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Abstract 
Previous studies on relevance criteria neglected the role of bibliometric indicators, although
their use in search engine results pages is widespread. This paper reports on an online search
experiment, considering both the traditional citation count and altmetrics, and illustrates its
potential to examine the role of indicators within the relevance evaluation process as well as
the  relation  of  indicators  and  relevance  criteria.  It  provides  an  in-depth  analysis  of  the
relevance evaluation behavior of two participants chosen as examples against the background
of their disciplines, social and life sciences.
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1. Introduction

Search engines  play an essential  role  for  researchers  in  finding scientific  literature.  There  are
numerous studies on relevance criteria or relevance clues, i. e. the aspects that impact researchers’
relevance assessment  of  a  document.  Schamber  [45] presents  a  table  of  eighty  relevance factors
suggested from the literature, noticing a high overlap in spite of the variety of research approaches
and information environments. However, most of the studies reviewed in [45] focus on criteria use by
expert relevance judges as part of information retrieval effectiveness studies, not on real users. This is
different in [7]. Barry & Schamber compare two of their previous studies on researchers and students
from social  sciences and humanities  [6] and users of weather information [44]. They find a high
overlap of used relevance criteria despite differences in types of users and documents, thus suggesting
that a common set of relevance criteria exists independently of users and information systems. Cool et
al. [13]  studied  computer science students and humanities scholars. In line with  [7], they found an
overlap between the two groups, but also significant differences in dependence of the user’s situation
(knowledge, goals etc).  Among more recent research,  [33] studied the relevance criteria applied by
PubMed users. They found that a topical match was the most important selection criterion, followed
by the year of publication, a preference of reviews, and the journal’s quality or reputation. Further,
[43] provides an extensive overview supporting the hypothesis of a common set of relevance criteria.
The studies covered in the reviews and mentioned here have in common that they address the criteria,
but to a lesser extent which parts of a document or document representation are used to assess these
criteria. This is also the case for the branch of literature dealing with models and theory of relevance,
such as  the literature reviewed in  [35; 42; 43]. An exception is  [48].  Wang & Soergel developed a
document selection model, in which document information elements (title,  authors, journal etc.)  are
processed to judge  relevance  criteria (topicality, quality, novelty, …), which are in turn applied to
assess document values (e. g. functional or social values) to form the basis for the selection decision.

Most of the relevance criteria studies are from the 1990’s and early 2000’s. Since then interfaces
have changed, and while these studies layed the foundation for our understanding of criteria used for
relevance evaluation, it is unclear if and to what extent interface changes also encourage changes in
search  behavior and  weighting of relevance criteria. One of these changes is that nowadays search
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results are often enriched with bibliometric indicators. Most common is the citation count, used for
instance by Google Scholar, Web of Science and Scopus. In consideration of the important role of
citation-based measures in research assessment and long history as indicators of scientific impact, the
question rises whether the number of citations influences the human relevance evaluation process.
How much of an impact and what kind of impact do citation counts have on researcher’s assessments
of relevance?

Some  search  engines  also  include  indicators  that  are  not  derived  from  traditional  scholarly
communication. Dimensions and 1Findr show altmetrics on their search engine results pages (SERP).
Altmetrics count mentions of scholarly work in social media, mainstream media and other online
platforms. Due to  the  heterogeneity of altmetric data sources a common definition is lacking  [24].
Altmetrics do neither have citations’ tradition nor familiarity among researchers, and, also due to their
heterogeneity, their meaning may be considered even more vague, thus impeding their interpretability.
In view of these differences between citations and altmetrics the question is whether both indicators
fulfill different roles for relevance evaluation or whether their common denominator – the fact that
they are both numbers – makes them have the same kind of impact on relevance evaluation. An online
ranking experiment by Lemke et al.  [30] showed that researchers preferred bibliometric indicators
over  usage  metrics  and  altmetrics  when  deciding  what  to  read.  However,  in  the  experiment
participants  ranked  fictitious  publications  solely  based  on  six  indicators  (citation  counts,  journal
impact factor,  h-index,  download count,  tweets,  Mendeley readers) without  any other information
provided. Although the results reveal an interesting trend, they do not allow conclusions about the
prevalence of indicator use in a natural  search setting with many other bibliographic information
available. In this regard, this study aims at answering the following research questions:

RQ1: What role do indicators play within the relevance evaluation process?
RQ2: Which relevance criteria are related to the use of indicators?
RQ3: To what extent does behavior vary between different indicators?

