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Background: “Evidence Mapping” is an emerging tool that is increasingly being used to systematically identify,
review, organize, quantify, and summarize the literature. It can be used as an eﬀective method for identifying
well-studied topic areas relevant to a broad research question along with any important literature gaps.
However, because the procedure can be signiﬁcantly resource-intensive, approaches that can increase the speed
and reproducibility of evidence mapping are in great demand.
Methods: We propose an alternative process called “rapid Evidence Mapping” (rEM) to map the scientiﬁc evidence in a time-eﬃcient manner, while still utilizing rigorous, transparent and explicit methodological approaches. To illustrate its application, we have conducted a proof-of-concept case study on the topic of lowcalorie sweeteners (LCS) with respect to human dietary exposures and health outcomes. During this process, we
developed and made publicly available our study protocol, established a PECO (Participants, Exposure,
Comparator, and Outcomes) statement, searched the literature, screened titles and abstracts to identify potentially relevant studies, and applied semi-automated machine learning approaches to tag and categorize the included articles. We created various visualizations including bubble plots and frequency tables to map the evidence and research gaps according to comparison type, population baseline health status, outcome group, and
study sample size. We compared our results with a traditional evidence mapping of the same topic published in
2016 (Wang et al., 2016).
Results: We conducted an rEM of LCS, for which we identiﬁed 8122 records from a PubMed search (January 1,
1946–May 1, 2014) and then utilized machine learning (SWIFT-Active Screener) to prioritize relevant records.
After screening 2267 (28%) of the total set of titles and abstracts to achieve 95% estimated recall, we ultimately
included 297 relevant studies. Overall, our ﬁndings corroborated those of Wang et al. (2016) and identiﬁed that
most studies were acute or short-term in healthy individuals, and studied the outcomes of appetite, energy
sensing and body weight. We also identiﬁed a lack of studies assessing appetite and dietary intake related
outcomes in people with diabetes. The rEM approach required approximately 100 person-hours conducted over
7 calendar months.
Conclusion: Rapid Evidence Mapping is an expeditious approach based on rigorous methodology that can be
used to quickly summarize the available body of evidence relevant to a research question, identify gaps in the
literature to inform future research, and contextualize the design of a systematic review within the broader
scientiﬁc literature, signiﬁcantly reducing human eﬀort while yielding results comparable to those from traditional methods. The potential time savings of this approach in comparison to the traditional evidence mapping
process make it a potentially powerful tool for rapidly translating knowledge to inform science-based decisionmaking.
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1. Background

map; 2) develop a comprehensive search strategy; 3) establish study
eligibility criteria and a systematic study selection process; 4) carry out
abstract screening and selection; 5) tag/categorize studies; 6) classify
study population, duration, interventions, and outcome categories; 7)
create an evidence map (Fig. A.1). Our protocol is similar to the sevenstep process employed by Wang et al. (2016), with a few notable
modiﬁcations. First, we omitted one step (“deﬁne the roles and responsibilities of diﬀerent parties: stakeholder panel and research team”)
because in order to replicate Wang et al.'s (2016) process we did not did
not establish our own stakeholder panel but instead incorporated decisions that had been reported in Wang et al. (2016). In addition, we
also replaced their “data extraction” step with “tag/categorize studies,”
and added one additional step to explicitly “create an evidence map,” as
discussed in detail below. The details of each step are provided as follows and were outlined beforehand in our publicly-available protocol
(available at: https://tinyurl.com/y7gcptqg).

Stakeholders in the ﬁeld of human health risk assessment are increasingly relying on tools and practices from the disciplines of systematic review to summarize the evidence and identify scientiﬁc consensus to support decision-making with regard to potential
environmental health risks (EFSA, 2010; NRC, 2011, 2013; Rooney
et al., 2014; Woodruﬀ et al., 2011). Given the ever-accelerating pace of
publications in this ﬁeld, the practice of “Evidence Mapping” is now
frequently being used to identify the key areas of study relevant to a
given topic along with important gaps in the literature (Miake-Lye
et al., 2016). This emerging tool is used to systematically, transparently,
and comprehensively address broad, multi-faceted questions related to
a topic of interest for which it may not be feasible to conduct a systematic review (for instance, when faced with limited resources) or
when a detailed synthesis is not needed (Bragge et al., 2011; Gough
et al., 2012; McKinnon et al., 2015; Miake-Lye et al., 2016; Snilstveit
et al., 2013; Colquhoun et al., 2014). An evidence map may also provide an overview of a broad collection of scientiﬁc data that can be used
to inform where a systematic review may be appropriate by identifying
the boundaries and context of a broad topic area and providing a description of the number of studies, types of interventions, study design
and study characteristics (Bragge et al., 2011). Evidence mapping aims
to systematically examine the extent, range, and limitations of current
scientiﬁc knowledge for a broad research question and results in the
development of a catalog of the available evidence, in the form of a
database, visual evidence map, or tabular count of meta-data from each
study (e.g., study setting, design, interventions, populations, etc.)
(James et al., 2016). In particular, the resulting evidence map characterizes in detail the quantity and nature of research in a particular
area. However, constructing an evidence map can be a resource-intensive procedure, thereby limiting their utility for practical implementation.
In this paper, we describe a process we call “rapid Evidence
Mapping” (rEM), which we deﬁne as a resource-eﬃcient form of
knowledge synthesis where components of the review process are
simpliﬁed to produce a visual and quantitative representation of the
scientiﬁc evidence from which to commission further reviews and/or
primary research by identifying gaps in research. This draws from other
review approaches, in particular rapid reviews and evidence mapping
(Grant and Booth, 2009; Khangura et al., 2012; Ganann et al., 2010;
Bragge et al., 2011; Miake-Lye et al., 2016). The process is designed to
improve or enhance eﬃciency, while still utilizing rigorous, transparent
and explicit methodological approaches. To illustrate its application,
we conducted a proof-of-concept case study on the topic of low-calorie
sweeteners (LCS) in human dietary exposures and health outcomes. We
selected this topic because we had identiﬁed a traditional evidence map
of the same topic published by Wang et al. (2016), thus enabling us to
compare results as well as time/resource requirements between the two
approaches. Our main goals were: 1) to assess and reﬁne our rapid
Evidence Mapping protocol, comparing the resulting outputs with those
obtained using traditional Evidence Mapping methodology; 2) to explore the use of currently available semi-automated machine learning
approaches to reduce the time and resource commitments required to
undertake rEM assessments; and 3) to explore the feasibility of utilizing
these approaches on a widespread scale by risk assessors, health assessors, and decision-makers.

