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Abstract: It is becoming more challenging for health professionals to keep up to date with current
research. To save time, many experts perform evidence syntheses on systematic reviews instead
of primary studies. Subsequently, there is a need to update reviews to include new evidence,
which requires a significant amount of effort and delays the update process. These efforts can
be significantly reduced by applying computer-assisted techniques to identify relevant studies.
In this study, we followed a “human-in-the-loop” approach by engaging medical experts through
a controlled user experiment to update systematic reviews. The primary outcome of interest
was to compare the performance levels achieved when judging full abstracts versus single
sentences accompanied by Natural Language Inference labels. The experiment included post-task
questionnaires to collect participants’ feedback on the usability of the computer-assisted suggestions.
The findings lead us to the conclusion that employing sentence-level, for relevance assessment,
achieves higher recall.
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1. Introduction

Relevance is a fundamental concept in Information Retrieval (IR) [1]. The entire search process
revolves around the relevance concept where the effectiveness of a given system is measured by its
ability to satisfy the user information needs. Defining relevance is, on its own, an active research area
that started around 1959 when Brian Vickery discussed the distinction between relevance to a subject
or a topic and the user relevance [2–4]. There are two main aspects of the IR process: system-driven
and user-based aspects. The former focuses on finding information resources that match the user’s
search query and ranking them, while the latter targets the user’s decision on assessing the relevance
of the retrieved document. The main difference between both approaches is that, in the first one,
the goal is to extract relevant data from a bigger pool of data, while the second’s goal is to determine
the usefulness of the extracted data. This usefulness is usually subjective as it depends on the user’s
information needs and varies across people [5].

A widely adopted measure of effectiveness in the IR domain is the construction of benchmark
test collections on specific topics; a large document set with each document manually labeled as
relevant or irrelevant. An automated process computes the similarity between IR system output and
the test collection labels. This provides flexibility as system-driven evaluation can then be repeated and
extended [6]. On the other hand, conducting user studies that involve human participants who test IR
systems is an important method. This method has the advantage of collecting and analyzing important
factors such as user judgments, user behavior, user satisfaction, and perceived problems. Despite the
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accompanied issues such as the difficulty in subjects recruitment, cost and, reproducibility [7], in this
study, we focused on evaluating the relevance assessment through the latter, user-based approach.

In the current era of big data, assessing relevance while maintaining a high recall is a crucial
problem for information retrieval systems. In many applications, thousands of human assessments are
required to achieve it, which is costly both at the time and the effort level. Examples of such applications
include electronic discovery (e-discovery) especially in the legal domain, evidence-based collection in
the medical domain for systematic reviews, and even construction of test collections for information
retrieval tasks. High-recall driven systems are designed to reduce the cost of reliance on human input
in assessing relevant documents while maintaining reasonable assessment effort.

With the exponential increase of published medical literature and the wide adoption of electronic
medical records, there is an increasing need for information retrieval systems tailored to the needs of
experts in searching medical textual data. Manual relevance assessment in medical IR is found to be a
time demanding and cognitively expensive task [8]. Another challenge in medical IR is the variations
in judgment agreements among assessors according to their expertise level, and their understanding
of the document. This could profoundly impact document relevance assessment and overall retrieval
performance [9]. While relevance assessment is subjective, some factors also influence the judgment
accuracy, such as the search topic, the language level, the documents length, and the review time
and speed.

This research aims at bridging the gap between the text mining community and the medical
community. It investigates how to speed up the task of information retrieval in general, and when high
levels of a recall are required specifically. We focus on one of the daily challenges in clinical practice;
the relevance assessment of biomedical literature. We designed and conducted an experiment to
analyze the time, effort, and decisions of medical experts in judging the relevance of scientific articles.
To the best of our knowledge, there is no existing controlled user study, in the biomedical domain,
that explores the relevance judgment behavior of expert assessors while varying the content-length of
the previewed documents. We focused on the performance achieved by only showing the conclusion
sentences paired up with computer-assisted information as opposed to showing the full abstract.
The objective was to determine if acceptable recall could be achieved in a shorter amount of
time by viewing less and taking advantage of extra information using language inference models.
More specifically, we investigated the speed-up of the relevance assessment process, by showing less,
while maintaining the quality of the judging.

