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ABSTRACT
Background. The constantly increasing number of scientific pub-
lications poses challenges for researchers to monitor, select, and
assess the publications relevant for their own research. Several
guidelines for assessing publications manually during a literature
analysis exist, with researchers proposing (semi-)automated tech-
niques to facilitate such assessments.Aims. Still, research indicates
that current techniques require further improvements to facilitate
the analysis of large sets of publications. In this paper, we propose a
semi-automatic technique with which we aim to improve in this di-
rection by facilitating the selection and assessment of publications.
Method. Our technique uses publicly available data of a publica-
tion, namely citation counts, article-level metrics, venue metrics,
and altmetrics, to guide an analyst in assessing its relevance and
impact. To evaluate the feasibility of our technique and the included
metrics, we performed an experimental analysis to automatically
assign ratings to the retrieved publications. Results. The results
indicate that our technique can help an analyst in assessing pub-
lications, and reduce manual effort. Through our technique, we
achieve an average accuracy of 53 % with a recall of 71 %. While
precision (14 %) and F1-score (21 %) are—not surprisingly, due to the
high number of irrelevant results returned by automatic searches
in digital libraries—low, we see an improvement of these values for
more recent reviews for which we could collect more complete data.
However, some manual effort is still required for the final selection
of papers. Conclusions. While it is not possible to achieve full
automation for selecting and quality assessing publications, we can
see that our metrics-based technique can be a helpful means to
provide an initial rating for the analyst. Also, incorporating altmet-
rics seems to be a promising addition to rate comparably recent
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publications, helping researchers to further facilitate the execution
of literature analyses.
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1 INTRODUCTION
In computer science, and particularly software engineering, the
number of publications describing new techniques, tools, methods
or empirical studies is constantly increasing. As a result, it takes
researchers and practitioners more and more time to identify and
assess those publications that are relevant for them; we refer to
an analyst who conducts a literature analysis. Particularly time
consuming is any systematic review, such as a systematic literature
review or a systematic mapping study, in which an analyst aims
to cover all publications related to a certain topic to provide an
overview of the research that has been conducted [22, 49]. How-
ever, even if the analyst does not follow such systematic methods
based on defined guidelines, they still have to perform similar steps,
namely searching, selecting, and assessing publications.

The most reliable method for selecting a publication and assess-
ing its quality remains reading it carefully. As guidance, researchers
have proposed well-defined checklists [14, 22] to determine a publi-
cation’s importance and quality, for example, considering reporting,
rigor, credibility, and relevance. However, such a manual analy-
sis requires considerable effort and time, especially when facing
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a large—and steadily increasing—number of potentially relevant
publications. To tackle this problem, researchers have proposed
(semi-)automated techniques to determine a publication’s relevance
and quality, and thus reduce an analyst’s workload [20, 29, 43].

Unfortunately, while themapping study ofMarshall and Brereton
[29] shows that software-engineering researchers aim to automate
particularly the selection and quality assessment, the success seems
rather limited. Recently, Hassler et al. [20] and we [43] identified
that existing techniques for systematic literature reviews need to
be improved, particularly for these two steps—which are among
the most desired feature of the research community. So, while
promising immense benefits by reducing an analyst’s workload
and the time needed, existing techniques and tools seem to require
further improvements with respect to guiding the selection and
assessment of relevant publications.

In this paper, we propose a technique to assess the relevancy
and impact of publications using their citations and bibliometrics;
thus reducing the time required to perform a literature analysis.
We remark that a fully automated tool that yields perfect results is
impossible, as the tool would need to fully understand natural lan-
guage and the analyst’s intentions. So, we aim to support an analyst
by providing guidance on what papers are more likely to be relevant
for them. To achieve this goal, our technique utilizes citation rela-
tionships and combines them with bibliographic information (i.e.,
author contribution and venue metrics). Additionally, we integrate
altmetrics, which are metrics that measure a publication’s impact
on various social media platforms [13, 17]. Consequently, we build
on ideas of existing techniques [43], extend them, and integrate
altmetrics as a new type of metrics. We argue that altmetrics reflect
differently on the impact of a publication [40, 41]; assuming that
especially well-crafted and high-impact publications are discussed
and gain recognition faster than reflected in citations. In detail, our
contributions are:

• We propose a technique to assess publications based on their
citation links, meta data, and altmetrics.

• We evaluate our technique based on an empirical comparison
against 10 existing systematic reviews, including systematic
literature reviews and systematic mapping studies.

• We discuss how our technique and especially altmetrics re-
flect on a publication’s importance.

• We provide an open-access dataset comprising our prototype
and evaluation data.1

The results show that our technique achieves an accuracy of 53 %
and a recall of 71 %, indicating that it can be particularly helpful to
identify irrelevant publications. As we are working only with met-
rics and few of the initially found publications (even of high quality)
are usually relevant for literature reviews, it is not surprising that
precision and F1-score are rather low. Still, the results indicate that
our technique and the considered metrics can guide analysts, and
allow researchers to further facilitate literature analyses.