2.1. Identify the scope of the evidence map
To ensure that we could compare our rEM with a traditional evidence mapping, the scope of this project (study question, PECO statement, search strategy, and inclusion/exclusion criteria) was chosen to
align with that deﬁned by Wang et al. (2016). Wang et al.'s (2016)
process for deﬁning the project scope involved a stakeholder panel
consisting of physicians, dietitians, policymakers, and representatives
from the food industry, academia, journalism, the public, and a research funder. Their panel served as a steering committee to guide the
research team through the process of evidence mapping, providing
input along the way at each step. We did not establish our own steering
committee, but we did incorporate the guidance of Wang et al.'s
steering committee—for instance, incorporating the search strategy and
eligibility criteria modiﬁed by the panel.
Aligning with Wang et al.'s (2016) approach, we targeted Englishonly human studies with experimental or prospective cohort study
designs. We developed a PECO statement (Participants, Exposure,
Comparator, and Outcomes), an aid to developing an answerable review question (Higgins and Green, 2011), reﬂecting Wang et al.'s
(2016) inclusion criteria (Table A.1). Our PECO statement is shown
below:
Participants: Humans.
Exposure: Orally administered, FDA-approved or generally recognized as safe (GRAS) LCS.
Comparator: Humans exposed to lower levels of LCS than more
highly exposed humans, or humans who serve as their own control by
comparing before-and-after outcomes following exposure.
Outcome: Any outcomes related to appetite, energy sensing by the
brain, body weight/composition, dietary intake, or gut hormones that
may inﬂuence energy homeostasis. More speciﬁc criteria deﬁning each
outcome are included in Table A.2.
2.2. Develop a comprehensive search strategy
We adopted the search strategy proposed by Wang et al. (2016) but
with several modiﬁcations. Wang et al. (2016) collected key search
terms from three published reviews on relevant topics and used these to
develop keywords and Medical Subject Headings (MeSH) terms for the
search strategy, implemented in Ovid MEDLINE. We modiﬁed this
search strategy for implementation in PubMed, using the same keywords, MeSH terms, and date limit (January 1, 1946–May 1, 2014) as
reported in Wang et al.'s (2016) supplemental materials. We made this
decision because: 1) we did not have subscription access to Ovid
MEDLINE and 2) a search in PubMed—which searches MEDLINE and
several other databases—would be more comprehensive and potentially
capture more relevant studies (Duﬀy et al., 2016). We also made additional modiﬁcations to narrow the focus for speciﬁc search terms by
incorporating quotations around multiple keywords to avoid automatic

2. Methods
To maximize consistency between the two approaches, we followed
a similar process as outlined by Wang et al. (2016). However, our
protocol additionally incorporated semi-automated machine learning
methods and other potential time-saving alternative approaches at each
step. We implemented a seven-step process to conduct the rEM, modifying that of Wang et al. (2016): 1) identify the scope of the evidence
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studies (50 articles) for quality assurance/quality control. Once calibration was completed, single-screening was employed for the remaining records. Screeners reviewed titles and abstracts in SWIFTActive Screener until an estimated 95% recall was achieved—in other
words, up until the machine learning algorithms predicted that we had
identiﬁed 95% of all relevant (or “included”) references. This approach
enables the discovery of a vast majority of relevant articles after reviewing only a fraction of the total number of studies, signiﬁcantly
reducing the time and resources required to screen references.
However, this potentially creates a trade-oﬀ between time commitment
and inclusiveness, and to explore this, we conducted a sensitivity analysis to investigate the impact of screening references up to 25%, 50%,
75%, 98%, and 99% estimated recall. Our sensitivity analysis at different recall rates explores the impact on the resulting evidence map
when screening fewer or more of the references to identify relevant
studies. Although fewer resources are required to screen up to 25%
recall (up until the machine learning algorithms predicted that we had
identiﬁed 25% of all relevant (or “included”) references), using this
approach means that we could potentially miss relevant studies (i.e., up
to 75% of studies that should be included). On the other hand,
screening up to 99% recall (where virtually all relevant studies would
be identiﬁed) would require more screening time and resources to
achieve.