2. Related Work

The research on relevance assessment involves many aspects, however, two critical factors are
important for optimizing the assessment process: the time factor and the content-length factor. The time
factor consists of measuring the amount of time that assessors need to perform relevance judgments,
while the content-length factor denotes the percentage of text shown to users ranging from a single
sentence to the full-text document.

Maddalena et al. highlighted the effect of time on the quality of the judging [10]. The authors
reported that applying time constraints could reduce the costs associated with crowdsourcing with no
loss of quality. Their findings show that only 25–30 s are enough to achieve top judgment quality for
a single document. Wang and Soergel conducted a comparative user study in the legal e-discovery
domain between participants with and without law background [11]. They investigated different
parameters in relevance assessment, including speed, accuracy, and agreements. They found no
significance between both groups in the speed or the accuracy when participants are provided with
correct guidelines to judge document. In another study that included eight students and used the TREC
e-discovery test collection, the authors conducted a correlation analysis and found that speed highly
correlates to the perceived difficulty of the document [12]. However, no correlation was observed
between the judgment accuracy and speed (with the exception of one topic). There was a notable
variation among assessors in their judgment speed ranging from 13 to 83 documents per hour with an
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average of 29 documents. It was also found that assessors judged non-relevant documents about as
fast as relevant documents.

On the other hand, the effect of content-length on the relevance judgment accuracy was also
investigated through user-based experiments. In [13], Tombros and Sanderson aimed at minimizing
the need to refer to full-text documents by providing documents’ summaries to support the retrieval
decisions. Their experiment included 20 participants, and summaries were approximately 15% of the
original text length mounting up to almost five sentences. The authors also introduced a 5-min time
limit for each participant to identify the relevant documents. Their experimental results show that the
user group that relied on summaries for judgment identified more relevant documents more accurately
than the group who had access to the full document. In [14], the author investigated user-directed
summaries, i.e., summaries biased towards the user’s needs within the context of Information Retrieval.
The paper highlights, amongst other conclusions, that users judge documents relevancy from their
corresponding summaries almost as accurately as judging from their full text. It also reveals that
assessing the full document needed, on average, 61 s while the document summary could be judged in
only 24 s. Similarly, a study on the relevance judgment of news articles used user-biased snippets of
documents in a controlled experiment. Their approach restricted shown snippets to a maximum of
50 words, an equivalent of two sentences or fewer. In that study, Smucker and Jethani found that the
average time to judge a document was 15.5 and 49 s for summaries and full-documents, respectively.
They also reported that the probability of judging summaries relevant is lower than documents [15].
Zhang et al. recruited 50 users to evaluate the use a single paragraph as relevance feedback in a
Continuous Active Learning (CAL) settings [16]. Users were allowed only 1 h to find as many relevant
documents as possible using an in-house built IR system. As expected, more relevant documents were
retrieved by viewing document excerpts as opposed to full documents. In another attempt to reduce
annotation overhead, the same authors suggested using single sentences for feedback in CAL [17].
The single sentence could contain sufficient information for an assessor to provide relevance judgment
with an acceptable level of performance. Their results were based on a simulation study and not a
human experiment, where an IR system that mimics different aspects of human interactions generates
the relevance feedback.

More recently, Rahbariasl and Smucker [18] conducted a user experiment that combined different
time limits with summaries and full documents. The study design included seven topics from the 2017
TREC Common Core track with 60 enrolled participants. They were given 15, 30, and 60 s of time
limits to judge document relevancy with respect to a topic. The results show that, as the time limit
increases, the average time to judge a document increases regardless of whether it is a full document
or a summary. Overall, neither the time limits nor the document type had a statistical significant
effect on accuracy. The authors suggested that employing summaries for speeding relevance judging
is a better solution than imposing time limits. Their suggestion was based on the post-experiment
feedback questionnaire, which shows that, with the maximum time limit of 60 s, participants enjoyed
the experience with no stress involved. In that setting, they were able to judge a document summary in
13.4 s and a full-text document in 22.6 s while achieving a performance of 0.73 and 0.74 for summaries
and full-text, respectively.