2 BACKGROUND AND GOALS
Literature analyses are an essential research method to consolidate
the existing knowledge or evidence regarding a specific problem,
allowing to critically analyze that knowledge and identify open
1https://www.dropbox.com/s/f5cxmlbhfxf571p/Artifacts.zip?dl=0
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Document Review

Figure 1: The systematic literature-review process adopted
from Kitchenham et al. [21]. We highlight the activities we
are concerned with in blue.

gaps. However, the structure, goal, and presentation of literature
analyses depend on the type of analysis and has changed over time.
Various classifications of literature analyses have been proposed,
including quantitative or qualitative systematic literature reviews,
systematic mapping studies, tertiary studies, narrative reviews,
development reviews, cumulative reviews, aggregative reviews, de-
scriptive reviews, scoping reviews, meta-analyses, umbrella reviews,
theoretical reviews, realist reviews, or critical reviews [21, 22, 35].
In this paper, we focus on systematic literature reviews and sys-
tematic mapping studies in software engineering, according to the
guidelines of Kitchenham et al. [21]. While the goals of different
types of analyses vary, and systematic literature reviews in software
engineering are regularly criticized for reporting only publication
statistics, we focus on these because they build on well-defined
guidelines. More precisely, we are only concerned with the sys-
tematic process of identifying relevant publications. A systematic
conduct is arguably a favorable property for any literature analysis
to allow others to verify its quality, to replicate it, and to assess its
completeness—essentially improving the trust in and usability of
the results. So, a systematic, understandable conduct is important
for any literature analysis [21, 24, 42, 49].

We display the phases and activities of a systematic literature re-
view in Figure 1. Initially, the analyst must plan the review, defining
what research questions they want to answer, developing a review
protocol, and validating that protocol. This planning involves defin-
ing a search strategy, search terms, data sources, selection criteria,
and quality criteria. In the second phase, the analyst conducts the
review, essentially instantiating the defined protocol by identifying
(i.e., searching), selecting, and quality assessing publications. Then,
they extract the data that is relevant for answering their research
questions and synthesize that data. Finally, the last phase is con-
cerned with documenting all activities and results, potentially for
publishing them.

Goals. In this paper, we are concerned with two activities within
a literature analysis, namely; to select relevant studies and assess
their quality (highlighted in blue in Figure 1). We remark that this
refers to the quality assessment of an individual publication, as
opposed to assessing the findings of the analysis itself [21]. So, we
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aim to interpret the quality and impact a publication has on the
scientific community as reflected, for instance, by citation counts
and altmetrics. To efficiently select the most important publications
is an essential activity for a systematic literature analysis, limiting
the selection bias, improving the reliability of the results, and es-
sentially enabling others to evaluate the value of the analysis. Due
to the importance of this activity, detailed guidelines have been
proposed, typically evaluating properties like study design, data
collection, quality of findings, hypotheses, reporting, rigor, cred-
ibility, and relevance [14, 21, 22, 50]. Moreover, researchers have
proposed semi-automated techniques to facilitate the selection of
publications, and thus reduce the effort of conducting a literature
analysis [16, 28, 36, 43]. Most of these techniques face limitations
regarding the employed measurements, and are often focused on
visual support—since a full automation of selecting and assessing
publications is hardly reliable. This observation is supported by
recent studies highlighting the importance of improving the tool
support especially for selecting and assessing publications [20, 43].

With our technique, we intend to improve this situation, aiming
to achieve the following goals:

G1 Improve an analyst’s efficiency by indicating the most im-
portant publications for their analysis.

G2 Improve an analyst’s understanding by providing meaning-
ful metrics on a publication, prior to viewing the full text.

The outcome of our technique are scorings that indicate a publi-
cation’s relevance and impact based on the defined search string
and additional meta data. We build particularly on the proposal
of Ponsard et al. [36] who show that citation links can also be help-
ful for this purpose. As a result, we decided to combine analyses
of a publication’s meta data (e.g., citations, authors, venue), with
altmetrics, which we describe in the next paragraph. The data we
use is publicly available, making our technique highly accessible.

