10

11

12

13

14

15

16

17

18

Active learning for screening prioritization in systematic reviews

A simulation study

Gerbrich Ferdinands Raoul Schram Jonathan de Bruin Ayoub Bagheri

Daniel Oberski Lars Tummers Rens van de Schoot

10 August, 2020

Abstract

Background Conducting a systematic review requires great screening effort. Various tools have been
proposed to speed up the process of screening thousands of titles and abstracts by engaging in active learning.
In such tools, the reviewer interacts with machine learning software to identify relevant publications as
early as possible. To gain a comprehensive understanding of active learning models for reducing workload
in systematic reviews, the current study provides an methodical overview of such models. Active learning
models were evaluated across four different classification techniques (naive Bayes, logistic regression, support
vector machines, and random forest) and two different feature extraction strategies (TF-IDF and doc2vec).
Moreover, models were evaluated across six systematic review datasets from various research areas to assess

generalizability of active learning models across different research contexts.

Methods Performance of the models were assessed by conducting simulations on six systematic review
datasets. We defined desirable model performance as maximizing recall while minimizing the number of
publications needed to screen. Model performance was evaluated by recall curves, WSS@Q95, RRF@10, and
ATD.

Results Within all datasets, the model performance exceeded screening at random order to a great degree.

The models reduced the number of publications needed to screen by 91.7% to 63.9%.

Conclusions Active learning models for screening prioritization show great potential in reducing the

workload in systematic reviews. Overall, the Naive Bayes + TF-IDF model performed the best.


mailto:WSS@95
mailto:RRF@10

1w Systematic Review registrations Not applicable.

» Keywords: systematic reviews, active learning, screening prioritization, researcher-in-the-loop, title-and-

xn  abstract screening, automation, text mining.
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Background

Systematic reviews are top of the bill in research. A systematic review brings together all available studies
relevant to answer a specific research question [1]. Systematic reviews inform practice and policy [2] and
are key in developing clinical guidelines [3]. However, systematic reviews are costly because to identify
publications relevant to answering the research question, they among else involve the manual screening of

thousands of titles and abstracts.

Conducting a systematic review typically requires over a year of work by a team of researchers [4]. Nevertheless,
systematic reviewers are often bound to a limited budget and timeframe. Currently, the demand for systematic
reviews exceeds the available time and resources by far [5]. Especially when answering the research question

at hand is urgent, it is extremely challenging to provide a review that is both timely and comprehensive.

To ensure a timely review, reducing the workload in systematic reviews is essential. With advances in machine
learning (ML), there has been wide interest in tools to reduce the workload in systematic reviews [6]. Various
ML models have been proposed, aiming to predict whether a given publication is relevant or irrelevant to the
systematic review. Previous findings suggest that such models potentially reduce the workload with 30-70%

at the cost of losing 5% of relevant publications, in else, a 95% recall [7].

A well-established approach to increase the efficiency of title and abstract screening is screening prioritization
[8, 9]. In screening prioritization, the ML model presents the reviewer with the publications that are most
likely to be relevant first, thereby expediting the process of finding all of the relevant publications. Such
an approach allows for substantial time-savings in the screening process as the reviewer can decide to stop
screening after a sufficient number of relevant publications have been found [10]. Moreover, the early retrieval
of relevant publications facilitates a faster transition of those publications to the next steps in the review

process [8].

Recent studies have demonstrated the effectiveness of screening prioritization by means of active learning
models [10, 11, 12, 13, 14, 15, 16]. With active learning, the ML model can iteratively improve its predictions
on unlabeled data by allowing the model to select the records from which it wants to learn [17]. The model
proposes these records to a human annotator who provides the records with labels, which the model then
uses to update its predictions. The general assumption is that by letting the model select which records are
labeled, the model can achieve higher accuracy more quickly while requiring the human annotator to label as
few records as possible [18]. Active learning has proven to be an efficient strategy in large unlabeled datasets
where labels are expensive to obtain [18]. This makes the screening phase in systematic reviewing an ideal

candidate solution for such models, because typically labeling a large number of publications is very costly.
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When active learning is applied in the screening phase, the reviewer screens publications that are suggested
by an active learning model. Subsequently, the active learning model learns from the reviewers’ decision
(‘relevant’, ‘irrelevant’) and uses this knowledge to update its predictions and to select the next publication

to be screened by the reviewer.

The application of active learning models in systematic reviews has been extensively studied [10, 11, 12, 15, 16].
While previous studies have evaluated active learning models in many forms and shapes [10, 11, 12, 13, 14, 15,
19, 20, 21], ready-to-use software tools implementing such models (Abstrackr [22], Colandr [23], FASTREAD
[11], Rayyan [24], and RobotAnalyst [25]) currently use the same classification technique to predict relevance
of publications, namely support vector machines (SVM). It was found [26, 27] that different classification
techniques can serve different needs in the retrieval of relevant publications, for example the desired balance
between recall and precision. Therefore, it is essential to evaluate different classification techniques in the
context of active learning models. The current study investigates active learning models adopting four
classification techniques: naive Bayes (NB), logistic regression (LR), SVM, and random forest (RF). These
are widely adopted techniques in text classification [28] and are fit for software tools to be used in scientific

practice due to their relatively short computation time.

