
 

SWAR 21: Manual versus semi-automated abstract screening in a 
systematic review assessing numerical formats for communicating risk 
 
Objective of this SWAR 
To compare the set of studies selected for inclusion in a systematic review by two different 
screening approaches: manual screening done by one reviewer (first reviewer) versus semi-
automated screening done by another reviewer (second reviewer) using Research Screener. 
 
Study area: Study Identification 
Sample type: Studies 
Estimated funding level needed: Unfunded 
 
Background 
The substantial growth in the number of scientific papers highlights the importance of high-quality 
systematic reviews (SR) for synthesizing the best available evidence to inform healthcare 
decisions. An essential aspect of a high-quality SR is an exhaustive and comprehensive search for 
potentially eligible studies to avoid missing relevant information. Therefore, search strategies 
should prioritize sensitivity [1], even if it means dealing with a large number of articles for 
screening. Additionally, it is preferable to have two independent reviewers perform title and 
abstract screening to ensure accuracy. However, this process is time-consuming and increases the 
workload for reviewers. 
 
There is growing interest in using machine learning tools to expedite the screening process in SR 
while ensuring their validity [2]. Several semi-automated tools have been suggested and examined 
for this purpose [3,4]. One such tool is Research Screener, a web-based application and algorithm 
designed to partially automate the abstract screening phase in order to identify relevant articles for 
a specific SR. When Research Screener was used in a sample of nine systematic reviews, the 
percentage of articles needing to be screened to find all relevant articles ranged from 5% to 35%, 
with a mean of 13%, which substantially reduced the workload associated with the screening 
process [5]. 
 
Although Research Screener has already been used in evidence syntheses [6,7], we are not aware 
of any comparison to fully manual screening in a real-time assessment by researchers not involved 
in the development and validation of the tool. Thus, independent and prospective assessment of 
Research Screener is lacking. 
 
Interventions and comparators 
Intervention 1: First reviewer: manual. The first reviewer will manually screen the records identified 
in the searches for a SR, select the articles for full-text reading, read the full text of these articles, 
and select those for inclusion in the review. 
Intervention 2: Second reviewer: semi-automated. The records identified in the searches for the SR 
will be imported into Research Screener, which will then be provided with 12 seed articles (i.e. 
articles that have been judged as highly relevant or representative of eligible studies based on the 
SR inclusion and exclusion criteria). The Research Screener algorithm will use these seed articles 
to rank all the titles/abstracts by relevance and will present the top 50 titles/abstracts in the first 
round. The second reviewer will then screen these 50 titles/abstracts, selecting those that should 
be read in full, and the results will be fed back into Research Screener (i.e. the reviewer will tell 
Research Screener which titles/abstracts were selected to be read in full). This allows Research 
Screener to re-rank the remaining titles/abstracts and determine the next top 50 most relevant 
titles/abstracts for the second round. This iterative process will continue until 10% of the 
titles/abstracts have been provided by Research Screener, when we will compare whether the set 
of selected articles for inclusion by the second reviewer is the same as the set selected by the first 
reviewer. The reviewers will discuss and disagreements will be resolved by consensus and/or with 
the help of a third researcher in order to reach the final set of included articles. If the second 
reviewer missed any article identified by the first reviewer, the semi-automated screening will 
continue. However, to make this stage more efficient, reducing the number of titles/abstracts to be 
screened by the second reviewer, they will only check, in each round of 50 articles, how many 
articles would need to be read to find all the articles in the final set of included studies. This 



 

assessment is important to evaluate the extent to which the machine learning tool would increase 
the efficiency of the title/abstract selection stage in this SR. 
 
Index Type: Searching 
 
Method for allocating to intervention or comparator 
Non-Random    
 
Outcome measures 
Primary: The final set of included articles (after disagreements between reviewers are resolved); 
number of articles that were selected for inclusion by the first reviewer (before disagreements are 
resolved); percentage of articles selected for inclusion by the first reviewer (before disagreements 
are resolved) among the final set of included studies; number of studies selected for inclusion by 
the second reviewer (before disagreements are resolved); and percentage of studies selected for 
inclusion by the second reviewer (before disagreements are resolved) among the final set of 
included studies. 
Secondary: Number and percentage of titles/abstracts that will need to be read by the second 
reviewer to identify the final set of included studies; number and percentage of studies missed by 
the first reviewer, in the final set of included studies; and number and percentage of studies missed 
by the second reviewer, in the final set of included studies. 
 
Analysis plans 
Descriptive analysis using counts and proportions. 
 
Possible problems in implementing this SWAR 
The search for studies for the SR in which this SWAR will be embedded is difficult because there 
are no MeSH terms related to its subject (risk communication). Even though 22,362 articles have 
been retrieved in the electronic search, this is still missing some studies that are already known to 
be eligible for the SR. 
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