term substitution around each individual term, which would lead to a
broader capture of references. For instance, searching on PubMed for
the term artiﬁcial sweetener (as was done in the original search by Wang
et al. (2016)) results in automatic substitution and search for the separate terms artiﬁcial and sweetener, which is likely not the intended
outcome. Alternatively, utilizing quotation marks around “artiﬁcial
sweetener” searches all ﬁelds for the combined phrase.
We implemented our modiﬁed search terms (Supplemental
Materials, PubMed Search Terms) in PubMed on January 24, 2018.
References were imported into EndNote where manual review of potential duplicates using EndNote's “Find Duplicates” function was used
to remove duplicate citations. Similar to Wang et al. (2016), the search
was also cross-referenced with published systematic reviews to check
that relevant articles were included.
2.3. Establish study eligibility criteria and a systematic study selection
process
Study eligibility criteria mirrored those established by Wang et al.
(2016) to maximize consistency. To meet the inclusion criteria, studies
needed to: 1) be randomized or non-randomized, controlled, clinical
trials or prospective cohort study designs; 2) investigate orally administered, FDA-approved or generally recognized as safe (GRAS) LCS;
3) report at least one health outcome within the ﬁve categories identiﬁed in the scope; 4) be English publications; and 5) use human subjects in the research. Studies were excluded if they were: 1) animal
studies; 2) in vitro cell studies; 3) case-control or cross-sectional studies,
reviews, interviews, bibliographies, letters, or guidelines; 4) systematic
reviews and meta-analyses; 5) studies of cancer patients; 6) studies
involving non-oral LCS intake. Inclusion/exclusion criteria were applied during the screening process to determine study eligibility.

2.5. Tag/categorize studies
This step was similar to Wang et al. (2016) as “data extraction” step,
where they extracted study aims, design, population, interventions,
exposures, outcomes, and funding source from the full text of the included studies. The resulting evidence-map database was uploaded and
made publicly available on The Systematic Review Data Repository
(SRDR), an online publicly available repository of systematic review
data that serves as a central archive and data extraction tool for systematic reviewers (AHRQ, 2018; Ip et al., 2012).
In contrast, to reduce the time and resource commitment for project
completion, we did not manually extract data from the full text of included studies. Instead, we imported all included titles and abstracts
into SWIFT-Review (Sciome Workbench of Interactive computerFacilitated Text-mining), a freely available, interactive text mining and
machine learning software application (https://www.sciome.com/
swift-review/). SWIFT-Review provides tools to assist with searching,
categorization, and pattern visualization in literature search results,
utilizing statistical modeling and machine learning methods (Howard
et al., 2016). SWIFT-Review also incorporates automatic identiﬁcation
of health outcomes, chemical names and synonyms, keywords, MeSH
terms, etc. from included references. We utilized this functionality to
automatically summarize and visualize data from the included abstracts
and to identify outcome, baseline health, and comparison categories,
substituting this approach for the manual extraction of data from the
full text articles as performed by Wang et al. (2016). We also manually
reviewed abstracts to tag study length and sample size categories, as
there exist challenges with automatic parsing of this information.
Through these processes, we limited our evidence map to information
that could be readily identiﬁed from the titles and abstracts of the included articles.

2.4. Carry out abstract screening and study selection
Wang et al. (2016) performed title and abstract screening using the
abstrackR citation screening tool (abstrackr.cebm.brown.edu), a free,
open-source citation screening program (Rathbone et al., 2015). Although abstrackR includes machine learning features (Wallace et al.,
2012), Wang et al. (2016) did not use these for creation of their evidence map (Chung, 2017). In Wang et al.'s (2016) approach, the ﬁrst
1000 abstracts were screened by all four reviewers, to calibrate
screening accuracy between reviewers, and the remaining abstracts
were single-screened (one reviewer per abstract). Studies included at
the title-and-abstract screening phase were then moved on for full-text
review, with each record screened by one reviewer with a second reviewer to conﬁrm or dispute the ﬁrst reviewer's decision. Discrepancies
were resolved through consensus among all ﬁve research team members.
We followed a similar but modiﬁed procedure. First, we screened
the titles and abstracts using SWIFT-Active Screener (https://www.
sciome.com/swift-activescreener/), a web-based, collaborative systematic review software application. SWIFT-Active Screener is designed
to save screeners time and eﬀort by using active learning and statistical
modeling approaches to prioritize relevant references during the
screening process and estimate the number of relevant articles in the
unscreened document list. We also only screened the titles and abstracts
of references and did not conduct screening of the full text, to increase
the eﬃciency of the process by reducing the amount of time and resources required at this step.
We screened the titles and abstracts of references in duplicate for
the ﬁrst 500 records to calibrate the two screeners (DB and LA), and
conﬂicts were discussed and resolved between the two reviewers with
further review by two of the authors (JL and BH). When appropriate,
we appended the protocol with the criteria used to resolve conﬂicts and
the date, to document decisions that were made during the review
process. One review author (BH) additionally screened a subset of the