Another component that influences model performance is how the textual content of titles and abstracts is
represented in a model, called the feature extraction strategy [19, 20, 29]. One of the more sophisticated
feature extraction strategies is doc2vec (D2V), also known as paragraph vectors [30]. D2V learns continuous
distributed vector representations for pieces of text. In distributed text representations, words are assumed
to appear in the same context when they are similar in terms of a latent space, the “embedding”. A word
embedding is simply a vector of scores estimated from a corpus for each word; D2V is an extension of this idea
to document embeddings. Embeddings can sometimes outperform simpler feature extraction strategies such
as term frequency-inverse document frequency (TF-IDF). They can be trained on large corpora to capture
wider semantics and subsequently applied in a specific systematic reviewing application [30]. Therefore, it is

interesting to compare models adopting D2V to models adopting TF-IDF.

Lastly, previous studies have mainly focussed on reviews from a single scientific field, like medicine [15, 16] or
computer science [10, 11]. To draw conclusions about the general effectiveness of active learning models, it
is essential to evaluate models on reviews from varying research contexts [7, 31]. To our knowledge, Miwa
et al [12] were the only researchers to make a direct comparison between systematic reviews from different
research areas, such as the social and the medical sciences. They found that the application of active learning
to systematic reviews was more difficult on a systematic review from the social sciences due to the different

nature of the vocabularies used. Thus, it is of interest to evaluate model performance across different research
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contexts, namely social science, medical science and computer science.

Taken together, for a more comprehensive understanding of active learning models in the context of systematic
reviewing, a methodical evaluation of such models is required. The current study aims to address this issue

by answering the following research questions:
RQ1 What is the performance of active learning models across four classification techniques?
RQ2 What is the performance of active learning models across two feature extraction strategies?

RQ3 Does the performance of active learning models differ across six systematic reviews from four research

areas?

The purpose of this paper is to show the usefulness of active learning models for reducing workload in title
and abstract screening in systematic reviews. We adopt four different classification techniques (NB, LR, SVM,
and RF) and two different feature extraction strategies (TF-IDF and D2V) for the purpose of maximizing
the number of identified relevant publications, while minimizing the number of publications needed to screen.
Models were assessed by conducting a simulation on six systematic review datasets. To assess generalizability
of the models across research contexts, datasets containing previous systeamtic reviews were collected from
the fields of medical science [32, 33, 34], computer science [11], and social science [35, 36]. The models,
datasets and simulations are implemented in a pipeline of active learning for screening prioritization, called
ASReview [37]. ASReview is a generic open source tool, encouraging fellow researchers to replicate findings
from previous studies. To facilitate usability and acceptability of ML-assisted title and abstract screening in

the field of systematic review our scripts and data used are openly available.

Methods

Technical details

What follows is a more detailed account of the active learning models to clarify the choices made in the
design of the current study.

Task description

The screening process of a systematic review starts with all publications obtained in the search. The task is
to identify which of these publications are relevant, by screening their titles and abstracts. In active learning

for screening prioritization, the screening process proceeds as follows:

o Start with the set of all unlabeled records (titles and abstracts)



113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

e The reviewer provides a label for a few, e.g. 5-10 records, creating a set of labeled records. The label

can be either relevant or irrelevant.
e The active learning cycle starts:
1. A classifier is trained on the labeled records
2. The classifier predicts relevancy scores for all unlabeled records

3. Based on the predictions by the classifier, the model selects the record with the highest relevancy

score
4. The model requests the reviewer to screen this record

5. The reviewer screens the record and provides a label, relevant or irrelevant.

6. The newly labeled record is moved to the training data

7. Back to step 1

8. Repeat this cycle until the reviewer decides to stop [10] or until all records have been labeled

In this active learning cycle, the model incrementally improves its predictions on the remaining unlabeled
title and abstracts. Relevant titles and abstracts are identified as early in the process as possible. A more

technical description of the active learning cycle can be found in Additional file 1.

This case is an example of pool-based active learning, as the next record to be queried is selected by predicting
relevancy for all records in a fixed pool [17]. Another form of active learning is stream-based active learning,
in which the data is regarded as a stream instead of a fixed pool, in which the model selects one record at
a time and then decides whether or not to query this record. This approach of active learning is preferred
when it is expensive or impossible to exhaustively search the data for selecting the next query. A possible
application of stream-based active learning is living systematic reviews, as the review is continually updated

as new evidence becomes available. For an example see the study by Wynants et al. [38].

Class imbalance problem

Typically, only a fraction of the publications belong to the relevant class (2.94%, [4]). To some extent, this
fraction is under the control of the researcher through the search criteria: if the researcher narrows the search
query, it will generally result in a higher proportion of relevant publications. However, in most applications
this practice would yield an unacceptable number of false negatives (erroneously excluded papers) in the

querying phase of the review process. For this reason, the querying phase in most practical applications
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would yield a very low percentage of relevant publications. Because there are generally far fewer examples of
relevant than irrelevant publications to train on, the class imbalance causes the classifier to miss relevant
publications [7]. Moreover, classifiers can achieve high accuracy but still fail to identify any of the relevant

publications [15].