In the medical domain, there is scattered work on the influence of time and length variables on
the assessment task based on expert judges. Existing work on relevance assessment is mostly related
to TREC and CLEF evaluation challenges through the means of constructing test collections and
reporting annotators’ experience [19–21]. In a previous work by Koopman and Zuccon [8], the authors
contradicted the findings of common intuition and previously mentioned studies as they reported
that time spent to assess relevance is not related to document length but is more query-dependent.
Another related study aims at investigating and improving how to effectively use search systems to
extract scientific medical literature (SML) of interest. The study evaluates the impact of imposing
time constraints on clinicians in answering medical questions with the help of an SML search system.
The study is still ongoing, and results from participants testing is not published yet [22].
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3. Materials and Methods

We assessed the effectiveness of the suggested hypothesis by means of user studies and domain
test data. Generally, a test collection consists of either real or artificial data, generated by the examiner(s).
We performed experimentation on a real-world case study that emulates the update process of
biomedical systematic reviews (SRs) according to newly published literature.

3.1. Case Study: Updating Systematic Reviews

Scientific literature remains the primary source of information for clinicians and experts in the
medical domain. The need for information synthesis is becoming indispensable, specifically with the
adoption of the precision medicine concept into practice. Not only do health professionals need to keep
up to date with current research, but they have to curate relevant information linking genomic variants
to phenotypic data to make informed, personalized clinical decisions per patient. This makes finding
relevant information more challenging, even with the availability of user-friendly search engines such
as PubMed and MEDLINE that facilitate access to available publications. Additionally, the rate of
publication of biomedical and health sciences literature is increasing exponentially. As an indication,
it has been estimated that the number of clinical trials increased from 10 per day in 1975 to 55 in 1995
and 95 in 2015. In 2017, the PubMed repository contained around 27 million articles, 2 million medical
reviews, 500,000 clinical trials, and 70,000 systematic reviews [23]. Oftentimes, medical experts do not
seek answers to their questions due to time restrictions, or they suspect that no useful outcome will
result from their search [24]. This tsunami of data has led time-pressured clinicians to perform evidence
syntheses on systematic reviews instead of primary studies. Systematic reviews are comparative
effectiveness research studies that use explicit methods to find, evaluate, and synthesize the research
evidence for a research question [25]. Extracting information from reviews better suits experts’ needs
as there are fewer hits to curate while comparing findings across different studies efficiently [26].

Subsequently, there is a need to regularly check reviews to keep them up-to-date with current
studies [26,27]. Shojania et al. [28] conducted a survival analysis on a sample of 100 systematic
quantitative reviews to estimate the average time for changes in evidence. Their findings show that
newly published evidence was available for 23% of the sample within two years and for 15% within
one year. Moreover, 7% of the reviews were already out-of-date by the time of publication. Creating or
updating systematic reviews is a time-consuming task mostly because it involves creating queries,
fetching results, manual screening of candidate studies, assessing articles’ relevance to the topic,
and satisfying the inclusion criteria. The process of creating or updating SRs typically requires
6-12 months of effort, with the main expense being personnel time [29]. Many technology-assisted
models have been proposed to reduce the efforts of the task. The models mainly rely on information
extraction and text mining techniques in an automated or semi-automated approach. We designed a
user-experiment to analyze the relevance assessment task within the process of updating systematic
reviews. In that task, relevance assessment refers to the task of determining the relevance of an article
with respect to a review topic. It can be interpreted as a measurement in which assessors judge the
pertinence of a document to a chosen topic. The primary outcome of interest was the performance
levels achieved when replacing the full abstract with only a single sentence enriched with textual
inference labels.

3.2. Medical Natural Language Inference

This research partly builds on our previous work, in which we investigated the Natural Language
Inference (NLI) task in the biomedical domain. Given two snippets of text, Premise and Hypothesis,
textual inference determines if the meaning of H can be inferred from that of P [30]. Our work uses
scientific literature to detect biological conflicts and literature inconsistencies between reported medical
findings. The proposed NLI model follows a siamese Deep Neural Network (DNN) architecture
with three layers. The input text is embedded using InferSent [31], a sentence encoder trained
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on NLI sentence pairs, additional semantic features such as sentence length, cosine similarity,
and contradiction-based features such as negation, modality, polarity, and antonyms. The features are
integrated into the third layer of the network to improve performance. For all input pairs, the model
accordingly assigns an inference label to each pair: Entailment, Neutral, Contradictory. The training
data consist of 2135 claim pairs extracted from abstracts, on the topic of cardiovascular diseases.
More details of Biomedical NLI models can be found at [32,33].