In order to approach these questions, an online experiment was conducted. As a starting point this
paper focuses on RQ1 and RQ2 and presents an analysis of two participants from the social and life
sciences as example cases. Since not all data is available for analysis yet, RQ3 will be part of future
work. In the next section the methodology of the experiment will be elaborated including a detailed
description of the stimuli as well as a coding scheme of relevance criteria, factors and properties to be
used in the analysis of participants’ evaluation process. The third section summarizes preliminary
results based on the analysis of two individual cases in order to illustrate the potential of the study
design with a special focus on the effect of structural factors such as disciplinary background in the
selection process. The paper concludes with a brief overview of such analysis potential and provides
an outlook on further analyses to be conducted.

2. Methodology

2.1. Stimulus

In an experimental within-subject design either an altmetric score, a citation count or no indicator
was attached to the search results of a fictitious academic SERP. Participants performed searches for
given scenarios, one per experimental condition (citations, altmetrics, no indicator). A SERP contains
ten results with links to a detail page providing the abstract.  The search results were retrieved from
Google Scholar. The original ranking was not altered. No second result pages are provided and it is
not possible to re-query or re-sort the results. An indicator is attached to each entry of the SERP (cf.
Figure 1), except in the no-indicator condition. These indicators do not represent the article’s actual
indicator values. To compare if high-score results receive more, less or equal attention in dependence
of the experimental condition, the ranking bias – the tendency to favor documents early in the result
list – needs to be controlled.  A strong influence of the ranking bias has been shown especially for
Web search  [17;  18;  27;  28;  29;  32;  39;  41;  46],  but  a  similar  order  effect  on expert  relevance
judgments is observed according to [43; 51]. The ranking bias is controlled by placing high scores on
second, fifth and seventh ranks and let the other results show a comparably low score.
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2.2. Participants

Previous  research  showed  that  a  user’s  disciplinary  background  influences  the  weighting  of
relevance criteria [43]. The user’s discipline can be expected to be an influential factor especially in
the context of indicators, because traditional citation analysis is less applicable in the social sciences
and humanities due to an insufficient journal coverage, a stronger book culture and a higher tendency
to publish in native languages [3; 11; 19; 20; 24; 36; 38; 40]. Furthermore, researchers in the social
sciences and humanities tend to be more critical towards bibliometric indicators [19; 21; 22; 26; 31;
38]. In contrast, the natural and life sciences generally show a more positive attitude and stronger
usage  of  indicators  [1;  2;  5;  10;  14].  Participants  were  selected  in  view  of  these  disciplinary
differences and recruited via personal  e-mail  invitation sent  to members of Berlin-based research
facilities. 50 participants (22 females) took part in this study. 25 participants had a background in
medicine-related fields,  and 25  in  the social  sciences,  especially  sociology.  31 participants  had a
doctoral degree, 11 were doctoral students. The study sessions were conducted in German or English.

2.3. Procedure

The study was conducted online using a video conference tool. After a training task, participants
performed three search tasks while sharing their screen with the investigator. They were instructed to
choose up to three  documents from the SERP and to  prioritize these according to their relevance.
Participants were encouraged to think-aloud. Since domain knowledge impacts search behavior [12;
15; 43; 47], after each task participants  were asked to  assess their topical familiarity on a 5-point
Likert  scale.  Likewise,  they  assessed  the  perceived  level  of  difficulty  in  evaluating  the  results’
relevance  in  order  to  examine  if  indicators facilitate  the  selection  process.  After  the tasks  were
completed an interview was conducted. Participants were encouraged to reflect their criteria use by
asking them about their usual search behavior. Further, they were asked about their use of indicators
in this search and in general as well as their attitude towards indicators. To examine whether there is a
relation between  social  media use,  attitudes towards and use of altmetrics,  participants were also
asked about their usage of online services. The average duration time of a session was 90 minutes.
Each session was recorded and transcribed, including think-aloud and click behavior.

2.4. Tasks

Broad literature search is usually performed at an early stage of the research process to gain an
overview of a new topic  [4; 9; 16; 25; 34; 37; 49]. Hence, every task asked participants to become
acquainted with a topic that is broad and easy enough to grasp for novices and only loosely related to
participants’  disciplines.  Topics  were  vegetarianism from  a  sociological  perspective,  attitudes  of
athletes towards doping, and use of big-data applications in health care. To determine the order of
tasks,  experimental  conditions  and  their  combinations,  a  Graeco-Latin  square  design  was  used,
leading to 36 different study configurations to which participants were randomly assigned.