Previous studies have addressed the class imbalance problem by rebalancing the training data in various ways
[7]. To decrease the class imbalance in the training data, we rebalance the training set by a technique we
propose to call “dynamic resampling” (DR). DR undersamples the number of irrelevant publications in the
training data, whereas the number of relevant publications are oversampled such that the size of the training
data remains the same. The ratio between relevant and irrelevant publications in the rebalanced training
data is not fixed, but dynamically updated and depends on the number of publications in the available
training data, the total number of publications in the dataset, and the ratio between relevant and irrelevant

publications in the available training data. Additional file 2 provides a detailed script to perform DR.

Classification

To make relevancy predictions on the unlabeled publications, a classifier is trained on features from the

training data. The performance of the following four classifiers is explored:

o Support vector machines (SVM) - SVMs separate the data into classes by finding a multidimensional

hyperplane [39, 40].

o L2-regularized logistic regression (LR) - models the probabilities describing the possible outcomes
by a logistic function. The classifier uses regularization, shrinking coefficients of features with small

contributions to the solution towards zero.

o Naive Bayes (NB) is a supervised learning algorithm often used in text classification. Based on Bayes’

theorem, with the ‘naive’ assumption that all features are independent given the class value [41].

o Random forests (RF) is a supervised learning algorithm where a large number of decision trees are fit
on samples obtained from the original data by sampling both rows (bootstrapped samples) and columns
(feature samples). In prediction mode, each tree casts a vote on the class, and the final prediction is the

class that received the most votes [42].

Feature extraction

To predict relevance of a given publication, the classifier uses information from the publications in the dataset.

Examples of information are titles and abstracts. However, a model cannot make predictions from the titles
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and abstracts as they are; their textual content needs to be represented numerically as feature vectors. This

process of numerically representing textual content is referred to as ‘feature extraction’

TF-IDF is a specific way of assigning scores to the cells of the “document-term matrix” used in all bag-of-words
representations. That is, the rows of the document-term matrix represent the documents (titles and abstracts)
and the columns represent all words in the dictionary. Instead of simply counting the number of times each
word occurred in the given document, TF-IDF assigns a score to a word relative to the number of documents
the word occurs. The idea behind weighting words by their rarity is that surprising word choices should
subsequently make for more discriminative features [43]. A disadvantage of TF-IDF and other bag-of-words
methods is that they do not take the ordering of words into account, thereby ignoring syntax. However, in

practice, TF-IDF is often found to be a strong baseline [44].

In recent years, a range of modern methods have been developed that often outperform bag-of-words
approaches. Here, we consider doc2vec, an extension of the classic word2vec embedding [30]. In word
embedding models, whether a word did or did not happen to appear in a specific context is predicted by
its similarity to that context in a latent space - the “embedding”. The context is usually a sliding window
across training sentences. For example, if the window “child ate cookies” occurs in the training data, this
might be compared with a random ‘negative’ window that did not occur, such as “child lovely cookies”. The
tokens “child” and “cookies” are then assigned scores (vectors) that give a higher inner product with the
“child” vector, and a smaller product with “lovely”. The word vectors of “ate” and “lovely” are similarly
updated. Typically the embedding dimension is a few hundred, i.e. each word vector contains some two
hundred scores. Note that if “cookies” previously co-occurred frequently with “spinach”, then the above
also indirectly makes “ate” more similar to “spinach”, even if these two words have not been observed yet
in the same context. Thus, the distributed representation learns something of the meaning of these words
through their occurrence in similar contexts. D2V performs such a procedure while including a paragraph
identifier, allowing for paragraph embeddings - or, in our case, embeddings for titles and abstracts. In short,

D2V converts each abstract into a vector of a few hundred scores, which can be used to predict relevancy.

Query strategy

The active learning model can adopt different strategies in selecting the next publication to be screened by
the reviewer. A strategy mentioned before is selecting the publication with the highest probability of being
relevant. In the active learning literature this is referred to as certainty-based active learning [17]. Another
well-known strategy is uncertainty-based active learning, where the instances that are presented next are

those instances on which the model’s classifications are the least certain, i.e. close to 0.5 probability [17].



201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

Further strategies include selecting the next instance to optimize for various criteria, including: model fit
(MLI), model change (MMC), parameter estimate accuracy (EVR), and expected (EER) or worst-case (MER)
prediction accuracy [45]. Although uncertainty sampling is not explicitly motivated by the optimization of
any particular criterion, intuitively it can be seen as attempting to improve the model’s accuracy by reducing

uncertainty about its parameter estimates.