Altmetrics. Introduced in 2010, altmetrics are an alternative to
traditional publication metrics, such as, citation count and venue
impact factor, for assessing the impact of publications [13, 17]. Alt-
metrics build on usage data of a publication, namely the number of
downloads, views, saves, and how the audience engages with the
publication on social-media platforms, such as, Facebook and Twit-
ter. The most important feature of such metrics is the immediate
feedback through interactions on the Web that can be accumulated
in a short period of time, contrary to citations that require a longer
period to accumulate [37]. Although the research community is
not completely convinced regarding the accuracy of altmetrics to
evaluate quality (e.g., they can be easily manipulated [11, 12]), there
is still evidence on their usefulness in terms of speed, diversity, ease
of access, and coverage of different platforms [2, 8, 31, 33]. So, we
believe that altmetrics can support literature analyses to obtain
an automated, initial assessment that accounts for missing scien-
tific impact of publications [40, 41]. More precisely, if a publication
gets a number of tweets, mentions or downloads, it has a higher
probability of being cited in the future [15, 47]. Consequently, such
interactions may indicate the importance of new research better
than traditional metrics, and maybe better at all (e.g., researchers
interacting with high-quality publications that are outside of their
domain, and thus not cited by them). Due to the increasing pop-
ularity of altmetrics, several tools and APIs have been developed

@article{Steinmacher2015 ,
author = "Steinmacher , Igor and Graciotto Silva , Marco A.

and Gerosa , Marco A. and Redmiles , David F.",
title = "A Systematic Literature Review on the Barriers

Faced by Newcomers to Open Source Software
Projects",

journal = "Information and Software Technology",
year = "2015" ,
doi = "https ://doi.org /10.1016/j.infsof .2014.11.001" ,
volume = "59",
pages = "67--85",
keywords = "Barriers to entry , Joining , Newcomers ,

Onboarding , Open source software , Systematic
literature review",

abstract = "Context. Numerous open source software
projects are based on volunteers collaboration
and require a continuous influx of newcomers for
their continuity. Newcomers face barriers that
can lead them to give up. These barriers hinder
both developers willing to make a single
contribution and those willing to become a
project member. Objective. This study aims to
identify and classify the barriers that newcomers
face when contributing to open source software
projects. [...]" ,

cited-by = "120",
SJR = "0.606",
SNIP = "2.389",
CiteScore = "8.6",
CST = "9.1"

}

Listing 1: An example BibTeX entry retrieved from Science
Direct for the article of Steinmacher et al. [46]. The additional
entries we extract using APIs are highlighted in blue.

to aggregate data from various sources and deliver statistics in
an organized manner, for example, Plum Analytics,2 Altmetrics
Explorer,3 and ImpactStory.4

3 PROPOSED TECHNIQUE
In the following, we describe our technique, for which we depict
an overview in Figure 2.

3.1 Premises
Our technique is concerned solely with facilitating two activities of
conducting a literature analysis (cf. Figure 1), with our implementa-
tion missing any integration with other techniques to support, for
example, the planning phase or actual search. Thus, before our tech-
nique can be used, the analyst has to complete the planning phase
of their literature analysis, namely defining research questions, the
search strategy, and selection criteria. In addition, the actual search
must be performed, so that a list of potentially relevant publications
is available as a BibTeX file.

When designing our technique (e.g., file formats, available infor-
mation), we focused on four established digital libraries in software
engineering, namely the ACM Digital Library,5 IEEE Xplore,6 Sco-
pus,7 and Science Direct.8 These digital libraries allow analysts to
download a collection of their search results as a BibTeX file (among
others) that comprises most information we require (cf. Section 3.2).

2http://www.plumanalytics.com/about.html
3http://altmetric.com/
4http://impactstory.org/
5https://dl.acm.org/
6https://ieeexplore.ieee.org
7https://www.scopus.com
8https://www.sciencedirect.com/
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Figure 2: Overview of our metrics-based technique.

For our current prototype, we decided to rely on the format pro-
vided by Scopus and Science Direct (cf. Listing 1). Still, integrating
other digital libraries is straightforward, either by transforming the
format of the files or implementing a new parser for a library.

Some metrics that we use for our technique are supported by
most digital libraries, but are usually not included in the BibTeX
files. To solve this problem, we use different APIs to automatically
extract citation counts and missing venue metrics (exemplified in
blue in Listing 1). For instance, we retrieve citations through the
Abstract Citations Count API,9 that builds on Elsevier and Sco-
pus databases. The journal metrics are supported exclusively by
Scopus, and we extract them through the Serial Title API.10 So,
we use APIs to automate the retrieval of missing information, but
this can be adopted to the analyst’s needs—either by providing the
data manually or by adopting our implementation to other sources.
We decided to explicitly not enforce specific sources since metrics,
especially citation counts, can vary heavily between sources (e.g.,
Google Scholar or the ACM Digital Library) depending on the pub-
lications these index. Note that the availability of metrics through
APIs for all retrieved publications was our main reason for focusing
on Scopus and Elsevier for now.