3.3. Experiment Design

The experiment session comprised two main tasks carried out in sequence, namely Abstract-View
task and Sentence-View task. It also included pre and post task questionnaires for demographics
information and feedback survey. The experiment was created and hosted on the online research
platform Gorilla (https://gorilla.sc/). Gorilla is a commercial web platform originally designed for
behavioral science tests through questionnaires and cognitive tests. It offers GUI construction and
visual programming, as well as allows setting time limits and collection of reaction times data [34].
With these features, Gorilla was more suitable to deploy in our experiment as opposed to regular
surveying tools with limited functionality when analyzing human behavior.

3.3.1. Data Collection

As mentioned, the main focus of this study was to measure how human performance changes
according to the length of evidence shown. To carry such an experiment, we had to collect
a set of documents with actual relevance pre-judged by domain experts. In both tasks of the
experiment, users viewed a list of clinical studies associated with a systematic review extracted
from the Cochrane Database of Systematic Reviews (CSDR) (https://www.cochranelibrary.com/cdsr/
about-cdsr). The CSDR is a leading database for systematic reviews helping medical experts in
the decision-making through evidence-based information. A Cochrane review identifies, appraises,
and synthesizes evidence related to a specific research question given pre-specified eligibility criteria.
Generally, to collect studies for systematic reviews, experts construct complex boolean queries that
include logical operators such as AND, OR, and NOT to maximize the recall. The results from
the query search pass through two elimination phases, abstract-screening and full-text screening.
The abstract-screening involves a review of article titles and abstracts to give initial feedback on the
relevancy of the study. This is followed by a full-text screening that consists of a thorough analysis
to decide whether the study meets the inclusion criteria or not. Each systematic review included
in the Cochrane database has its bibliography divided into three: Included, Excluded, and Additional
sections, with references to other articles. Studies in the Included section are the ones found relevant
to the systematic review based on the full content of the study, in other words, after passing through
both elimination stages, whereas the Excluded section includes studies that were initially considered
relevant in the abstract screening stage but later dismissed in the full-text screening stage. On the other
hand, the Additional section includes references that are neutral and considered irrelevant to the study.

To fully assess the human judgment, the list of documents to be reviewed by the participants
needs to be uniform, i.e., to maintain a good balance between relevant and irrelevant documents
included in the list. Another constraint to account for while choosing the candidate documents is the
difficulty level in assessing the documents; it should be as tricky as it is for experts when updating
a systematic review in reality. With these goals in mind, we selected six published intervention
systematic reviews, from the heart and circulation category, that are available in the CSDR. The chosen
reviews are assigned the New Search tag, which indicates that the authors of the review published an
updated version. We limited the scope of the experiment to the abstract screening stage, and hence
references in the Included and Excluded sections are both considered relevant studies at the abstract
level. Similarly, all references to studies in the Additional section are deemed irrelevant. We note that
we excluded any reference to studies not related to the biomedical field, such as studies with general
guidelines on how to conduct systematic reviews or interpret bias. In some cases, we re-submitted the
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boolean query, if provided, to the corresponding medical database and the retrieved studies were also
considered irrelevant even if not included in the Additional section. Our list of documents remains,
however, random and un-ordered. Assessing and understanding human judgments and responses to
ranked lists of documents is more complicated, and we leave it for future work. For each systematic
review included in the dataset, we collected the following information: (1) review title; (2) main finding
of the original systematic review; (3) PubMed ids (PMIDs) of relevant studies (references from the
included and excluded sections of the updated version); and (4) PubMed ids (PMIDs) of irrelevant
studies (references from the Additional section of the updated version or from re-submitting the query).
The average percentage of relevant studies in the collected set is 45.4% of the total number of PMIDs
included. Table 1 shows the distribution of the relevant and irrelevant documents of all the topics in
the set.