Simulation-based comparisons of these methods across different domains have yielded an ambiguous picture
of their relative strengths [12, 45]. What has become clear from such studies is that the features of the task
at hand determine the effectiveness of active learning strategies (“no free active lunch”). For example, if
a linear classifier is used for a task that also happens to have a Bayes optimal linear decision boundary, a
model-based approach such as Fisher information reduction can be expected to perform well, whereas the
same technique can be disastrous when the model is misspecified - a fact that cannot be known in advance.
Furthermore, the criteria mentioned above differ from the task of title and abstract screening in systematic
reviews: here, the aim is not to obtain an accurate model, but rather to end up with a list of records belonging
to the relevant class [46]. This is the criterion corresponding intuitively to certainty-based sampling. For this
reason, we choose to focus on certainty-based sampling strategies as the baseline strategy for active learning

in systematic reviewing. However, different strategies may outperform our baseline in specific applications.

Simulation study

This section describes the simulation study that was carried out to answer the research questions.

Set-up
To address RQ1, four models were investigated combining each classifier with TF-IDF feature extraction:

1. SVM + TF-IDF
2. NB + TF-IDF
3. RF + TF-IDF
4. LR + TF-IDF

To address RQ2, the classifiers were combined with D2V feature extraction, leading to the following three

combinations:

5. SVM + D2V
6. RF + D2V
7. LR + D2V
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The combination NB + D2V could not be tested because the multinomial naive Bayes classifier! requires
a feature matrix with positive values, whereas the D2V feature extraction approach? produces a feature
matrix that can contain negative values. The performance of the seven models was evaluated by simulating
every model on six systematic review datasets, addressing RQ3. Hence, 42 simulations were carried out,

representing all model-dataset combinations.

Instead of having a human reviewer label publications manually, the screening process was simulated by
retrieving the labels in the data. Each simulation started with an initial training set of one relevant and one
irrelevant publication to represent a challenging scenario where the reviewer has very little prior knowledge
on the publications in the data. The model was retrained each time after a publication had been labeled. A
simulation ended after all publications in the dataset had been labeled. To account for sampling variance,
every simulation was repeated 15 times. To account for bias due to the content of the initial publications,
the initial training set was randomly sampled from the dataset for each of the 15 trials. Although varying
over trials, the 15 initial training sets were kept constant for each dataset to allow for a direct comparison of
models within datasets. A seed value was set to ensure reproducibility. The simulation study was carried out
using the ASReview simulation extension [47]. For each simulation, hyperparameters were optimized through

a Tree of Parzen Estimators (TPE) algorithm [48] to arrive at maximum model performance.

Simulations were carried out in ASReview version 0.9.3 [47]. Analyses were carried out using R version 3.6.1

[49]. The simulations were carried out on Cartesius, the Dutch national supercomputer.

Datasets

The models were simulated on a convenience sample of six systematic review datasets. The data selection
process was driven by two factors. Firstly, datasets are collected from various research areas to assess
generalizability of the models across research contexts (RQ3). Secondly, all original data files have to be
openly published with a CC-BY license. Datasets are available through ASReview’s systematic review

datasets GitHub?®.

The Wilson dataset [50] - from the field of medicine - is from a review on the effectiveness and safety of
treatments of Wilson Disease, a rare genetic disorder of copper metabolism [33]. From the same field, the
ACE dataset contains publications on the efficacy of Angiotensin-converting enzyme (ACE) inhibitors, a

treatment drug for heart disease [32]. Additionally, the Virus dataset is from a systematic review on studies

Lhttps://scikit-learn.org/stable/modules/generated /sklearn.naive_ bayes.MultinomialNB.html#sklearn.naive_ bayes.Multi
nomialNB

2https://radimrehurek.com/gensim/models/doc2vec.html

Shttps://github.com/asreview /systematic-review-datasets
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that performed viral Metagenomic Next-Generation Sequencing (mNGS) in farm animals [34]. From the field
of computer science, the Software dataset contains publications from a review on fault prediction in software
engineering [51]. The Nudging dataset [52] belongs to a systematic review on nudging healthcare professionals
[35], stemming from the social sciences. From the same research area, the PTSD dataset contains publications
on studies applying latent trajectory analyses on posttraumatic stress after exposure to traumatic events
[36]. Of these six datasets, ACE and Software have been used for model simulations in previous studies on

ML-aided title and abstract screening [11, 32].

Data were preprocessed from their original source into a dataset, containing title and abstract of the
publications obtained in the initial search. Duplicates and publications with missing abstracts were removed
from the data. Datasets were labeled to indicate which candidate publications were included in the systematic
review, thereby denoting relevant publications. All datasets consisted of thousands of candidate publications,
of which only a fraction was deemed relevant to the systematic review. For the Virus and the Nudging
dataset, this proportion was about 5 percent. For the remaining six datasets, the proportions of relevant

publications were centered around 1-2 percent. (Table 1).

Evaluating performance

Model performance was assessed by three different measures, Work Saved over Sampling (WSS), Relevant
References Found (RRF), and Average Time to Discovery (ATD). WSS indicates the reduction in publications
needed to be screened, at a given level of recall [32]. Typically measured at a recall level of 95%, WSS@95
yields an estimate of the amount of work that can be saved at the cost of failing to identify 5% of relevant
publications. In the current study, WSS is computed at 95% recall. RRF@10 represents the proportion of

relevant publications that are found after screening 10% of all publications.