3.2 Input
Our technique requires the analyst to plan and conduct the search
to then build a dataset from the results for the remaining analyses
of our technique. This dataset is stored as the aforementioned Bib-
TeX file of potentially relevant publications obtained, for example,
through automatic searches in digital libraries. This BibTeX file
must comprise the following fields and values (see Listing 1 for an

9https://dev.elsevier.com/cited_by_scopus.html
10https://dev.elsevier.com/documentation/SerialTitleAPI.wadl

example): author, title, abstract, keywords, venue, year, Digital Ob-
ject Identifier (DOI), citation count, SCImago Journal Rank (SJR),11
Source Normalized Impact per Paper (SNIP) [30], CiteScore,12 and
CiteScore Tracker (CST).

In short, the provided BibTeX file represents the data sample
to be processed by our technique. Since, our technique relies on
the dataset provided, the analyst must ensure completeness, for in-
stance, through manual searches and snowballing, and combine the
results to fulfill the aforementioned requirements. It is possible to
use multiple search strings, for example, if literature from multiple
domains is under investigation. In such a case, the analysts must
provide all the BibTeX files to be processed independently.

3.3 Processing
Our technique builds on three sub-steps when processing the Bib-
TeX file: (1) pre-processing the provided inputs for the analysis; (2)
analyzing the meta data; and (3) collecting as well as interpreting
altmetrics. In the following, we describe the details of each step, dur-
ing which we consider different properties of a publication, namely
its authors, venue, scientific impact, and usage.

3.3.1 Pre-Processing. Before performing the actual analysis, our
technique parses the provided BibTeX file (cf. Listing 1) and inserts
it into a database, building on the field names (occurring after a
comma) and their values (in quotations).

3.3.2 Analyzing Meta Data. For assessing a publication, we exam-
ine the meta data comprised in the BibTeX file (cf. Listing 1). To this
end, we define two assessment criteria (ACs) based on the data that
is publicly available in digital libraries or databases. In Table 1, we
provide an overview of these criteria, along with the corresponding
11https://www.scimagojr.com/help.php
12https://journalmetrics.scopus.com/index.php/Faqs
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meta data we use to assign scores to individual metrics that con-
tribute to each of them. Next, we describe the use and reason about
the usefulness of each criterion and its metrics.
AC1 How valuable is the publication in the context of the overall

research being performed?
Observing the citation relationships of a publication can help
determine its importance within the research community,
representing a useful indicator of the significance and impact
of that publication. Additionally, altmetrics provide immediate
and useful insights into the impact of publications and indicate
their popularity. Overall, we combine these different metrics
to assign a significance score to each publication.

Citation Count. Publications that provide useful and valid find-
ings are usually referred and cited by other researchers. Thus, the
citation counts provided by digital libraries are often considered
as indicators for importance, visibility, and the overall impact of
publications [3, 44]. Although this metric is conveniently avail-
able online (i.e., we rely on the Scopus database for extracting the
citation counts), researchers are particularly concerned about its
credibility as a quality indicator, mainly due to self-citations and
the possibility of bias [19, 39]. Still, there is adequate evidence
showing the usefulness of citation counts for assessing publica-
tions [6, 25, 26]. So, this indicator is widely supported and used
to determine various sub-metrics, including average citations per
year, the h-index of authors, Field-Weighted Citation Impact (FWC-
Impact) of publications, and CiteScore for publishing venues. We
consider the citation count as an important quantitative metric that
can help an analyst to assess quality in terms of the impact of a
publication. In our technique, we normalize the citations between
publications (using Equation 1 in Section 3.4) to allow for an easier
comparison and for deriving an overall score. Note that we also use
altmetrics for this assessment criterion, which we describe shortly
to align with the analysis flow of our technique.
AC2 How credible are the findings of the performed research within

its specific area?
To assess the credibility of a publication, it can be helpful to
determine the expertise of the authors and where the publica-
tion has been published. For this purpose, we combine author
appearances and venue metrics to obtain scores reflecting the
influence of a publication.

Author Contribution. For assessing a publication, it is meaningful
to consider the authors and perceive their level of expertise. More
contributions of an author to a specific research area clearly indicate
a higher level of expertise. Analysts performing a literature analysis
are especially considering the popularity of authors and give more
importance to recognized authors, since their findings are likely to
be relevant and valid. However, the contribution years must also
be taken into account, as researchers actively contributing for a
longer time have higher chances of being recognized by others.
A useful metric in this regard is the h-index [9], which measures
the productivity and citation impact of an individual—and which
is supported particularly by Google Scholar and Scopus. However,
due to access restrictions imposed by Scopus, our technique can
currently only retrieve citation data, but not the h-index itself. To
overcome this problem, we focus solely on the provided BibTeX file

(i.e., the investigated research area) and use the citation scores of
the included publications to define an h-index-like value. Precisely,
we use the same formula, but only on the provided subset of an
author’s publications, which may be more representative of the
specific research area. Afterwards, we add up and normalize the
values to assign the resulting score to each publication. We remark
that this can rate multiple authors with a smaller h-index higher
than an author with a high h-index, but we kept this property,
arguing that this accounts for additional validation by co-authors.

