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Abstract
Context: In software engineering, snowball sampling has been used as a supplementary
and primary search strategy. The current guidelines recommend using Google Scholar
(GS) for snowball sampling. However, the use of GS presents several challenges when
using it as a source for citations and references.
Objective: To compare the effectiveness and usefulness of two leading citation databases
(GS and Scopus) for use in snowball sampling search.
Method: We relied on a published study that has used snowball sampling as a search
strategy and GS as the citation source. We used its primary studies to compute precision
and recall for Scopus.
Results: In this particular case, Scopus was highly effective with 95% recall and had
better precision of 5.1% compared to GS’s 2.8%. Moreover, Scopus found nine additional
relevant papers. On average, one would read approximately 15 extra papers in GS than
Scopus to identify one additional relevant paper. Furthermore, Scopus supports batch
downloading of both citations and papers’ references, has better quality metadata, and
does better source filtering.
Conclusion: This study suggests that Scopus seems to be more effective and useful
for snowball sampling than GS for systematic secondary studies attempting to identify
peer-reviewed literature.

Keywords: Snowball sampling, snowballing, reference-based, citation-based, search
strategy, systematic review, systematic mapping

1. Introduction

Systematic literature reviews and mapping studies [1] rely on a systematic and extensive
search to identify the literature on a topic of interest. The two main search strategies in such
secondary studies have been: (1) the use of keyword-based search and (2) supplementing
the keyword-based results with snowball sampling [2]. However, others have proposed to
use snowball sampling as the primary search method [3, 4]. Snowball sampling refers to the
use of reference-of (for backward snowballing) and citations-to (for forward snowballing),
a set of papers for identifying other relevant papers.

The indexing/citation database plays a critical role, whether using snowball sampling
as the primary or supplementary search strategy. The coverage of the citation database
may limit the snowball sampling strategy’s effectiveness. Several alternative electronic data
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sources for citation search exist, e.g., Elsevier Scopus (Scopus), Clarivate Analytics – Web
of Science (WoS), and Google Scholar (GS). However, the current guidelines [4] recommend
using GS.

For keyword-based search, where an automatic search is conducted using a combination
of keywords, several studies have investigated the relevance and coverage of different
electronic data sources [5–7]. However, no such investigation is reported of electronic data
sources for snowball sampling in software engineering (SE) to the best of our knowledge.

In this study, we have compared Scopus and GS for use in the snowball sampling search
strategy. We choose GS and Scopus, as these are among the most used citation databases
in SE systematic reviews [2]. Similarly, the snowball sampling guidelines in SE recommend
the use of GS [4]. The snowball sampling guidelines [4] already have over 2000 citations1.
At least 1150 of these 2000 citing articles mention “google scholar”2 indicating that GS
is one of the sources used in these articles. This further justifies this study as the results
could potentially have significant implications for future SE research employing snowball
sampling in their search strategy.

The remainder of the paper is structured as follows: Section 2 describes the related
work. Section 3 presents the approach used in this study for comparing the two sources.
Section 4 presents the results. In Section 5 we further discussed the limitations of GS in
light of related research. Section 6 presents our recommendations for future studies using
snowball sampling search strategy. Section 7 highlights the validity threats and limitations
of the paper. Section 8 concludes the paper.

2. Related work

We discuss the related work for this study in three complementary themes: (1) guidelines for
the design, reporting, and evaluation of search strategies (2) the evaluation of electronic data
sources used in SE, and (3) studies comparing citation databases without a focus on SE.

2.1. Search guidelines for systematic secondary studies

Several comprehensive guidelines for designing keyword-based search [1] and snowball sam-
pling [4] are available. Furthermore, new improvements have been suggested to the design
and assessment guidelines [8–11] based on the limitations identified in the repeatability of
search in existing SLRs [2, 9].

Even when using keyword-based search as the primary search method, it is recommended
to supplement the search using snowball sampling [1]. Thus, both search strategies will
benefit from this study that assesses the usefulness and effectiveness of the currently
recommended citation source.

2.2. Comparison of databases for keyword-based search in SE

There have been numerous studies investigating electronic data sources for keyword-based
searches covering topics such as features required to support secondary studies ([7, 12, 13])
overlaps among sources ([5, 6, 14, 15]), and the value of Google and GS ([7, 13]). These

1On September 20, 2021, in GS, Wohlin’s guidelines [4] had accumulated over 2000 citations.
2In GS, we searched for “Google Scholar” within the articles citing Wohlin’s guidelines [4].
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studies conclude that: (a.) multiple sources should be searched ([5, 6, 14, 15]), and (b.) GS
and Google have good coverage of SE literature and SE secondary studies ([7, 13]).