Both RRF and WSS are sensitive to the position of the cutoff value and the distribution of the data.
Moreover, WSS makes assumptions about the acceptable recall level whereas this level might depend on the
research question at hand [7]. Therefore, we introduce the ATD, the average fraction of non-reviewed relevant
publications during the review (except the relevant publications in the initial training set). The ATD is an
indicator of performance throughout the entire screening process instead of performance at some arbitrary
cutoff value. The ATD is computed by taking the average of the Time to Discovery (TD) of all relevant
publications. The TD for a given relevant publication ¢ is computed as the fraction of publications needed to

screen to detect i. Additional file 3 provides a detailed script to compute the ATD.

Furthermore, model performance was visualized by plotting recall curves. Plotting recall as a function of

the proportion of screened publications offers insight in model performance throughout the entire screening
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process [11, 13]. The curves give information in two directions. On the one hand they display the number of
publications that need to be screened to achieve a certain level of recall, but on the other hand they present

how many relevant publications are identified after screening a certain proportion of all publications (RRF).

For each simulation, the RRF@Q10, WSS@95, and ATD are reported as means over 15 trials. To indicate the
spread of performance within simulations, the means are accompanied by an estimated standard deviation
§. To compare the overall performance across datasets, median performance is reported for every dataset,
accompanied by the Median Absolute Deviation (MAD), indicating variability between models within a
certain dataset. Recall curves are plotted for each simulation, representing the average recall over 15 trials £+

the standard error of the mean.

Results

This section proceeds as follows: Firstly, as an example the results of the Nudging dataset are discussed in
detail to provide a basis for answering the research questions. Secondly, the results are presented for each

research question over all datasets.

Evaluation on the Nudging dataset

Figure la shows the recall curves for all simulations on the Nudging dataset. As described in the previous
section, these curves plot recall as a function of the proportion of publications screened. The curves represent
the average recall over 15 trials & the standard error of the mean in the direction of the y-axis. The x-axis
is cut off at 40% since at this point in screening all models had already reached 95% recall. The dashed
horizontal lines indicate the RRFQ10 values, the dashed vertical lines the WSS@95 values. The dashed black

diagonal line corresponds to the expected recall curve when publications are screened in a random order.

The recall curves were used to examine model performance throughout the entire screening process and
to make a visual comparison between models within datasets. For example in Figure la, after screening
about 30% of the publications all models had already found 95% of the relevant publications. Moreover,
after screening 5% the green curve - representing the RF + TF-IDF model - splits away from the others
and remains to be the lowest of all curves until about 30% of publications have been screened. Hence, from
screening 5 to 30 percent of publications, the RF + TF- IDF model was the slowest in finding the relevant
publications. The ordering of the remaining recall curves changes throughout the screening process, but

maintain relatively similar performance at face value.

Figure 1b shows a subset of the recall curves in Figure la, namely the curves of the first four models to
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allow for a visual comparison across classification techniques adopting the TF-IDF feature extraction strategy.
Figure 1c shows recall curves for the remaining three models to compare the models using D2V feature
extraction. Figures 1d to 1f compare recall curves for models adopting the TF-IDF feature extraction strategy

to recall curves for their D2V-using counterparts.

It can be seen from Table 2 that in terms of ATD, the best performing models on the Nudging dataset were
SVM + D2V and LR + D2V, both with an ATD of 8.8%. This indicates that the average proportion of
publications needed to screen to find a relevant publication was 8.8% for both models. In the SVM + D2V
model, the standard deviation was 0.33, whereas for the LR + D2V model § = 0.47. This indicates that for
the SVM + D2V model, the ATD values of individual trials were closer to the overall mean compared to
the LR + D2V model, meaning that the SVM + D2V model performed more stable across different initial
training datasets. Median ATD for this dataset was 9.5% with an MAD of 1.05, indicating that for half of

the models, the ATD was within 1.05 percentage point distance from the median ATD.

As Table 3 shows, the highest WSS@95 value on the Nudging dataset was achieved by the NB + TF-IDF
model with a mean of 71.7%, meaning that this model reduced the number of publications needed to screen
by 71.7% at the cost of losing 5% of relevant publications. The estimated standard deviation of 1.37 indicates
that in terms of WSS@95, this model performed the most stable across trials. The model with the lowest
WSS@95 value was RF + TF-IDF (z = 64.9%, § = 2.50). Median WSS@95 of these models was 66.9%, with
a MAD of 3.05, indicating that of all datasets, the WSS@95 values of the models simulated on the Nudging

dataset varied the most within the Nudging dataset.

As can be seen from the data in Table 4, LR 4+ D2V was the best performing model in terms of RRF@10,
with a mean of 67.5% indicating that after screening 10% of publications, on average 67.5% of all relevant
publications had been identified, with a standard deviation of 2.59. The worst performing model was RF +
TF-IDF (z = 53.6%, § = 2.71). Median performance was 62.6%, with an MAD of 3.89 indicating again that

of all datasets, the RRF@10 values were most dispersed for models simulated on the Nudging dataset.