To prepare the data for the Abstract-View task, PMIDs of relevant and irrelevant references
were further used to download the full abstract of the studies through the Biopython library and
the NCBI/PubMed API. For the Sentence-View task, we took advantage of the fact that abstracts
of the studies follow a structured format with sections such as Background, Objectives, Results,
and Conclusion. We extracted the first sentence of the Conclusion section and coupled it with the
finding of the original review. The sentence pair served as input to the in-house NLI model described
in Section 3.2 to generate an inference label. Additionally, each article has a relevancy value (True for
relevant studies and False for not relevant) according to which reference section they belong to.

Table 1. Distribution of Relevant and Irrelevant articles in the data collection.

Review ID Updated Review ID Relevant Irrelevant Total

21249668 29240976 11 12 23
26308931 29667726 11 14 25
15846608 23235577 12 14 26
15266480 22293766 10 13 23
22696339 26123045 10 15 25
21901719 26934541 11 10 21

3.3.2. Participants

We aimed to recruit medical experts with knowledge in conducting systematic reviews. They were
recruited by word of mouth and personal contact through emails. Aside from access to a computer
or laptop with a stable Internet connection, there were no specific exclusion criteria for the study.
Participants received a detailed email with the rules and information that needed to introduce the
study, along with the study URL. In the invitation email, participants were asked to complete the
whole experiment in a single sitting. They were also encouraged to ask for help, via email, if they had
any queries or problems. All users were requested to complete a consent form prior to taking part in
the experiment. Each participant completed the experiment at their convenience within two weeks
from the invitation mail.

3.3.3. Interface

We plotted the experiment interface to become as much intuitive and visually pleasant as possible,
and to engage participants in the document judgment task. It shows them one document at time in
either tasks. For the main tasks, the screen shows either the full abstract or the conclusion sentence of
the candidate study to be judged along with its corresponding PMID. We followed the standard way
to collect relevance judgments where participants only could make binary judgments by clicking on
relevant or irrelevant buttons. Through the whole study, participants could see the the title and original
finding of the main review so that they do not forget the main topic. Figure 1 shows an example of the
user interface for the main tasks.
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(a) (b)

(c) (d)

Figure 1. Screenshots of the user interface for both tasks and questionnaire in the experiment: (a) Original
systematic review; (b) Abstract-View task; (c) Sentence-View task; and (d) Feedback questionnaire.

3.3.4. Procedures and Task Description

The designed web-based experiment for relevance assessment was divided into four main parts.
Figure 2 illustrates the experiment phases.

Consent and Demographic data: At the beginning, all participants were requested to complete a
consent form prior to taking part in the experiment. Next, they were asked to fill in an eleven-question
survey to capture demographic data, medical background, and expertise.

Main Experiment: Following the demographic questionnaire, the main experiment started,
which consisted of two tasks: the Abstract-View task and the Sentence-View task. Once the first task
started, the participant reviewed specific instructions on how to complete the task. They were
reminded that the experiment involves a time limit and that they should carefully read the original
systematic review before moving to the assessment stage and starting the countdown. The shown
instructions motivated the participants to optimize their speed and recall by instructing them to “Try
to find as many relevant documents as possible in the 15 min while still making as few mistakes in judging the
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documents’ relevance as possible”. Such language was also employed in similar user experiments in other
domains [15,35]. First, the participant read the abstract of the original systematic review. In this step,
participants acquired knowledge about the topic and also gained insights on the inclusion criteria
of the review. This step was not included in the time limit since relevance judgments were based
on the participants’ understanding of the topic. Next, a series of abstract texts was presented to the
participant, one at a time for a duration of 15 min. To complete the task, the user selected a single
judgment (Relevant, or Non-relevant). Finally, the system asked the user if this systematic review
qualifies for a Conclusion Change, which indicates that modifications in the original findings and/or
a more precise conclusion should be issued as per the Cochrane Library guidelines. The experts
responded based on articles they judged as relevant and their corresponding conclusions with respect
to the original SR. At the end of the first task, the system moved the participant to the second task of
the experiment. The same instructions were once again shown to participants with modifications to
the sentence-level task. Once again, the participant read a systematic review abstract and completed
the same task in judging related documents as relevant and irrelevant. However, at that stage,
the participant only viewed a single sentence and a label that indicated its inference relation with the
original finding.

