications to evaluate the effectiveness
of a supervised machine learning system for citation screening [166, 99, 226, 124, 130].
This makes it the de-facto standard evaluation metric in this field. It was also used as
one of evaluation measures for the Technology Assisted Review shared task at CLEF
by Kanoulas et al. [112, 113].

O’Mara-Eves et al. [190] mention that there is a subjective component for metrics
like Fβ-score and WSS. Evaluators determine thresholds and parameters, making it
difficult to compare across studies. It is also not always transparent or justified how
the thresholds/weights are chosen. Cohen [36] in their later study abandoned WSS
in favour of Area Under the ROC Curve (AUC) as they argue that the former metric
fails to capture different Recall-precision trade-offs in different reviews. On the other
hand, Cormack and Grossman [45] mention that cumulative measures like area under
the cumulative Recall curve and average Precision yield very little insight into the actual
or hypothetical effectiveness of the models.

Norman [182] notices that despite WSS being relatively easy to interpret in the context
of automation of systematic reviews, it is also strongly influenced by random effects and
tends to have a large variance. Recall versus effort plots using the knee method [43] can
be used as a more generalised extension of the WSS metric, plotting the scores over the
full range of values of Recall.

85



5. Relevance-based Evaluation Measures for Citation Screening

5.3 Analysis of the Work Saved over Sampling Measure
We first present an example of the evaluation of automated citation screening with WSS.
Later, we examine WSS properties and its terms and their influence on the final score.

5.3.1 Citation screening example
Let us assume an example systematic review with a citation list containing the total
number of documents N = 2000. Out of them, only 200 (10%) are relevant to the
systematic review study and should be included in the final review (also known as
includes, I). The remaining 1800 documents are irrelevant to the review topic and
should be excluded (also known as excludes, E). In a manual screening scenario, annotators
need to screen all 2000 documents to select only the 200 relevant ones.

Fixing the level of Recall also assumes that the number of true positives and false
negatives is static. A Recall of 95% is achieved when the model correctly predicts 190
relevant documents (TP ). The remaining 10 includes are treated as false negatives
(FN). In practice, different models vary from each other by how many excludes they
can screen out automatically (i.e., good models maximise the number of E classified as
true negatives (TN) while minimising the number of false positives (FP )). The WSS
measure can be applied both to ranking (where the rank of r% relevant documents is
used) and classification (where we a posteriori assume that the model used a specific
prediction threshold to achieve the Recall level of r%.)

5.3.2 The (1 − r) term
The (1 − r) term was introduced to measure the advantage of a model when compared
to the work saved with respect to a simple random sampling. A Recall level of 95% is
on average achieved when 95% of a dataset is randomly sampled, and this provides a
5% saving for reviewers. With the (1 − r) term, the WSS@r% score above 0 means that
a model performs better than the random sampling. If the WSS score is below 0, the
model performs worse than random.

We argue that the (1 − r) term does not impact the WSS score as it was originally
assumed, as it is just a constant value that is being subtracted from all scores from the
same level r% of Recall. In particular, for r = 0.95, this term will always subtract 0.05
from the final WSS score, which can be seen as redundant if we want to compare multiple
results.

5.3.3 The FN term
WSS at a specific r% Recall assumes that exactly (1 − r)% of documents that should be
included will be misclassified. For a specific r% Recall, the number of False Negatives
(FN) is always equal to ⌊|I| · (1 − r)⌋, where with ⌊·⌋ we indicate the floor operator. This
means that the FN term will also be a constant for every model for the same dataset.
Consequently, for a fixed level of Recall, true positives (TP ) are equal to r · |I|.
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Furthermore, the usage of the FN term in the WSS formula complicates its understanding.
In the numerator (which should be maximised since the formula measures work saved),
there is a sum of true negatives (a factor that should be maximised) and false negatives
(a factor which should instead be minimised). A single evaluation measure should not
maximise the sum of correct and wrong decisions simultaneously.

5.3.4 The maximum and minimum WSS value
For every dataset, we can calculate the maximum and minimum values of the WSS score
as follows:

max(WSS@r%) = |E| + ⌊|I| · (1 − r)⌋
N

− (1 − r), (5.22)

min(WSS@r%) = 0 + ⌊|I| · (1 − r)⌋
N

− (1 − r). (5.23)

The maximum value of WSS is achieved when at least r% of included documents are
presented first, before any irrelevant document (or in the classification nomenclature
TN = |E|). On the other hand, the minimum WSS value is obtained when all excluded
documents are ranked before at least one relevant document (TN = 0).

The absolute maximum and minimum values of WSS depend on the dataset, and its
excludes/includes ratio. max(WSS) approaches 0 in datasets significantly imbalanced
towards the positive class (includes):

lim
|E|→0

max(WSS@r%) = lim
|E|→0

|E| + |I| · (1 − r)
|E| + |I| − (1 − r) = 0. (5.24)

On the other hand, as the ratio of irrelevant to relevant documents (|E|/|I|) gets higher,
the maximum achievable score by WSS also gets higher (impact of includes in both
nominator and denominator gets smaller, and the final score depends more on the
excludes). Therefore, max(WSS) approaches r in datasets heavily imbalanced towards
the negative class (excludes):

lim
|I|→0

max(WSS@r%) = lim
|I|→0

|E| + |I| · (1 − r)
|E| + |I| − (1 − r) = r. (5.25)

Similar considerations can be applied to min(WSS), and its upper and lower bound also
depends on the excludes/includes ratio:

lim
|E|→0

min(WSS@r%) = lim
|E|→0

0 + |I| · (1 − r)
|E| + |I| − (1 − r) = 0, (5.26)

lim
|I|→0

min(WSS@r%) = lim
|I|→0

0 + |I| · (1 − r)
|E| + |I| − (1 − r) = r − 1. (5.27)

Moreover, min(WSS) will not be negative only in the case when the dataset contains
only documents that should be included (|E| = 0). These properties of maximum and
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minimum values of WSS mean that this measure does not fulfil the zero and maximum
Axiom #3 proposed by Busin and Mizzaro [29] (see Section 3.5.1 of Chapter 3 for an
overview of the evaluation metric axioms).

5.3.5 Evaluation with cross-validation

Most of the automated citation screening models require some seed of manually labelled
documents to train the machine learning model, which can rank or predict the category
of remaining documents. This assumes preparation of the training set, i.e., manually
annotating documents for their eligibility. In previous work, evaluation was usually done
using stratified 5 × 2-fold cross-validation that splits the dataset into two equally sized
subsets with an even distribution of label classes which are subsequently used to train and
test the model [166, 37, 99, 124, 262, 130]. The actual work saved would be measured
on the second half of the initial dataset. Effectively, in the example dataset and when
using 5 × 2-fold cross-validation, there would be total of |N | = 1000 documents for the
evaluation with WSS, out of which 100 includes I and 900 excludes E .

This approach implies another practical consideration with the (1 − r) term in the WSS
measure. If in the dataset the total number of includes I is small, such that for a specific
level of Recall r, (1 − r)% of relevant items would be fewer than one document (i.e.,
|I| · (1 − r) < 1), the number of false negatives will be equal to 0 for all Recalls ≥ r.
Thus, the following equation holds:

WSS@r% = WSS@100% − (1 − r). (5.28)

This means that even when comparing WSS scores for different levels of Recall r, they
will differ only by the constant (1 − r) term, and it does not depend on the total number
of documents N . If a dataset contains 20 relevant documents, a Recall = 95% means
that 19 of them were successfully identified and only one document is a False Negative.
Therefore, for WSS@95%, the equation above is true for all datasets where the total
number of relevant documents used in the evaluation is fewer than 20 (|I| < 20).

Moreover, when a common practice of using stratified 5×2-fold cross-validation is applied
to evaluating a model, and one only calculates the scores on half of the dataset, this,
in practice, means that the total size of includes in the dataset for which this equation
holds is twice as high (40 relevant examples in the case of r = 95%). From our analysis
of 23 commonly used benchmark datasets [130], five have less than 40 includes in total
(three of these datasets have even less than 20 includes). This means that there is no
difference if one evaluates the same model at 95% or 100% Recall, as these two scores
will always only differ by 0.05 for the dataset considered.
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5.4 The Normalised WSS
We first present two formulations of the min-max normalisation of the WSS measure.
Then we present benchmark results with normalised WSS and highlight the importance
of this normalisation.

5.4.1 Min-max normalisation of WSS
As was done in the case of the DCG metric [105], we propose to normalise the WSS
metric. As for the nDCG, the normalised WSS will allow for comparison across multiple
models and benchmark systematic review datasets. The approach is presented below:

nWSS@r% = WSS@r% − min(WSS@r%)
max(WSS@r%) − min(WSS@r%) (5.29)

With the assumptions from the previous section, we further formulate the equation as:

nWSS@r% = (TN + ⌊|I| · (1 − r)⌋)/N − ✘✘✘✘(1 − r) − ⌊|I| · (1 − r)⌋/N + ✘✘✘✘(1 − r)
(|E| + ⌊|I| · (1 − r)⌋)/N − ✘✘✘✘(1 − r) − ⌊|I| · (1 − r)⌋/N + ✘✘✘✘(1 − r)

= (TN + ⌊|I| · (1 − r)⌋)/✚✚N − ⌊|I| · (1 − r)⌋/✚✚N

(|E| + ⌊|I| · (1 − r)⌋)/✚✚N − ⌊|I| · (1 − r)⌋/✚✚N

= TN + ✭✭✭✭✭✭✭⌊|I| · (1 − r)⌋ − ✭✭✭✭✭✭✭⌊|I| · (1 − r)⌋
|E| + ✭✭✭✭✭✭✭⌊|I| · (1 − r)⌋ − ✭✭✭✭✭✭✭⌊|I| · (1 − r)⌋

= TN

|E| (5.30)

Applying this normalisation makes all the constant terms of WSS (FN and (1 − r))
cancel themselves. The nWSS score for every dataset is always in the range [0, 1]. An
ideal score is achieved when all the excluded documents are classified as true negatives,
and then the nWSS is equal to 1. Conversely, when all the documents that should be
excluded are classified incorrectly, TN = 0 and thus nWSS = 0.

In the case of a Recall threshold at 95%, the nWSS equation is:

nWSS@95% = TN@95%
|E| , (5.31)

meaning that we only need to estimate the number of true negatives produced by a
ranking/classification model when it achieves 95% Recall.

Furthermore, as |E| is equal to all the negatives that should be excluded, i.e., |E| =
TN + FP , this allows us to produce another version of the nWSS:

nWSS = TN

TN + FP
, (5.32)

which is equal to the True Negative Rate (TNR), also known as specificity. This means
that nWSS@r% is equal to specificity at a Recall rate of r% (S@r%).

89



5. Relevance-based Evaluation Measures for Citation Screening

nWSS@r% = TNR@r% = TN@r%
|E| , (5.33)

5.4.2 Alternative demonstration for rank-based evaluation
Here we propose an alternative demonstration that uses rank-based evaluation terms.
We assume that nr% is the rank of the last manually screened document in the ordered
dataset so as to achieve r% of Recall. TN + FN is thus equal to N − nr%, and we can
then re-write the WSS equations as follows:

WSS@r% = TN + FN

N
− (1 − r) = N − nr%

N
− (1 − r). (5.34)

In this equation, both N and r are fixed, and the only model and dataset-dependent
parameter is nr%. The minimum value of WSS is when the rank is the lowest possible (only
(1 − r) of relevant documents were still not seen): nr% = N − (1 − r) · |I|. The maximum
value of WSS is when the rank is equal to r% of relevant documents: nr% = r · |I|. We
can write the minimum as:

min(WSS@r%) = N − (N − (1 − r) · |I|)
N

− (1 − r)

min(WSS@r%) = (1 − r) · |I|
N

− (1 − r), (5.35)

and the maximum as:

max(WSS@r%) = N − r · |I|
N

− (1 − r)

max(WSS@r%) = (|E| + |I|) − r · |I|
N

− (1 − r)

max(WSS@r%) = |E| + (1 − r) · |I|
N

− (1 − r). (5.36)

We can then write the formula for normalised WSS@r% using document ranking terms:

nWSS@r% =
N−nr%

N − ✘✘✘✘(1 − r) − (1−r)·|I|
N + ✘✘✘✘(1 − r)

|E|+(1−r)·|I|
N − ✘✘✘✘(1 − r) − (1−r)·|I|

N + ✘✘✘✘(1 − r)

nWSS@r% =
N−nr%
✚N − (1−r)·|I|

✚N
|E|+(1−r)·|I|

✚N − (1−r)·|I|
✚N

nWSS@r% = N − nr% − (1 − r) · |I|
|E| + ✘✘✘✘✘✘(1 − r) · |I| − ✘✘✘✘✘✘(1 − r) · |I|

nWSS@r% = N − nr% − (1 − r) · |I|
|E|

nWSS@r% = |E| + r · |I| − nr%
|E| . (5.37)
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Equation 5.37 is the rank-based version of the nWSS equation. Furthermore, if we
substitute the rank-based terms with confusion matrix terms (nr% = TP + FP ), we can
show that this formula is identical to Equation 5.32:

nWSS@r% = |E| + r · |I| − nr%
|E|

nWSS@r% = (TN + ✟✟FP ) + r · |I| − (TP + ✟✟FP )
|E|

nWSS@r% = TN + r · |I| − TP

|E|
nWSS@r% = TN + ✟✟TP − ✟✟TP

|E|
nWSS@r% = TN

TN + FP
. (5.38)

5.4.3 Benchmark results with TNR@95%

In this section, we compare the WSS and TNR scores in order to demonstrate the
problems with using WSS for evaluation. We compare the results of seven different
models on fifteen citation screening datasets from Cohen et al. [35]. We are interested
in establishing the rank of each model based on the average WSS and TNR scores. We
take previous benchmark results from the literature for seven distinct models. We used
Equation 5.29 to convert WSS@95% scores reported by previous studies to the TNR@95%
scores. The performance of past models evaluated with TNR@95% and WSS@95% is
presented in Table 5.1.

When comparing the model’s performance using averaged TNR against the average WSS
from these 15 datasets, we observe changes in the model’s ranking. When ordered by
their average WSS score, models from best to lowest score are D, E, C, G, F, B and A.
However, when evaluated with TNR, the order is the following: D, E, C, G, B, F and A.
Hence, with only seven models, we have already noticed that the incorrect usage of WSS
to compare averaged performance across several datasets proved to yield an erroneous
order of models.

5.5 Additional Evaluation Measures at Specific Recall
Levels

In this section, we present normalised versions of standard evaluation measures at specific
Recall cutoffs and a variation of true negative rate, penalising models performing worse
than random sampling. These refinements are required for accurately assessing model
performance in citation screening tasks over several datasets. These metrics can be
important for researchers and practitioners in information retrieval and machine learning
as they offer more accurate and context-sensitive tools for assessing model performance.
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Table 5.1: Evaluation results with WSS and TNR at 95% Recall on systematic review
datasets from Cohen et al. [35] described in Chapter 3. The following models were used:
A: Cohen et al. [35], B: Matwin et al. [166], C: Cohen [36], D: Howard et al. [99], E:
Kontonatsios et al. [124], F: van Dinter et al. [262], G: Kusa et al. [130]. Bold indicates
highest score.

No Datset name Dataset
size

Percentage
of includes Models

WSS@95% A B C D E F G
1 ACEInhibitors 2,544 1.6% 0.566 0.523 0.733 0.801 0.787 0.783 0.783
2 ADHD 851 2.4% 0.680 0.622 0.526 0.793 0.665 0.698 0.424
3 Antihistamines 310 5.2% 0.000 0.149 0.236 0.137 0.310 0.168 0.047
4 Atypical Antipsychotics 1,120 13.0% 0.141 0.206 0.170 0.251 0.329 0.212 0.218
5 Beta Blockers 2,072 2.0% 0.284 0.367 0.465 0.428 0.587 0.504 0.419
6 Calcium Channel Blockers 1,218 8.2% 0.122 0.234 0.430 0.448 0.424 0.159 0.178
7 Estrogens 368 21.7% 0.183 0.375 0.414 0.471 0.397 0.119 0.306
8 NSAIDs 393 10.4% 0.497 0.528 0.672 0.730 0.723 0.571 0.620
9 Opioids 1,915 0.8% 0.133 0.554 0.364 0.826 0.533 0.295 0.559
10 Oral Hypoglycemics 503 27.0% 0.090 0.085 0.136 0.117 0.095 0.065 0.098
11 Proton PumpInhibitors 1,333 3.8% 0.277 0.229 0.328 0.378 0.400 0.243 0.283
12 Skeletal Muscle Relaxants 1,643 0.5% 0.000 0.265 0.374 0.556 0.286 0.229 0.090
13 Statins 3,465 2.5% 0.247 0.315 0.491 0.435 0.566 0.443 0.409
14 Triptans 671 3.6% 0.034 0.274 0.346 0.412 0.434 0.266 0.210
15 Urinary Incontinence 327 12.2% 0.261 0.296 0.432 0.531 0.531 0.272 0.439

Average WSS@95% score 0.2343 0.3348 0.4078 0.4876 0.4711 0.3351 0.3388
Rank based on average WSS@95% score 7 6 3 1 2 5 4

TNR@95% A B C D E F G
1 ACEInhibitors 0.625 0.582 0.795 0.864 0.850 0.846 0.846
2 ADHD 0.746 0.687 0.589 0.862 0.731 0.765 0.484
3 Antihistamines 0.053 0.210 0.302 0.197 0.380 0.230 0.102
4 Atypical Antipsychotics 0.212 0.287 0.246 0.339 0.429 0.294 0.301
5 Beta Blockers 0.340 0.425 0.525 0.487 0.649 0.564 0.478
6 Calcium Channel Blockers 0.183 0.305 0.518 0.538 0.512 0.223 0.244
7 Estrogens 0.284 0.529 0.579 0.652 0.557 0.202 0.441
8 NSAIDs 0.605 0.640 0.800 0.865 0.857 0.688 0.742
9 Opioids 0.184 0.609 0.417 0.883 0.588 0.348 0.614
10 Oral Hypoglycemics 0.176 0.169 0.239 0.213 0.182 0.141 0.186
11 Proton PumpInhibitors 0.338 0.289 0.391 0.443 0.466 0.303 0.345
12 Skeletal Muscle Relaxants 0.050 0.317 0.426 0.609 0.338 0.281 0.141
13 Statins 0.303 0.373 0.553 0.496 0.630 0.504 0.469
14 Triptans 0.086 0.334 0.409 0.478 0.500 0.326 0.268
15 Urinary Incontinence 0.347 0.387 0.542 0.655 0.655 0.360 0.550

Average TNR@95% score 0.3022 0.4094 0.4888 0.5721 0.5550 0.4050 0.4141
Rank based on average TNR@95% score 7 5 3 1 2 6 4

5.5.1 Precision and Fbeta at a Recall cutoff

The problem with evaluating models at a specific Recall value is that most measures
will not be bounded between [0, 1]. Therefore, their min and max values depend on the
class imbalance, and these measures do not fulfil the Axiom #3 proposed by Busin and
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Mizzaro [29]. This leads to problems in comparing performance across different datasets
and makes it difficult to assess the true performance of models.