Publication Venue. Digital libraries, particularly Scopus, provide
several venue metrics, allowing researchers to obtain an under-
standing of their perceived importance. Of these, we include:

• SJR: A quantitative value representing the average number
of weighted citations a publication received during a selected
year by publications published at the same venue during the
previous three years.

• SNIP : A measure of the contextual citation impact deter-
mined by weighting individual citations based on the total
number of citations in a research area, aiming to incorporate
different citation practices between research areas.

• CiteScore: A metric for determining the impact of venues
by measuring the average citations per publication over a
three-year period to consistently observe the performance
of a venue. Actually, the CiteScore metrics suite comprises
eight different indicators: CiteScore itself, CiteScore Tracker,
CiteScore Percentile, CiteScore Quartiles, CiteScore Rank, Ci-
tation Count, Document Count, and Percentage Cited. How-
ever, out of these, we only include the CiteScore Tracker
(CST) as an additional venue metric, which is computed
similarly as CiteScore, but for the current year only.

Although, there are certain web-portals, such as Core,13 Conference
Ranks14 or Guide2Research15 that provide different conference
rankings, we currently rely only on the above data, whichwe extract
from Scopus.

3.3.3 Using Altmetrics (PlumX). For our technique (i.e., AC1), we
use Plum Analytics’ PlumX tool to retrieve altmetrics. PlumX pro-
vides one of the most detailed altmetrics-based datasets gathered
from a variety of sources [10, 17], and it is integrated with Sco-
pus, which is one of the major sources of scientific and technical
publications. PlumXmetrics consist of the following five categories;

• Citations contain both, citation counts from Scopus as well
as other sources, such as, CrossRef, PubMed, and SciELO.

• Usage is a publication statistic summarizing several values,
such as, abstract views, full-text downloads, and the number
of URL clicks.

• Mentions indicate how often other people engage with a
publication through blogs, comments, and reviews.

• Social Media provides values indicating the interaction on
platforms, such as, Facebook, Twitter, Amazon, and Youtube,
based on the number of likes, tweets, and shares.

• Captures track the interest of the audience based on, for ex-
ample, number of readers, bookmarks, and citation exports.

13http://www.core.edu.au/conference-portal
14http://www.conferenceranks.com/
15http://www.guide2research.com/topconf/

http://www.core.edu.au/conference-portal
http://www.conferenceranks.com/
http://www.guide2research.com/topconf/
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Table 1: Overview of the assessment criteria we address by analyzing bibliographic data.

AC Concrete Question Data Scoring

AC1 How valuable is the publication in the context of the overall research being performed? Citation Count Normalized [0,1]
Altmetrics Normalized [0,1]

AC2 How credible are the findings of the performed research within its specific area? Author contribution Normalized [0,1]
Publication venue Normalized [0,1]

We extract these altmetrics through the PlumX Metrics API for
Scopus, building API requests based on the DOIs specified in the
BibTeX file. Then, we normalize the retrieved values of each cate-
gory to assign individual scores between 0 and 1. Also, we assign
0 in case of missing PlumX data, since these have only been in-
troduced recently, and publications published before that point in
time lack such data. However, we argue that altmetrics are not only
emerging, but also a useful means of information, providing an
understanding of what publications are relevant and of high quality
before they obtain citations and broad visibility. We will discuss
this assumption in more detail within Section 4.

3.4 Output
Based on the defined metrics we discussed in Section 3.3, our tech-
nique assigns an individual score to each publication. We score the
metrics using a normalization strategy, which we display in Table 1.
Precisely, we normalize values to obtain scores between 0 and 1,
which is mostly the case for any continuously measurable metric.
We use Equation 1 to normalize the values, where we divide the
original value, such as citation count, with the maximum value we
observe for the publications in the provided BibTeX file.

𝑆𝑐𝑜𝑟𝑒𝑛𝑜𝑟𝑚 (𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖 ) =
𝑣𝑎𝑙𝑢𝑒 (𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖 )

𝑣𝑎𝑙𝑢𝑒𝑚𝑎𝑥 (𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠)
(1)

Finally, we accumulate all individual scores for each metric, using
Equation 2, to assign a final score for every publication.

𝐹𝑖𝑛𝑎𝑙𝑆𝑐𝑜𝑟𝑒 (𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖 ) =
𝑘=14∑︁
𝑘=1

𝑆𝑐𝑜𝑟𝑒𝑘 (𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑖 ) (2)

Then, our technique provides a list of all publications with their
corresponding scores (i.e., individually for each metric and final for
the publication) to the analyst in descending order of final scores.