However, we could not find a study in SE that compared citation databases for snowball
sampling. In this study, we fill this gap by assessing the effectiveness and usefulness of the
recommended citation database, i.e., GS, in the current guidelines and comparing it with
other commonly used citation databases in SE research.

2.3. Studies comparing citation databases outside SE

Several comparisons of citations databases have been conducted, which are summarised in
Table 1. The main sources compared include GS, WoS, Scopus, and Microsoft Academic
Search (MAS). Some studies have indicated that the coverage (both in terms of indexing
papers and citations) varies between different sources depending on the timeframe and
research areas considered [16, 17]. However, one can conclude that overall, GS has the
most indexed bibliographic records and citations [18–21]. GS also seems to have a faster
indexing speed [22]. On the other hand, the quality of data and transparency of what is
indexed is better in paid services like Scopus [22].

In this study, which is the first in SE literature, we compare GS and Scopus as sources for
citations and references when performing snowball sampling. Unlike the studies discussed

Table 1. An overview of related work on comparing various data sources outside SE

ID Data sources
compared

Parameters Main conclusions

[16] GS, WoS As a source for forward snowball
sampling for public health litera-
ture.

WoS is recommended for public
health guidance needs.

[17] GS, WoS, Scopus For citation tracking in two fields
oncology and condensed matter
physics.

Databases performance varied for
different research areas and pub-
lication years.

[18] GS, MAS No of papers indexed and cita-
tion to those papers for several
authors.

GS indexed more papers and ci-
tations for information and com-
puting literature.

[22] GS, Scopus Indexed sources and indexing
speed.

Scopus provides a clear documen-
tation of what is indexed in its
database. Scopus has higher ac-
curacy and quality of data.The
most important additional source
indexed by GS is Google Books.
GS has faster indexing speed.

[19] GS, WoS, Scopus,
MAS, and eight
others

Number of bibliographic records
indexed by the data source.

GS had the most number of bibli-
ographic records.

[20] GS, WoS, Scopus,
MAS, and two
others.

The number of citations to a set
of 2515 highly-cited documents.

GS has the most number of cita-
tions.

[21] GS, WoS, Scopus,
MAS.

The number of citations to set
of 150 articles from journals with
high, low and no impact factors.

GS and Microsoft Academic had
similar average number of cita-
tions, which were much higher
than WoS and Scopus.
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above, we take into consideration the relevance of the additional citations (not just the
number of citations) found by a source.

3. Research method

In this study, we have only compared Scopus and GS. These two are the most often used [2]
citation databases [6] in secondary studies in SE. Moreover, GS is the recommended source
in snowball sampling guidelines in SE [4]. Hence, we attempt to answer the following
research question:

RQ: How effective and useful are GS and Scopus citation databases for implementing
snowball sampling-based search strategy?

To compare Scopus and GS, we have used a published systematic review [23] (from
here on referred to as the case SLR) that has used GS for executing the snowball sampling
search strategy. We did this for convenience as we had access to the intermediate and final
results, which is hard to obtain for papers where one has not been a co-author [24]. In the
future, we intend to replicate the analysis reported in this paper on more published papers
reducing the bias that having a single case introduces. This limitation is further discussed
in Section 7. The data used in the study is available for replication and further analysis by
other researchers at this link.

3.1. Criteria for assessing the effectiveness and usefulness

We now present the criteria for evaluating the effectiveness and usefulness of citation
databases as used in this study:

Effectiveness: The primary studies from the case SLR have allowed us to objectively
assess the implication of using Scopus instead of GS using the following metrics (adapted
from [1, 16]):
– Recall = 100 * (# of primary studies found in the search) / (total # of primary

studies).
– Precision = 100 * (total # of primary studies in the search results) / (total

# of search results).
– Number needed to read for each relevant paper (NNR) = (total # of ex-

cluded papers) / (# of primary studies found in the search results)
Usefulness: Usefulness [25] in this study is defined as a subjective measure of how well

a source supports users performing snowball sampling. We consider the following features
as indicators for the usefulness of a citation source for snowball sampling:
– Ability to easily download citations to a paper.
– Ability to easily download the references in a paper.
– Ability to easily filter citations and references (e.g., based on the publication language,

venue, or whether they are peer-reviewed).
This is not an exhaustive list of features. However, these are essential for enabling the

use of snowball sampling as a search approach.