Overall evaluation

Recall curves for the simulations on the five remaining datasets are presented in Figure 2. For the sake of
conciseness, recall curves are only plotted once per dataset, like in Figure 1a for the Nudging dataset. Please
refer to Additional file 4 for figures presenting subsets of recall curves for the remaining datasets, like in

Figure 1b-f.

First of all, as the recall curves exceed the expected recall at screening at random order by far for all datasets,
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the models were able to detect the relevant publications much faster compared to when screening publications
at random order. Even the worst results outperform this reference condition. Across simulations, the ATD
was at maximum 11.8% (in the Nudging dataset), the WSS@95 at least 63.9% (in the Virus dataset), and
the lowest RRF@Q10 was 53.6% (in the Nudging dataset). Interestingly, all these values were achieved by the
RF + TF-IDF model.

Similar to the simulations on the Nudging dataset (Figure 1a), the ordering of recall curves changes throughout
the screening process, indicating that some models perform better at the start of the screening phase whereas
others models take the lead later on. Moreover, the ordering of models in the Nudging dataset (Figure la) is

not replicated in the remaining five datasets (Figure 2).

RQ1 - Comparison across classification techniques

The first research question was aimed at evaluating the four models adopting either the NB, SVM, LR or
RF classification technique combined with TF-IDF feature extraction. When comparing ATD-values of the
models (Table 2), the NB 4+ TF-IDF model ranked first in the ACE, Virus, and Wilson dataset, shared first
in the PTSD and Software dataset, and second in the Nudging dataset in which the SVM + D2V and LR +
D2V models achieved the lowest ATD value. The RF + TF-IDF ranked last in all of the datasets except for
the ACE and the Wilson dataset, in which the RF + D2V model achieved the highest ATD-value.

Additionally, in terms of WSS@95 (Table 3) the ranking of models was strikingly similar across all datasets.
In the Nudging, ACE, and Virus dataset, the highest WSS@95 value was always achieved by the NB +
TF-IDF model, followed by LR + TF-IDF, SVM + TF-IDF, and RF + TF-IDF. In the PTSD and the
Software dataset this ranking applied as well, except that two models showed the same WSS@95 value. The
ordering of the models for the Wilson dataset was NB + TF-IDF, RF + TF-IDF, LR + TF-IDF and SVM +

TF-1DF.

Moreover, in terms of RRF@Q10 (Table 4) the NB + TF-IDF model achieved the highest RRF@10 value in the
ACE and Virus dataset. Within the PTSD dataset, LR + TF-IDF was the best performing model, for the

Software and Wilson dataset this was SVM + D2V and for the Nudging dataset LR + D2V performed best.

Taken together, these results show that while all four models perform quite well, the NB 4+ TF-IDF model
demonstrates high performance on all measures across all datasets, whereas the RF + TF-IDF model never

performed best on any of the measures across all datasets.
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RQ2 - Comparison across feature extraction techniques

This section is concerned with the question of how models using different feature extraction strategies relate
to each other. The recall curves for the Nudging dataset (Figure 1d-f) show a clear trend of the models
adopting D2V feature extraction outperforming their TF-IDF counterparts. This trend also shows from
the WSS@95 and RRF@Q10 values indicated by the vertical and horizontal lines in the figure. Likewise, the
ATD values (Table 2) indicate that for the models adopting a particular classification technique, the models
adopting D2V feature extraction always achieved a lower ATD-value than the model adopting TF-IDF feature

extraction.

In contrast, this pattern of models adopting D2V outperforming their TF-IDF counterparts in the Nudging
dataset is not replicated across other datasets. Whether evaluated in terms of recall curves, WSS@Q95,
RRF@10, or ATD, the findings were mixed. Neither one of the feature extraction strategies showed superior

performance within certain datasets nor within certain classification techniques.

RQ3 - Comparison across research contexts

First of all, models showed much higher recall curves for some datasets than for others. While performance
of the PTSD (Figure 2a) and Software datasets (Figure 2b) was quite high, performance was much lower
across models for the Nudging (Figure 1a) and Virus (Figure 2d) datasets. The models simulated on the
PTSD and Software datasets also demonstrated high performances in terms of the median ATD, WSS@Q95,
and RRF@10 values for these models (Table 2, 3, and 4).

Secondly, variability of between-model performance differed across datasets. For the PTSD (Figure 2a),
Software (Figure 2b), and the Virus (Figure 2d) datasets, recall curves form a tight group meaning that within
these datasets, the models performed similarly. In contrast, for the Nudging (Figure 1la), ACE (Figure 2c),
and Wilson (Figure 2e) dataset, the recall curves are much further apart, indicating that model performance
was more dependent on the adopted classification technique and feature extraction strategy. The MAD values
of the ATD, WSS@95 and RRFQ10 confirm that model performance is less spread out within the PTSD,
Software, and Virus datasets than within the Nudging, ACE, and Wilson datasets. Moreover, the curves for
the ACE (Figure 2¢) and Wilson (Figure 2e) datasets show a larger standard error of the mean compared the

other datasets.