4 EVALUATION
To conduct an evaluation, we implemented our technique as a pro-
totype in Python, and used it to replicate 10 existing, manually
performed systematic literature reviews and systematic mapping
studies. In Table 2, we list the 10 reviews that we selected ran-
domly from different research topics within the computer-science
domain. As requirements for inclusion, we ensured that each of
the selected reviews has a sufficient explanation of the employed
research method. Particularly, the search strings for the automated
search across digital libraries and the complete search strategy with
the included data sources as well as inclusion and exclusion cri-
teria must be reported. Furthermore, the number of publications
retrieved from each data source must be mentioned along with the
ones selected as relevant to allow us to compare the results of the

original search with our replication. Lastly, we selected few reviews
that are comparably old. Instead, we focused on more recent re-
views to also evaluate the impact of altmetrics, which do rarely
exist for older publications.

For each selected review, we employed the same search proce-
dure as explained by the authors. Since we replicated the searches at
a different point in time, the returned publications are not identical,
as we display in Table 2. We can clearly observe the differences in
the original and replicated search results, which are mainly caused
by changes and technical issues of digital libraries [22, 24, 42]. To
ensure that all relevant papers are included, analysts can perform
a separate snowballing and add the newly found papers manually
in the BibTeX file. However, for our initial experiment, we only
considered the results from the automated searches reported in the
original reviews. After employing the automated search, we down-
loaded and merged the BibTeX files provided by the digital libraries,
using the result as input for our prototype. Note that our prototype
currently only supports Scopus and Science Direct, which is why
we only considered these sources.

To not rely on our interpretation of what publications are rele-
vant and of what quality, which will differ from the original authors
andmisses their expertise of the research area, we decided to employ
a fully automated, and thus more pessimistic evaluation. More pre-
cisely, we determined the validity of our prototype’s scorings based
on confusion matrices to measure its accuracy, precision, recall, and
F1-score. To improve the comprehensibility of our study design and
provide qualitative insights, we first exemplify our methodology
for one of the reviews before presenting the overall outcomes.

4.1 Evaluation Example
We selected the systematic literature review of Nuñez et al. [32] as
example. The review was originally conducted to review techniques
for improving web accessibility, the domains these cover, and the
disabilities that they address, covering the period from 2015 to 2018.
Building on the guidelines of Kitchenham and Charters [22], the
review describes four stages (the numbers relate to Figure 1): (1)
specifying research questions, (4) implementing a search strategy,
(5) selecting publications, and (7) synthesizing relevant information.
We used the descriptions for the first three stages as follows.

Replicating the Search. To obtain relevant publications for their
study, Nuñez et al. defined the following search string;

“(‘web application*’ OR ‘website*’ OR ‘web page*’)
AND (‘web accessibility’)
AND (‘method*’ OR ‘technique*’)
AND (‘evaluation’ OR ‘verification’ OR ‘validation’)”
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Table 2: Reviews we selected to evaluate our technique.

Publications
ID Reference Type Year Original Replication

Found Included Found Included

1 Turner et al. [48] SLR 2009 256 27 211 23
2 Liu et al. [27] SLR 2009 191 4 278 4
3 Steinmacher et al. [46] SLR 2014 132 8 105 8
4 Knutas et al. [23] SM 2015 88 24 70 18
5 Behutiye et al. [7] SLR 2016 76 31 245 20
6 Baqais and Alshayeb [5] SLR 2019 181 27 172 9
7 Al-Shaaby et al. [4] SLR 2019 335 13 152 12
8 García-García et al. [18] SLR 2019 293 6 99 6
9 Silva et al. [45] SLR 2019 90 16 92 11
10 Nuñez et al. [32] SM 2019 43 7 57 5

SLR: systematic literature review; SM: systematic mapping study.

Originally, Nuñez et al. performed an automated search across sev-
eral digital libraries, including the ACMDigital Library, IEEEXplore,
Springer Link, and Scopus. For our analysis, we focused on Scopus
(and Science Direct for other reviews), most importantly because
PlumX data is specifically supported by this digital library, and our
prototype is currently optimized for the data format of Scopus (e.g.,
BibTeX format, available APIs). As we can see in Table 2, Nuñez
et al. received 43 search results from Scopus and selected seven
publications to be relevant. In our replication, we received 57 results
(14 more than the original review).

Employing the Prototype. After replicating the original search,
we instantiated our prototype with the obtained BibTeX file, which
contains the publications’ meta data and the automatically recov-
ered PlumX data. In Table 3, we display the resulting scorings our
prototype assigned for each metric we defined. We can see that our
replicated search comprised only five out of the seven publications
selected by Nuñez et al..