Figure 1: Search engine results page
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2.5. Coding scheme

To address RQ1 and RQ2, the transcripts are coded using MaxQDA with regard to a model by
Behnert  [8],  which takes up the essential  differentiation between relevance criteria and document
information elements of the document selection model by Wang & Soergel [48]. The basic idea is that
users evaluate the relevance of an article with respect to  relevance criteria by means of  relevance
properties.  The evaluation process is further influenced by  relevance factors.  For instance, a user
assesses  the  topicality,  method and reputation  of  an  article  (criteria)  by  examining  the  title,  the
abstract and the name of the journal (properties). The users’ choice to focus on these criteria and the
way they assess and weigh them against one another, is influenced by e. g. their personal knowledge
level and the article’s rank within the SERP (factors). To create a useful top-down coding scheme
with regard to RQ1 and RQ2, the reported relevance criteria found in previous research, especially [6;
7; 43; 48], were merged and grouped according to their underlying concepts, and finally sorted into
the threefold model of relevance criteria, factors and properties. Lastly, the properties altmetric score
and citations were added (cf. Table 1). This top-down coding scheme is open to bottom-up extensions
during the coding process.

Table 1
Coding scheme of the relevance evaluation behavior

Relevance criteria Relevance factors Relevance properties
quality knowledge level abstract
validity content novelty authors

accuracy document novelty journal
source reputation source novelty publication date

topic understanding title
depth mental effort language
scope personal credence snippet 

recency affectiveness search terms
clarity interface altmetric score
type rank citations

method time constraints
theory task constraints

empirical task difficulty
accessibility
affordability
importance

3. Results

The  transcription  and  coding  process  is  still  ongoing.  For  the  purpose  of  demonstrating  the
potential of the described experimental study design, this paper reports on preliminary analyses of two
participants, chosen as examples against the background of their discipline. One is a social scientist
(P17), the other a life scientist (P28). Both participants are male, 37 years old and hold a doctoral
degree.

Table  2 displays  the  frequency of  the  codes applied on P17’s  transcript,  thus  showing which
aspects he focuses on during relevance evaluation. Method, scope and topic are the criteria most often
mentioned. He relies heavily on information provided by the abstract, but also gains information from
the title and the journal. Moreover, it is important to him to find new content, which strongly depends
on his own knowledge level. Another influencing factor is his affectiveness, which is defined here as
the extent to which the user exhibits an affective or emotional response to the provided information.
In the case of P17, this specifically means that he finds articles relevant if they meet his personal
interests, if he “likes” them. In this case he would also take into account if there was no exact topical
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match, as the following remark illustrates: “I would probably read it, because I find it interesting. […]
But more out of some interest, and less topic specific.”

Table 2
Relevance criteria, factors and properties used by P17

Relevance criteria Relevance factors Relevance properties
method (25) content novelty (11) abstract (46)
scope (22) knowledge level (8) title (19)
topic (14) affectiveness (7) journal (18)

empirical (7) mental effort (2) publication date (10)
recency (6), theory (6) personal credence (2) language (1), search terms (1)

clarity (4)
depth (3), validity (3)

quality (2)
type (1)

The relevance evaluation process of P17 follows recurring patterns. They emerge when not only
the frequency of the codes, but their co-occurrence and chronological sequence are considered. P17
generally starts at the SERP with filtering for the method and scope of an article by looking for certain
keywords in the title, but also the journal. If he then decides to click on a result, he starts reading the
abstract  to  get  a  more  detailed  impression  of  the  articles’  method,  scope  and  topic.  To  P17,  it
increases an article’s relevance if empirical data is provided or if some aspect or idea is described that
is perceived as new. Sometimes he also considers the article’s recency or puts the content novelty in
context of the publication date. He never mentioned the indicators, neither the number of citations nor
the  altmetric  score,  nor  did  he  express  noticing  the  interface  changes  between  the  experimental
conditions.

The life scientist P28 focuses primarily on scope (cf. Table 3), thus a topic-related criterion as can
be expected. Scope alone, however, is not sufficient to him. Type and validity and to a lesser extent
method are frequently mentioned criteria. In the case of P28, type and validity are referring to a strong
preference of P28 for reviews over original articles and a strong focus on the sample size of the
examined studies. There are only a few times factors are influencing P28’s relevance perception. He
uses a quite diverse set of properties to gather information about the relevance criteria. Apart from the
abstract, P28 interacts frequently with the title. Sometimes he considers the citations, the journal or
the publication date.

Table 3
Relevance criteria, factors and properties used by P28

Relevance criteria Relevance factors Relevance properties
scope (23) task difficulty (3) abstract (29)

type (14), validity (14) personal credence (1) title (24)
method (11) citations (4), journal (4), 

topic (8) publication date (4)
recency (4) search terms (3), snippet (3)

empirical (2), topicality (2)
clarity (1), importance (1),

source reputation (1)

Regarding  P28’s  typical  relevance  evaluation  process,  taking  the  code  co-occurrence  and
chronological sequence into account, we find that P28 first scans the SERP for articles matching his
thematic scope, but is at the same time eager to find reviews, which report on numerous studies and
data sets, or broad studies. He mostly uses the title, but sometimes also the snippet and citations to
identify articles of interest. After this filtering, he reads the selected abstracts focusing strongly on the
method and validity of a study, especially the size of the data set. Indicators, specifically the citation