Besides WSS, previous studies also used Precision at a fixed Recall cutoff (P@r%) to
evaluate screening prioritisation algorithms [124]. Using the analysis from Section 5.3.3
that for a specific r% Recall, TP will be equal to r · |I|, we can define a minimum and
maximum Precision values as follows:

max(Precision@r%) = r · |I|
r · |I| + 0 = 1, (5.39)

min(Precision@r%) = r · |I|
r · |I| + E . (5.40)

We can observe that the maximum Precision@r% value will always be equal to 1. However,
the minimum Precision value, similarly to WSS, depends on the I/E ratio of the dataset:

lim
|E|→0

min(Precision@r%) = lim
|E|→0

r · |I|
r · |I| + E = 1, (5.41)

lim
|I|→0

min(Precision@r%) = lim
|I|→0

r · |I|
r · |I| + E = 0. (5.42)

Therefore, we define min-max normalised version of Precision@r% (nP@r%) as:

nP@r% =
T P

T P +F P − T P
T P +|E|

1 − T P
T P +E

nP@r% =


TP · (TP + |E|) − TP · (TP + FP )


/

(TP + FP ) · (TP + |E|)



✟✟TP + |E| − ✟✟TP


/

TP + |E|


nP@r% = TP · |E| − TP · FP

(TP + FP ) · ✘✘✘✘✘✘(TP + |E|) · ✘✘✘✘✘✘(TP + |E|)
|E|

nP@r% = TP · (|E| − FP )
(TP + FP ) · |E|

nP@r% = TP · TN

|E| · (TN + FP ) . (5.43)

Similar generalised equation of its normalised version can be proposed for Fbeta@r%
measure:
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nFbeta@r% = (r + β2) · |I| · TN

|E| · (r · |I| + β2 · |I| + FP ) , (5.44)

and specific examples for F1-score, F0.5-score and F3-score are presented in equations
below:

nF1@r% = (r + 1) · |I| · TN

|E| · (r · |I| + |I| + FP ) (5.45)

nF0.5@r% = (r + 0.25) · |I| · TN

|E| · ((r + 0.25) · |I| + FP ) (5.46)

nF3@r% = (r + 9) · |I| · TN

|E| · ((r + 9) · |I| + FP ) (5.47)

Using these normalised equations ensures that the process of averaging scores from
multiple reviews (topics) maintains mathematical rigour. This approach contrasts with
the methodologically inadequate practice of averaging non-normalised scores, which
results in difficulties in model comparisons, misleading interpretations and inconsistencies
in evaluation.

5.5.2 Rectified TNR
Additionally, we introduce a new evaluation measure for analysis: rectified True Negative
Rate (reTNR) and its min-max normalised version (nreTNR):

reTNR@r% =
�

TNR@r%, if F P @r%
E < r%

T N@r%
E , otherwise

(5.48)

nreTNR@r% = reTNR − min(reTNR)
max(reTNR) − min(reTNR) (5.49)

reTNR penalise models which perform worse than a random ordering of the documents,
i.e., when, for a given r% of Recall, the true negative rate is lower than (1 − r), reTNR
score is equal to the (1 − r). This threshold is equal to a simple random sampling, as
savings of (1−r)% are achieved when, on average, r% of the dataset is randomly sampled.
An intuition for this measure is that all models performing worse than random sorting
are equally bad, and, especially when averaging scores, they should not influence the
actual work saved (see Figure 5.1). This follows up on the original intuition of the WSS
metric introduced by Cohen et al. [35], which obtains zero value for a model performance
equal to a random sampling.
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Figure 5.1: Plot presenting a TNR, nreTNR and WSS behaviour for a custom dataset
containing N = 2000 documents out of which 5% are relevant (|I| = 100). Visualisation
shows how the number of detected true negatives (TNs) influences the score of each
evaluation measure. Evaluations conducted at a Recall cutoff = 70%.

5.6 VoMBaT Visual Analytics Tool
The dynamics between the values of true negatives and Recall can be difficult to com-
prehend when using measures such as WSS@r%, TNR@r% or Precision@r%. These
measures do not provide a clear understanding of the number of true negatives found by
the model and the time saved as a result. Additionally, it can be challenging to translate
a particular score of these measures into real time and money benefits. The complexity of
these measures can pose a challenge for practitioners in effectively utilising TAR systems
and accurately evaluating their performance.

To this end, we developed VoMBaT (Visualisation of Measure Behaviour for TAR) –
a visual analytics toolbox focusing on high-recall evaluation scenario. We implemented
fifteen evaluation measures based on the confusion matrix terms described in the previous
Sections: Precision, Accuracy, Balanced Accuracy, F1 −score, F3 −score, F0.5 −score,
TNR, WSS, MCC, FDR, NPV , FOR, DFR and DOR (Equations 5.1–5.20).

The tool we developed offers an interface to compare different evaluation measures,
providing insights into their impact. The tool does not compare scores from actual
runs but instead takes only two dataset parameters: dataset size and a percentage of
relevant documents in the dataset, making it domain agnostic and applicable for many
TAR applications. The target users for the tool are researchers, practitioners and other
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Figure 5.2: The VoMBaT page for comparing several evaluation measures at a fixed
Recall level. Users can navigate to other pages and select dataset parameters using the
sidebar on the left, while Recall level and evaluation measure selection are on the top.

stakeholders involved in high-recall search tasks who want to understand the evaluation
measures better. These users may include data scientists, machine learning engineers,
legal professionals, and academic researchers. Additionally, the tool can be used to help
users in their decision-making process about the quality of TAR models and to evaluate
the potential savings in time and resources in a variety of settings.

Our tool is made using Python 3.10, Plotly and Streamlit. VoMBaT is available as an
open-source package1 under the Apache-2.0 license and the demo is available under the
following URL.2 The interface consists of five subpages described in detail in this section.

5.6.1 Interface
The navigation between five pages is implemented using a sidebar on the left-hand side of
the screen ( 1 on Figure 5.2). A set of predefined dataset parameters (the total number
of documents N and a percentage of relevant documents I) was prepared for each of
these pages 2 . Users can also define custom dataset size and a percentage of relevant
documents 3 . There are two types of predefined datasets:

• Three synthetic examples of dataset parameters showing extreme options for the
distribution of relevant documents (I) in the dataset: balanced, heavily unbalanced

1https://github.com/WojciechKusa/VoMBaT
2https://vombat.streamlit.app
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Figure 5.3: The page for comparing one evaluation measure across all Recall levels. Users
can select dataset parameters using the sidebar on the left.

towards positive class (example of a very good search query), and heavily unbalanced
towards negative class (very typical in systematic reviews).

• Fifteen datasets which use the N and I values from systematic reviews in the field
of medicine introduced by Cohen et al. [35].

Evaluation for a fixed Recall level

This page presents a comparison of evaluation measures for a fixed level of Recall
( 4 on Figure 5.2). Users need to select a level of Recall to compare the measures first.
The level of Recall is the percentage of relevant documents that are retrieved. For example,
if one selects 10%, it assumes that the model retrieved 10% of relevant documents correctly.
The rest of the documents are assumed to be classified as non-relevant.

Evaluation for all Recall levels

This page presents 3D plots of possible evaluation measure scores for all Recall and TN
levels (Figure 5.3). First, up to four measures from the set of predefined ones can be
selected. Each measure is plotted in a separate interactive 3D plot, and the x-axis and
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Figure 5.4: The page for estimating time and money savings that can be achieved
depending on the value of evaluation measures. Users can select dataset parameters using
the sidebar on the left.

y-axis represent the number of TNs and the estimated Recall level, respectively. The
score of the selected measure is presented on the z-axis.

Savings estimation

This page presents the simulation of time and money savings that can be achieved
depending on the value of evaluation measures (Figure 5.4). Users can use this simulation
to determine the minimum threshold for the evaluation measures that can be accepted
in order to reduce the manual screening time and the cost of the evaluation. Users can
adjust factors such as the average time per document, the number of manual assessments
per document, and the cost of annotators. During the manual document review, each
document is assessed by an annotator. Furthermore, in the case of systematic literature
reviews in medicine, each document is screened by at least two people. Savings can be
achieved when the model’s automatic assessments are accurate enough to replace manual
checks for certain documents, effectively eliminating True Negatives. The more TNs the
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Figure 5.5: The page for comparing manual and automatic assessments count depending
on the TNR score. Users can select dataset parameters using the sidebar on the left.

model can remove, the greater the potential for cost and time savings.

Manual vs automatic assessment comparison

This page assumes that the number of relevant and irrelevant documents to be reviewed
manually or automatically is fixed once the desired Recall level is established (Figure 5.5).
The relevant documents included in the automatic assessment are equal to the true
positives. In contrast, the remaining relevant documents that need to be reviewed
manually are the false negatives. The number of irrelevant documents that will be
reviewed automatically or manually depends on the model’s TNR score. The higher the
TNR score, the more irrelevant documents will be automatically excluded, representing
the true negatives. The remaining irrelevant documents will need to be reviewed manually,
which are the false positives (FP ). This page provides a visual representation of the
expected number of documents that will be reviewed automatically or manually based on
a specified Recall level. The values are presented as stacked bar plots for eleven different
TNR scores.

Custom measures

Finally, we allow users to write and test custom evaluation measures using confusion
matrix terms as building blocks (Figure 5.6). The equation written by user in the text box
is converted to Python code using reverse polish notation to support basic mathematical
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Figure 5.6: The page for comparing custom evaluation measures. Users can select dataset
parameters using the sidebar on the left.

operations. The user has the option to select two variables (by default, it is Recall and
TN, as it is on other pages) which will be plotted for comparison with the evaluation
measure. The interface is similar to the Evaluation for all Recalls page.

5.7 Discussion
We first compare WSS and TNR to Precision and AUC, two other commonly used
evaluation measures in citation screening automation. We then discuss the ability to
model cost savings when using these measures. Finally, we present additional limitations
of current evaluation measures.

5.7.1 Comparison with Precision
Figure 5.7 presents the dynamic of evaluation measures’ scores as a function of the
number of true negatives detected by an algorithm for a fixed Recall level of 95%. We
consider two types of datasets having the same total number of documents N = 2000 but
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(a) Evaluation measures’ scores versus the number of True Negatives for an imbalanced
dataset with 5% of positive examples (|I| = 100, |E| = 1900).

(b) Evaluation measures’ scores versus the number of True Negatives for a perfectly balanced
dataset (|I| = |E| = 1000).

Figure 5.7: Dynamics of evaluation measures (WSS, TNR (nWSS) and Precision) scores
as a function of the number of True Negatives (TN) at 95% Recall for two sample
datasets.
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differing in the |I|/|E| ratio: heavily imbalanced towards the negative class with only
5% of positive examples (Figure 5.7a), and perfectly balanced dataset (Figure 5.7b). On
both datasets, WSS and TNR scores rise linearly with the rising number of true negatives
detected by the algorithm, but a change in the Precision scores is not linear, and its
derivative depends on the class imbalance. In addition, out of these three measures, only
TNR is always bounded by 0 and 1. Again, minimum Precision value depends on the
class imbalance, which for WSS is the case for both minimum and maximum values.

TNR score can also be directly translated to the number of documents reviewers do not
need to screen manually. Furthermore, when used with appropriate multipliers, assuming
all documents are equally time-consuming to screen, one can convert the TNR score into
the time and money saved by using automation tools.

5.7.2 Comparison with AUC
As already mentioned, measures like ROC or Precision-Recall curve are more suitable for
comparing a model’s effectiveness across multiple Recall levels. However, they do not
allow for automatic comparisons across multiple models and are not suitable for score
aggregations across several datasets. Fawcett [65] mentions that even though ROC curves
may be used to evaluate classifiers, care should be taken when using them to conclude
classifier superiority.

Figure 5.8 presents ROC curves and corresponding AUC scores for two hypothetical
models on the same dataset. Model A, which obtains a higher AUC score, quickly
achieves >60% Recall, but its score plateaus and only manages to exceed Recall of 80%
at the very end. On the other hand, model B, which “struggles” initially but reaches
perfect Recall at an FPR level of 0.35, obtains a lower AUC score. For the general search
task, model A might be more suitable. However, for technology-assisted reviews where
we want to ensure that the model achieves very high Recall (and even in the case of rapid
reviews or e-discovery, this should very rarely be lower than 70%), model B is the only
one which delivers some gain to the user.

Hence, we believe that compared to TNR, AUC scores can favour models that achieve
good Recall scores at low values of FPR, which are of no value for citation screening
tasks. An alternative can be to calculate partial AUC score (pAUC), a practice for highly
sensitive diagnostic tests [167, 106]. Similarly to the TNR@r% and WSS@r% calculations,
one could parameterise AUC by the desired minimum Recall (TPR) level. Then, the
pAUC is computed in the part of the ROC space where the Recall is greater than a given
threshold r.

5.7.3 Cost savings
Based on the analysis of the plots, it is apparent that there are two main types of evaluation
measures relevant to this task. Measures such as WSS, DFR, and TNR are linearly
correlated with the number of TN and FP predicted by the algorithm. On the other
hand, Precision (and analogically, Fβ–score) have different, non-linear characteristics.
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Figure 5.8: Receiver Operating Characteristic (ROC) curves for two hypothetical models
with their corresponding AUC scores. Model A achieves a higher value of AUC, despite
the fact that its TPR performance reaches 80% only at the FPR level almost equal to
100%, and model B achieves maximum Recall at FPR level of 35%.

For datasets that consist of a significant number of non-relevant documents, Precision
values only start to increase as the number of TN increases (due to the constant value of
TP and the (E − TN) term in the denominator).

This leads us to conclude that TNR–style measures would be more directly transferable
to cost savings. However, measures focusing on Precision can be more useful when
evaluating models for a fully automated final stage of the screening process, for instance
during full text screening in systematic reviews. In this case every document successfully
screened by the TAR system is of high importance. This is because, in practice, filtering
the last few percent of documents can bring the most significant gains to users, as the
remaining, not relevant documents can be easily screened using other techniques. This
behaviour can be observed from the analysis of VoMBaT pages described in Section 5.6.1,
where the TNR score grows linearly with decreasing time and cost of conducting the
review3.

3Under the assumption that every document takes the same amount of time for screening.
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5.7.4 Limitations of current measures
WSS, TNR or Precision cannot account for the amount of manual work required to
kick-start the automated screening. Current classification approaches use some type of
cross-validation to train and evaluate their models. Usage of different train/test splits
provides another challenge as TNR@r% (unlike Burden or Utility) does not measure
the amount of data that needs to be labelled manually before training the classifier. To
overcome this problem, plotting the learning curves for TNR@r% could be one way to
compare the performance of these models.

5.8 Summary
This chapter analyses Work Saved over Sampling (WSS), a measure commonly used to
evaluate automated citation screening models. We inspect the terms and properties of
WSS and show drawbacks of the measure.

We propose min-max normalisation of Work Saved over Sampling at r% Recall (nWSS@r%).
It improves on WSS as it normalises possible scores into the [0, 1] range. This enables
fair comparison between different models and score aggregations from multiple datasets.
nWSS also simplifies over WSS as it does not contain two WSS terms that were shown
to be constants by our analysis. Moreover, we show that nWSS is equal to True Negative
Rate (TNR), further simplifying the understanding of the measure.

TNR has a linear correlation with the number of documents that a manual reviewer does
not need to screen and can be directly translated to the time (and money) saved when
using automation tools. We suggest the usage of TNR at r% of Recall as an evaluation
measure for the citation screening task if the score is to be compared between multiple
models across several datasets. We propose a variant of TNR: nreTNR (normalised
rectified TNR), which penalises models which perform worse than a random ordering of
the documents.

Furthermore, we introduce an interface to analyse and understand behaviours of evaluation
measures used in a high-recall setting. We implemented a dashboard with fifteen
evaluation measures, focusing on the ones used in technology-assisted review tasks. The
interface enables a comparison of how these measures behave depending on specific values
of Recall and true negatives. For TNR, it also provides the estimate of saving when
using automatic models and a count of documents that need to be screened automatically
versus manually. Our tool helps to increase the understanding of evaluation measures
used in high-recall search tasks and especially TAR systems.
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CHAPTER 6
Impact-based Evaluation

Measures for Citation Screening

As shown in Chapters 3 and 5, current evaluation measures for automated citation
screening methods in systematic literature reviews are limited to binary relevance assess-
ment, where each publication is considered either relevant or irrelevant. These evaluation
measures do not account for the influence of each publication on the review outcome. This
is a vital issue, as the assumption that all relevant publications are equally important to
the final outcome of the systematic review is not necessarily valid. Without an accurate
assessment of the importance of each document, the conclusions of a systematic review
may be biased or incomplete. To address this issue, in this chapter, we propose a novel
methodology for assessing citation screening based on evaluating outcome differences,
which enables us to determine the influence of each publication on the systematic review.

To understand the effectiveness of automated citation screening methods, practitioners
have relied on metrics based on the notions of Recall, Precision and cost – and of a binary
assessment of relevance1 [130, 263, 190]. This practice assigns to every publication to be
included in the review the same importance. So, for example, if method M1 identifies
{A, B, C} as potentially relevant publications while method M2 identifies publications
{A, D, E}, and the ground truth is that the relevant publications are {A, B, D}, then M1
and M2 achieve the same Recall, Precision and cost. However, we argue, that the two
sets {A, B, C} and {A, D, E} may not be equally important, and thus identifying either
of B or D may not be equivalent if the outcomes of the review were considered. In fact,
if excluded, some publications can significantly change a review’s conclusion to the extent
that the conclusion might be the opposite (e.g., from favouring a drug to favouring a
placebo) [185, 183]. On the other hand, not including other publications might have only
a small quantitative impact on the outcomes of the review.

1Every publication to be included in the review is labelled as relevant, while every excluded publication
is non-relevant.
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Nussbaumer-Streit et al. [185] compared repeated literature searches using 14 abbreviated
approaches (combinations of various databases with and without searches of reference
lists) on a sample of 60 Cochrane systematic reviews of clinical interventions. They
re-calculated the main summary-of-findings table of each Cochrane review and asked
original review authors whether the conclusions changed compared to the original review.
They found that in only 2% of cases (95% CI: 0%–9%), combining one database with
another or with searches of reference lists was falsely reaching an opposite conclusion
compared to comprehensive searches. This outcome shows that identifying all relevant
studies is not always crucial for obtaining the same review results.

Marshall et al. [163] presented a study exploring the potential changes in systematic
review outcomes when rapid review methods are applied. By recalculating meta-analyses
for the first dichotomous outcome in 2,512 Cochrane systematic reviews, they simulated
the effects of using rapid review strategies, such as searching only PubMed, excluding older
studies, and limiting the review to larger trials or the single largest trial. Their results
highlight the variability and potential risks associated with these methods, demonstrating
that changes in pooled odds ratios and statistical significance can occur frequently,
depending on the rapid review approach used. Notably, the study finds that searching
only PubMed presents the least risk of significant changes to the outcomes, suggesting
that this method might be suitable under certain conditions, such as scoping reviews or
situations requiring urgent synthesis. This study underlines the importance of considering
the impact of different literature search and selection strategies on the reliability of
systematic review outcomes.

Building on these insights, we propose a new evaluation framework that considers inclusion
and exclusion information and meta-analysis data from reviews created by Cochrane
to estimate outcomes and weights of included publications. This information can be
used to assess the quality of ranking and classification methods. This framework allows
for assessing automatic approaches from the angle of how closely their outcomes – not
just their set of included publications – are to the outcomes of the original review. By
comparing the outcomes of the automated model to those of the original review, we can
gain a better understanding of the quality of the automated approach and its effect on
the final outcome of the review.

We propose two different evaluation types: outcome-based evaluation and review-based
evaluation and present experimental results for both types on the CLEF TAR 2019
dataset [114]. Outcome-based evaluation measures the extent to which it is possible
to obtain different study outcomes from those obtained by the original study when
using documents retrieved by the search results. This evaluation is expressed by five
aspects of analysis focusing on different features of review outcomes. We explore initial
experiments on the CLEF TAR 2019 dataset [114]. Our simulation results show that
by randomly removing one publication per review (average Recall of 92% publications),
95% of outcomes remain unchanged. However, after removing five publications (average
Recall of 63%), 76% of the outcomes are still the same, showing that the relationship
between Recall and achieved outcomes is not linear. We also show that the outcome-based
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evaluation emphasises different aspects of the models’ performance than the traditional
IR evaluation measures. We finally propose multi-objective optimisation to handle the
problem of non-estimable outcomes.

Review-based evaluation weighs each publication retrospectively based on their indepen-
dent influence on the review outcome. Such weighting can be included in traditional
measures like nDCG or TNR. We present one example of how these weights can be used
in the nDCG measure showing that the ordering of runs changes compared to using
binary relevance judgements.

Finally, we discuss the essential limitations of each of the methodologies and suggest
directions that can be explored in the future to fully operationalise our proposal. We
believe that this new evaluation approach will provide a better understanding of the
impact of automatic literature screening methods on the outcome of systematic literature
reviews and help identify areas in which these methods can be improved.