Interpreting the Results. The scores we obtained (for citation
count, author contribution, and venue metrics) and display in Table 3
are assigned based on a publication’s meta data, providing informa-
tion regarding its impact. Considering citation counts, the average
final score for all 57 publications identified is 0.20. We can see that
except for one publication, all relevant publications are above that
value, with publication 17 being considerably higher scored. This
may be closely related to the higher author contribution score that,
combined with the citation metrics, may imply that the publication
has been published by renowned experts of the research topic who
have a high visibility. In general, the closer the citation count is
to 1, the more often a publication has been cited in relation to the
other publications identified.

The next score, for author contribution, in this example indicates
that few relevant publications are published by the same authors
within the specific research area. We remark that our technique
currently supports author analyses based on Scopus only, and thus
publications are missing from our data set. Furthermore, we show
the four different venue metrics we implemented in our technique.

We can see that three of the relevant publications receive com-
parably high score, indicating that they have been published at
recognized venues compared to the other publications. Still, such
metrics are not available for all publications. For this reason, the
bottom two publications in Table 3 received 0 scores, which also
reduced their final score.

Finally, we display the individual PlumX metrics. During our
evaluation, we observed that this information is still missing for
many papers, particularly those from earlier years. We understand
that altmetrics are a rather new concept and accumulating this
information for older papers would be challenging. However, due
to their increasing popularity and support by digital libraries, we
believe they are a useful means for indicating the importance of a
publication. Our results in Table 3 show that most of the studies
lack the PlumX data, exceptions being the capture count reflecting
the number of readers interested in a publication.

To obtain the final score, we first calculate the average score over
all 57 publications. On average, each publication received a final
score of 0.40, and we can see that three of the relevant publications
are above this average (i.e., 2, 21, 17). In contrast, of the remaining
two publications one is closely below the average (41), while the
lowest score is assigned to publication 16 (i.e., 0.09). To evaluate
our technique, we use our data to construct confusion matrices:
Publications with final scores above the average that were also
included in the original review are true positives. The remaining
publications with a higher score than the average are counted as
false positives. Publications that are assigned lower final scores
than the average are false negatives, while the rest are considered
true negatives.

In Table 4, we display a summary of the confusion matrices
and performance measurements of our evaluation. We can see that
for the review of Nuñez et al. (i.e., 10), our technique achieves an
accuracy and recall of 60 %. However, precision (13 %) and F1-score
(21 %) are rather small. We expected such results, since automated
searches for literature reviews usually result in a large number of
irrelevant publications.
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Table 3: Scores of the publications from the replicated search that were also included by Nuñez et al. [32].
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2 0.29 0.05 0.56 0.55 0.36 0.36 0.11 0.00 0.33 0.37 3.00
21 0.24 0.00 0.29 0.42 0.18 0.17 0.00 0.00 0.33 0.11 1.74
17 0.47 0.20 0.12 0.24 0.09 0.08 0.00 0.00 0.00 0.10 1.29
41 0.24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.33
16 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.09

4.2 Overall Results
We further display the overall results of our evaluation in Table 4.
Using our technique, we achieved an average accuracy of 53 % with
a recall of 71 %. The average precision and F1-scores are relatively
low with 14% and 21%, respectively. Considering the high num-
ber of false positives, this can be expected since our technique is
subject to specifically defined data (i.e., meta and PlumX data) for
the analysis, aiming to summarize the most relevant publications.
Particularly, since fully automating the selection and assessment of
publications to entirely replace manual analyses is impossible and
the initial searches of systematic literature analyses often include a
high number of irrelevant publications, we expected such numbers
and argue that the scorings provide a good indication of what pub-
lications may be relevant and of what impact. So, our technique
shows that a pure metrics-based analysis of publications is, not
surprisingly, limited in its capabilities. However, it can support
researchers by reducing the time needed to analyze publications,
reason about the overall importance of the found publications based
on bibliometrics, and get an overview of publications that may be
unavailable to them. Interestingly, the performance of our tech-
nique improves for more recent studies (i.e., 4–10). This seems to
be caused by recent publications having more accurate meta as
well as PlumX data, which indicates the value of such metrics for
selecting and assessing publications. It also indicates that our initial
assumption regarding the value of altmetrics to represent qualita-
tive publications with currently missing impact is reasonable.

5 DISCUSSION
In this section, we discuss the results of our evaluation in more
detail, aiming to reason about the feasibility of our technique. To
this end, we compare our technique with other techniques that
employ similar ideas. Moreover, we reflect on the overall usability
and limitations of our technique.

5.1 Comparison with other Techniques
Among existing techniques [29, 43], we found that PaperQuest [36]
is the only one following a similar idea as we are. Precisely, Pa-
perQuest analyzes citation links to identify and assess publications

for a literature review. For this purpose, an analyst provides seed
publications that are used to automatically build a dataset by utiliz-
ing the citation counts of an external library, such as Google Scholar.
PaperQuest supports the analyst with efficient reading decisions,
sorting publications according to the ones they found interesting.
Based on the analyst’s selection along with the citation counts of
the publications, PaperQuest continues to update the reading list.