2.6. Classify study population, duration, interventions, and outcome
categories
Wang et al. (2016) classiﬁed outcomes into clinically and biologically meaningful outcome categories for their evidence-map analyses.
We utilized the same ﬁnal list of outcome categories (Table A.2) and
employed the automated tagging/categorization and search feature
functions in SWIFT-Review to tag articles with the appropriate outcome
categories. Speciﬁcally, for each outcome category we used the following iterative procedure to develop and reﬁne search terms, and to
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(n = 249, 84%); b) involved interventions comparing LCS versus sugar
(n = 150, 51%); and c) were acute in duration lasting < 1 day
(n = 173, 58%) (Table A.4). Wang et al. (2016) reported similar proportions for health status and duration, with 83% studies with health
status as healthy, mixed, or other; and 60% studies acute lasting < 1
day. For intervention comparison, Wang et al. (2016) identiﬁed a
greater proportion (80%) of studies comparing LCS versus sugar interventions.
Among our 297 included studies, 128 (43%) reported energy sensing-related outcomes, 69 (23%) reported appetite-related outcomes,
60 (20%) reported glycemic-related outcomes, 54 (18%) reported
dietary intake, and 23 (8%) reported body weight/composition-related
outcomes (Table A.4). For comparison, Wang et al. (2016) reported
36% studies reported energy sensing-related outcomes, 40% reporting
appetite-related outcomes, 37% reported glycemic-related outcomes,
30% reported dietary intake-related outcomes, and 17% reported body
weight/composition. Thus, Wang et al. (2016) identiﬁed a smaller
proportion of energy sensing-related outcomes (36% versus 43%), so
although that outcome category was tagged for the highest proportion
of our studies, this proportion was only the third highest for Wang et al.
(2016), following appetite- and glycemic-related outcomes. Aside from
this, the order of relative proportion of studies tagged by the remaining
outcomes was identical when comparing our results with Wang et al.
(2016), although the percentage of studies reporting on each outcome
were not identical between the two approaches.

tag articles according to the desired outcome categories:
1) The outcomes of interest identiﬁed in Table A.2 were used to deﬁne
an initial set of search terms.
2) Using the title/abstract search features of SWIFT-Review, this initial
set of search terms was employed to automatically assign outcome
categories to the relevant abstracts.
3) The labeled studies were then manually reviewed to conﬁrm appropriate tagging and remove incorrect tag from studies.
4) SWIFT-Review was used to compute term frequency-inverse document frequency (TF-IDF) scores for each set of correctly labeled
documents (Howard et al., 2016) and to identify and rank additional
potential keywords for enrichment in studies labeled with each
outcome category.
5) After adding any additional search terms identiﬁed in step 4 above,
steps 2–4 were repeated as necessary until additional search terms
no longer provided further beneﬁt.
This process resulted in tagging relevant studies that fell into each of
the ﬁve outcome group categories, predominantly utilizing automatic
searching and categorizing. A similar approach was conducted for
baseline health and comparison categories.
2.7. Create an evidence map
We then generated an evidence map describing study design and
population characteristics, following a similar approach to Wang et al.
(2016) in order to compare our results with their traditional evidence
map. The original evidence map displayed the categorical features of
included studies by study duration, outcome group, intervention, and
baseline study population characteristics. We emulated these results
using tools in SWIFT-Review to automatically generate frequency tables
reporting on the categorical percentage of studies falling within the
intersection of categories. We also recreated Wang et al.'s (2016) bubble
plot visualizations, which are essentially a type of a weighted scatter
plot. In each plot, the unit of analysis was the individual study, and
because studies could report on multiple outcomes, one study could be
counted multiple times. The evidence map was generated in SWIFTReview, with modiﬁcations conducted in either R (R Core Team, 2017)
or Microsoft Excel.

3.2. Summarize publication patterns
A cumulative frequency chart of the number of publications by
outcome categories illustrates the publication growth of each over time
(Fig. A.3). There was a consistent increasing trend in the number of
publications reporting energy sensing outcomes from 1974 to 2014 and
appetite from 1988 to 2014. A similar pattern was identiﬁed by Wang
et al. (2016), although they identiﬁed a smaller proportion of energysensing outcomes overall. In comparison, publications reporting glycemic outcomes increased between 1990 and 2000 and then again from
2004 to 2014. For dietary intake, publications increased rapidly between 1988 and 1994 and then experienced consistent growth between
1996 and 2014. Publications reporting on body weight were consistent
but minimal (between 1 and 3 per year) between 1976 and 2014. Cumulative numbers of publications reporting on energy sensing outcomes remained consistently higher than those reporting on appetite,
glycemic, energy intake, or body weight for the entire duration (Fig.
A.3). The patterns for glycemic outcomes, dietary intake, body weight,
and cumulative number of publications were consistent with that reported by Wang et al. (2016).