6.1 Evaluation Framework
Our evaluation framework for automated citation screening involves four parts which are
detailed in the following subsections (a graphical description is presented in Figure 6.1).
The first step is data extraction, where we extract statistics of the studies included
in the review and match studies to publications. The statistics contain information
about outcomes and effect sizes reported in the systematic review. The second step is
model evaluation, where we use the extracted data to estimate the review’s outcomes
for rankings or classifications of the citation list. The third step is the analysis of the
results, where we compare the outcomes obtained from the alternative rankings to the
outcomes of the original review. Finally, the last part involves estimating the influence of
each publication based on its contribution to the outcomes of the review by considering
factors like the difference in outcome when a publication is missing and the number of
studies and outcomes reported by the publication. Our proposed framework allows for a
more nuanced evaluation of automated citation screening methods. By considering the
influence of each publication on the review’s outcomes, we can identify which publications
are most important to retrieve and prioritise them accordingly. Our framework can be
used to weigh publications for the traditional evaluation methods.

6.1.1 Data extraction
Cochrane systematic reviews distinguish between study and publication. When conducting
eligibility screening for systematic reviews, reviewers evaluate the documents on the level
of publications. Each study can be reported by several publications. Each publication
may present different aspects or findings of the same study, but they are all derived
from the same underlying research. We assume that a study has been found if at least
one publication that systematic review creators classified as reporting that study was
successfully retrieved.
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Original review

Favours drugFavours placebo
0.01 0.1 1 10 100

Model A

Model B

1. Data extraction 2. Model evaluation

3. Result analysis 4. Measuring publication inÙuence
on review outcome

Systematic Review
CD012086
Surgery versus stereotactic
radiotherapy for people with single
or solitary brain metastasis

 -  Overall survival
 - Breast cancer mortality
 - Quality of life (mental health)
 -  Adverse events
 - ....

Included PMIDs:
5123, 21123, 231231, ...

 

Excluded PMIDs:
241234, 2132,3525, ...

Publications

Outcomes

Relative
difference

Distance
to CI

Equal
outcomes

Different
outcomes

Not
estimated

Total
outcomes

Original
review 0.0 0.0 651 0 0

651Model A 5.2 0.0 410 180 61

Model B 11.2 4.1 345 170 136

RevMan

For every outcome calculate the effect size using models' predictions:

For all Included PMIDs: 5123, 21123, 231231, ...

Figure 6.1: Four steps of the proposed evaluation framework.

For every review, based on its Cochrane review ID, we identify its corresponding RevMan
file and list of included publications. A RevMan file is the format used by Cochrane
containing all statistical data about studies and outcomes included in the review. Out-
comes of Cochrane reviews are reported in the following hierarchy: one comparison can
have several outcomes, and one outcome can consist of a few subgroups. We extract
all metadata from the RevMan files, such as the comparisons, outcomes and subgroups
and the results of every included study. Note that the use of RevMan files is for experi-
mental convenience, but is not a requirement of the framework: the required data could
be provided in other formats. Furthermore, Cochrane recently announced that future
systematic literature reviews would contain statistical data in more common csv and
ris formats.2

Cochrane reports a list of included publications and studies which correspond to them.
Traditionally, retrieval was conducted at the level of publications [112, 113, 114]. In
order to be able to re-use previous relevance judgements, we need to assign PubMed
IDs to these publications. We follow the same four-step process for matching PubMed
IDs to publications as described in the CSMeD-ft creation procedure (Section 4.2 of
Chapter 4).

6.1.2 Model evaluation
When conducting a meta-analysis, for every outcome, each study has its weight and effect
size calculated first (respectively columns 6 and 7 on example forest plots in Figure 6.2).
Effect size is an essential statistical concept in the analysis of research data [95]. It is

2https://www.cochrane.org/news/cochrane-improving-...-our-reviews
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a measure that quantifies the magnitude of difference between two groups in a study.
Researchers use a variety of effect measures to compare outcome data between two
intervention groups, including odds ratios and mean differences.

For instance, in ratio effect measures, a value of 1 represents no difference between the
groups [51, 50]. On the other hand, in difference measures, a value of 0 represents no
difference between the groups. Values higher or lower than these “null” values may
indicate either benefit or harm of an experimental intervention, depending on the order
of the interventions in the comparison and the nature of the outcome. Every estimate is
expressed with a measure of uncertainty, such as a confidence interval (CI) or standard
error (SE).

Effects depend on the number of events reported by that study, whereas weights assigned
to each study are influenced by other studies included in this outcome. So when removing
one study from the meta-analysis, only the weights of the remaining studies will change,
but their effect sizes will stay the same (compare Figures 6.2a and 6.2c). There are several
types of outcomes reported by Cochrane, in our work, we focus on the dichotomous
and continuous outcomes only and calculate them following the approach by Deeks and
Higgins [50].

Our framework supports evaluating arbitrary classification and retrieval runs, and calcu-
lates the final outcomes of the review based on publications included in the run. When
evaluating classification or retrieval runs, we take all publications predicted as relevant.
When evaluating ranking runs, we need to assume a cut-off point. Previous studies
working on systematic review automation used either cut-off at r% of Recall [35, 134], or
at d% of total dataset size [112, 113].

6.1.3 Outcome stability assessment
We examine the outcomes generated by the run and compare them with the outcomes
obtained by the original review (Figure 6.2). We extend the analysis done by Nussbaumer-
Streit et al. [185], who proposed two categories of “changed conclusions”: (1) if the new
review drew the opposite conclusion, (2) if it is not possible to draw a conclusion or
the new conclusion has less certainty. We distinguish five aspects of analysis for review
outcomes against the original review (Figure 6.2a). The first two of these aspects are
real-valued, whereas the remaining three are categorical:

1. Magnitude of difference — By how much are the outcomes different in their effect
size (Figure 6.2a versus 6.2b)? In other words, what is the numerical influence on
the review outcome when certain studies are not included? This is measured by
calculating the relative difference in effect size between the original outcome Oo and
predicted outcome Op: MoD = ∥Oo−Op∥

∥Oo∥ . When Oo = 0 and Op ≠ 0, we assume
MoD = 100%; otherwise, when Oo = Op = 0, we set MoD = 0%. Similarly, when
the predicted outcome cannot be estimated, we assume MoD = 100%.
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Study or Subgroup

Study A
Study B
Study C
Study D
Study E

Total (95% CI)
Total events:
Heterogeneity: Tau² = 0.11; Chi² = 4.65, df = 4 (P = 0.32); I² = 14%
Test for overall effect: Z = 2.77 (P = 0.006)
Test for subgroup differences: Not applicable

Experimental
Events

27
13

2
3
0

45

Total

38
30
10
30

8

116

Control
Events

10
0
4
1
5

20

Total

37
30
40
30
50

187

Weight

62.7%
5.8%

16.8%
9.0%
5.7%

100.0%

Risk ratio
M-H, Random, 95% CI

2.63 [1.49 , 4.63]
27.00 [1.68 , 434.53]

2.00 [0.42 , 9.42]
3.00 [0.33 , 27.23]

0.52 [0.03 , 8.53]

2.65 [1.33 , 5.28]

Risk ratio
M-H, Random, 95% CI

0.01 0.1 1 10 100
Favours experimental Favours control

(a) Hypothetical review outcome with 5 included studies. Recall = 100%.

Study or Subgroup

Study A

Total (95% CI)
Total events:
Heterogeneity: Not applicable
Test for overall effect: Z = 3.34 (P = 0.0008)
Test for subgroup differences: Not applicable

Experimental
Events

27

27

Total

38

38

Control
Events

10

10

Total

37

37

Weight

100.0%

100.0%

Risk ratio
M-H, Random, 95% CI

2.63 [1.49 , 4.63]

2.63 [1.49 , 4.63]

Risk ratio
M-H, Random, 95% CI

0.01 0.1 1 10 100
Favours experimental Favours control

(b) Not including studies B, C, D and E still keep the review outcome approximately
the same (absolute difference: 0.02, relative difference: 0.0076). Recall = 20%.

Figure 6.2: Different review outcomes represented as forest plots. Each row is a single
study. Columns from the right represent, respectively: (1) the study identifier, (2)
number of events in the experimental group (e.g., patients with specific symptoms or
adverse events), (3) experimental group size, (4) number of events in the control group,
(5) control group size, (6) the weight of a study, and (7) effect size of a study: a difference
(e.g., risk ratio or standardised mean difference) in events between experimental or
control group. Simulations and figures done using RevMan Web, available at http:
//revman.cochrane.org. The figure is continued on the next two pages.

2. Distance from CI — Is the new outcome within the Confidence Interval (CI) of the
original outcome (Figure 6.2c)? The answer is a distance between the predicted
outcome Op and the closest of the pair (CIlower, CIupper):

∆CI =

����
∥Op − CIlower∥ if Op < CIlower,
∥Op − CIupper∥ if Op > CIupper,
0 otherwise.

3. Overestimation/underestimation — Is the outcome overestimated or underestimated
compared to the original one (Figure 6.2d)? We first check if the calculated outcome
is equal (due to the limits of precision of data reported in RevMan files, we use
the relative and absolute tolerance of 10−5 and 10−6 respectively). Then, if the
outcome is different, we check if the result is higher than the original (overestima-
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Study or Subgroup

Study A
Study B
Study D
Study E

Total (95% CI)
Total events:
Heterogeneity: Tau² = 0.47; Chi² = 4.52, df = 3 (P = 0.21); I² = 34%
Test for overall effect: Z = 1.93 (P = 0.05)
Test for subgroup differences: Not applicable

Experimental
Events

27
13

3
0

43

Total

38
30
30

8

106

Control
Events

10
0
1
5

16

Total

37
30
30
50

147

Weight

56.7%
12.7%
18.1%
12.5%

100.0%

Risk ratio
M-H, Random, 95% CI

2.63 [1.49 , 4.63]
27.00 [1.68 , 434.53]

3.00 [0.33 , 27.23]
0.52 [0.03 , 8.53]

2.95 [0.98 , 8.86]

Risk ratio
M-H, Random, 95% CI

0.01 0.1 1 10 100
Favours experimental Favours control

(c) Not including study C will overestimate the review outcome, yet it will be within
the 95% CI range. Recall = 80%.

Study or Subgroup

Study B

Total (95% CI)
Total events:
Heterogeneity: Not applicable
Test for overall effect: Z = 2.32 (P = 0.02)
Test for subgroup differences: Not applicable

Experimental
Events

13

13

Total

30

30

Control
Events

0

0

Total

30

30

Weight

100.0%

100.0%

Risk ratio
M-H, Fixed, 95% CI

27.00 [1.68 , 434.53]

27.00 [1.68 , 434.53]

Risk ratio
M-H, Fixed, 95% CI

0.01 0.1 1 10 100
Favours [experimental] Favours [control]

(d) Not including studies A, C, D and E will overestimate the review outcome, and it
will be above the 95% CI range of the original outcome. Recall = 20%.

Figure 6.2: (cont.) Different versions of review outcomes continued.

tion) or lower (underestimation). The answer has three options: “overestimated”,
“underestimated”, and “equal”.

4. Sign — Does the outcome have the same sign as the original one (Figure 6.2e)? In
other words, are the new conclusions opposite to the original ones? The answer is
binary: “yes”/“no”. This aspect corresponds to the first category from Nussbaumer-
Streit et al. [185].

5. Estimability — Is it possible to calculate the outcome (Figure 6.2f)? An outcome
cannot be calculated if there are no included studies concerning it. The answer is
binary: “yes”/“no”.

6.1.4 Measuring publication influence on the review outcome

So far, our analyses were conducted at the level of single outcomes. However, from the
perspective of a retrieval algorithm, we are interested in primarily retrieving publications
reporting the most critical outcomes for a given systematic review. To bridge this gap,
we propose a method for measuring the influence of each publication. This Influence
value can be incorporated into traditional evaluation measures like nDCG or Precision
to weight publications.
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Study or Subgroup

Study E

Total (95% CI)
Total events:
Heterogeneity: Not applicable
Test for overall effect: Z = 0.46 (P = 0.64)
Test for subgroup differences: Not applicable

Experimental
Events

0

0

Total

8

8

Control
Events

5

5

Total

50

50

Weight

100.0%

100.0%

Risk ratio
M-H, Random, 95% CI

0.52 [0.03 , 8.53]

0.52 [0.03 , 8.53]

Risk ratio
M-H, Random, 95% CI

0.01 0.1 1 10 100
Favours experimental Favours control

(e) Not including studies A, B, C and D will change the study outcome – from ‘favours
control’ to ‘favours experimental’. Recall = 20%.

Study or Subgroup

Total (95% CI)
Total events:
Heterogeneity: Not applicable
Test for overall effect: Not applicable
Test for subgroup differences: Not applicable

Experimental
Events

0

Total

0

Control
Events

0

Total

0

Weight
Risk ratio

M-H, Random, 95% CI

Not estimable

Risk ratio
M-H, Random, 95% CI

0.01 0.1 1 10 100
Favours experimental Favours control

(f) Not including any study makes the outcome not estimable. Recall = 0%.

Figure 6.2: (cont.) Different versions of review outcomes continued.

First, we count the number of publications reporting the same study. If several publi-
cations report a study, not including one of these publications will not mean that this
study will not be reported. Therefore, we assume that this could be a factor which is
negatively correlated with the weight of the publication. For a study k, we define the
number of publications reporting this study as npsk

.

The Influence for a publication Pi can be defined as:

IPi =
J
j


K
k

MoDj,k

npsk

	
, (6.1)

where MoDj,k is the magnitude of difference (analysis aspect 1) of a study k on outcome
j, when this study is missing from the predictions. When an outcome reports effects
within subgroups, we sum the Influences from every subgroup first into MoDj,k. The
inner sum of Equation 6.1 measures the Influences of all K studies reported by that
publication for a given outcome, whereas the outer sum adds all J outcomes which are
reported by that publication. The calculated Influence score can be incorporated into
the relevance assessments. The higher the IPi score is, the more influential a publication
is on the final systematic review outcomes.

6.2 Experiment Setup
Two types of evaluation can be conducted using the proposed evaluation framework:
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1. Outcome-based evaluation – in this case, we do not treat a dataset as a
collection of systematic reviews but rather a collection of outcomes. The problem of
conducting a systematic review is multi-dimensional. One can think of it as having
several outcomes reporting different dimensions of the review, and the evaluation of
the user’s needs is conducted independently from the perspective of each outcome.
We do not want to average across reviews, each containing a different number of
outcomes. We add or average these outcome-level results instead.

2. Review-based evaluation – similar to the traditional evaluation measures, one
can calculate the results per review by averaging or adding all the single outcomes
results for a given review. This can be further averaged across the collection
of systematic reviews. However, here we focus on using calculated publication
Influence to evaluate the scores with traditional evaluation measures.

Before we present the results, we first discuss the dataset and runs used.

6.2.1 Dataset

We used 38 systematic reviews of interventions from the CLEF TAR 2019 training
and test datasets [114]. We selected this collection as this was the only dataset inside
CSMeD which contained Cochrane SLRs of interventions. The inclusion of this dataset
was further motivated by its use in an evaluation campaign, providing a diverse array of
participant runs which are invaluable for the appraisal of various evaluation metrics.

Each review consists of a Cochrane ID, a protocol, and a list of publications described by
their PubMedIDs with qrels both on the title and abstract level and a full text level. We
enhanced the dataset by collecting RevMan files and information about the data and
analysis as described in Section 6.1.1.

Out of 38 reviews in CLEF TAR 2019, our script found studies and outcomes for 32
reviews (17 in the training subset and 15 in the test subset). We summarise the statistics
of the 32 reviews we consider in Table 6.1. There is a significant discrepancy in the
number of outcomes reported by the reviews, ranging from as few as 2 or 3 outcomes in
small reviews to 128 outcomes in the largest one. Moreover, an additional challenge is
that the majority of these outcomes are reported by just one or two studies.

These 32 reviews report 1640 included publications, out of which we managed to find
PubMed IDs for 1175 of them (71.6%). Next, we wanted to match publications identified
with our script to the CLEF TAR 2019 qrels based on the PubMed ID. There were, in
total, 778 relevant documents on the full text level identified in the CLEF TAR for these
32 reviews. We successfully merged 741 publications (95.2% of the total in CLEF TAR);
there are only 37 publications in CLEF TAR 2019 qrels which we do not have in our
records.
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Table 6.1: Statistics of the considered dataset.

CLEF TAR 2019
Dataset split Training Test
Reviews’ type — Interventional —
# Reviews 17 15
Total # comparisons 54 100% 77 100%
Extracted comparisons 54 100% 69 89.6%
Total # outcomes 272 100% 516 100%
Extracted outcomes 267 98.2% 453 87.8%

— Dichotomous 158 58.1% 261 50.6%
— Continuous 109 40.1% 192 37.2%

Outcomes per review
Min 2 3
Median 9 15
Max 41 128

Studies per outcome
Min 1 1
Median 2 2
Max 55 40

6.2.2 Runs
We use 34 official CLEF TAR 2019 runs from three teams. The teams used a variety
of ranking methods, including traditional BM25, interactive BM25, continuous active
learning, relevance feedback, and various stopping criteria. Additionally, we included 40
runs based on the reproducibility of the active learning method by Yang et al. [289]. In
total, we evaluated 74 runs. However, in this chapter, we predominantly present the results
on a subset of 28 most diverse runs. The selection of the 28 runs was influenced by two
primary considerations. Firstly, we aimed to represent a broad spectrum of approaches,
given that many runs exhibited substantial similarities. Secondly, we sought to improve
the visual clarity of our data presentations. By choosing a non-redundant subset, we
prevent our figures from becoming overcrowded, facilitating easier interpretation of the
results.

The CLEF TAR collection provides relevance judgements at two distinct screening levels:
title and abstract, and full text. In the context of SLRs, only the publications that
make it through the full text screening contribute to SLR outcomes. Therefore, our
framework requires full text assessments, and we used relevance judgements from the full
text level. However, it is important to note that the runs we evaluated were trained solely
on the titles and abstracts of the publications. While this might not be fair towards
the evaluated systems, our experiments aim not to establish which systems are better.
Indeed, we seek to provide an example of the operationalisation of our framework and its
implications.
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6.3 Outcome-based Evaluation
We first run a simulation study to understand the results of our evaluation framework
better in a controlled manner. Then, we discuss the usage of the evaluation framework
with retrieval and classification runs on CLEF TAR 2019 collection.

6.3.1 Preliminary simulation
We execute a preliminary simulation to understand the effect our outcome-oriented
evaluation has on the analysis of systematic review automation methods. We first
perform an analysis based on the notion of a publication – we then turn to consider
individual studies.

We simulate the evaluation framework by taking the set of included publications for
each review and randomly removing {1, 2, 3, 4, 5, 10, 15, 20, 30, 50, 100} publications from
the set and then re-calculating the outcomes. We repeat the simulation 20 times with
different random seeds. In other words, we are interested in exploring the impact of
false negatives on the final review outcome. We compare the outcomes with the ‘gold’
outcomes from the original review. Results from all 32 systematic reviews are reported
in Table 6.2. In our analysis, we consider the metrics from all five analysis aspects
(Section 6.1.3), as well as the Recall.

Figure 6.3 presents box plots of averaged relative difference (aspect (1)) values from
our simulation at a cut-off at 20% of the total number of documents. These results
validate our expectations regarding the behaviour of this aspect of analysis as the relative
difference grows with the number of removed publications. On the other hand, the
distance to confidence intervals (aspect (2), Figure 6.4) does not show any specific trend
on the CLEF 2019 reviews.

Out of all the metrics, the one that changes the most when varying the number of removed

Table 6.2: Results of the simulation on the publication level. Outcomes are aggregated
across 32 systematic reviews and are averaged from 20 different random seeds.