Each task corresponded to one of the six collected systematic reviews. We employed the built-in
randomization procedure of Gorilla for assigning systematic reviews to participants. We enforced a
balanced design so that all six reviews were equally included in the review and set a constraint to
show different systematic review for each user per task, i.e., no duplication of documents between
Abstract-View and Sentence-View tasks. At time-out, the screen was blocked, and the participant
was taken to the task completion screen to enter their final details. We collected all the users’
relevance judgments and time spent to judge each document throughout both tasks. All participants
acknowledged the time allocation at the start of each task but no countdown timer was visible during
the task. This provided a balance between making the participant aware of the time allocated for each
task without distraction that might divert their attention from from the task.

Figure 2. Process flow diagram for both tasks of the experiment.
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Feedback: After completing both tasks, participants answered an exit questionnaire to collect
their feedback and overall experience. To evaluate usability, we collected qualitative feedback
on the experiment and the subjective perception of system usability. The feedback questionnaire
follows the IBM Computer System Usability Questionnaire (CSUQ) [36]; however, the questions were
adapted to fit the scope of our experiment. Additionally, we added specific questions focused on the
computer-assisted suggestions to investigate the usability of the NLI independently. Finally, we asked
participants to optionally provide extra feedback on the experiment via a free-text form.

Participants were able to withdraw from the study at any time by closing their browser. The whole
experiment required participants to work for almost 1 h; each task required 15 min in addition to
10 min for reading the original review. We estimated that responding to the demographics and
feedback survey would require 10 min. The Gorilla platform enables setting a time limit per participant
to reach the final checkpoint. For convenience, we set the time limit to 90 min to allow for breaks
between tasks. Participants who exceeded the time limit were eliminated from the study.

4. Results

4.1. Recruitment

Twenty-two researchers (4 male and 18 female) voluntarily participated in the study. Their age
mostly fell in the 46–65 years category with 12 participants, followed by 9 participants in the
25–45 years category and only 1 participant below 25 years. All participants had masters or doctorate
degrees in different biomedical fields. Most of them were affiliated to Egyptian universities, either as
students (5 out of 22 participants) or as academic staff, i.e., lecturers, research assistants, or professors
(17 out of 22 participants). The pre-experiment questionnaire aimed at collecting information about the
participants’ familiarity with biomedical literature curation and their perception of the search process.
The majority of the participants use PubMed and MEDLINE (10 and 9 out of the 22 participants,
respectively); alternatively, some use Google scholar for their searches (3 out of 22 participants).
Table 2 summarizes the participants demographics. Almost all participants tend not to use advanced
features of search engines or other computer-assisted evidence synthesis tools (95% of the participants).
However, they showed interest in learning on how computer-assisted system could speed up their
search. Eight participants were involved in preparing and publishing systematic reviews. As far as
their perception about the different tasks for searching and validating biomedical evidence, 15 of the
participants think that assessing relevance is the most challenging task, while 7 believe that the task of
building queries is more complicated.

Table 2. Results of the relevance assessment experiment.

Measure Sentence-View

Gender Female 18
Male 4

18–24 1
Age Group 25–45 9

46–65 12

Bachelor 1
Education Master 4

Doctoral 17

Weekly 15
Frequency of using medical IR tool Monthly 6

Yearly 1

PubMed 9
Medical IR tool MEDLINE 10

Google scholar 3
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4.2. Performance

Relevance is subjective even at the expert level, different judgments could be inferred for the same
article. Accordingly, it is essential to define, within the context of the experiment, what documents
count as relevant, and why. In the case study of systematic reviews update, relevance judgments are
determined by the authors of the review through the reference sections, as described in Section 3.3.1.
In our experiment, we considered the authors’ judgments as the gold-standard annotations since
they initially set the inclusion and exclusion criteria for each review. For each article, we counted
documents as relevant if both the participant and the author of the systematic review agree on their
relevancy, i.e., the participant clicked on the “Relevant” button, and the article is in the included or
excluded reference sections, and similarly for the irrelevant documents. The correctly judged relevant
and irrelevant sets are denoted SR and SIRR, respectively.