BIR 2021 Workshop on Bibliometric-enhanced Information Retrieval

73



count, are an explicit part of P28’s search strategy. For instance, he uses citations to estimate whether
an  article  is  a  review,  assuming  that  reviews  are  highly  cited.  The  search  task  also  required
participants to prioritize selected results according to their relevance. During this ordering process, he
started comparing the citations. However, although he noticed that one article he considered least
relevant (among the selected ones) was actually more often cited than the others, this did not change
his own prioritization. During P28’s last search task, there were no indicators displayed. He took
notice of this circumstance after a few minutes, and this made him reflect about what he uses citations
for. In P28’s opinion, citations indicate the importance of an article within the scientific community:
“Here [I] cannot rely on how many people have cited this and by that found it important at some
point. […] Of course the more citations [an article has], the more central [it is]. By now I am looking
for central things, and this help is not there now.”

Comparing the relevance evaluation behavior of the two researchers from different fields, it  is
apparent that both participants’ first concern is to look for topic matches within the search results.
This can be expected and is in line with previous research stating that topic- and content-oriented
criteria are among the most determining relevance criteria [33; 43; 48; 50]. Apart from this, relevance
evaluation behavior is more diverse: The social scientist P17 focuses strongly on the content of an
article and what kind of discourse it belongs to, whereas the interest of the life scientist  P28 lies
mostly in a study’s validity. There are less relevance factors influencing P28’s relevance perception.
Instead, he uses a more diverse set of relevance properties than P17. P17 spends most time reading the
abstracts,  while P28 engages more with prefiltering on the SERP before clicking and reading the
abstracts. The results further support the assumption that users’ knowledge level  plays a role in the
relevance evaluation process as indicated by previous research  [12; 15; 43; 47]. When working on
tasks where participants self-assessed a high topical familiarity, they adjust their behavior differently.
P17 uses his knowledge to better locate an article within a scientific discourse or theoretical tradition,
whereas P28’s familiarity seems to refer mainly to the journals and thus he uses the criterion source
reputation to perform a finer filtering on the SERP level. Furthermore, participants applied different
weights to their own opinion. P17’s relevance evaluation was often influenced by the extent to which
he exhibited an affective response, and he chose not to select articles when he did not agree with
information presented there. P28 mentioned his own opinion just once. Nevertheless, in that case,
although he strongly agreed to one of the findings, he did not select the respective article, because he
felt the scope was not close enough to the search task. Lastly, regarding their use of indicators, while
P17 did not pay any attention to indicators, P28 described the number of citations as a useful indicator
of importance within the community. Hence, especially high citations attract his attention, but they are
not important enough to override a not-relevant assessment of a highly-cited article based on scope,
validity and other criteria.

4. Conclusion

This  paper  illustrated  the  potential  of  an  experimental  study  design  to  examine  the  role  of
indicators within the relevance evaluation process (RQ1) as well as the relevance criteria that are
related to the use of indicators (RQ2). It provided an in-depth analysis of the relevance evaluation
behavior of two participants  from the social and the life sciences as example cases. Overall, even
though the analyses and results being yet preliminary in nature, they illustrate the benefits of, firstly,
using a relevance model  that  distinguishes between relevance criteria,  factors and properties,  and
secondly, an analysis focusing on patterns in the sequentiality and co-occurrence of relevance codes.

Results support the hypothesis that different usage of relevance criteria, factors and properties are
related  to  the  epistemic  cultures  of  scientific  disciplines.  Typically,  life  sciences  are  more  data
oriented  and  thus  focus  more  strongly  on  indicators  than  the  social  sciences  which  prefer  more
qualitative  approaches.  The  analysis  of  all  50  participants  will  show if  this  hypothesis  holds.  In
addition, the analysis of the post-search interview material, where participants expressed their attitude
towards indicators in general and with regard to their search behavior, will be used to produce a more
comprehensive picture of the relation of relevance criteria and indicators. Another approach to study
the impact of indicators on relevance evaluation is not by qualitatively analyzing individuals, but with
a quantitative analysis on the level of the experimental conditions (citations, altmetrics, no indicators)
across  participants,  to see whether results  with higher  indicator values  are  more often clicked or
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mentioned than results with low values, or if they are more often selected as relevant. Another focus
will  be on the differences between citations and altmetrics (RQ3),  in terms of both their  use for
relevance evaluation and researchers attitudes towards their importance as impact indicators.

By  addressing  these  questions,  I  hope  to  contribute  to  the  extension  of  our  understanding  of
relevance criteria,  especially since  indicators have become a crucial,  but  yet  understudied part  of
scientific search interfaces.
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