N relevant publications removed from the review
Analysis Aspect gold 1 2 3 4 5 10 15 20 30 50 100
1 Mean relative difference 0.0 0.9 2.5 5.3 7.1 10.0 18.3 26.2 36.5 54.9 65.5 84.5
2 Mean distance from CI 0.000 0.002 0.003 0.004 0.007 0.008 0.013 0.042 0.102 0.018 0.008 0.083

3

Equal outcome 824 786 750 706 657 623 496 410 340 256 164 80
Different 0 38 73 117 167 200 328 413 483 567 659 743

- Underestimated 0 17 27 38 57 66 98 103 90 55 58 23
- Overestimated 0 20 45 79 109 134 229 309 393 512 601 720

4 Have same sign 824 815 800 774 756 735 663 597 516 365 277 121
Have different sign 0 9 24 49 67 88 160 227 307 458 546 702

5 Reported outcomes 824 816 804 781 767 743 675 610 529 371 284 128
Missing outcomes 0 7 20 43 56 80 148 213 294 452 539 695

Average Recall for publications 1.00 0.92 0.84 0.75 0.70 0.63 0.45 0.35 0.28 0.22 0.14 0.05
Average Recall for studies 1.00 0.97 0.91 0.80 0.77 0.68 0.53 0.43 0.37 0.31 0.22 0.12
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Figure 6.3: Box plots presenting relative difference values from 20 simulations on the
publication level. Note that the intervals on the x-axis are not uniform.
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Figure 6.4: Box plots presenting distance to confidence intervals values from 20 simulations
on the publication level. Note that the intervals on the x-axis are not uniform.

publications is estimability (5). As more publications are removed, it becomes more
and more challenging to calculate outcomes, predominantly because half of the original
outcomes relied on one or two studies. At the very extreme, when 100 publications are
removed from every review, only 15% of outcomes are still estimable.

The measures of overestimation and underestimation (3) show growing trends with more
publications being removed. Already not including one publication per review (achieving
an average Recall of 92% for publications and 97% for studies) changed 38 outcomes
(4.6% of the total number of outcomes). This shows that the commonly used threshold
of 95% Recall does not enforce preserving the same outcomes of the review. Finally, the
sign (aspect (4)) is not very descriptive across the simulations as it is mainly influenced
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Table 6.3: Results of the simulation on the study level. Outcomes are aggregated across
32 systematic reviews and are averaged from 20 different random seeds.

N relevant studies removed from the review
Analysis Aspect gold 1 2 3 4 5 10 15 20 30 50 100

1 Mean relative difference 0 3.6 9 12.6 17.1 20.9 46.3 59 65.9 80.2 89.2 97.7
Maximum relative difference 0 100 204 322.3 477.1 523.7 100 100 100 111.8 100 100

2 Mean distance to CI 0.000 0.016 0.028 0.039 0.053 0.080 0.010 0.023 0.034 0.060 0.168 0.000

3

Equal outcome 824 667 564 483 419 375 234 158 124 76 30 17
Different 0 156 259 340 404 448 590 665 699 748 794 806

- Underestimated 0 67 100 122 134 145 104 93 78 44 29 0
- Overestimated 0 89 159 217 270 302 486 572 621 704 764 806

4 Have same sign 824 785 742 712 674 642 435 330 272 155 83 18
Have different sign 0 38 81 112 149 181 388 493 551 668 740 805

5 Reported outcomes 824 795 752 724 689 659 443 338 281 164 89 19
Missing outcomes 0 29 71 99 135 164 380 485 542 659 734 805

Average Recall for studies 1.00 0.83 0.73 0.65 0.56 0.51 0.33 0.24 0.18 0.12 0.05 0.02

by non-estimable outcomes.

Next, we perform the simulations using the same methodology but now removing studies,
rather than publications – remember that current metrics evaluate at a publication level,
not at a study level. Results are presented in Table 6.3. As expected, systematic review
outcomes are less robust to missing studies than to missing publications. This is because
several publications might report the same study, and under the assumptions in our
approach, retrieving one publication is sufficient to classify the study as found.

6.3.2 Evaluation with CLEF TAR 2019 runs
In this section, we use the predictions from runs described in Section 6.2.2 and evaluate
them using our framework. We use only the reviews which are part of the test split of
the CLEF TAR 2019 dataset.

We further consider two baselines:

gold – the best possible run which returns all relevant studies from the original systematic
review first.

max-with-qrels – this run takes into account the limitations of the CLEF TAR collection
and our PubMed articles matching process. It uses all relevant studies identified in
the CLEF TAR 2019 qrels as relevant and places them first.

We follow the evaluation procedure of CLEF TAR and calculate the following traditional
evaluation measures: Mean Average Precision (MAP ), last relevant found, Recall@k%
of top-ranked publications, with k in {5, 10, 20, 30, 50}, Work Saved over Sampling
at r% of Recall with r in {95%, 100%} (WSS@95%, WSS@100%), nDCG@20% of
top-ranked publications and Area Under Recall Curve (AURC). CLEF TAR as their
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primary reporting measure used MAP ; therefore, we will treat MAP as the reference
measure when sorting runs.
We calculate the relative difference in study outcomes (analysis aspect (1) in Section
6.1.3) for every outcome in all reviews. The lower the average score is, the better the
runs, as their effect differs less from the original review effect. As considered runs were
rankings, we follow the same procedure as for Recall and nDCG, namely we calculate
the relative difference at k% of top-ranked publications with k in {5, 10, 20, 30, 50}.
Figure 6.5 presents a box plot of relative difference per outcome calculated at 30%
cut-off of dataset size for 15 test CLEF TAR reviews. We do not evaluate baselines with
traditional measures, yet for the purpose of sorting runs, we assume that they achieved
the highest MAP score. Except for the best run, all other runs changed their rank when
ordered using their mean relative difference score compared to the MAP-based ranking.
While top runs, according to MAP scores, have low variability, there are runs among the
top 10 which show considerable fluctuation. This means there are specific reviews for
which these runs will lead to significantly different decisions about the outcome. This
behaviour is comparable for relative difference at other cut-offs k.
What is also interesting is that the mean relative difference at 30% cut-off for the max-
with-qrels baseline run is 6.24. Furthermore, for the relative difference score calculated
at 100% of documents, this baseline score is also not equal to 0. This means that the
limitations of the CLEF TAR collection and qrels establish a lower bound for the best
achievable value of relative difference.
Figure 6.6 presents correlation between relative difference calculated at 20% cut-off of
dataset size and evaluation measures used at CLEF TAR 2019. The score correlates
positively with the last relevant found, but there is a negative correlation with all other
measures. This confirms our intuition that a higher average relative difference score
across outcomes means a worse model effectiveness, as the ideal ‘best’ model should
achieve a difference of 0.

6.3.3 Pareto frontier optimisation
Based on the simulation results, we note a problem with non-estimable outcomes. Should
these outcomes be assigned a zero score or maybe an infinite value? This raises the issue
of handling these values in the evaluation process for calculating relative difference scores.
In our study, we assigned a zero value to non-estimable outcomes, which allowed us to
assume that the relative difference equals 100%. Nevertheless, this yields the problem
of when the actual outcome is equal to the zero value (i.e., the study does not favour
the experimental nor the control group), as the difference, in this case, would also be
zero. One way to overcome the issue of non-estimable outcomes would be to evaluate
both estimability and relative difference implemented, for instance, using the Pareto
frontier [158].
Figure 6.7 presents the Pareto frontier evaluated at a cut-off at 5% of the total number
of documents. On the x-axis, we show the number of non-estimable outcomes for each
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Figure 6.5: Box plot presenting runs with their relative difference in study outcomes for an
evaluation with a cut-off at 30% of the total number of documents for each review. Runs
are sorted by their MAP score. The orange circle denotes the mean relative difference
@30%. The x-axis is cut at 30, while the outliers exist up to the value of 100; we cut for
visualisation purposes.

run. On the y-axis, there is a sum of relative difference for estimable outcomes. We
min-max normalise the sums including the gold baseline run (gold represents the best
achievable score of (0, 0)). Both objectives should be minimised, i.e., we want to have as
few non-estimable outcomes as possible and for all estimated outcomes, the difference
would be as close to zero as possible. Contrary to the previous evaluations, we can notice
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Figure 6.6: Linear regression fits between relative difference at 20% cut-off of documents
and other evaluation measures scores. Correlations for relative difference at other cut-offs
follow similar trends.

that no single run would dominate on both dimensions.

6.4 Review-based Evaluation

Here, we test our proposal of estimating publication Influence (Section 6.1.4). For each
publication, we calculate its Influence using Equation 6.1.

We investigate if we can use the estimated Influence of publications to substitute the
binary relevance judgements. We calculate the nDCG score using two versions of document
(publication) gains: (1) binary based on the full text screening level qrels, (2) graded
based on the publication Influence.

We use the same runs as in the outcome-based evaluation. Figure 6.8 presents the
scores for two versions of nDCG scores calculated at 20% of dataset size; runs are sorted
by mean nDCG. We can observe that the ranking of runs when using gain based on
the calculated Influence differs from when using the original binary qrels. Moreover,
when the best run achieves mean nDCG@20% with binary qrels at a level of 91%, its
corresponding nDCG@20% using publication Influence is only 50%. What could have
been seen as a solved task reveals that the models could still be improved to prioritise the
most influential relevant publications. Notably, for all runs, at least one review exists,
for which a run’s nDCG score weighted with Influence equals 0.

We only demonstrate the usage of Influence with the nDCG measure, but it would also
be possible to apply it when evaluating with other evaluation measures like Precision or
TNR.

120



6.5. Discussion

0.00 0.16 0.32 0.48 0.64 0.80 0.96

% of non-estimable

0.00

0.16

0.32

0.48

0.64

0.80

0.96
R

e
la

ti
v
e
 d

if
fe

re
n
c
e
 f

o
r 

e
s
ti

m
a
te

d
 o

u
tc

o
m

e
s

Figure 6.7: Visualisation of the Pareto frontier for two objectives: (1) number of non-
estimable outcomes on the x-axis and (2) sum of relative difference for estimable outcomes
on the y-axis. Both objectives are to be minimised. Runs are evaluated at a cut-off at
5% of the total number of documents for each review. Non-dominated runs are marked
with a blue colour. The Pareto frontier was calculated using the method by Herman and
Woodruff [92].

6.5 Discussion
The primary objective of this work was to introduce the concept of evaluating automated
methods for systematic reviews based on their influence on review outcomes, rather
than relying on binary qrels. In this section, we reflect on the potential challenges and
limitations that arise when attempting to fully operationalise our proposed framework.

6.5.1 Improvements in measuring and evaluating publication influence
First, we discuss various challenges that arise when attempting to measure and evaluate
the influence of publications in systematic reviews. From assumptions about outcome
independence to difficulties with non-estimable outcomes, we detail the hurdles and
potential approaches to overcome them.

Improvement 1: Measuring publication influence. In our work, we have presented
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Figure 6.8: Box plot presenting nDCG@20% scores for each run. Orange bars represent
original binary qrels, and blue represent weighting based on the Influence. Runs are
sorted by mean nDCG (white circle) of original binary qrels.

a single approach to measuring study influence and weighting publications, but it is
worth considering other potential techniques. We decided to use relative difference as it
simplified the calculation of differences in non-estimable effects. An alternative approach
would be to calculate the absolute difference in study outcomes. Furthermore, one could
also envision other types of weighting based not only on numerical outcomes but on
publication metadata or time needed to screen that publication manually.
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Improvement 2: Correlations between outcomes. Another significant limitation
of the approach proposed in this chapter is the assumption of independence between
publications, studies, and outcomes. It is assumed that every outcome is equally important
and independent of each other, which may not hold true in many cases. For example, an
outcome measuring fatal adverse events in patients may be more relevant than an outcome
about mild symptoms. Therefore, it may be necessary to consider the importance of
outcomes in a hierarchy to better capture the impact of automated methods on the
review. As our experiments are only proof of concept, domain expertise and further
research is needed to explore the possibility of creating such a hierarchy of outcomes.

Improvement 3: Non-estimable outcomes. What should be done if an outcome is
not estimable? Should it be assigned a zero score or rather an infinite value? This raises
the question of how to handle these values in the evaluation process. In our study, we
assigned a zero value, which allowed us to assume that the MoD is equal to 100%.

Additionally, there is the issue of what to do when the original outcome is equal to 0
and the prediction is non-estimable. In this case, our methodology would also assign
a zero value to the MoD score. While this may seem reasonable since the study was
inconclusive, it also means that we are not taking into account any potential reduction
in uncertainty that the study might have provided. This can limit the interpretability of
the review outcome and hinder our ability to draw meaningful conclusions.

Another important consideration is calculating the confidence intervals in the presence
of non-estimable outcomes. One option could be to exclude these outcomes from the
calculation, but this can lead to a biased estimate of the standard deviation.

Improvement 4: Publications without numerical outcomes. Additional consider-
ation must be taken for studies (publications) that do not report any numerical outcomes.
Such studies do not convey direct comparisons but are still relevant to systematic review.
Not including them in our evaluation framework would not change the score, but their
contribution could influence the review as these papers might report information such as
descriptions of study design, intervention details, participant characteristics, and adverse
events. In our work, Influence for these publications is equal to 0. If we substituted
or multiplied the binary relevance by the Influence, this would mean that publications
without studies would have a relevance of 0. One alternative option is to add the Influence
to the original relevance–RPi would then be:

R
′
Pi

= RPi + IPi , (6.2)

where non-relevant documents have IPi = 0. In this way, we make sure that all relevant
documents have non-zero R

′
Pi

. Such relevance grades could also be used for the title and
abstract screening.

Improvement 5: Accounting for several outcomes. Merging multiple outcomes
into a single score can be challenging as each outcome may have different meanings and
importance for the review. The approach of adding differences used in our methodology
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can be problematic in situations where the outcomes are not directly comparable or
have different units of measurement. One possible way to deal with this issue is to
use weighting to reflect the importance of each outcome for the review. The weighting
can be based on factors such as the relevance of the outcome to the research question,
the number of studies contributing to the outcome, or the confidence level of the effect
estimate. Another alternative could be to use a multi-criteria decision analysis (MCDA)
approach to merge the outcomes [197, 193, 296].

Improvement 6: Outcome importance. We decided to consider all outcomes of
systematic reviews in our evaluation framework. However, not all outcomes might be
of equal importance and weight to the user. For instance, Marshall et al. [163] in their
analysis only used the “primary” outcome (numbered 1.1 in the reviews). An alternative
would be to use only the first key outcomes mentioned in the “Summary of findings”
section of the systematic review. Unfortunately, the “Summary of findings” section is
not structured and might require human supervision if used on a large scale.

Improvement 7: Accounting for false positives. This approach does not consider
the potential outcome of false positives, i.e., publications that have been identified as
relevant by the automatic methods but that are instead excluded by the reviewers. In our
analysis, they are treated as if they were having no effect on the final review, and their
Influence equals 0. However, we believe that meaningful evaluation metrics for systematic
review automation should consider both the effect of missing relevant publications and
the cost of assessing not-relevant publications, which requires incorporating false positives
into the evaluation framework.

Improvement 8: Publication weighting. In our study, we opted for using uniform
sampling of publications for the preliminary simulation (Section 6.3.1). Other alternatives
(albeit controversial) could be using the impact factor of a journal or the number of
citations of a publication.

6.5.2 Broadening the evaluation framework
As the field progresses, our evaluation framework must adapt and extend to include a
wider range of outcome types and systematic review methodologies. This section explores
such potential extensions.

Extension 1: Different outcome types. While our proposed evaluation framework
focuses on continuous and dichotomous outcomes, other types of outcomes may be
reported in systematic reviews, including ordinal, count, and time-to-event data. In our
analysis, however, we found that continuous and dichotomous outcomes comprised most
of the outcomes in the dataset we studied, accounting for 92% of all reported outcomes
across 32 CLEF TAR 2019 reviews. We anticipate that our evaluation framework could
be generalised to incorporate other types of outcomes.

Extension 2: Other types of systematic reviews. We focus only on systematic
reviews of interventions which have a clear structure and evaluate the effectiveness of
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specific treatments, programs, or policies by comparing experimental setups with control
groups. However, there are several other types of systematic reviews, such as diagnostic
test accuracy reviews, prognostic reviews, and qualitative research reviews, each of which
presents unique challenges for automation and evaluation [114]. Future work should
investigate how this outcome-based evaluation framework can be extended to these other
types of reviews.

Extension 3: Title and abstract screening. We work on the outcomes extracted
from the full text screening and use relevance judgements from full text screening to
judge the runs. However, most models are trained on titles and abstracts, which might
make this an unfair comparison. What should be the Influence of publications included
in the title and abstract screening stage but excluded during full text screening? Should
it be zero as it is for other not-relevant publications, or maybe their Influence should
be negative as screening full texts takes more time and a potential false positive at this
stage could be more problematic?

Extension 4: New collection. We argue that the CLEF TAR 2019 collection is not
the best for our analysis. It is, however, the only one that provides runs and reviews
of clinical interventions. It has several problems with respect to missing documents
(see Figure 6.5 where the delta for maximum-with-data baseline run is non-zero). A
possible approach might be to select good quality reviews for this analysis, similar to
Nussbaumer-Streit et al. [185].

Extension 5: Prospective evaluation. Our framework only supports retrospective
evaluations of the automatic search strategy creation and screening methods: it does
not suit prospective evaluations [248]. That is, our outcome-based evaluation framework
requires annotating all publications first, including the studies’ effect and weight on
the final outcome of the review. This means this evaluation can only occur after the
screening (and the review) is completed. However, this limitation is shared with the
common practice for evaluating automatic methods in this space [130, 99, 124].

Extension 6: Beyond citation screening. Another challenge is to determine how
to incorporate our proposed framework into the broader systematic review process.
Automated screening methods are just one aspect of the larger review process, and future
research will need to consider how to integrate our approach with other stages of the
review, such as PICO identification [187] or review summarisation [273].

Extension 7: Beyond systematic reviews. Previous studies already mentioned
that the traditional Cranfield (TREC system evaluation) paradigm is not exhaustive for
interactive information retrieval and proposed usefulness as an alternative dimension
[39]. However, this paradigm is still not commonly used when performing system-centred
evaluation [4]. In this chapter, we showed one example of why it is important to start
thinking beyond binary relevance judgements and focus more on the utility of the
information.

An exploration on how our proposed framework could be applied in other domains
beyond systematic reviews can be another future work. The concepts introduced in
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this chapter could have broader applications in other areas of information retrieval.
Further investigation can help determine the utility and generalisability of our proposed
framework.

Extension 8: What does it mean for the users? In the survey by Wagner et al.
[267], one-third of respondents were willing to tolerate a risk of over 10% of receiving
incorrect answers in exchange for faster evidence synthesis. However, evaluating retrieval
effectiveness for systematic reviews solely based on the percentage of relevant documents
retrieved, such as aiming to retrieve 95% of relevant documents, does not guarantee
correct study outcomes. A user study would be needed to actually assess the quality of
our numerical outcomes and measure the impact on users [72, 206].

6.5.3 Potential limitations and biases
Evaluation measures can sometimes be misleading if not used appropriately. In this
section, we shed light on potential pitfalls when relying too heavily on certain measures
and the ever-present challenge of publication bias in systematic reviews.

Limitation 1: Ensuring the appropriate use of evaluation measure. A practice
that can be observed across the field is treating evaluation measures as an optimisation
objective. Our evaluation approach should not be used for optimising models. The notion
of difference in study outcomes is only known a-posteriori when the review is completed.
Using absolute differences in study outcomes as an optimisation objective might lead to
overfitting to biases in data.

Limitation 2: Recognising publication bias in systematic reviews. We acknowl-
edge that there is an intrinsic bias in the publication of systematic literature reviews. A
significant number of studies that yield negative or null results often remain unpublished,
leading to their omission from these reviews. This exclusion can inadvertently create a
biased representation of the evidence, emphasising positive outcomes over equally valid
negative findings. It is crucial for researchers to consider these unpublished studies to
ensure a comprehensive and balanced review of the existing literature.

Limitation 3: Variance in evaluation protocol adherence. Additionally, while we
attempted to follow the evaluation protocols from the Cochrane Handbook closely, for
2.4% of outcomes, our effect calculations yielded marginally different results. To mitigate
this issue in future work, it would be ideal to have access to RevMan or another official
program designed explicitly for calculating study outcomes. This would help ensure
that all types of outcomes are accurately and consistently covered, thus enhancing the
reliability of the review process.