Taken together, although model performance is very data-dependent, there does not seem to be a distinction
in performance between the datasets from the biomedical sciences (ACE, Virus, and Wilson) and datasets

from other fields (Nudging, PTSD, and Software).
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Discussion

The current study evaluates the performance of active learning models for the purpose of identifying relevant
publications in systematic review datasets. It has been one of the first attempts to examine different
classification strategies and feature extraction strategies in active learning models for systematic reviews.
Moreover, this study has provided a deeper insight into the performance of active learning models across

research contexts.

Active learning-based screening prioritization

All models were able to detect 95% of the relevant publications after screening less than 40% of the total
number of publications, indicating that active learning models can save more than half of the workload in
the screening process. In a previous study, the ACE dataset was used to simulate a model that did not use
active learning, finding a WSS@95 value of 56.61% [32], whereas the models in the current study achieved
far superior WSS@95 values varying from 68.6% to 82.9% in this dataset. In another study [11] that did
use active learning, the Software dataset was used for simulation and a WSS@95 value of 91% was reached,

strikingly similar to the values found in the current study which ranged from 90.5% to 92.3%.

Classification techniques

The first research question in this study sought to evaluate models adopting different classification techniques.
The most important finding to emerge from these evaluations was that the NB + TF-IDF model consistently
performed as one of the best models. Our results suggest that while SVM performed fairly well, the LR and
NB classification techniques are good if not superior alternatives to this default classifier in software tools.

Note that LR and NB were always good methods for text classification tasks [53].

Feature extraction strategy

The overall results on models adopting D2V versus TF-IDF feature extraction strategy remain inconclusive.
According to our findings, models adopting D2V do not outperform models adopting the well-established
TF-IDF feature extraction strategy. Given these results, preference goes out to the TF-IDF feature extraction
technique as this relatively simple technique will lead to a model that is easier to interpret. Another advantage

of this technique is its short computation time.
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Research contexts

Difficulty of applying active learning is not confined to any particular research area. The suggestion that
active learning is more difficult for datasets from the social sciences compared to data from the medical
sciences [12] does not seem to be the case. A possible explanation for this is that this difficulty has to be
attributed to factors more directly related to the systematic review at hand, such as the proportion of relevant
publications or the complexity of inclusion criteria used to identify relevant publications [16, 54]. Although
the current study did not investigate the inclusion criteria of systematic reviews, the datasets on which the
active learning models performed worst, Nudging and Virus, were interestingly also the datasets with the

highest proportion of relevant publications, 5.4% and 5.0%, respectively.

Limitations and future research

When applied to systematic reviews, the success of active learning models stands or falls with the gener-
alizability of model performance across unseen datasets. In our study, is important to bear in mind that
model hyperparameters were optimized for each model-dataset combination. Thus, the observed results
reflect the maximum model performance for each presented datasets. The question remains whether model
performance generalizes to datasets for which the hyperparameters are not optimized. Further research

should be undertaken to determine the sensitivity of model performance to the hyperparameter values.

Additionally, while the sample of datasets in the current study is diverse compared to previous studies, the
sample size (n=6) does not allow for investigating how model performance relates to characteristics of the
data, such as the proportion of relevant publications. To build more confidence in active learning models for
screening publications, it is essential to identify how data characteristics affect model performance. Such a
study requires more data on systematic reviews. Thus, a more thorough study depends on researchers to

openly publish their systematic review datasets.

Moreover, the runtime of simulations varied widely across models, indicating that some models take longer
to retrain after a publication has been labeled than other models. This has important implications for the
practical application of such models, as an efficient model should be able to keep up with the decision-making

speed of the reviewer. Further studies should take into account the retraining time of models.

Conclusions

Overall, the findings confirm the great potential of active learning models to reduce the workload for systematic

reviews. The results shed new light on the performance of different classification techniques, indicating that
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the NB classification technique is superior to the widely used SVM. As model performance differs vastly
across datasets, this study raises the question which factors cause models to yield more workload savings for
some systematic review datasets than for others. In order to facilitate the applicability of active learning
models in systematic review practice, it is essential to identify how dataset characteristics relate to model

performance.
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Figures

Figure 1: Recall curves of different models for the Nudging dataset, indicating how fast the model finds
relevant publications during the process of screening publications. Figure a displays curves for all seven
models at once. Figures b to f display curves for several subsets of those models to allow for a more detailed

inspection of model performance.

Figure 2: Recall curves of all seven models for (a) the PTSD, (b) Software, (¢) ACE, (d) Virus, and (e)

Wilson dataset.

Tables

Table 1: Statistics on the datasets obtained from six original systematic reviews.

Dataset  Candidate publications Relevant publications Proportion relevant (%)

Nudging 1,847 100 5.4
PTSD 5,031 38 0.8
Software 8,896 104 1.2
ACE 2,235 41 1.8
Virus 2,304 114 5.0
Wilson 2,333 23 1.0

Table 2: ATD values (z(8)) for all model-dataset combinations. For every dataset, the best results are in
bold. Median (MAD) is given for all datasets.