3. Results
Our search in PubMed spanning January 1, 1946–May 1, 2014 retrieved 8122 unique records. Of these, we screened 2267 (28%) total
titles and abstracts using SWIFT-Active Screener, until 95% predicted
recall was achieved, which yielded 297 potentially relevant references
(Fig. A.2). As part of a sensitivity analysis, we also continued screening
until 99% predicted recall was achieved, which yielded 301 potentially
relevant references (Fig. A.2). In comparison, the original search by
Wang et al. (2016) in PubMed resulted in 12,830 records and after
screening, ultimately yielded 225 relevant references, with 115 studies
overlapping from our list of included studies. Wang et al. (2016) included 70 references that we did not include, and we included 182
references that Wang et al. (2016) did not include (Supplemental Materials, Fig. B.1, Supplemental Materials, Tables B.1–B.2).
The following sections summarize descriptive analyses of the data in
the LCS rapid Evidence Map that were generated to characterize the
existing body of literature and to identify potential gaps for future research. We also compare these results to those reported by Wang et al.
(2016).

3.3. An evidence map to identify research gaps
We generated an evidence map in the form of frequency tables and
bubble plots displaying the categorical features of included studies
according to study duration, outcome group, intervention, and baseline
study population characteristics. We report evidence map results for the
297 studies included at 95% recall and provide evidence maps for all
other recall stopping points (25%, 50%, 75%, 99%) in Supplemental
Materials. The evidence map for 98% recall were identical to those for
99% recall, as no additional relevant articles were identiﬁed screening
additional references from 98% to 99% recall (Fig. A.2).
We categorized the 297 studies included up to 95% recall, by intervention (LCS vs Others and LCS versus Sugars) and outcome group
and included results reported from Wang et al. (2016) for comparison
(Table A.5). These results demonstrate a consistent pattern with greater
number of studies investigating comparisons of LCS versus sugars
across all outcome categories, with the single exception of glycemic
outcomes, where the majority (57%) of studies were categorized as LCS
versus Others instead of LCS versus Sugars (43%). This same pattern

3.1. Summarize study characteristics and design
Of the 297 included studies, the majority of studies: a) were conducted in subjects where health status was healthy, mixed or other
454
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Evidence Mapping” (rEM). rEMs are intended to serve as a resourceeﬃcient method for knowledge synthesis that draws from methodology
that has been established for systematic review, evidence mapping, and
rapid reviews. The goal of an rEM is to produce visual maps of the
scientiﬁc evidence in a time eﬃcient manner, while still utilizing rigorous, transparent and explicit methodological approaches. As outlined
in our publicly-available protocol (available at: https://tinyurl.com/
y7gcptqg), this approach is intended to serve as a framework to guide
development of other rEMs that may be completed on any research
question of interest, whether narrow or broad in scope. The resulting
evidence map is a tool to visually inspect, analyze, and interpret the
available body of evidence relevant to the research question, while also
identifying gaps in the literature to inform future research and contextualize the design of a potential future systematic review within the
broader scientiﬁc literature by identifying the areas in which studies
exists and where they may be lacking.
Our application to the topic of low-calorie sweeteners in human
dietary exposures and the ﬁve health outcomes of “energy sensing,”
“glycemic,” “appetite,” “dietary intake,” and “body weight” was intended to illustrate the potential time and resource savings of applying
an rEM approach, allowing us to compare the level of eﬀort required to
that for a traditional evidence mapping on the same topic published in
2016 (Wang et al., 2016). Importantly, this design also enabled a direct
comparison of the mapping results, allowing us to determine whether
the rEM approach would come to the same conclusions as traditional
evidence mapping.
We initiated our rEM project in January 2018, drafting a protocol
outlining the study question and methodology for our approach and
implementing our literature search. We began screening titles and abstracts of the resulting records in February 2018 until reaching 95%
recall in April 2018, which required screening 28% of our 8122 total
references. We utilized the semi-automated machine-learning functionalities in SWIFT-Review to assist with the searching, categorization,
and pattern visualization of literature search results in order to automatically summarize and visualize data from included references. This
greatly reduced the amount of required manual extraction of data from
the articles, although some aspects were still manual, such as the
manual data extraction was required for study sample size and review
of automated tagging for each category. This process was completed in
April 2018. The development of the evidence map was completed in
May 2018. Overall, an estimated 100 person-hours and four months of
calendar time was required to complete this rEM (using literature
screened up to 95% recall). We submitted this manuscript for peer-review in July 2018, resulting in a total time period of 7 months from
literature search to manuscript submission (Fig. A.5).
In comparison, Wang et al. (2016) conducted their literature search
in June 2014 and submitted their publication for peer-review in September 2015, for a total calendar time of 15 months (Fig. A.5). We
contacted the authors to obtain an estimate of the number of personhours to allow for a more direct comparison of the eﬀort level; although
the authors were unable to provide an exact estimate, they conﬁrmed
that the screening and data extraction for their project required
6 months calendar time and a rough time estimate of 480–960 personhours (a team of three students and one experienced reviewer working
up to 10 h/week) (Chung and Wang, 2018). In comparison, the
screening and data extraction for this work required 4 months and approximately 70 person-hours. Although this indicates a potential time
savings, it is challenging to directly compare between the two studies.
For instance, several other confounding issues remain such as the experience of the reviewers. Wang et al. (2016) used three inexperienced
student screeners which likely required training and additional time to
complete the screening and extraction, whereas our two screeners were
both experienced and had worked on several prior reviews. However,
although it is diﬃcult to estimate the exact time savings, these estimates provide some indication of the reduction of required resources.
Overall, a signiﬁcant contributor to the potential time savings for