6.6 Summary
This chapter puts forward a novel, outcome-based evaluation framework for assessing the
effectiveness of automatic search strategies and citation screening methods in the context
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of systematic literature reviews. Our proposed framework evaluates the quality of these
methods based on how closely the outcomes of their included publications match the
actual review outcomes. We believe that this approach offers a more accurate reflection
of real-world scenarios where not all included publications have the same influence on
the final review outcome.

In addition to proposing the approach, we explore five analysis aspects that it enables,
including measuring the numerical difference in predicted systematic review outcomes.
We run initial experiments to simulate the impact of false negatives on reviews’ outcomes
showing that five missing publications per review can change 24% of outcomes. We also
compare the evaluation results obtained using our framework with those obtained using
traditional evaluation methods on CLEF TAR 2019 runs, highlighting the differences
in focus between the two approaches. Finally, we propose a method for measuring the
Influence of each publication and demonstrate its effectiveness in the gain of the nDCG
metric.

While our proposed evaluation framework opens a different perspective over traditional
methods, we acknowledge that many challenges remain to be addressed for this evaluation
to be operationalised, which we outline in the final section. In our assessment, this
framework represents a step forward in developing more effective and realistic methods for
evaluating automation methods. It is particularly pertinent in the context of systematic
literature reviews in medicine and other domains in which the importance of systematic
reviews is increasing.
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CHAPTER 7
Automated Citation Screening as

Binary Classification

This chapter explores the application of deep neural networks in the field of automated
citation screening. We present our work on conducting eligibility screening represented
as a binary classification using three different models. This chapter provides an empirical
foundation on how our work on datasets and evaluation measures from Chapters 4 and 5
can be applied to tackle real problems. By focusing on binary classification, we keep the
overall study design simple and propose a more rigid pipeline to multiple implementations
of models for this task. We also show the limitations of tackling the citation screening as
a binary classification. Therefore, this chapter addresses a specific technical challenge
and fits into the larger narrative of advancing information retrieval methods in academic
research.

We reproduce two recent papers which proposed using neural networks for citation
screening [124, 262]. We chose these studies since, to the best of our knowledge, they were
the first ones to successfully address the screening problem using deep neural networks.
Both papers represent citation screening as a binary classification task and train an
independent model for each dataset. Both papers use deep learning and motivate it by
claiming a substantial superiority of deep neural networks over traditional (statistical)
models. In the remaining sections of this chapter, we will use the name Paper A to
refer to the study by Kontonatsios et al. [124] and Paper B to indicate work by van
Dinter et al. [262].

Kontonatsios et al. [124] (Paper A) was the first one to apply deep learning algorithms
to automate the citation screening process. They have used three neural network-
based denoising autoencoders to create a feature representation of the documents. This
representation was fed into a feed-forward network with a linear SVM classifier trained
in a supervised manner to re-order the citations. van Dinter et al. [262] (Paper B)
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presented the first end-to-end solution to citation screening with a deep neural network.
They developed a binary text classification model with the usage of a multi-channel
convolutional neural network. Both papers claimed to yield significant workload savings
of at least 10% on most benchmark review datasets.

We compare these models with traditional approaches and assesses their performance
improvement on 23 benchmark datasets. Additionally, we evaluate these models alongside
a simpler fastText-based shallow neural network model [23]. We present our challenges
regarding replicability in terms of datasets, models and evaluation methodologies.

Moreover, we investigate if the models are invariant to different data features and random
initialisations. 18 out of 23 datasets are available as a list of Pubmed IDs of the input
papers with assigned decisions (included or excluded). As we needed to recreate data
collection scripts for both papers, we wanted to measure if the choice of the document
features would influence the final results of the replicated models. We also assess the
training time necessary for each model. Our data collection and experiment scripts and
detailed results are publicly available on GitHub1.

Finally, we present the empirical analysis of the true negative rate and normalised
Precision measures, evaluated at a fixed recall cutoff. We demonstrate these metrics’
utility in assessing different aspects of the screening process.

7.1 Experiment Setup
In this section we present considered models, datasets and the evaluation procedure.

7.1.1 Models
We formulate the task as a binary classification for relevance prediction (see Section 3.3.1
of Chapter 3 for more information). We test the following three neural network-based
models:2

DAE-FF Paper A presents a neural network-based, supervised feature extraction
method combined with a linear Support Vector Machine (SVM) trained to prioritise
eligible documents. The data preprocessing pipeline contains stopword removal and
stemming with a Porter stemmer. The feature extraction part is implemented as three
independent denoising autoencoders (DAE) that learn to reconstruct corrupted Bag-
of-Words input vectors. Their concatenated output is used to initialise a supervised

1https://github.com/ProjectDoSSIER/CitationScreeningReplicability
2The research and models discussed in this chapter were primarily conducted and evaluated during

the 2020-2021 period and published at ECIR 2022 [130]. Since then, the fields of NLP and IR have
evolved, especially towards the use of larger language models, predominantly based on the Transformers
architecture and the BERT model. Despite these advancements, the insights provided in this chapter
remain enduring and can be generalized to other models, particularly in aspects relevant to reproducibility
and methodological approaches.
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feed-forward neural network (FF). These extracted document vectors are subsequently
used as an input to an L2-regularised linear SVM classifier. To address the class imbalance,
the classifier uses a class-weighting mechanism by adjusting the regularisation parameter
C = 1 × 10−6.

Multi-Channel CNN Paper B presents a multi-channel convolutional neural network
(CNN) to discriminate between includes and excludes. It uses static, pre-trained GloVe
word embeddings [199] to create an input embedding matrix. This embedding is inserted
into a series of parallel CNN blocks consisting of a single-dimensional CNN layer followed
by global max pooling. Outputs from the layers are concatenated after global pooling
and fed into a feed-forward network. The authors experimented with a different number
of channels and Conv1D output shapes. Input documents are tokenised and lowercased,
punctuation and non-alphabetic tokens are removed. Documents are padded and trun-
cated to a maximum length of 600 tokens. Class imbalance is handled with oversampling.
For our replicability study, we have chosen the best performing Model_2.

fastText We also test a shallow neural network model which is based on fastText word
embeddings [23]. This model is still comparable to more complex deep learning models in
many classification tasks. At the same time, it is orders of magnitude faster for training
and prediction, making it more suitable for active learning scenarios where reviewers could
alter the model’s predictions by annotating more documents. To make it even simpler, we
do not use pre-trained word embeddings to vectorise documents. Data preprocessing is
kept minimal as we only lowercase the text and remove all non-alphanumerical characters.

7.1.2 Hyperparameters
Paper A optimised only the number of training epochs for their DAE model. In order to
do so, they used two datasets: Statins and BPA reviews and justified this choice with
differences between smaller datasets from Clinical and Drug reviews and SWIFT reviews.
Other hyperparameters (including the minibatch size and the number of epochs for the
feed-forward model) are constant across all datasets. Paper B used the Statins review
dataset to tune a set of hyperparameters, including the number of epochs, batch size,
dropout, and dense units. We keep the hyperparameters as set in the original papers.

7.1.3 Data
All 23 systematic literature reviews are summarised in Table 7.1. The statistics include
the dataset source, the total number of documents, number and percentage of eligible
documents, maximum WSS@95% score and the availability of additional bibliographic
metadata. Every document consists of a title, an abstract, and an eligibility decision
(included or excluded). Moreover, 18 SLRs contain also bibliographic metadata about
documents sourced from PubMed. There is no information about the SLRs beyond their
very generic title, like ADHD or Opioids. The percentage of eligible documents (includes)
varies between SLRs, from 0.55% to 27.04%, but on average, it is about 7%, meaning that
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Table 7.1: Statistics of 23 systematic literature reviews used in this experiment, a subset
of CSMeD-basic containing medical SLRs.

Datset name Introduced
in #Citations Included

citations
Excluded
citations

Maximum
WSS@95% PubMed ID

1 ACEInhibitors

Drug [35]

2,544 41 (1.6%) 2,503 (98.4%) 93.39% Yes
2 ADHD 851 20 (2.4%) 831 (97.6%) 92.65% Yes
3 Antihistamines 310 16 (5.2%) 294 (94.8%) 89.84% Yes
4 Atypical Antipsychotics 1,120 146 (13.0%) 974 (87.0%) 81.96% Yes
5 Beta Blockers 2,072 42 (2.0%) 2,030 (98.0%) 92.97% Yes
6 Calcium Channel Blockers 1,218 100 (8.2%) 1,118 (91.8%) 86.79% Yes
7 Estrogens 368 80 (21.7%) 288 (78.3%) 73.26% Yes
8 NSAIDs 393 41 (10.4%) 352 (89.6%) 84.57% Yes
9 Opioids 1,915 15 (0.8%) 1,900 (99.2%) 94.22% Yes

10 Oral Hypoglycemics 503 136 (27.0%) 367 (73.0%) 67.96% Yes
11 Proton PumpInhibitors 1,333 51 (3.8%) 1,282 (96.2%) 91.17% Yes
12 Skeletal Muscle Relaxants 1,643 9 (0.6%) 1,634 (99.5%) 94.45% Yes
13 Statins 3,465 85 (2.5%) 3,380 (97.5%) 92.55% Yes
14 Triptans 671 24 (3.6%) 647 (96.4%) 91.42% Yes
15 Urinary Incontinence 327 40 (12.2%) 287 (87.8%) 82.77% Yes

Average drug 1,249 56 (7.7%) 1,192 (92.3%) 87.33% 15/15
16 COPD

Clinical [269]
1,606 196 (12.2%) 1,410 (87.8%) 82.80% No

17 Proton Beam 4,751 243 (5.1%) 4,508 (94.9%) 89.89% No
18 Micro Nutrients 4,010 258 (6.4%) 3,752 (93.6%) 88.57% No

Average clinical 3,456 232 (7.9%) 3,223 (92.1%) 87.08% 0/3
19 PFOA/PFOS

SWIFT [99]

6,331 95 (1.5%) 6,236 (98.5%) 93.50% Yes
20 Bisphenol A (BPA) 7,700 111 (1.4%) 7,589 (98.6%) 93.56% Yes
21 Transgenerational 48,638 765 (1.6%) 47,873 (98.4%) 93.43% Yes
22 Fluoride and neurotoxicity 4,479 51 (1.1%) 4,428 (98.9%) 93.86% No
23 Neuropathic pain | CAMRADES 29,207 5,011 (17.2%) 24,196 (82.8%) 77.84% No

Average SWIFT 19,271 1,206 (4.6%) 18,064 (95.4%) 90.44% 3/5
Average (All datasets) 5,454 329 (7.0%) 5,125 (93.0%) 87.97% 18/23

the datasets are highly imbalanced. These 23 SLRs are from three different collections
introduced by Cohen et al. [35], Wallace et al. [269], and Howard et al. [99], respectively
(see Section 3.4 for general overview of these datasets).

Paper A trained and evaluated their model on all 23 datasets coming from three categories.
Paper B used 20 datasets from the Clinical and SWIFT categories. Paper B states that,
on average, 5.2% of abstracts are missing in all 20 datasets, varying between 0% for
Neuropathic Pain and 20.82% for Statins. Compared to previous papers, Paper B reports
fewer citations for three datasets (Table 6 in the original paper): Statins, PFOA/PFOS
and Neuropathic Pain. This difference is insignificant compared to the dataset size,
e.g. 29,207 versus 29,202 for Neuropathic Pain, so it should not influence the model
evaluation.

The model prepared by Paper B uses also pre-trained 100-dimensional GloVe word
embeddings which we downloaded separately from the original authors’ website3 according
to the instructions provided by the Paper B GitHub Readme.

3https://nlp.stanford.edu/data/glove.6B.zip
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7.1.4 Evaluation

Original papers used Work Saved over Sampling (WSS) as their primary evaluation
measure. In Chapter 5 we have shown the problems with WSS. Therefore, we present the
evaluation using the True Negative Rate at 95% Recall (TNR@95%). For comparability
to the original papers, in our replicability study we decided to use the implementations
of the WSS metric provided by Papers A and B. Then we take these scores and using
Equation 5.29 we calculate the TNR values. Furthermore, we also calculate normalised
Precision at 95% Recall (nP @95%). Following original papers, we consider the relevance
judgements from the title and abstract screening step.

Both papers use a stratified 10 × 2 cross-validation for evaluation. In this setting, data is
randomly split in half: one part is used to train the classifier, and the other is left for
testing. This process is then repeated ten times, and the results are accumulated from
all ten runs. We also use this approach to evaluate the quality of all three models.

7.2 Results
We first present results of the replicability study. Then we dive into the impact of input
features on the model performance. Finally, we present the measurements of training
time and the normalised Precision at 95% Recall scores for each model.

7.2.1 Replicability study

TNR@95% scores from older benchmarks and original papers, along with our replicated
results, are presented in Table 7.2. For all datasets, both Paper A and B provide
only mean score from cross-validation runs. Therefore, we were not able to measure
statistical significance between our replicated results and the original ones. To quantify
the difference, we decided to calculate the absolute delta between reported and replicated
scores: |x − y|. Both models report a random seed for the cross-validation splits but not
for the model optimisation. Usage of different seeds for model optimisation might be one
of the reasons why we were not able to achieve the same results.

For two datasets (Bisphenol A (BPA) and Triptans), Paper A reports two different results
for the DAE-FF model (Tables 5 and 6 in the original paper). We suppose this was
only a typing mistake, as we managed to infer the actual values based on the averaged
TNR@95% score from all datasets available in the original paper.

The average delta between our replicated results and the original ones from Paper A
is 3.9%. Only for three datasets is this value higher than 10%. If we consider different
random seeds used for training models, these results confirm the successful replication of
Paper A’s work.

For Paper B, the average delta is 18.78%. For 11 out of 20 datasets, this delta is more
than 10%. For the two largest datasets: Transgenerational and Neuropathic Pain we
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Table 7.2: TNR@95% results for replicated models compared with original results and
benchmark models. TNR@95% scores are averages across ten validation runs for each
of the 23 review datasets. Underlined scores indicate the highest score within the three
tested models, bold values indicate the highest score overall.

No Dataset name Cohen
(2006)

Matwin
(2010)

Cohen
(2008/2011)

Howard
(2016) Paper A Paper A

replicated
Absolute

delta Paper B Paper B
replicated

Absolute
delta

fastText
classifier

1 ACEInhibitors 0.625 0.582 0.795 0.864 0.850 0.848 0.16% 0.846 0.423 42.27% 0.846
2 ADHD 0.746 0.687 0.589 0.862 0.731 0.705 2.64% 0.765 0.771 0.59% 0.484
3 Antihistamines 0.053 0.210 0.302 0.197 0.380 0.343 3.67% 0.230 0.195 3.50% 0.102
4 Atypical Antipsychotics 0.212 0.287 0.246 0.339 0.429 0.269 16.00% 0.294 0.143 15.12% 0.301
5 Beta Blockers 0.340 0.425 0.525 0.487 0.649 0.521 12.78% 0.564 0.457 10.72% 0.478
6 Calcium Channel Blockers 0.183 0.305 0.518 0.538 0.512 0.428 8.35% 0.223 0.125 9.84% 0.244
7 Estrogens 0.284 0.529 0.579 0.652 0.557 0.522 3.58% 0.202 0.157 4.55% 0.441
8 NSAIDs 0.605 0.640 0.800 0.865 0.857 0.870 1.31% 0.688 0.721 3.33% 0.742
9 Opioids 0.184 0.609 0.417 0.883 0.588 0.635 4.74% 0.348 0.302 4.62% 0.614

10 Oral Hypoglycemics 0.176 0.169 0.239 0.213 0.182 0.221 3.84% 0.141 0.070 7.14% 0.186
11 Proton Pump Inhibitors 0.338 0.289 0.391 0.443 0.466 0.361 10.53% 0.303 0.185 11.83% 0.345
12 Skeletal Muscle Relaxants 0.050 0.317 0.426 0.609 0.338 0.338 0.04% 0.281 0.352 7.18% 0.141
13 Statins 0.303 0.373 0.553 0.496 0.630 0.549 8.13% 0.504 0.340 16.43% 0.469
14 Triptans 0.086 0.334 0.409 0.478 0.500 0.477 2.32% 0.326 0.506 18.03% 0.268
15 Urinary Incontinence 0.347 0.387 0.542 0.655 0.655 0.600 5.48% 0.360 0.255 10.49% 0.550

Average drug 0.302 0.409 0.489 0.572 0.555 0.513 5.57% 0.405 0.333 11.04% 0.414
16 COPD — — — — 0.809 0.808 0.08% — 0.196 — 0.680
17 Proton Beam — — — — 0.910 0.906 0.41% — 0.426 — 0.852
18 Micro Nutrients — — — — 0.758 0.759 0.09% — 0.263 — 0.693

Average clinical — — — — 0.826 0.824 0.19% — 0.295 — 0.742
19 PFOA/PFOS — — — 0.867 0.911 0.901 0.98% 0.122 0.360 23.79% 0.841
20 Bisphenol A (BPA) — — — 0.813 0.855 0.841 1.36% 0.854 0.424 42.93% 0.696
21 Transgenerational — — — 0.775 0.768 0.780 1.16% 0.769 0.050 71.93% 0.424
22 Fluoride and neurotoxicity — — — 0.930 0.858 0.865 0.68% 0.943 0.868 7.57% 0.444
23 Neuropathic pain — — — 0.884 0.784 0.772 1.24% 0.798 0.160 63.84% 0.790

Average SWIFT — — — 0.854 0.835 0.832 1.09% 0.697 0.372 42.01% 0.639

Grand average — — — — 0.651 0.623 3.90% — 0.337 18.78% 0.506

were not able to successfully train the Multi-Channel CNN model. All of these results
raise concerns about replicability.

Next, we compare our replicated results and the original ones from Paper A and B to
previous benchmark studies. Paper A only compares their model to custom baseline
methods and does not mention the previous state of the art results. None of the tested
neural network-based models can improve on the results by Howard et al. [99], which
uses a log-linear model with word-score and topic-weight features to classify the citations.
This means that even though deep neural network models can provide significant gains
in TNR@95% scores, they can still be outperformed by classic statistical methods.

7.2.2 Impact of input features
As we encountered memory problems when training the Paper B model on Transgenera-
tional and Neuropathic pain datasets, we exclude these two datasets from our comparisons
in the remaining experiments.

None of the papers provided the original input data used to train the models. We wanted
to measure if the results depend on how that input data was gathered. We implemented
two independent data gathering scripts using the biopython package as suggested by
Paper B to obtain 18 out of 23 datasets. One implementation relied on the Medline
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Table 7.3: Influence of input document features on the TNR@95% score for three tested
models. “All features” column means a single string concatenating Title, Abstract,
Author and Journal information. For each row, bold values indicate the highest score
for each model, underlined values indicate the highest score across all 3 models.