To compare the difference in relevancy judgment between sentence and abstract views, a logical
measure to use is the number of correct relevant articles reported by the user, SR, for both tasks.
We interpret accuracy based on correctly assessed documents, namely the true positives (TP) and true
negatives (TN), which indicate if the participants agree or disagree with the ground truth judgments.
SR represents the TP as the participant judgment aligns with the author judgment positively while
SIRR represents TN.

Accuracy =
SR + SIRR

N
(1)

where N is the total number of articles per systematic review. Similar to the legal e-discovery task,
conducting a systematic review aims at finding all available relevant documents. Missing documents
could lead to legal issues for e-discovery or could affect the conclusions reported by the systematic
review. Therefore, there is a need for a better suited measure of performance for this case study, such as
recall, to measure the fraction of all relevant documents found by participants. In our evaluation,
we calculated recall by dividing the number of correctly judged relevant documents (SR) by the total
number of relevant documents (R) available for each systematic review.

Recall =
SR
R

(2)

In statistical analysis of binary classification, the F-score, or F-measure, is a measure of a test’s
accuracy that combines both recall and precision to compute the score. The higher is the score,
the better, reaching its best value at 1. The general formula to calculate the F-measure requires a
positive real beta parameter (β) as follows:

Fβ = (1 + β2)
Precision.Recall

(β2.Precision) + Recall
(3)

Increasing the beta parameter consequently means emphasizing recall over precision. Given the
recall-oriented nature of the task, we report the F2 score, which weights the recall twice as much
as precision as opposed to the F1 score that portrays the harmonic mean of the precision and
recall. Additionally, we tracked the time needed to judge each article in both the Abstract-View
and Sentence-View tasks. As shown in Table 1, each topic has a different number of relevant documents.
To minimize the skewness of reported relevant articles, we normalized each systematic review
according to the number of relevant documents in its set. Table 3 shows the values for the computed
measures; the corresponding values are reported on the average basis among all participants, across all
systematic reviews from the data collection.
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Table 3. Results of the relevance assessment experiment.

Measure Abstract-View Sentence-View

Seconds needed to judge each article 37.45 19.85
Accuracy of the relevance-assessment task 0.56 0.66
Recall of the relevance-assessment task 0.59 0.66
F2-score for the relevance-assessment task 0.57 0.64
Number of viewed documents 17.04 18.42
Number of correctly judged documents 11.00 12.33

4.2.1. Feedback

The participants found that the interface was user-friendly for the experiment and that the
guidelines for each task were well explained, which made the judging tasks enjoyable. The results
are based on the post-experiment questionnaire after both tasks. Almost half of the participants
agreed that time limits imposed extra stress on the judgment process with an inter-participant average
agreement of 2.67, while four thought that the time factor was neutral. In the second part of the survey,
participants were requested to directly compare the Abstract-View and Sentence-View tasks through the
following questions:

(Q1) How difficult was it to determine if a document was relevant or not to the systematic review?
(Q2) How would you rate your experience of judging the relevance of documents through the system?
(Q3) How confident did you feel while doing the task?
(Q4) How accurate do you think you have judged the documents?

We used a five-point Likert scale to map each question to values 1–5 with the most negative answer
mapped to 1 and the most positive answer mapped to 5. The average response to the task-specific
questions are shown in Figure 3. The results show that participants felt more confident and believe
their answers were more accurate in the Sentence-View task. We also assessed the usability of the
computer-assisted labels, based on the NLI model, in helping experts judging the relevance through
six statements in the final part of the survey:

(S1) I felt the computer-assisted labels were often inaccurate
(S2) I was confused by the computer-assisted labels
(S3) I would like to continue using this system to aid systematic review production and update
(S4) I found the suggested label helpful in completing the task
(S5) I feel that including computer-assisted information to aid reviewers would improve the quality

of the final output
(S6) I would use a similar system to to check updated information regarding a medical case

The user could express a level of agreement to the statements ranging: Definitely agree,
Somewhat agree, Neutral, Somewhat disagree, and Definitely disagree. Table 4 shows the
corresponding responses for each statement. The results show that participants favored the
computer-assisted information and would use a similar system for curating evidence-based medicines.
This is also supported by the responses to the final question in the survey where users were asked if
they would recommend this system to a friend and 98% answered positively.
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Figure 3. Task-specific questionnaire results. The participants used values 1–5 with the most negative
answer mapped to 1 and the most positive answer mapped to 5.