3.2. Overview of the relevant aspects of the case SLR

The case SLR [23] was an attempt to find industrially relevant regression testing research.
Existing SLRs on the topic of regression testing were identified and used as a start-set for
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one iteration of forward and backward snowball sampling. Forward snowballing here refers
to reviewing the citations to the papers in the start-set, and backward snowballing refers
to checking the references used in the papers in the start-set. By one-iteration, we mean
that no further snowballing was performed on the additionally included relevant papers
found in the first iteration.

The search in the case SLR [23] was done in August 2016. Since the search was done in
August (without a clear cut-off at a full year), it was impossible to recreate the citations list
of Scopus in August 2016 at the time of the current study. Therefore, to have a relatively
fair comparison, we have included the citations from both GS and Scopus up to and
including the calendar year 2016.

Table 2 provides information about the start set, the number of citations and references
in the start set. The case SLR had 38 primary studies. However, four papers were excluded
from the comparison in the current study (i.e., making 34 primary studies in Table 2).
Of the four papers not considered as primary studies in the current review, three were
excluded as these were not identified by snowball sampling in the case SLR (these were
added as a known-set of papers), and the remaining one paper was in pre-print in 2016,
i.e., at the time of the search in the case SLR. The paper was eventually printed in 2017.
This means that a search now will not find it as a publication in 2016 but as a publication
from 2017. Furthermore, we had identified 12 of these primary studies through backward
snowballing (i.e., through references in the seed set and do not represent the value of the
data source, since they are listed in the full-text of the papers). Therefore, when assessing
the effectiveness of GS and Scopus, we have used only 22 primary studies found by forward
snowballing for comparison. For assessing the usefulness, we consider the features of the
citation sources for both forward and backward snowball sampling.

Table 2. Details of the start set used in the case SLR [23]

No. of papers in seed set 11
No. of references in the seed set 877
No. of unique references in the seed set 506
No. of primary studies 34
Primary studies found through backward snowballing only 12

4. Results

After removing duplicate citations, we had 764 citations in GS and 415 in Scopus (see
Table 3). Table 3 shows the number of citations and the objective measures of effectiveness
for both sources. Please note that recall by definition will be 100% for the source used as
a baseline. We also present the potential impact of having used Scopus in the Table 3.

The Venn diagram (see Figure 1) shows that 365 papers (that did not meet the inclusion
criteria of the case SLR) and 21 (primary studies) are shared between Scopus and GS. At
the same time, Scopus and GS each have 20 and 377 unique papers (that is papers that
did not meet the inclusion criteria of the case SLR), respectively. Whereas nine potential
primary studies are identified only by Scopus, and GS only identifies one unique primary
study.
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Table 3. Precision and recall for the two sources

GS Scopus

No. of citations to the seed papers 937 498
Unique citations to the seed papers (after re-
moving duplicates)

764 415

Using only GS for forward snowballing, and its comparison with Scopus shows the
following:a

Of the 22 primary studies identified in GS 22 21
Precision (22/764) * 100 = 2.8% (21/415) * 100 = 5.1%
Recall (22/22) * 100 = 100% (21/22) * 100 = 95%
NNR (377 + 365)/22 = 33.7 (29 + 365)/21 = 18.8

Using only Scopus for forward snowballing, and its comparison with GS shows the
following:b

Of the 30 potential primary studies identified
in Scopus

21 30

Precision (21/764) * 100 = 2.7% (30/415) * 100 = 7.2%
Recall (21/30) * 100 = 70.0% (30/30) * 100 = 100%
NNR (377 + 365 + 1)/21 =

35.3
(20 + 365)/30 = 12.8

a The nine potentially relevant papers only identified by Scopus are not considered in the analysis.
b One primary study only identified by GS is not considered in the analysis.

9

ScopusGoogle Scholar

Papers not meeting the inclusion 
criteria of the case SLR

Primary studies in the case SLR 
identified using GS

Potentially additional primary 
studies if Scopus was used in the 
case SLR

377 365 20

21

1

Figure 1. Data and results of the comparison between GS and Scopus

4.1. Effectiveness of GS and Scopus

Of the 22 primary studies identified through forward snowballing in GS, except for one
paper, we found all the primary studies through Scopus as well (see Figure 1). While
both the missing primary study and the referenced seed paper are indexed in Scopus, the
citation is not recognized in Scopus. We reported the issue to Elsevier’s support, and the
papers are now correctly linked.