DAE-FF Multi-Channel CNN fastText classifier

Datset name All
features

Title and
Abstract

Abstract
only

Title
only

All
features

Title and
Abstract

Abstract
only

Title
only

All
features

Title and
Abstract

Abstract
only

Title
only

ACEInhibitors 0.785 0.709 0.658 0.806 0.367 0.461 0.648 0.525 0.783 0.776 0.765 0.441
ADHD 0.639 0.500 0.404 0.651 0.704 0.528 0.692 0.580 0.424 0.470 0.444 0.200

Antihistamines 0.275 0.168 0.265 0.016 0.135 0.204 0.114 0.105 0.047 0.124 0.175 0.192
Atypical Antipsychotics 0.190 0.221 0.230 0.046 0.081 0.086 0.050 0.013 0.218 0.188 0.185 0.095

Beta Blockers 0.462 0.451 0.390 0.408 0.399 0.243 0.134 0.211 0.419 0.419 0.407 0.262
Calcium Channel Blockers 0.347 0.337 0.297 0.137 0.069 0.083 0.004 0.117 0.178 0.139 0.060 0.244

Estrogens 0.369 0.358 0.331 0.145 0.083 0.076 0.051 0.092 0.306 0.199 0.108 0.241
NSAIDs 0.735 0.679 0.690 0.658 0.601 0.443 0.358 0.225 0.620 0.506 0.512 0.535
Opioids 0.580 0.513 0.499 0.280 0.249 0.420 0.413 0.287 0.559 0.558 0.534 0.245

Oral Hypoglycemics 0.123 0.129 0.107 0.019 0.013 0.021 0.004 0.005 0.098 0.049 0.042 0.016
Proton PumpInhibitors 0.299 0.291 0.153 0.285 0.129 0.121 0.059 0.118 0.283 0.228 0.174 0.360

Skeletal Muscle Relaxants 0.286 0.327 0.430 0.125 0.300 0.329 0.242 0.202 0.090 0.142 0.180 0.210
Statins 0.487 0.434 0.392 0.255 0.283 0.231 0.120 0.082 0.409 0.376 0.281 0.228

Triptans 0.412 0.253 0.320 0.199 0.440 0.404 0.407 0.129 0.210 0.205 0.211 0.075
Urinary Incontinence 0.483 0.531 0.482 0.372 0.180 0.161 0.046 0.099 0.439 0.310 0.170 0.434

Average drug 0.431 0.394 0.373 0.293 0.269 0.254 0.223 0.185 0.339 0.313 0.283 0.252
COPD 0.665 0.665 0.676 0.677 0.128 0.372 0.087 0.093 0.312 0.553 0.546 0.545

Proton Beam 0.812 0.810 0.790 0.799 0.357 0.489 0.408 0.559 0.733 0.761 0.771 0.771
Micro Nutrients 0.663 0.648 0.665 0.677 0.199 0.255 0.251 0.268 0.608 0.602 0.605 0.601
Average clinical 0.713 0.708 0.670 0.718 0.228 0.372 0.249 0.307 0.551 0.638 0.640 0.639

PFOA/PFOS 0.713 0.839 0.847 0.696 0.305 0.405 0.391 0.109 0.779 0.796 0.778 0.292
Bisphenol A (BPA) 0.780 0.754 0.715 0.631 0.369 0.300 0.612 0.182 0.637 0.630 0.499 0.079

Fluoride and neurotoxicity 0.806 0.838 0.758 0.726 0.808 0.688 0.654 0.452 0.390 0.375 0.292 0.250
Average SWIFT 0.766 0.782 0.774 0.684 0.494 0.464 0.552 0.247 0.602 0.600 0.523 0.207

Average (All datasets) 0.520 0.498 0.481 0.410 0.295 0.301 0.274 0.212 0.407 0.400 0.368 0.301

module, where a document was represented as a dictionary of all available fields. The
second implementation returned all possible fields (title, abstract, author and journal
information) concatenated in a single string. Furthermore, we examined how robust the
models are, if the input data contained only titles or abstracts of the citations. Results
are presented in the Table 7.3.

The best average TNR@95% results are obtained for all three models when they use all
available features (Figure 7.1). All models achieved better results when using just the
abstract data compared to the titles alone. This reaffirms our common sense reasoning
that titles alone are not sufficient for citation screening. However, there are some specific
datasets for which best results were obtained when the input documents contained only
titles or abstracts. While this experiment does not indicate why this is the case, we can
offer some potential reasons: (1) it could be that eligible citations of these datasets are
more similar in terms of titles or abstract; (2) it could be that these models are not
able to retrieve relevant information when there is too much noise. Intra- and inter-class
dataset similarity need to be further evaluated in future studies.

As presented in Table 7.2, the fastText classifier model was not able to outperform the
original results from Paper A and B. However, compared to our replicated results of
Paper B, the fastText classifier achieves higher TNR@95% scores on 18 out of 23 datasets.
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Figure 7.1: A count of experiments in which a model using a specific input feature
achieved the best results. Models that use all available features scored the best results
49% of times for a specific (model, dataset) combination.

It is also more robust to random initialisation compared to Multi-Channel CNN.

7.2.3 Training time
We computed the training time for each of the models. The relationship between dataset
size and model training time is visualised in Figure 7.2. For the DAE-FF model, we
calculated both the training procedure of denoising autoencoder, feed-forward networks,
and linear SVM. The DAE component is the most time-absorbing component as it
consumes, on average, 93.5% of the total training time. For the fastText and Multi-
Channel CNN models, we calculated the training procedure of the binary classifier.

For small datasets containing less than 1,000 documents, one validation fold for fastText
took on average 2 seconds, for Multi-Channel CNN 13 seconds, and DAE-FF 82 seconds.
Training time difference increases for larger models, where the speed of fastText is even
more significant. For the largest dataset, Transgenerational, the mean training time for
fastText is 78 seconds, for Multi-Channel CNN 894 seconds and for DAE-FF, it is 18,108
seconds. On average, the fastText model is 72 times faster than DAE-FF and more than
eight times faster than Multi-Channel CNN, although this dependency is not linear and
favours fastText for larger datasets.

7.2.4 Normalised Precision at 95% Recall
In this section, we measure the normalised Precision at a Recall level of 95% (nP @95%).
We are inspired by Paper A, which reported Precision at 95% (P@95%) scores in their
experiments. However, as P@95% exhibits the same problems as WSS@95%, we decide
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Figure 7.2: The relationship between dataset size and a model training time for the three
evaluated models. Both training time and dataset size are shown on a logarithmic scale.

to report the nP@95% score (see Chapter 5 for a detailed explanation of problems with
WSS and Precision when evaluated at a fixed Recall level). We calculate nP @95% using
Equation 5.43 from Section 5.5.1.

Table 7.4 shows mean scores for each model across all three review groups. Similarly to
the TNR@95% metric, the best-performing model is DAE-FF, achieving a mean nP @95%
on 21 datasets equal to 11.1%. This method significantly outperforms Multi-Channel
CNN and fastText models by 4.1 percentage points (pp) and 5.0pp, respectively.

Finally, for completeness, we calculate and compare the average P@95% (non-normalised)
as reported in Paper A. Paper A presents an average P@95% of 19% aggregated across 23
review datasets. In contrast, our score stands at 16.7% over 21 review datasets, aligning
closely with the findings in Paper A.

7.3 Discussion

Our replicability study offers insights into the practical application of the models. In this
section, we discuss the challenges with the reproducibility process and the stability of
model predictions across datasets and validation splits. We also compare two evaluation
measures employed in this study: True Negative Rate and normalised Precision.
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Table 7.4: A comparison of Normalised Precision at 95% Recall (nP @95%) for the three
models across 21 benchmark datasets. We did not evaluate the two largest SWIFT
datasets: Transgenerational and Neuropathic pain. Bold denotes the highest score in
each dataset. A † symbol indicates that DAE-FF’s average nP@95% is statistically
significantly superior to the other models, based on the Wilcoxon signed-rank test with
Bonferroni correction.

Dataset name DAE-FF Multi-Channel CNN fastText
ACEInhibitors 0.063 0.069 0.075
ADHD 0.048 0.069 0.030
Antihistamines 0.016 0.021 0.014
Atypical Antipsychotics 0.055 0.045 0.047
Beta Blockers 0.036 0.025 0.018
Calcium Channel Blockers 0.064 0.014 0.024
Estrogens 0.168 0.079 0.089
NSAIDs 0.331 0.266 0.161
Opioids 0.037 0.016 0.015
Oral Hypoglycemics 0.072 0.030 0.034
Proton PumpInhibitors 0.024 0.021 0.017
Skeletal Muscle Relaxants 0.005 0.004 0.003
Statins 0.034 0.026 0.020
Triptans 0.026 0.032 0.016
Urinary Incontinence 0.190 0.070 0.079
Average Drug 0.078 0.052 0.043
COPD 0.342 0.101 0.213
Proton Beam 0.317 0.249 0.222
Micro Nutrients 0.152 0.116 0.069
Average Clinical 0.270 0.155 0.168
PFOA/PFOS 0.125 0.050 0.092
Bisphenol A (BPA) 0.059 0.040 0.037
Fluoride and neurotoxicity 0.162 0.119 0.008
Average SWIFT 0.115 0.070 0.046

Average (21 datasets) 0.111† 0.070 0.061

7.3.1 Challenges with reproducibility
The authors of both papers uploaded their code into public GitHub repositories.4,5 Both
models were written in Python 3 and depend primarily on TensorFlow and Keras deep
learning frameworks [2]. The whole implementation was uploaded in four commits for
Paper A and one commit for Paper B (excluding commits containing only documentation).

4https://github.com/gkontonatsios/DAE-FF
5https://github.com/rvdinter/multichannel-cnn-citation-screening
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Except for the uploaded Python scripts, there is no explicit information about versions of
the packages used to train and evaluate the models. This missing information is crucial
for replicability, as, for TensorFlow alone, in 2020, there were 27 different releases related
to 6 different MINOR versions6.

Availability of the code alone does not guarantee a replicable experimental setup. If the
project was not documented for the specific software versions, it might be challenging to
reconstruct these requirements based exclusively on the code, especially if the experiments
were conducted some time ago. In the case of code written in Python, explicitly
writing environment version with, for example, pip’s requirements.txt or conda’s
environment.yml files should be sufficient in most of the cases to save time for
researchers trying to replicate the experiments.

Neither paper included the original datasets they used to train and evaluate their models.
Paper A provided sample data consisting of 100 documents, which presents the input
data format accepted by their model, making it easier to re-run the experiments. Paper
B does not include sample data but describes where and how to collect and process the
datasets. Thorough descriptions of dataset collection and preparation are crucial, as
these steps are time-consuming when inadequately explained.

Finally, paper B also tried to replicate the DAE-FF model from Paper A. They stated that
“(...) we aimed to replicate the model (...) with open-source code via GitHub. However, we
could not achieve the same scores using our dataset. After emailing the primary author,
we were informed that he does not have access to his datasets anymore, which means
their study cannot be fully replicated.”. Our results are contrary to findings by Paper B:
we managed to replicate the results of Paper A successfully without having access to
their original datasets. Unfortunately, Paper B does not present any quantitative results
of their replicability study. Therefore, we cannot draw any conclusions regarding those
results as we do not know what Paper B authors meant by “cannot be fully replicated”.

7.3.2 Model stability across validation splits
Figure 7.3 presents results for ADHD and Proton Beam datasets for all three models.
The Multi-Channel CNN model has the widest range of TNR@95% scores across cross-
validation runs. This is especially evident in the datasets from the Clinical group (i.e.
Proton Beam), for which the DAE-FF and fastText models yield very steady results
across every cross-validation fold. This could mean that the Multi-Channel CNN model
is less stable, and its good performance is dependent on random initialisation.

7.3.3 Comparison of TNR and nPrecision
In Chapter 5, we proposed and theoretically analysed True Negative Rate (TNR@r%)
and normalised Precision (nP@r%) as two distinct measures for evaluation of citation
screening at a fixed Recall level. We suggested that the TNR@r% measure is generally

6https://pypi.org/project/tensorflow/#history
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Figure 7.3: Example boxplots with TNR@95% scores for three models. Input features
are titles and abstracts.
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Figure 7.4: Scatter plot of normalised Precision (nP ) versus True Negative Rate (TNR)
at 95% Recall across three tested models. This figure illustrates the trade-off between
nP@95% and TNR@95% scores. The size of each marker represents the relative size of
the dataset used. Average nP@95% and TNR@95% are indicated by dashed grey lines.

better suited for evaluating screening as it is based on the number of correctly identified
irrelevant documents (TNs). Furthermore, it can be used to estimate time and money
savings when using automation models. On the other hand, nPrecision can be used to
evaluate the successful screening of the few last relevant documents, as its score is not
linear and disproportionately rewards the latter stages of accurate screening. This section
analyses the empirical results obtained on 21 systematic review datasets using the three
tested models.
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Figure 7.5: Visualisation of agreement between nP@95% and TNR@95% across three
tested models using a Bland-Altman plot. Each point represents the mean of the two
measures plotted against their difference, with the marker size indicating the dataset
size. The mean difference and the limits of agreement at ±1.96 standard deviations are
marked as dashed horizontal lines.

Figure 7.4 displays a scatter plot contrasting TNR@95% with nP@95%. The plot
reveals a range of values for both metrics across the tested models, indicating variability
in performance. The moderate positive correlation suggests that models with higher
normalised Precision at 95% Recall tend to have higher True Negative Rates at the
same recall level. However, the dispersion of data points highlights that while there is
a relationship between the two measures, they do not necessarily increase in tandem.
This observation underscores the importance of considering both metrics to gain a
comprehensive understanding of a model’s performance in citation screening tasks.

A Pearson coefficient of 0.60 between nP@95% and TNR@95% indicates a positive, yet
not equivalent, relationship. A paired T-Test, yielding a p-value well below 0.05, further
confirms the distinctiveness of these metrics.

Figure 7.5 uses a Bland-Altman plot to examine nP@95% and TNR@95% agreement.
This plot, showing differences against averages, assesses model consistency across datasets.
General agreement between nP@95% and TNR@95% is observed, though variances in
larger datasets for DAE-FF and fastText models indicate some measure inconsistencies.

Correlation analysis shows a weak positive correlation (0.09) between dataset size and
nP@95%, suggesting only a minimal influence of dataset size on normalised Precision.
In contrast, a moderate positive correlation (0.43) between dataset size and TNR@95%
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7. Automated Citation Screening as Binary Classification

indicates that larger datasets tend to yield higher TNRs. This difference further highlights
that nPrecision and TNR focus on distinct aspects of the screening task. Analysis on a
larger number of datasets and models could enhance these findings.

7.4 Summary
In this chapter, we presented the results of our experiments citation screening using three
architectures based on deep neural networks. The model proposed by Paper A consists of
a denoising autoencoder combined with feed-forward and SVM layers (DAE-FF). Paper
B introduces a multi-channel convolutional neural network (Multi-Channel CNN). We
used the 23 publicly available datasets to measure the quality of both models. The
average delta between our replicated results and the original ones from Paper A is 3.59%.
Considering that we do not know the random seed used for the training of original models,
we can conclude that the replication of Paper A was successful. The average delta for
Paper B is 17.63%. In addition to that, this model is characterised by a significant
variance, so we cannot claim successful replication of this method. These observations
underscore the importance of stability in model performance, particularly in the context
of citation screening, where accuracy is paramount.

Subsequently, we evaluated the fastText classifier and compared its performance to
the replicated models. This shallow neural network model based on averaging word
embeddings achieved better TNR@95% results when compared to replicated scores from
Paper B and, at the same time, is, on average, 72 and 8 times faster during training than
both Paper A and B models. This analysis highlights a trade-off between complexity and
performance, emphasising the potential of less complex models in real-world applications
where computational efficiency is a concern.

None of the tested models can outperform all the others across all the datasets. DAE-FF
achieves the best average results, though it is still worse when compared to a statistical
method with the log-linear model. Models using all available features (title, abstract,
author and journal information) perform best on the average of 21 datasets when compared
to just using a title, abstract or both. We have noted a deficiency across all models as
none of them could create stable gains over all datasets, and they had a considerable
variation in the scores.

We also presented the empirical analysis of two evaluation measures: TNR@r% and
nP@r% when evaluated at a fixed recall cutoff. We showed how these two evaluation
measures can be used to present model performance on different aspects of the screening
process, complementing our findings from the previous Chapters.

Since the completion of this work, new neural models, even larger and more capable
according to general benchmarks, have been introduced. However, we believe that insights
from this chapter are enduring and can be generalised to other models. Especially if not
even stronger, the findings related to the reproducibility in the context of large language
models.
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CHAPTER 8
Automated Citation Screening

with Eligibility Criteria

Natural language prompting has recently demonstrated significant progress for the
pretraining of language models, for tasks like large scale multi-task supervision [208, 229,
200] and improving zero-shot classification via explicit, multi-task prompted training
data [223, 281, 28]. With appropriate tools and integration of expert-labelled datasets,
these performance gains were reported to scale to thousands of prompted training
tasks [286]. Such changes hold great promise for improving learning with limited labels
which would be very helpful for systematic review researchers.

An initial trend with the improvements in neural network architectures was that they
became even more data-greedy, making it harder to train for a problem with minimal
gold standard annotated data. A recent trend was to improve models’ capacity through
intensive research in transfer learning [14] and few-shot learning [287, 74]. Zero-shot
learning extends in this direction and aims to make predictions on classes whose instances
were not observed during the model’s training [285]. Prompt-based learning is a strategy
of training large language models to use the same model for different tasks without
re-training in a zero-shot setting [155].

Building on experiments from previous chapters, we explore how systematic review meta-
data can be used to facilitate the screening process. We want to assess the quality of
automated screening in a scenario which does not require expensive manual annotations
for every new review. Inspired by our work in clinical trial matching, we focus on using
external information to improve screening quality. We start by experimenting with the
CSMeD-cochrane dataset. Then, we evaluate several fine-tuned Transformer models
and zero-shot prompting of GPT models on the CSMeD-ft dataset. We are interested
in understanding if and which information is most suitable for screening on title and
abstract, and full text levels.
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Finally, we present CRUISE–Screening, a web application that helps researchers conduct
living literature reviews. Compared to other tools, CRUISE–Screening combines search
and screening stages into one workflow using large language models. Thanks to this,
researchers can use the tool as an information system to systematise, manage and record
their literature review workflows.

8.1 Citation Screening with External Information
Our proposed approach is based on the recent advancements in language modelling to
conduct a zero-shot ranking or classification of papers. We consider metadata in the
CSMeD-cochrane dataset as various query representations for measuring their impact
on screening.

8.1.1 Experiment setup
In this experiment, we evaluate the impact of the SLR protocol section on ranking for
statistical and neural models in a zero-shot setting. We use two statistical models BM25
and TF-IDF, and three Transformer-based models: MiniLM-L6-v21, mpnet-base-v22

and BioBert-snli3 from the SentenceTransformers library [212]. MiniLM model uses 256
tokens, whereas MPNet and BioBERT use 512 tokens.

We test four different SLR meta-data sections from the SLR protocol as input represen-
tations: (1) title, (2) abstract, (3) search strategy and (4) eligibility criteria. Predictions
are run on the CSMeD-cochrane-dev split. We use the retriv Python library for
implementing the pipeline [15].

8.1.2 Evaluation
We select True Negative Rate at 95% Recall (TNR@95%) and normalised Precision at
95% Recall (nP@95%) as primary evaluation measures. We also evaluate the average
position at which the last relevant item is found [112, 113, 114], calculated as a percentage
of the dataset size (Last Rel). Lower values of Last Rel indicate better performance.
Additionally, we compute traditional evaluation measures: nDCG@10, MAP and Recall
at rank k (R@k), with k in {10, 50, 100} following the evaluation from Kanoulas et al.
[112].

8.1.3 Results
Table 8.1 presents the results on the CSMeD-dev-cochrane dataset. Overall, we
find that models using SLR abstracts and eligibility criteria perform the best with
the consistent superiority of neural network-based models over traditional retrieval

1https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
2https://huggingface.co/sentence-transformers/all-mpnet-base-v2
3https://huggingface.co/pritamdeka/S-BioBert-snli-multinli-stsb
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8.1. Citation Screening with External Information

Table 8.1: Results of zero-shot evaluation on CSMeD-cochrane-dev dataset. For each
measure, bold values indicate the highest score for each model across query representation.
Underlined values indicate the highest score across all tested models.