Since our technique uses a different analysis, metrics, and work-
flow than PaperQuest, a direct comparison can only provide hints
on the feasibility of our technique. Nonetheless, the core idea of
using meta data, such as citation counts, for (semi-)automating
the selection process is identical for both techniques. Even though
PaperQuest is still in its early development stage and lacks for-
mal evaluation, the developers gathered preliminary feedback from
students and faculty members. The results show that PaperQuest
reduces the effort required for conducting a literature analysis by
supporting researchers in making their decision regarding a publi-
cation. While no actual measurements are provided, this indicates
that our technique can also be a highly valuable means.

Other studies compared the work load and recall of replicat-
ing systematic literature reviews with other techniques (e.g., for
visual text mining) and analysts. Compared to these studies, we
did not involve any analyst, but only employed our metrics to
evaluate the feasibility of our technique. Interestingly, different
techniques and workflows can heavily vary in their performance.
For instance, Abilio et al. [1] replicated literature reviews with
two different strategies (i.e., vector models and ranking functions
over search strings), which yielded between 17.2 % and 52% preci-
sion with 80 % and 90 % recall. Other studies [34, 38] support these
findings, usually indicating a high recall with varying error rates
(precision) when supporting analysts with semi-automated tech-
niques. Considering that these studies involve humans replicating
the conduct, we argue that the performance of our technique based
on a semi-automated analysis is highly promising. Only relying on
metrics, we achieve a similar recall with a precision at the lower
boundary. So, we argue that our technique is valuable for selecting
and assessing publications, and can help to reduce the required
manual effort.
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Table 4: Summary of the evaluation results: confusion matrix and performance measures.

ID Confusion Matrix Performance Measures
TP FN FP TN Accuracy Precision Recall F1-Score

1 20 3 104 84 0.49 0.16 0.87 0.27
2 4 0 147 127 0.51 0.03 1.00 0.06
3 5 3 58 39 0.42 0.08 0.63 0.15
4 14 4 16 36 0.71 0.47 0.78 0.59
5 12 8 159 66 0.32 0.07 0.60 0.13
6 9 0 75 88 0.56 0.11 1.00 0.20
7 2 10 62 78 0.53 0.03 0.17 0.05
8 4 2 43 50 0.55 0.09 0.67 0.16
9 9 2 36 45 0.59 0.20 0.82 0.32
10 3 2 21 31 0.60 0.13 0.60 0.21

Average: 0.53 0.14 0.71 0.21
TP: true positive; TN: true negative; FP: false positive; FN: false negative.

5.2 Limitations and Threats to Validity
Our technique is limited to the analysis of meta data as well as
altmetrics, which cannot replace a critical, manual assessment of
publications. To ease this process, our technique successfully in-
dicates a large amount of irrelevant publications automatically,
allowing an analyst to focus on the most relevant and promising
ones. Still, our technique also faces technical limitations. For exam-
ple, at the moment, we support only two digital libraries to their full
extent and are aware of some bugs when parsing special characters
in BibTeX files.

Besides such technical limitations, our evaluation also face some
threats to validity. Namely, we did replicate only 10 literature re-
views with a minimum of human involvement. However, the semi-
automated scoring performed well compared to similar tools, and
we argue that the final scores would improve far more when involv-
ing human subjects critically analyzing the automated decisions. A
major advantage of our evaluation is the fact that we avoid several
other threats and problems (e.g., subjective opinions on relevancy,
obtaining domain knowledge), which is why we decided for using
the described performance measurements.

6 CONCLUSION
In this paper, we proposed a technique for facilitating the selection
and assessment of publications during literature analyses. For this
purpose, we rely on meta data and altmetrics, which allow us to
derive a rating based on publicly available data. We argue that our
technique allows an analyst to better understand the relevance and
importance of identified publications by providing such ratings.
Employing our technique in an evaluation with 10 replicated litera-
ture analyses, we obtained comparable results to other techniques
(i.e., accuracy of 53 %, recall of 71 %, precision of 14 %, and F1-score
of 21 %). Other techniques are typically evaluated based on fewer
replications with human subjects. So, we assume that the compara-
ble results of our technique represent a rather pessimistic scenario
(i.e., involving a human subject would improve the results). Overall,

we argue that our technique and its comprised metrics are a com-
plementary and helpful means to facilitate literature analyses—and
cannot replace a careful evaluation by an expert.

In future work, we aim to extend our prototypical implementa-
tion regarding two dimensions. First, we aim to improve the selec-
tion and assessment by improving our technique and incorporating
other concepts, such as content analysis. Second, we intend to cover
all phases of a systematic literature review, enabling researchers to
cover all phases within a single technique.
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