We further analysed the 29 unique citations in Scopus (see Figure 1) by applying the
selection criteria of the case SLR. We found that nine of these papers meet the selection
criteria and would be shortlisted for data extraction and synthesis. However, we have not
done the data extraction and re-analysis of the entire data for the current paper as we do
not consider it essential for the objective of this paper. The impact of these nine papers on
the metrics of effectiveness used in the study is presented in Table 3. The numbers indicate
that Scopus would have been a far superior choice. However, since we have not done data
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extraction from these nine potential primary studies, we are not confident if they will all
become primary studies. Therefore, for the remainder of the paper, we will focus on the
numbers based on the case SLR where GS was used.

For the case SLR, the values for precision and NNR show that Scopus is more effective
than GS. Scopus found 95% (21 out of the 22 papers) of the relevant papers identified
by GS with considerably higher precision. The NNR value in (see Table 3) suggests that,
on average, one would have to examine 15 extra papers in GS than Scopus to identify an
additional relevant paper.

4.2. Usefulness of GS and Scopus

Table 4 summarises our assessment of GS and Scopus against the stated criteria for
usefulness.

Table 4. Usefulness of GS and Scopus for snowball sampling

GS Scopus

Ability to easily download citations to a paper No Yes
Ability to easily download the references in a paper No Yes
Ability to easily filter citations and references No Partially yesa

a In Scopus, of the 14 fields of metadata to use for filtering citations only
four fields are available to filter references in a paper. This was last
confirmed in December 2021.

Downloading citations to a paper and references in a paper: In GS, it is
difficult to download citations to papers. There is no native support for batch downloading
of citations. Furthermore, to prevent denial of service attacks, GS blocks any attempt to
automate the download. For example, one of the seed papers for the case SLR has over
1200 citations making it very difficult to download the citations manually. Furthermore, GS
has no support for backward snowballing as references in the papers have to be manually
extracted from the papers’ full text.

On the other hand, we found that Scopus facilitates both forward and backward snow-
balling, by enabling batch download of citations and references.

Filtering citations and references: In GS, we found no means to exclude based on
the publication language or whether they have been peer reviewed. For systematic studies
that only include peer-reviewed literature published in certain languages (which is often
the case in SE), we consider this a significant limitation of GS. Furthermore, due to the
quality of metadata in GS, it was also difficult to remove duplicates. It took considerable
effort to resolve minor differences in the titles and venues of the papers.

In Scopus, we can extract additional metadata about the publication, including the
publication type and language that significantly aids in the selection process. Moreover,
removing duplicates was reasonably straightforward in the citations retrieved through
Scopus, as the data were relatively clean.

5. Discussion of GS in light of the related work

As discussed in Section 4, our study shows that GS does not have features that are necessary
for its use in snowball sampling-based search. Furthermore, we found that Scopus was more
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effective and useful for this purpose. To further strengthen our recommendation to use
Scopus instead of GS, we now briefly discuss the limitations of GS in terms of the nature
and quality of metadata indexed in it, transparency of what is indexed, and its support
for snowball sampling. We base this section both on the results of our study and also on
investigations of GS by others.

5.1. Lack of transparency in what is indexed

There is a lack of transparency regarding what is indexed in GS [16, 26] which may explain
to a certain degree the changing citation numbers for the same period [27]. This is a serious
threat to the reliability of search when using GS. Furthermore, Winter et al. [27] concluded
in a longitudinal study that the number of citations substantially increased in GS for the
same articles retroactively (i.e., when the search was repeated for the number of citations
for a paper in the same time period on a later date, a larger number of citations was
retrieved). They conclude that coverage seems to have stabilized over the more recent
years [27]. However, in a recent investigation Martín-Martín and López-Cózar [26] found
large fluctuations in coverage of literature by GS, which they conclude is a clear limitation
of GS’s use as a data source for bibliometrics.

5.2. Quality of metadata

GS does not facilitate automatic data collection (see Section 4), and researchers use custom
web scrapers to extract the list of citing documents (e.g., see Martín-Mart í [20]). For the
current study, we used Publish or Perish3. However, we noticed several shortcomings in
the collected data, e.g., several entries were missing venues, abstract, or publication years.
This is consistent with the observations by other researchers [22, 28–30]. For example,
Adriaanse and Rensleigh [30] compared the content quality of WoS, GS, and Scopus and
found that Scopus outperformed both WoS and GS [30]. They concluded that GS had the
most inconsistencies, like mistakes in author spellings and order and the volume and issue
numbers for the publications. Recent bibliometric studies using citation data in various
disciplines including SE have also used Scopus [31, 32].