was seen even across studies included at 25% estimated recall, and
remained similar across all other percent recalls, with the percentages
changing only slightly (Supplemental Materials, Table B.3). Wang et al.
(2016) reported similar results, although their included studies exhibited a more consistent pattern across all ﬁve outcome categories,
with a larger proportion of studies consistently favoring LCS versus
Sugars intervention.
We also categorized studies by study duration (< 1 day, 1–30 days,
1–6 months, > 6 months, and unclear/not stated) and outcome group,
and included results from Wang et al. (2016) for comparison (Table
A.6). The category of unclear/not stated was not originally included in
Wang et al.'s categorization, but we decided post-hoc to add this category because this information was often not clear or not stated in the
title/abstract of references. The results illustrate that across four of the
ﬁve outcome categories, there was consistently higher numbers of acute
studies, with the majority of studies < 1 day in duration, followed by
studies 1–30 days in duration. Very few studies were chronic
(> 6 months). Again, similar results were observed across studies that
were included at 25% recall, and remained similar across all other
percent recalls, with the percentages changing only slightly (Supplemental Materials, Table B.4). Generally, our results were consistent
with those reported in Wang et al. (2016). The exception to this was for
the Body Weight/Composition outcome, where Wang et al. (2016) reported a majority of studies (56%) with duration 1–6 months, followed
by 1–30 days duration (21%) and > 6 months (18%). In contrast, we
found that studies were somewhat evenly split between 1 and 30 days
(35%), 1–6 months (30%), and > 6 months (26%).
The third component of the evidence map is a bubble plot (Fig. A.4),
where data points are grouped and plotted according to study population baseline health status (healthy, overweight, diabetes, mixed/other)
and outcome category, further stratiﬁed by intervention. Each data
point represents a single study, and is randomly scattered in each grid
to improve visualization of the bubble (i.e., bubble position is meaningless). The size of each bubble indicates the sample size of the corresponding study (categorized as ≤10, 11–25, 26–50, 51–100,
101–200, ≥200), with larger bubbles representing larger study sample
size.
Fig. A.4 shows that most of the studies utilize either generally
healthy or mixed/other study populations compared to overweight and
diabetic population types across all outcome categories. The empty
boxes in the plot identify the areas of research where there are no existing studies. For example, there lack studies assessing appetite outcomes in people with diabetes, studies using LCS versus Sugars interventions to assess energy sensing and glycemic outcomes in overweight
people, and studies comparing interventions LCS versus Others to assess
energy sensing outcomes in both overweight and diabetic participants.
Conversely, the bubble plot also allows one to identify the more wellstudied areas of research. For example, most studies involving diabetic
participants report either on glycemic or body weight/composition
outcomes. This same pattern was seen even across studies included at
25% estimated recall, and remained virtually identical across all other
percent recalls (Supplemental Materials, Figs. B.2–B.5).
Overall, Wang et al. (2016) reported similar ﬁndings, notably concluding that: 1) there are more studies in generally healthy populations
across all outcome categories; 2) there are a lack of studies assessing
appetite and dietary intake outcomes using an LCS intervention with a
sugar intake comparison for people with diabetes; 3) most studies in
people with diabetes reported body weight or body composition and
glycemic outcomes; 4) there are a limited number of studies investigating brain energy sensing outcomes in overweight people and
diabetics among trials comparing LCS to sugar.
4. Discussion and conclusions
In this work, we have reviewed the components of a traditional
evidence map and described a process for a new approach, called “rapid
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results with Wang et al. (2016), the conclusions regarding the overarching question of this work as to where current research exists and
where it is lacking was remarkably consistent.
Although our overall conclusions corroborate the ﬁndings of Wang
et al. (2016), we did note diﬀerences in the number of retrieved and
included studies resulting from our search. For instance, Wang et al.
(2016) screened 17,270 relevant citations from MEDLINE whereas our
modiﬁed search retrieved 8122 relevant citations from PubMed. Although we used the same keywords, MeSH terms, and date limit reported in Wang et al. (2016), we made additional modiﬁcations to incorporate quotations around phrases to avoid automatic term
substitution around each individual term, which would have instead led
to a broader capture of references (see Methods). This likely led to the
fewer number of studies, which in theory retrieved more relevant references applicable to the search terms.
Wang et al. (2016) ultimately included 185 references while we
included (after achieving 95% recall) 297 references, with 115 studies
overlapping. Therefore, Wang et al. (2016) included 70 references that
we did not include, and we included 182 references that Wang et al.
(2016) did not include (Supplemental Materials, Fig. B.1, Supplemental
Materials, Tables B.1–B.2). Of the 70 articles included by Wang, 44
(63%) were not retrieved by our PubMed search and 26 (37%) were
retrieved, screened, and excluded—11 of these were excluded by a
single reviewer and 15 were excluded by dual independent reviewers
(Supplemental Materials, Table B.5). An independent review by two
additional screeners (JL and BH) of the 26 references that were initially
screened and excluded concluded that of these, 21 (81%) were correctly
excluded (either due to unavailability of abstracts, exposures that were
not low-calorie sweeteners, or outcomes that were not relevant to our
study question) and 5 (19%) were incorrectly excluded and should have
been included in the ﬁnal set of studies. Of these 5 studies, 3 had been
reviewed and excluded by a single reviewer initially whereas 2 were
reviewed and excluded initially by dual reviewers. These ﬁndings
suggest that although there typically exists a small chance of erroneously excluding potentially relevant studies, this is not necessarily
attributable to whether references are screened singly or in duplicate.
Furthermore, we note that a large portion of the discrepant studies
(81%) were included by Wang et al. (2016) but did not appear to meet
the inclusion criteria, indicating that there were potentially some differences arising in applying inclusion/exclusion criteria between Wang
et al. (2016) and our reviewers. We were unable to evaluate the 182
references that we included but Wang et al. (2016) did not, because a
list of title and abstract screening results and justiﬁcation was not
available in the publication and was not successfully obtained by request from the authors.
To investigate the potential impact of the missed studies, we imported and tagged the 49 references included by Wang et al. (2016) that
were not included in our study (44 references that were not retrieved
from our PubMed search strategy plus 5 references that were erroneously excluded at our title and abstract step) and explored the 182
references that we included but not by Wang et al. (2016). Since in
general our results were comparable to Wang et al. (2016) in terms of
the relative frequencies across outcome, intervention, and study duration categories, we did not expect that the missed studies included in
each would vary signiﬁcantly in terms of relative frequencies. The relative frequency and number of studies included in this study but not
Wang et al. (2016) and vice-versa are included in Table A.5 (“Lam not
Wang” and “Wang not Lam,” respectively) for outcome and intervention category. These results indicate that for Appetite, Dietary Intake,
Energy Sensing, and Glycemic outcomes, there are consistently more
references reporting on LCS versus Sugar interventions over LCS versus
Other, even for the missed studies. An exception to this is the Body
Weight outcome, where the 10 studies included by Wang et al. (2016)
but not in our study were mostly LCS versus Other category (n = 8).
However, because the 12 studies we included but not Wang et al.
(2016) were mostly LCS versus Sugar interventions (n = 7), this