Nudging PTSD Software ACE Virus Wilson

SVM + TF-IDF  10.1 (0.18) 2.1 (0.13) 1.9 (0.04) 7.1 (1.15) 85 (0.17) 4.0 (0.32)
NB + TF-IDF 9.3 (0.29) 1.7 (0.11) 1.4 (0.03) 4.9 (0.51) 8.2 (0.22) 3.9 (0.35)
RF + TF-IDF 117 (0.44) 3.3 (0.26) 2.0 (0.09) 6.8 (0.74)  10.5 (0.42) 5.6 (1.15)

LR + TF-IDF 9.5 (0.19) 1.7 (0.10) 1.4 (0.01) 5.9 (1.17) 83 (0.24) 4.3 (0.32)
SVM + D2V 8.8 (0.33) 2.1 (0.15) 1.4 (0.05) 6.1(0.33) 8.4 (0.21) 4.5 (0.30)
RF + D2V 10.3 (0.87) 3.0 (0.33) 1.6 (0.09) 7.2 (1.26) 9.2 (0.43) 7.2 (1.49)

LR + D2V 8.8 (0.47) 1.9 (0.16) 1.4 (0.04) 54 (0.18) 83 (0.40) 4.7 (0.30)
median (MAD) 9.5 (1.05) 2.1 (0.48) 1.4 (0.12) 6.1 (1.11) 8.4 (0.18) 4.5 (0.64)

Table 3: WSS@95 values (z(8)) for all model-dataset combinations. For every dataset, the best results are in

bold. Median (MAD) is given for all datasets.



Nudging PTSD Software ACE Virus Wilson

SVM + TF-IDF  66.2 (2.90)  91.0 (0.41)  92.0 (0.10)  75.8 (1.95)  69.7 (0.81)  79.9 (2.09)
NB + TF-IDF  71.7 (1.37) 91.7 (0.27) 92.3 (0.08) 82.9 (0.99) 71.2 (0.62) 83.4 (0.89)
RF + TF-IDF  64.9 (2.50)  84.5 (3.38)  90.5 (0.34)  71.3 (4.03)  63.9 (3.54)  81.6 (3.35)
LR + TF-IDF  66.9 (4.01) 91.7 (0.18) 92.0 (0.10)  81.1 (1.31)  70.3 (0.65)  80.5 (0.65)

SVM + D2V 70.9 (1.68)  90.6 (0.73)  92.0 (0.21)  78.3(1.92)  70.7 (1.76)  82.7 (1.44)
RF + D2V 66.3 (3.25) 88.2(3.23)  91.0 (0.55)  68.6 (7.11)  67.2(3.44)  77.9 (3.43)

LR + D2V 71.6 (1.66)  90.1 (0.63)  91.7 (0.13)  77.4 (1.03)  70.4 (1.34) 84.0 (0.77)
median (MAD) ~ 66.9 (3.05)  90.6 (1.53)  92.0 (0.47)  77.4 (5.51)  70.3 (0.90)  81.6 (2.48)

Table 4: RRFQ10 values (Z, (8)) for all model-dataset combinations. For every dataset, the best results are

in bold. Median (MAD) is given for all datasets.

Nudging PTSD Software ACE Virus Wilson

SVM + TF-IDF  60.2 (3.12)  98.6 (1.40)  99.0 (0.00)  86.2 (5.25)  73.4 (1.62)  90.6 (1.17)
NB + TF-IDF 653 (2.61)  99.6 (0.95)  98.2 (0.34) 90.5 (1.40) 73.9 (1.70) 87.3 (2.55)
RF + TF-IDF  53.6 (2.71)  94.8 (1.60)  99.0 (0.00)  82.3 (2.75)  62.1 (3.19)  86.7 (5.82)

LR + TF-IDF  62.1 (2.59)

(3.00)

99.8 (0.70)  99.0 (0.00)  88.5 (5.16)  73.7 (1.48)  89.1 (2.30)

SVM + D2V 67.3 (3.00) 97.8 (1.12) 99.3 (0.44) 84.2 (2.78)  73.6 (2.54) 91.5 (4.16)
RF + D2V 62.6 (5.47)  97.1 (1.90)  99.2 (0.34)  80.8 (5.72)  67.3 (3.19)  75.5 (14.35)

LR + D2V 67.5 (2.59) 98.6 (1.40)  99.0 (0.00)  81.7 (1.81)  70.6 (2.21)  90.6 (5.00)
median (MAD)  62.6 (3.89)  98.6 (1.60)  99.0 (0.00)  84.2 (3.71)  73.4 (0.70)  89.1 (2.70)

Additional files

Additional file 1 — The active learning cycle

additional-file-1-active-learning-cycle.pdf. Description: The active learning cycle for screening prioritization

in systematic reviews.

Additional file 2 — Dynamic Resampling

additional-file-2-DR.pdf. Description: Algorithm describing how to rebalance training data by the Dynamic

Resampling (DR) strategy.

Additional file 3 — Average Time to Discovery

additional-file-3-ATD.pdf. Description: Definition of the Average Time to Discovery (ATD), a metric to

assess the model performance.



Additional file 4 — Recall curves

additional-file-4-recall-curves.pdf. Description: Various subsets of recall curves for the PTSD, Software, ACE,

Virus, and Wilson datasets, like Figure 1 presents curves for the Nudging dataset.
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