5.3. The quality of literature in GS

Aguillo [33] investigated the literature coverage by GS by analyzing which web domains
are the sources for their records. GS indexes low-quality literature like low-impact journals,
teaching material, unpublished reports. They concluded that GS lacks the quality to use in
bibliometric studies, a conclusion shared by other studies [22].

GS may be a useful source for studies interested in both peer-reviewed and non-
peer-reviewed literature, e.g., in multi-vocal literature reviews [34] or topics wherein
insufficient scientific literature is available.
However, there is considerable and unavoidable noise in GS search results for other
studies, where primarily peer-reviewed literature is of interest. For example, the citations
analysis of a paper with 234 citations in GS [35] revealed that only 116 of the 234
citations were from journal and conference papers in English, and 54 of the remaining
118 citations were from Grey-Literature.

3Harzing, A.W. (2007) Publish or Perish, available from https://harzing.com/resources/publish-or-
perish.
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6. Recommendations when using snowball sampling

The studies using snowball sampling as the search strategy often conflate a systematic
literature study’s search and selection phase. We have observed at least two consequences
of this: (1) the level of record-keeping is insufficient for cross-validation and replications
(in particular for studies considering a large number of papers), (2) it is challenging to
employ the best practices for study selection (e.g., using multiple reviewers or using text
mining-based solutions).

SLR authors need to record the meta information for each citation and reference
considered in various snowball iterations in an SLR. Another benefit of documenting the
start set, the metadata of papers considered and the finally included primary studies list will
be to enable comparison of various citation sources for snowball sampling. However, several
current SLRs using snowball sampling as the primary search strategy do not document the
data about intermediate references and citations considered in an SLR.

Suppose Scopus is used to operationalize the snowballing strategy. Then with some
additional effort, one can automatically download the citations and references and other
necessary metadata, including publication venues, language, abstracts, and keywords.
Once these references and citations are collated, and duplicates are removed (as done in
the keyword-based search), we can proceed with using state-of-the-art procedures, and
tools [24, 36, 37]) to assist the selection process [1].

Furthermore, the metrics and indicators used in this study [1, 6, 16] can be used to
assess the electronic data sources for snowball sampling. However, these metrics must
be interpreted in relative terms, i.e., to compare two or more data sources, as the entire
population of all primary studies is unknown, and we typically only identify a subset of
the primary studies in our search [38].

7. Validity threats

The current study has used only one case SLR; therefore, we need similar comparative
analysis of other secondary studies to gain more confidence in the value of using Scopus.
However, the results of the study illustrate the need to evaluate the recommendation of
using GS in the guidelines for performing snowball sampling.

In this study, surprisingly (as several studies as discussed in Section 2 considered GS
more comprehensive than Scopus), we found that Scopus has 29 unique contributions that
are not available in GS. After applying the inclusion-exclusion criteria from the case SLR,
we identified that nine of these papers would have been included in the case SLR. It will be
interesting to see what may have been the impact of these on the results of the case SLR.
However, that analysis has not been done in the current study since we did not consider it
essential for the objective of this paper.

Since we are doing the study in 2021 and looking at citations in 2016, this may be
a disadvantage to the database that is more efficient in indexing new publications and
updating the citations. This limitation of our study can be overcome by replicating the
analysis on more recently concluded SLRs that have used GS for snowball sampling.

We have cleaned the data extensively to avoid any problems, e.g., hyphenation or case
differences in the citing papers’ titles. However, we may have still missed a few unique
cases where the same papers are considered unique due to slight differences. However, due
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to the measures taken and manual checking of some of the unique results, we are confident
that this is not a significant threat to this study’s validity.

Furthermore, the criteria used for usefulness are not very comprehensive. In the future,
we should also collect additional data about the perceived usefulness of the two citation
databases. However, we think that the criteria used for evaluation in this study indicate
the usefulness of the databases for use in snowball sampling.

8. Conclusion

In this study, we have compared and empirically evaluated two leading alternative sources
of citation data for snowball sampling. GS and Scopus have very different features and
have different strengths, which will make them suitable for different use cases. However,
based on the results of the current study, we conclude that Scopus is a superior source for
snowball sampling in SE research when primarily peer-reviewed literature is targeted.

The results of this study suggest that by using Scopus instead of GS researchers can
save substantial effort in data collection and reduce the effort spent on selection without
a significant likelihood of missing relevant peer-reviewed literature. Based on these findings,
we recommend that the researchers employing a snowball sampling search strategy may use
Scopus in the future.

In the future, we would like to replicate the analysis reported in this study with other
published secondary studies and with additional citation databases.
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