Table 4. Participants agreement on the usability of the NLI labels.

Definitely
Agree

Somewhat
Agree Neutral Somewhat

Disagree
Definitely
Disagree

S1 0 5 4 13 0
S2 3 8 3 6 1
S3 10 6 5 1 0
S4 5 14 2 1 0
S5 15 6 0 1 0
S6 14 6 2 0 0

5. Discussion

Similar to Tombros et al. [13], we presume that the total number of experts who participated in
the experiment (22 participants) is enough to draw significance to any results obtained. The following
summarizes the insights from our experiment:

Less is More: There was a difference in the judging behavior among the Abstract-View and
Sentence-View tasks. The assessors’ quality of relevance judging when shown single sentences and
labels is not only as good as when shown full abstracts but also in most the cases better in terms of
accuracy and recall.

Versatile reading behavior: In the Abstract-View task, some participants took their time to judge
the relevancy and read the abstracts carefully. Others finished the task quite soon by skimming
the abstracts. This is reflected in the relatively small difference in the value of the total number of
viewed articles between both tasks. We also observed that the 15 min limit provided plenty of time for
participants to judge the related documents, even for the Abstract-View task, given the small size of the
dataset (only 20–25 articles per systematic review).

The gains of the semi-automated approach: Machine learning suggestions can be used to
support relevance assessment for updating systematic biomedical reviews via a web-interface.
Participants appeared to engage easily with the system, rated the system as very highly usable,
and would likely continue using a similar one for their daily search and curation activities.
More generally, the “human-in-the-loop” experiments, such as this study, are important to
demonstrate any utility afforded by text mining and machine learning.

Quality of computer-assisted suggestions: The quality of the biomedical textual inference labels is
important and needs to be very accurate so that users can trust and base their judgments upon it.
The feedback results show that some of the participants were confused by the highlighted inference
labels. This might be because they had little knowledge on how labels were generated and were
unfamiliar with the NLI model or its accuracy. A possible feature when designing an information
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retrieval system is to offer an opt-in or opt-out option for showing suggestions and also providing a
confidence score of the assigned labels.

6. Conclusions

In this study, we conducted a controlled user experiment to investigate the assumption that
assessing document excerpts can reduce assessment time and effort and still achieve high recall.
We designed a case study based on the process of updating systematic medical reviews. The case study
comprises two tasks that display either full abstracts or conclusion sentences with computer-assisted
labels for expert assessors to judge. Throughout each task, participants were requested to find as many
relevant documents as possible within 15 min. We computed the proportion of correct judgments
(i.e., the user relevancy decision is in agreement with the systematic reviews’ authors) that were
returned by the participants and the accuracy and recall levels in both tasks. Participants additionally
completed two brief questionnaires: one at the beginning of the study, which consisted of eleven
questions concerning their level of experience and demographics, and one at the end to collect the
participants’ feedback on the experiment in general and on the usability of the computer-assisted labels
specifically. Participants were academic professionals, with a high-level of expertise, familiar with the
process of conducting a systematic review. The results of the controlled user study show that assessors
were able to judge more relevant articles within the time limit in the Sentence-View task as opposed
to the Abstract-View task. The investigation leads us to the conclusion that employing sentence-level
assessment achieves higher recall. This finding is also in alignment with previous studies [15,17,18].

Future research should extend the scope of the experiment to include participants with no medical
background. This could test the hypothesis that, for the articles screening phase of the systematic review
update process, a decrease in the level of knowledge of the assessor would not affect the assessment
performance but would lead to a decrease in the associated costs. The main goal is to help individuals
define their information needs with high precision, low burden, and minimal cost. Based on the
participants’ feedback, there appears to be an agreement on the usefulness of the computer-aided
support in performing the task. Employing this system in other real-world cases, specifically where
expert opinions are mandatory, could potentially speed up the process. The developed method could
be implemented as a part of a IR system that aids medical experts in other tasks such as gathering test
collections or biomedical articles curation. Another interesting future work would be adapting our
system to other domains.
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