our rEM project likely came from the fact that we began with the already-implemented approach from Wang et al. (2016)—i.e., we
adopted their existing study question and evidence map goals, and
modiﬁed their existing search strategy, which was likely very time
consuming, particularly with Wang et al.'s (2016) use of a large expertbased committee for these steps. However, our comparison of time estimates (Fig. A.5) is presented from implementation of the literature
search to journal submission of the manuscript for each study, omitting
consideration of the time to establish study questions, goals, and the
literature search strategy. Therefore, this considers only the steps of the
evidence mapping process in which the machine learning approach
yields potential time and resource savings—i.e., through reduction of
screening (using machine learning-assisted prioritization of references)
and manual data extraction.
Related to the observed time savings, another important ﬁnding is
the notable similarity in the overall conclusions obtained from the rapid
evidence mapping at various recall stopping points. We observed remarkable consistency across the evidence map results reported at 25%,
50%, 75%, 95%, and 98/99% recall rates. Across all evidence maps, the
same general patterns of endpoint, population and intervention frequencies across diﬀerent tabulations appeared consistently at all recall
rates, starting from 25% estimated recall (Supplemental Materials,
Tables B.3 & B.4). Therefore, evaluating studies included at 25% recall
would have resulted in the same conclusions regarding the current state
of the science and existing research gaps. However, this would have
required screening of only 495 titles and abstracts out of the 8122 total
records instead of the 2267 required to achieve 95% recall (Fig. A.2).
The potential time savings from this approach could be signiﬁcant.
Furthermore, this also makes the case for the use of rEM as a planning
tool for systematic review to assist with the reﬁnement of a focused
research question where scientiﬁc evidence is known to exist. The
limited time and resources required to complete an rEM, combined with
the potential to further reduce these requirements by using machine
learning-based prioritized screening indicate the feasibility of adopting
such an approach to develop more science-based and informed systematic reviews.
For each evidence map, the majority of studies had been identiﬁed
when stopping at 25% estimated recall—on average, only 12 studies
were added at each step beyond screening 25% estimated recall to 99%
estimated recall (i.e., 50%, 75%, 95%, 99% estimated recall) for each
tabulation within evidence map. Only a small number of studies are
added as one moves to higher recall percentages, and this raises the
question of whether screening to a high estimated recall rate such as
99% was necessary, given that this required a screening of 4551 additional references after achieving 25% estimated recall. In particular,
moving from screening to 98% estimated recall to 99% estimated recall
required additional screening of 708 references (Fig. A.2), yet no additional relevant references were identiﬁed. This clearly indicates that
SWIFT-Active Screener's predictions accurately and eﬃciently identiﬁed the vast majority of relevant articles after reviewing only a fraction
of the total number of studies, and that the recall estimate in SWIFTActive Screener tends to be conservative. The time and resource savings
gained from stopping earlier in the screening process may be of useful
discussion for future case studies, given the demonstration here of
minimal trade-oﬀ with ultimate precision and impact on overall results.
Our overall conclusions on LCS from the rEM evidence map corroborated those reported by Wang et al. (2016) and produced similar
ﬁndings regarding the areas where most studies were identiﬁed (i.e., in
generally healthy populations or in diabetics reporting body weight or
body composition and glycemic outcomes) and where studies were
lacking (i.e., studies assessing appetite and dietary intake outcomes
using an LCS intervention with a sugar intake comparison in people
with diabetes or investigating brain energy sensing outcomes in overweight people and diabetics among trials comparing LCS to sugar).
Although there were discrepancies in the proportion of studies reporting on certain characteristics (i.e., outcome groups) comparing our
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resulted in similar ﬁndings overall when comparing the two results.
Similar ﬁndings are seen in Table A.5, comparing the relative frequency
and number of missed studies for outcome and duration category—there is consistency across all outcomes with the exception of the
Dietary Intake category, but these are balanced out by the studies that