Model Representation TNR@95% nP@95% Last Rel nDCG@10 MAP R@10 R@50 R@100

BM25

Title 0.469 0.142 72.2 0.438 0.388 0.349 0.623 0.704
Abstract 0.474 0.170 63.6 0.503 0.453 0.379 0.657 0.757
Search strategy 0.379 0.093 72.1 0.336 0.311 0.268 0.507 0.625
Criteria 0.430 0.145 67.0 0.452 0.417 0.345 0.629 0.725

TF-IDF

Title 0.439 0.126 75.1 0.334 0.322 0.295 0.575 0.661
Abstract 0.490 0.147 62.8 0.417 0.404 0.348 0.640 0.728
Search strategy 0.372 0.078 72.9 0.271 0.272 0.233 0.500 0.595
Criteria 0.453 0.139 67.0 0.375 0.372 0.305 0.616 0.704

MiniLM

Title 0.472 0.217 68.1 0.470 0.414 0.379 0.673 0.763
Abstract 0.492 0.240 65.5 0.517 0.451 0.398 0.680 0.782
Search strategy 0.411 0.171 71.4 0.370 0.346 0.320 0.609 0.688
Criteria 0.527 0.198 60.9 0.497 0.456 0.384 0.657 0.747

MPNet

Title 0.467 0.230 66.6 0.476 0.429 0.376 0.684 0.774
Abstract 0.516 0.265 63.8 0.556 0.482 0.420 0.692 0.777
Search strategy 0.429 0.181 68.6 0.400 0.372 0.328 0.614 0.699
Criteria 0.545 0.216 58.5 0.514 0.488 0.393 0.691 0.784

BioBERT

Title 0.439 0.141 66.7 0.391 0.369 0.337 0.624 0.717
Abstract 0.494 0.166 64.4 0.463 0.448 0.367 0.655 0.768
Search strategy 0.369 0.098 72.9 0.350 0.335 0.273 0.523 0.635
Criteria 0.507 0.182 62.7 0.494 0.468 0.358 0.681 0.765

models. The topical similarity between the publications and the SLR abstract suggests
an important role of the abstract in the automated screening process.

Across all measures for both statistical models, representing SLR using its abstract
consistently outperforms others. This indicates that abstracts, as a source of external
knowledge, contain more comprehensive and relevant information for automated citation
screening compared to titles or search strategies. This finding is aligned with our analysis
of the statistical models for the clinical trials matching task, which also showed the
inability of these models to comprehend the eligibility criteria (Chapter 2).

On the other hand, more advanced neural models tend to utilise the eligibility criteria
information better. TNR@95% is higher when using the criteria information for all three
considered Transformer-based models. Similar considerations can be given about other
evaluation measures, where we notice that with growing model size and input window,
their performance is getting better when using the criteria section compared to SLR
abstract. However, It should be noted that the criteria section is typically more relevant
to the full text screening step than title and abstract screening.

The best-performing model, MPNet, using SLR eligibility criteria, achieves TNR@95%
equal to 0.545, meaning that this model can remove, on average, more than half of the
true negatives when achieving a recall of 95%. We also see that TNR and nP measures
are not always aligned between model and representation combination.

Table 8.2 shows the word count statistics of SLR sections for CSMeD-cochrane-all

145



8. Automated Citation Screening with Eligibility Criteria

Table 8.2: Systematic literature review protocol section lengths in number of words for
CSMeD-cochrane-all dataset.

Word count Abstracts Titles Search
strategy

Eligibility
criteria

Mean 720.8 10.8 567.6 852.2
25th Percentile 574.0 7.0 129.5 450.5
50th Percentile 718.0 10.0 273.0 662.0
75th Percentile 878.0 13.0 610.0 1005.0
90th Percentile 976.0 17.0 1196.8 1503.4

dataset. The text is truncated for more than half of the examples in the case of SLR
abstracts and eligibility criteria. This also prevents the use of the cross-encoder approach,
where the concatenated publication and SLR section would exceed the maximum context
window for typical BERT-style models. Using models allowing for longer input sequences
could enhance the ranking quality. Exploring large language models or advanced training
scenarios like the Topical-Criteria Re-Ranking curriculum learning [136] might also reveal
the potential for further improving the results.

8.2 Full Text Screening
We present how CSMeD-FT can be used to evaluate LLMs capabilities in understanding
eligibility criteria sections for the purpose of screening very long documents. Specifically,
we are interested in evaluating how the models are able to process the inclusion and
exclusion criteria. We run experiments both with fine-tuned Transformer models and
zero-shot prompting of GPT models.

8.2.1 Experiment setup

As the combined input size of systematic review and publication can be very big (9,246
mean number of tokens on a training split measured with a GPT-4 tokeniser), we select
only models that allow for at least 4k tokens context input. For fine-tuning, we choose
Longformer [20] and BigBird [292], and their domain-specific models pretrained on clinical
data: Clinical-BigBird and ClinicalLongformer [154]. For zero-shot evaluation, we select
GPT-3.5-turbo-0301, GPT-4-8k-0314 and GPT-3.5-turbo-16k-0613 accessed via OpenAI
API. GPT-4-8k and GPT-3.5-turbo-16k are the only model capable of handling more
than 4k input tokens, with context window size of 8k and 16k tokens respectively.

For all models, we concatenate the review text with publication. We truncate the review
description text to half of the available context window (2,000 tokens for 4k models, 4,000
tokens for 8k model and 8,000 tokens for 16k model) and fill the rest of available input
with a publication.
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Table 8.3: Statistics of a review text with respect to the fit within 2,048 tokens context
window.

CSMeD-FT-train CSMeD-FT-dev CSMeD-FT-test CSMeD-FT-sample

Avg # splits 1.13 1.24 1.83 1.74
Median # splits 1 1 1 1
Max # splits 2 2 4 4
Min # splits 1 1 1 1
More than 1 splits 13% 24% 42% 42%

Transformer models fine-tuning

We select the following model checkpoints from HuggingFace Transformers library:

• Longformer-base4

• BigBird-roberta-base5

• Clinical-Longformer6

• Clinical-BigBird7

We want to decide whether a publication fulfils all inclusion criteria and none of the
exclusion criteria to include it in the SLR. Specifically, this means matching the eligibility
criteria of SLR with the full text of the candidate publication. As input, the model
receives the text of the review and publication and is asked to predict a binary category.
We concatenate the review title with the eligibility criteria section to create the review
text. For publications, we concatenate the title, abstract and the main text.

As available input text (review text + publication text) almost always exceeds the
available context window of considered models (4,096 tokens), we use the following
approach to allocate available space. We use the TokenTextSplitter method from
the langchain library8 with the gpt-3.5-turbo-0301 model to select the review text that
would fit the context window. We select at most half of the available context window, so
in the context of all Transformer models, review text equals at most 2,048 tokens. This
action truncates some part of the eligibility criteria section, i.e. for 13% of items in the
trainset and 42% in the test set (Table 8.3). We fill the remaining input sequence with
the publication text.

We run our experiments on a single server with 4 Nvidia RTX 3090 GPUs with 24GB
of RAM each. We fine-tune the Transformer models on CSMeD-FT-train for four

4https://huggingface.co/allenai/longformer-base-4096
5https://huggingface.co/google/bigbird-roberta-base
6https://huggingface.co/yikuan8/Clinical-Longformer
7https://huggingface.co/yikuan8/Clinical-BigBird
8https://github.com/hwchase17/langchain
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epochs. We use a per-device batch size of 1 with eight gradient accumulation steps. We
test several learning rates with the best results on the validation split with 1 × 10−5.
We set weight decay to 0.01. We use AdamW [157] with default values of β1 = 0.9 and
β2 = 0.999. We evaluate models after each epoch on the validation set and select the
model with the highest macro F1-score.

Zero-shot prompting of GPT-x models

Similarly, as for the fine-tuned classification models, we reserve at most half of the context
window size for the systematic literature review description and fill the remaining tokens
with the publication text. We measure the text length using the OpenAI library tiktoken9,
which provides tokenisers for GPT-3.5 and GPT-4 models.

If a whole publication text cannot fit inside a single context window, we run several
predictions with non-overlapping sliding windows over the full text document. The final
decision D for including a publication in the SLR is determined by the product of the
binary predictions P1, P2, . . . , PN for each of the N context windows.

D = P1 × P2 × . . . × PN , (8.1)

where Pi = 1 means that the model predicts to include a publication based on the i-th
sliding window, and Pi = 0 means that the model predicts to exclude a publication. If
D = 1, the publication is included; if D = 0, the publication is excluded. This means a
publication cannot be included if there is even a single window with a prediction of 0
(exclude). In case of GPT-3.5-turbo-16k model, only for 4 out of 50 documents the model
was unable to accommodate the full text of combined review and publication inside one
prompt. We use the following prompt template:

Input Template:

Does the following scientific paper fulfill all eligibility \
criteria and should it be included in the systematic review? \
Answer ‘Included’ or ‘Excluded’. \
Systematic review: "{{r.title}}" \n "{{r.criteria}}" \n\n \
Publication: "{{p.title}}" \n "{{p.abstract}}" \n \
"{{p.main_text}}" \n\n \
Answer:

Output Template:

{{label}}

9https://github.com/openai/tiktoken
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Answer Choices:

Included ||| Excluded

We set our experimental budget to 50 USD. For the GPT-4 model we conduct the
experiments only on the CSMeD-FT-test-small subset.

8.2.2 Evaluation
In assessing the performance of our models, we employ macro-averaged Precision, Recall,
and F1-score as our primary metrics. The choice of macro-averaging is given the nature
of full-text screening in systematic literature reviews. Unlike title and abstract screening,
where irrelevant publications significantly outnumber relevant ones, the full-text stage
often presents a more balanced dataset. This requires an evaluation approach that equally
penalises models for over-inclusion or over-exclusion of documents. Therefore, we opted
for a measurement approach that treats FP and FN with equal weight, reflecting their
comparable impact on the review process. We also report the percentage of documents
each model includes, combining TP and FN, to provide a practical perspective on model
performance.

8.2.3 Training and inference time
One training epoch took around 30 minutes both for BigBird and Longformer-based
models. For inference, Longformer architecture processed, on average, 2.9 samples per
second, whereas BigBird models 2.65 samples per second. Making predictions on the
entire test split of 636 documents took less than 4 minutes for all models.

For the GPT-3.5-turbo-16k model, making predictions on all 636 examples of the CSMeD-
ft-test split took 44 minutes. However, this value was heavily influenced by the default
OpenAI’s rate limits of 180,000 tokens per minute for our organisation.

8.2.4 Results
Results of the full text experiment are summarised in Table 8.4. On CSMeD-ft-
test-small, GPT-4-8k strongly outperforms other models. However, this difference
is not statistically significant. The GPT-3.5-turbo-16k achieves the highest Precision;
this improvement can be attributed to the model’s expanded context window and the
limitations other GPT-based models have with our simple aggregation rules. However,
this might also be caused by overfitting towards the positive class, as this model includes
almost twice as many publications as other models. On CSMeD-ft-test set, Clinical-
BigBird, significantly outperforms zero-shot GPT-3.5 model and pre-trained models
based on the LongFormer architecture.

Interestingly, both BigBird-based models outperform their counterparts using the Long-
former architecture. The typical overall tendency to domain-pre-trained models achieving
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Table 8.4: Results of the full text screening experiment averaged over documents. The
statistical significance was assessed with a McNemar’s t-test (p < 0.05) with Bonferroni
correction for multiple testing. Clinical-BigBird on the CSMeD-ft-test split showed
statistically significant improvements compared to the stratified random baseline, Long-
former, Clinical-Longformer, and GPT-3.5-turbo-16k, indicated by †. Stratified baseline is
averaged from 100 different random seeds. ‘% incl.’ describes the percentage of documents
predicted as relevant by models (TP + FN).

CSMeD-ft-test-small CSMeD-ft-test

% incl. P R F1 % incl. P R F1
oracle 44% — — — 43.7% — — —
stratified random 50% 0.497 0.498 0.495 — 0.499 0.499 0.498
‘include all’ 100% 0.220 0.500 0.306 100% 0.219 0.500 0.304
Longformer 40% 0.467 0.468 0.466 40.4% 0.398 0.400 0.398
BigBird-roberta-base 42% 0.572 0.571 0.572 45.1% 0.575 0.575 0.575
Clinical-Longformer 36% 0.547 0.544 0.542 35.1% 0.436 0.441 0.435
Clinical-BigBird 36% 0.590 0.584 0.583 32.8% 0.623† 0.611† 0.609†

GPT-3.5-turbo-0301 54% 0.585 0.586 0.580 — — — —
GPT-4-8k-0314 58% 0.674 0.672 0.660 — — — —
GPT-3.5-turbo-16k 80% 0.712 0.638 0.576 75.9% 0.538 0.528 0.475

higher scores over their open-domain counterparts is also preserved. We believe that
fine-tuning the Transformer models first on larger NLI/QA corpora could help improve
the results.

8.3 CRUISE–Screening
We present CRUISE–Screening, a web-based tool for conducting living literature reviews.
The tool is developed to improve the efficiency of the literature review process. Its
inception is rooted in the earlier discussions on using eligibility criteria for citation
screening and the integration of LLMs in this process. This tool attempts to extend the
rigorous methodologies of SLRs, typically reserved for professional medical reviews, to
broader exploratory reviews in various fields. It aims to address the research question of
whether the automation approaches employing LLMs and eligibility criteria are applicable
beyond the conventional scope of SLRs in medicine.

CRUISE–Screening is connected to several search engines via API and facilitates the
process of screening for relevant publications using NLP and machine learning methods.
We discuss the development and functionalities of CRUISE–Screening, as well as present
the challenges in developing such a tool. The system integrates search and screening
capabilities into a single application and can connect with several search engines and
machine learning models. We foresee two use cases for our system: (1) primarily by
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researchers wanting to review the literature to locate the relevant work in their field of
expertise; and (2) people developing automation models for literature reviews wanting to
compare their approaches with others.

Most tools in this domain are developed specifically for systematic reviews, and using
them for general literature reviews requires much overhead in installation and covering
the review process. Our system, on the other hand, is among the first to apply systematic
review concepts to general literature reviews. This sets our system apart from the rest
of the literature review tools, which are primarily recommendation systems for papers.
Our system can potentially promote collaboration and facilitate the exchange of ideas
among researchers. Specifically, this can be conducted with the possibility of directly
sharing reviews with other users and with metadata-reach import/export functionalities
of CRUISE–Screening.

This section introduces CRUISE–Screening and presents the resources used, architecture
and the methodologies behind its functionalities. Figure 8.1 shows the architecture of our
system. CRUISE–Screening is built with Python 3.9, Django 4, Bulma and AlpineJS
frameworks. The application is open-source under the Apache-2.0 license10 and a demo
is available under this URL.11

8.3.1 Data Resources

Good quality input data covering multiple domains is the crucial ingredient of a successful
literature review. Nussbaumer-Streit et al. [185] found that combining two separate
databases may suffice to reliably determine the conclusions of a systematic review in
medicine. Therefore, CRUISE–Screening was designed to use multiple data sources and
to allow for extending them when needed. Currently, it supports the following four search
engines as data sources: Semantic Scholar API12, CORE API13, PubMed via Entrez
API14 and internal document storage.

The first three APIs call search engines that are used as primary data sources when
searching for documents. Using three different search engines with contrasting scopes
and content enables good search results coverage.

The tool also allows for indexing documents in the internal database. It is implemented
using Elasticsearch and communicates with the main application using the API. It can
be used, for example, when one wants to store private documents or content not covered
by other search engines. For this demo, we index the DBLP-Citation-network Version 13
collection15 created by Tang et al. [246].

10https://github.com/ProjectDoSSIER/CRUISE-Screening
11https://citation-screening.ec.tuwien.ac.at
12https://www.semanticscholar.org/product/api
13https://core.ac.uk/services/api
14https://www.ncbi.nlm.nih.gov/search/
15https://www.aminer.cn/citation
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Figure 8.1: Overview of the CRUISE–Screening architecture. The numbers are referred
to in Sections 8.3.2 and 8.3.3.

The system could easily be expanded to connect to other search engines offering API
access. As the system is a meta-search engine, we use a script to deduplicate the search
results based on papers’ metadata (DOI, title, abstract and authors information).

8.3.2 Screening Workflow
As described in Chapter 3, the typical procedure for finding relevant documents for
systematic literature reviews consists of two intertwined stages of search and screening.
The first stage corresponds to researchers searching for documents potentially related to
the research topic. In the second stage, the documents are screened for their eligibility
to the SLR protocol. We have combined and implemented these two stages inside
CRUISE–Screening.

Search for relevant items

First, the user creates a new literature review by defining the research protocol 1 . The
protocol (Figure 8.2) consists of the review’s title, description, at least one search query
and a set of inclusion and exclusion criteria (eligibility criteria). The tool allows for
specifying search engines in which one wants to search for papers, by default selecting all
four available sources described in Section 8.3.1. The search can be limited to only the
first N results if the reviewer is not interested in a comprehensive literature review.

CRUISE–Screening sends API requests to selected search engines and gathers all re-
sponses 2 . Merged and deduplicated search results are stored in a PostgreSQL database 3 .
In order to support living reviews, the user can re-run the search function periodically
to update the list of references. However, since search engines only allow filtering by
publication year and not month or day, the tool removes publications older than the year
of the previous search during updates. The tool then relies on deduplication to ensure
that new publications are not mistakenly added twice.

CRUISE–Screening also allows for the additional direct import of data for screening
from two sources 4 :
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Figure 8.2: Example literature review protocol containing review title, description, search
queries and criteria for inclusion and exclusion.

• Bulk upload from reference files – Currently, the tool supports bib and ris file
extensions. Both of these formats are used by digital libraries (Scopus or IEEE
Xplore) and the citation managers like Zotero or Mendeley. These publications are
imported into the PostgreSQL database.

• Full text pdf files – Files can be provided either by their URL (assuming they
are open access documents) or via a direct upload. These files are processed using
GROBID [1] and then added to the database. Documents added this way can also
be marked as seed studies. This way, these new documents are labelled as relevant,
which can speed up the process of automated screening.
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Figure 8.3: Example screening interface in CRUISE–Screening presenting single paper
with answered questions.

Citation screening

Currently, CRUISE–Screening implements the title and abstract screening step 5 while
providing external URLs to full text articles whenever available. Figure 8.3 presents
an example screening interface. From the top, it contains the title, abstract, authors,
publication venue and year and the link to the full text of the screened paper. Below are
two sections with eligibility criteria questions and a main inclusion question.

There are two screening workflows in CRUISE–Screening: strict and relaxed. Strict
screening requires the annotators to conduct the process by manually answering every
eligibility question. It mimics the citation screening process of systematic reviews. This
mode could be used for in-depth systematic reviews or gathering manual annotations for
training machine learning models.

The relaxed mode does not impose any requirements on which questions the annotator
should answer except for the main include/maybe/exclude decision. There are optional
questions about the reviewer’s prior knowledge of the paper and authors, which reviewers
can turn on to control for the selection bias.
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8.3.3 Automation Methods
In addition to the fully manual workflow, CRUISE–Screening integrates automation
methods to increase the speed of the literature review 7 . Using (semi-)automated workflow
might also help increase the coverage of review as users can screen more documents in the
same time. Implemented approaches include supervised text classification and zero-shot
question-answering models. The tool connects to them using an API, which allows for
extending the list of supported models.

Text classification

We implemented two examples of supervised classifiers based on previous literature: a
logistic regression model using tf-idf text representation and a fastText classifier [110].
These models provide a single yes/no decision for each paper (corresponding to the
main eligibility question from the manual workflow). Reviewers need to annotate a
“training set” of at least three included and three excluded papers before using the models.
When the reviewer annotates more publications, the models can be retrained to make an
improved prediction on the remaining documents.

Question answering

In addition to supervised text classification, CRUISE–Screening enables users to conduct
automatic screening using prompt-based language models with a question answering
approach (see Section 3.3.1 for more details). The advantage of this method is that it
does not require pre-labelled data and can make predictions for all inclusion and exclusion
criteria. However, it can be computationally intensive and sensitive to the quality of
input questions.

Our approach leverages recent language modeling advancements and prompt-based
learning for zero-shot classification of papers. We treat this task as an independent
inclusion/exclusion criteria analysis. Unlike previous work, our method uses all available
information from the SLR protocol, combining eligibility criteria with the title and
abstract of each paper in a prompt template. The decision to include a paper is based on
whether it meets all inclusion criteria without satisfying any exclusion criteria. The final
decision to include a paper in the subsequent review stage is made only when there is no
exclusion criterion for which the answer was positive. Moreover, stored for each paper,
these decisions can be easily presented to the manual annotator to justify the eligibility
decision or simply as a visual hint when conducting the manual screening. An example
prompt and workflow are presented in Figure 8.4.

For our demonstration, we used the T0_3B and T0 models [223]. We created a set of
prompts for the models, covering all eligibility criteria questions. The example prompt
consists of a single eligibility question and the same paper data as available during manual
screening (Figure 8.3), namely the title, abstract, authors, journal name and publication
year. The API is designed to support any Text2TextGeneration model implemented
in the HuggingFace Transformers [283] library.
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Title... 
Abstract: Lorem
ipsum dolor sit
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adipisicing elit,
sed do eiusmod
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{{Title}} {{Abstract}} 
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"Not sure".
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Exclusion Criteria

1. Single time point
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tempor ... 

Citation list
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Figure 8.4: Example of citation screening using eligibility criteria and prompt-based
learning. For every paper in the citation list, the inclusion and exclusion criteria are
compared using the prompt template. This procedure generates two lists with textual
answers for each criterion. The final decision is an aggregation of single outputs.

8.3.4 Review management

Once created, the review can be shared with other registered users, and the screening
process can be distributed between researchers. There are two different levels of access:
administrator and member. As it is often required in medical systematic reviews, the
restriction can be imposed that every paper needs to be screened by at least N annotators.

The output of the literature review can be exported in json 6 . It contains the literature
review protocol and all identified studies with corresponding automatic and manual
decisions. CRUISE–Screening also enables for exporting completed reviews in a format
that is compatible with the CSMeD dataloaders, easing the entry level for people willing
to provide their data for the purpose of evaluation of systematic review automation.

The evaluation of models is an essential aspect of our tool, as it allows researchers to
evaluate their models without the risk of data leakage. Our tool enables researchers to
make predictions with several models before starting a new review, storing the results,
and evaluating the models after the manual review is conducted, without interfering with
the manual workflow.

8.3.5 Deployment

CRUISE–Screening is available for on-premises deployment, offering a tailored, local
instance for enhanced security and performance. To showcase its functionality, we offer a
fully operational demo version accessible online. For local deployment, a Dockerfile and
docker-compose file are provided in the GitHub repository,16 allowing for easy installation
and deployment on a local machine or a remote server.

16https://github.com/ProjectDoSSIER/CRUISE-Screening
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8.3.6 Challenges with results merging
The merging of results from multiple sources can present significant challenges in the
context of scientific publications. Although using multiple data sources can lead to better
coverage of relevant studies, combining the results from different sources is not a trivial
task. The data can be in formats, fields, and identifiers, which require significant effort
to reconcile. Additionally, metadata quality can be poor in some cases, which can further
complicate the merging process. Therefore, careful consideration must be given to the
merging process, and the use of automated tools can help improve the accuracy and
efficiency of the process. Nevertheless, human intervention may still be required to resolve
any inconsistencies or errors in the data [80].

8.4 Discussion
In this section we discuss challenges with reusing eligibility criteria for screening, creating
a meta-search engine for screening and limitations of CRUISE–Screening.

8.4.1 Reusing eligibility criteria for screening
In our examination of CSMeD, we identified a significant challenge: the eligibility criteria
in many past systematic review protocols are not immediately suitable for use in prompts.
These criteria are either too complex, combining multiple criteria in one sentence, or
do not have a proper sentence structure (e.g. list of drugs used as intervention). While
manual annotators typically have access to these details, this information frequently
becomes obscured or lost in the SLR publication process.

Addressing this challenge could involve the development of specialised prompt templates
designed to accommodate these complex criteria formats. However, a more labour-
intensive yet potentially effective approach would involve reformatting these protocols
into a more standardised structure.

Another problem is the lack of annotations at the abstract and title level justifying
why a particular paper was excluded from the list. Regular expressions and weak
supervision [210] could be applied to some of the most trivial cases to get categories or
explanations about the labels.

8.4.2 Limitations of CRUISE–Screening
This section discusses the limitations that should be considered when using CRUISE–
Screening.

Data sources: The CRUISE–Screening relies on APIs to conduct the search as it
acts as a meta-search engine. These APIs could disappear or change over time, affecting
the tool’s functionality. However, given that we are using multiple resources at once, the
risk of this limitation should be mitigated. Moreover, although CRUISE–Screening is
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connected to several search engines, it may not cover all potential databases or specialised
repositories, potentially missing out on some relevant literature.

Search technique: We do not rely on Boolean queries but a set of keyword-based
queries, which together, create a pool of retrieved documents. This approach differs from
classic systematic reviews. Additionally, we limit the search to the top 500 records for
each query by default to speed up the process, which could potentially limit the coverage
of relevant studies.

Hallucinations: Large language models can sometimes “hallucinate” and create incor-
rect predictions or outputs. Users should be aware that the automated screening process
could produce false positives or false negatives due to these hallucinations.

Biases: The machine learning models used for screening could have biases in their pre-
dictions due to biased training data, which could impact the quality and representativeness
of the literature review.

Cost: The deployment and continued use of large language models in the CRUISE–
Screening can be expensive. The computational requirements for training and deploying
these models are substantial, and as models grow in size and complexity, the associated
costs may increase. This could potentially impact the scalability and affordability of the
tool for researchers with limited resources or budget constraints.

User experience and accessibility: While CRUISE–Screening is designed to be
user-friendly, there might be a lack of sufficient detail on accessibility features, potentially
making it challenging for a wider range of researchers, including those with specific needs
or non-technical backgrounds, to use the tool effectively. Furthermore, the current design
of the user interface, while functional, may not be optimal for all potential users. We
recognise the need for further user studies to assess its intuitive nature and to identify
areas of improvement. We aim to improve the tool’s usability and accessibility in future
iterations.

8.5 Summary
In this chapter, we presented how citation screening can be presented with the eligibility
criteria in mind, superseding the binary classification approach used previously. This
approach not only streamlines the screening process but also aligns it more closely with
the requirements of systematic reviews.

The experiments conducted with various models, including fine-tuned Transformer-based
models and GPT variants, demonstrate the feasibility and effectiveness of using these
models for both stages of screening. The performance of domain-specific models like
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Clinical-Longformer and Clinical-BigBird underscores the importance of contextual and
domain-relevant training in achieving higher Precision and Recall.

However, there are areas for improvement and further research. The challenges in
leveraging eligibility criteria information for abstract-level screening suggest a need for
more sophisticated models or training strategies that can better understand and use this
type of data. Additionally, the varying performance of different models indicates the
potential for further optimisation, perhaps through ensemble methods or more advanced
prompt engineering techniques.

Future research should also focus on refining the input representation for these models,
exploring the impact of different sections of SLR protocols, and experimenting with hybrid
models that combine the strengths of different architectures. Furthermore, the scalability
and generalisability of these models across diverse topics and types of systematic reviews
warrant further investigation.

Finally, we introduce CRUISE–Screening, a web-based application for conducting living
literature reviews. While systematic literature reviews follow strict criteria and are
commonly used in healthcare and medical domains, CRUISE–Screening was inspired by
the techniques used in systematic reviews to bring more structure and rigour into general
literature reviews. Using the recent advancements in NLP and prompt engineering
techniques, our system supports researchers in conducting living literature reviews.

In future work, we plan to extend the capabilities of CRUISE–Screening. We plan to
integrate more search engines and implement ranking and screening prioritisation models
with active learning into the workflow. We also plan to develop advanced visualisations
and analytics to provide more detailed insights into the literature search results.
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CHAPTER 9
Conclusion

This thesis proposed novel datasets, evaluation measures and automation approaches to
eligibility screening in the medical domain. We demonstrated our methods on two exam-
ples from the medical domain: matching patients to clinical trials and citation screening
for systematic literature reviews. This chapter concludes the thesis by revisiting the
research questions and contributions. Finally, we describe future research opportunities.

9.1 Research Questions and Contributions
Our high-level research question was: “How can machine learning models help to automate
the eligibility screening step in systematic reviews and clinical trial matching?”. In
this section, we summarise our contributions for the research questions introduced in
Chapter 1.

RQ1: How should a comprehensive benchmark dataset for systematic
literature reviews be constructed?
This research question aimed to understand the essential components and criteria for
constructing an effective and comprehensive benchmark dataset for automated citation
screening in systematic literature reviews. Our exploration and analysis were segmented
into three sub-questions, focusing on the current state of benchmark datasets, the
properties of an ideal collection, and the specific construction of a dataset for full text
publication screening.

RQ1.1: What is the current overview of benchmark datasets for automated citation
screening?

Our investigation into the existing benchmark datasets revealed significant variability in
their scope, size, and quality. We identified a lack of diversity and representativeness
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in these datasets, which may contribute to biases in model development and evaluation.
We also found a dataset overlap and data leakage in the largest available collections.
Our contribution includes a comprehensive analysis of these gaps and recommendations
for future dataset creation, emphasising the need for diverse and relevant datasets that
reflect the evolving research landscape.

RQ1.2: Which properties should a benchmark collection have for a valid assessment of
citation screening algorithms?

In response to RQ1.2, we introduced CSMeD, a meta-dataset carefully curated to
address the limitations of existing datasets. This dataset is characterised by its diversity,
representativeness, and scalability, making it a valuable resource for evaluating various
machine learning approaches. CSMeD consists of more than 300 SLRs from medicine,
healthcare and computer science disciplines. The comprehensive nature of CSMeD allows
for an accurate and nuanced assessment of citation screening algorithms across different
paradigms, including classification, ranking or stopping prediction.

RQ1.3: How should a dataset for full text publication screening in systematic literature
reviews be constructed?

The development of CSMeD-ft specifically targets the full text publication screening
aspect of systematic literature reviews. This dataset was designed with a focus on
incorporating a wide range of publication types, extensive metadata, and scalability to
ensure its relevance and adaptability to future research needs. It enables the evaluation
of language models in processing long documents. Full text screening is a vital part
of the systematic literature review process, and until now, rarely been studied by the
research community.

RQ1 Conclusion: Our findings underscore the necessity of a governance framework
for systematic literature review datasets. This framework should prioritise diversity,
representativeness, and adaptability to technological advancements. By establishing such
governance, we can ensure that the datasets used for training and evaluating citation
screening models are robust, relevant, and reflective of the current and future state of
systematic literature review processes.

RQ2: How should citation screening automation approaches for
systematic literature reviews be evaluated?

This research question delves into the evaluation of automation approaches in the context
of citation screening for systematic literature reviews. We recognise the need for more
robust and nuanced evaluation measures. Our study extensively investigated existing
evaluation methods and proposed new ones that better align with the practical realities
and demands of SLRs.
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RQ2.1: What are the shortcomings of the common evaluation measures used in automated
citation screening?

Our investigation highlighted the limitations of common evaluation measures in automated
citation screening, such as Work Saved over Sampling (WSS). Specifically, we found
that when evaluated at a fixed Recall rate, WSS and Precision are not normalised,
raising concerns about aggregating scores across several datasets. We addressed these
shortcomings by proposing their min-max normalised versions. Moreover, we showed that
these measures often fail to account for the intricacies of the citation screening process,
such as class imbalance and the need for high recall.

RQ2.2: Which properties should evaluation measures have for appropriate assessment
of citation screening algorithms?

Our research underscores the necessity for evaluation measures that recognise the unique
challenges of citation screening in systematic reviews. We identified essential properties
for these measures, such as the ability to deal with class imbalance and the importance
of identifying almost all relevant papers. To this end, we advocated for using measures
like TNR, normalised Precision or nreTNR (normalised rectified TNR) that align with
these requirements. We showed how TNR can be used to simulate time savings due to its
correlation with the number of successfully removed irrelevant documents. These metrics
offer a more precise and relevant assessment, ensuring that the algorithms effectively
balance the identification of relevant papers with the minimisation of manual screening
efforts.

RQ2.3: How could automated citation screening be evaluated differently to consider
outcomes of systematic literature reviews?

In a significant shift from traditional binary classification metrics, we explored evaluation
methodologies that consider the impact of automated citation screening on the outcomes
of systematic literature reviews. This approach led to the development of an outcome-
based evaluation framework, assessing not just the screening performance but also the
influence of included publications on the final review outcomes. We demonstrated this
through initial experiments, showing how missing publications can significantly alter
review conclusions. This multidimensional evaluation provides a deeper insight into
the real-world effectiveness of citation screening algorithms and a shift in perspective,
promising to bridge the gap between theoretical evaluation and practical impacts.

RQ2 Conclusion: The findings from this research represent a significant advancement
in the evaluation of automated citation screening for systematic literature reviews. By
proposing new evaluation measures and an outcome-based evaluation framework, we have
established a more holistic and realistic approach to assessing these technologies. These
innovations enhance the accuracy of the evaluation process and align it more closely
with the practical needs of systematic review processes. Ultimately, our work paves the
way for more effective, efficient, and impactful use of automation in literature review
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methodologies, ensuring that the most relevant and influential publications are identified
and included in systematic reviews.

RQ3: How to use machine learning models for automated citation
screening with highly imbalanced datasets so the results could be
generalised to other reviews?

RQ3 explored the intricacies of using machine learning models for effective citation
screening in the context of highly imbalanced datasets, aiming to derive generalisable
solutions applicable to various systematic reviews.

RQ3.1: How do neural classification methods perform in the citation screening step,
particularly when compared to traditional methods?

Our investigation showed that neural network-based classification methods, while techno-
logically advanced, do not consistently surpass the performance of traditional methods
like SVM in citation screening tasks. This observation highlights the enduring value of
classical algorithms, suggesting a synergistic approach that leverages both traditional and
modern methodologies. We also showed the considerable variability in the performance
of neural models across validation splits, showing that these models might not provide
stable gains. Furthermore, we discussed that the frequently used training and evaluation
scenario requiring half of the dataset for training is not very practical, especially for
larger SLRs.

RQ3.2: Which external knowledge sources can be used to improve the quality of automated
citation screening?

In addressing the role of external knowledge sources, we found that the integration of
eligibility criteria into machine learning models, particularly Transformer-based language
models, enhances screening accuracy. This approach, especially in zero-shot learning
settings, represents a significant improvement in the field of automated citation screening.
By harnessing rich external data sources, models can better align with the specific
requirements of systematic reviews, thereby increasing their precision and relevance. It
also enables the usage of these models with minimal labelled data yet keeps consistent
time savings.

RQ3.3: How can recent advancements in language models be applied for automatic
eligibility screening of full text publications?

Our study demonstrated the effectiveness of recent advancements in large language models
in conducting full-text publication screening. These models’ ability to process extensive
and complex documents marks a novel and promising direction in automated citation
screening. The exploration into larger language models further suggests an expanding
horizon for handling comprehensive and intricate full-text analysis.
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RQ3.4: Can these machine learning approaches generalise to systematic literature reviews
conducted in a domain other than medicine?

Through the development and application of CRUISE–Screening, a tool designed for
automated search and screening using eligibility criteria, we assessed the generalisability
of these models beyond the medical domain. Our findings indicate potential in adapting
these methodologies to diverse scientific disciplines, though challenges persist in applying
them to less structured domains. This exploration reveals the versatility and adaptability
of machine learning approaches in systematic literature reviews across various fields.

RQ3 Conclusion: The key to addressing the class imbalance in automated citation
screening lies in the use of eligibility criteria combined with advanced language models.
By tailoring machine learning approaches to incorporate specific eligibility criteria, we
can enhance the precision and applicability of these models across different domains
and review types. This strategy not only addresses the inherent challenges posed by
imbalanced datasets but also sets a new standard for efficiency and effectiveness in
automated citation screening, paving the way for broader applications in diverse research
areas.

RQ4: What techniques can be used to improve eligibility screening of
patients to clinical trials?
RQ4 focused on the eligibility screening of patients for clinical trials. Our study explored
various techniques to refine the eligibility screening process for clinical trials. We
concentrated on dissecting individual sections of clinical trial documents and integrating
information extraction methods. The outcome highlights the potential of these techniques
in improving the precision and efficiency of matching patients to suitable clinical trials.

RQ4.1: What is the impact of individual sections of clinical trial text on the performance
of a lexical retrieval approach?

Our analysis underscored the significance of particular sections of clinical trial texts,
notably the ‘inclusion’ and ‘exclusion’ criteria. By concentrating on these sections, we
enhanced the performance of lexical retrieval models, paving the way for more accurate
and relevant patient-trial matches. We also showed the problems with using lexical
models, which cannot explicitly grasp the content from the exclusion criteria. This insight
is crucial for optimising clinical trial matching processes, ensuring patients are efficiently
matched with trials that align with their specific health profiles.

RQ4.2: How can information extraction techniques improve the retrieval of eligible
clinical trials?

The integration of information extraction techniques marked an advancement in clinical
trial retrieval. By incorporating entity recognition and negation detection, we significantly
improved the Precision of matching eligible patients to clinical trials. This advancement
enhances the accuracy of trial-patient matching and contributes to more effective clinical
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trial recruitment. The ability to filter trials based on specific criteria such as gender, age,
and medical conditions ensures that patients are presented with the most relevant and
potentially beneficial trial options.

RQ4 Conclusion: The outcomes of this research demonstrate a promising direction
in clinical trial recruitment and patient matching. By leveraging the detailed analysis
of clinical trial texts and incorporating advanced information extraction techniques,
we can significantly improve the efficiency and effectiveness of clinical trial matching
using a pipeline-based approach. This approach not only benefits patients by connecting
them with appropriate trials but also aids researchers in recruiting suitable participants,
thereby contributing to the overall advancement of medical research and patient care.

9.2 Future Research
The research presented in this thesis opens avenues for several future explorations,
each promising to further optimise and innovate the fields of medical IR, NLP and
systematic literature reviews. The following subsections outline targeted areas where
such contributions can be made.

End-to-end systematic literature review automation This thesis has focused
predominantly on the citation screening aspect of systematic literature reviews. A natural
extension of this work is the development of end-to-end solutions that not only identify
relevant citations but also assist in data extraction, quality assessment, and synthesis of
the included studies. Future research could focus on creating integrated systems based on
large language models, specifically the retrieval augmented generation framework. Such
models, starting from the research protocol, could create and execute the search query,
screen relevant publications and finally extract the outcome data to synthesise it into a
coherent review text.

Prospective evaluation of citation screening We have introduced novel evaluation
methods and metrics for automated citation screening. Future studies should look into
the prospective evaluation of these automated systems in real-world settings. This
involves integrating the algorithms into the workflow of ongoing systematic reviews and
assessing their performance, usability, and impact on the review quality and efficiency.
Additionally, ethical considerations, data privacy, and security should be examined to
ensure the responsible application of these technologies. Such prospective evaluation will
be crucial for an unbiased assessment of the performance of large language models.

Multilingual medical retrieval This thesis addresses the automation of citation
screening and patient-trial matching, where systematic literature reviews, clinical trials
and patient descriptions are written in English. The global nature of medicine and
healthcare requires systems that can handle a diverse range of languages and dialects.
Future research should focus on extending the proposed methods to support multilingual
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medical information retrieval. This extension can involve adapting current algorithms to
process, understand, and generate information in multiple languages or developing new
models tailored to specific linguistic and cultural contexts.

Unified standards for systematic review automation Standardisation in the
context of systematic literature review automation is a critical yet largely unexplored
area. Future efforts should be directed towards developing international standards
for assessing and reporting the performance of automated systems in these domains.
This includes establishing common evaluation measures, inter-operable data sharing
standards and protocols to enable the consistent evaluation and comparison of different
approaches. Research on standardisation should also try to cover systematic literature
reviews conducted in disciplines beyond medicine and healthcare. One primary application
would be to improve data sharing practices among the largest collaborations creating SLRs
like Cochrane and Campbell. Collaboration among stakeholders, including researchers,
healthcare professionals, policymakers, and technology providers, will be essential to
create and implement these standards globally.

Explainability and interpretability Using complex black-box machine learning mod-
els in medical decision-making raises concerns about explainability and interpretability.
Future research should address the development of methods that enhance the trans-
parency of the algorithms. This can be achieved by integrating explainable AI techniques
into the models, developing visualisation tools to illustrate decision-making processes,
and creating platforms for users to interact and engage with the algorithms effectively.
Such advancements will contribute to building trust and acceptance among healthcare
professionals, patients, and policymakers.

Each research question addressed in this thesis unveils answers and new horizons for
exploration. Integrating machine learning, natural language processing, information
retrieval, and human expertise is not only a technical challenge. It helps us to see new
ideas and possibilities for a future where technology and people work together to make
things better.
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