we included that were missed by Wang et al. (2016). Overall, this indicates that the missing studies in each were not impactful on the
overall results.
Our rEM has several limitations, most of which are addressable
given appropriate resources. First, in following Wang et al.'s (2016)
approach, we only searched one database (PubMed). By limiting the
scientiﬁc literature retrieved to a single source and not including more
diverse sources of evidence such as the grey literature, we curtail the
ability of the evidence map to speak broadly about the scientiﬁc evidence available relevant to the study question of interest. A broader
search of the scientiﬁc literature could have potentially retrieved a
higher number of relevant studies. We also did not work with a trained
librarian to develop our search terms and only screened studies by title
and abstract, and utilized single-screening for records beyond the ﬁrst
500 records. Therefore, there is a possibility that we missed or excluded
studies that could have been relevant to our study question. These
limitations could be addressed with the time and resources to work with
a librarian to develop a targeted search strategy applied to multiple
databases.
Furthermore, we only extracted information based on information
obtained from titles and abstracts of included references. In contrast,
Wang et al. (2016) extracted information from the full text of included
references. Our approach likely resulted in time savings, but simultaneously limited information available for extraction and likely reduced
the accuracy of extracted information. For instance, Wang et al. (2016)
were able to extract the funding source of studies (although they did not
appear to incorporate this information in their evidence map), but we
were not able to do so because of the unavailability of this information
in the abstract. Our extraction of sample size was limited to categories
(i.e., ≤10, 11–20, etc.) because of the imprecise reporting of sample
size in the abstracts, and even then this information could not be extracted for all included studies. However, although Wang et al. (2016)
extracted information from full text, some information such as sample
size was still not reported in the full text—in both abstract-only and
full-text extraction approaches, 4% of references did not report the
sample size (Table A.4). Furthermore, other more nuanced information
that may not be clear in the abstract (such as the intervention comparison) likely contributed to the diﬀerences in proportion of intervention types reported here compared that in Wang et al. (2016). In
general, although information density is highest in abstracts, much of
the information contained within each section of the full text is unique
(Schuemie et al., 2004) and therefore presents a signiﬁcant limitation
when relying solely on the information provided in the abstract. This
limitation could be addressed with additional time and resources
dedicated towards screening and extracting the full text of references.
Lastly, evidence mapping does not include quality or risk of bias
appraisal of the included studies. Thus, it is unknown whether the included studies are of high or poor quality; therefore, although there was
a high volume of included studies, it is possible that they are of variable
quality, some with limited utility for a future systematic review.
However, a beneﬁt of the rEM approach is to identify particular study
areas or topics where suﬃcient evidence exists that can inform scoping
and problem formulation for a future systematic review, in which a
more formal evaluation of study quality and inferences for policy- and
decision-making may be made. The rEM evidence map is also speciﬁc to
the study question, PECO statement, and inclusion/exclusion criteria as
developed during the scoping process and therefore are most relevant to
a systematic review with a similar scope.
Evidence mapping is a rapidly evolving approach to identify, collect
and evaluate the characteristics of scientiﬁc evidence. Here, we have
introduced a modiﬁed protocol called “rapid Evidence Mapping (rEM),”

a potentially promising approach that reduces the time, eﬀort, and
resources required to complete an evidence mapping, potentially
without altering the ﬁnal conclusions when compared to traditional
evidence mapping. Since the main goal for evidence mapping is to
quickly identify research gaps as well as opportunities for systematic
review, this method, as we have shown, may have the capacity to more
eﬃciently achieve the intended results of the more labor-intensive
traditional approach. Furthermore, since this method makes substantial
use of machine learning and information retrieval applications and
software, continued development of such tools is likely to further enhance the capacity to perform rapid Evidence Mapping in an eﬃcient
and accurate manner.
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