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The objective of this controlled information retrieval (IR) user experiment is to gain an understanding of domain experts’ interactions
with novel search interfaces within the context of biomedical information search, with a goal of better search interface design. In this
paper, we examine the relationships among user perception, gaze and search behaviour and user search performance. An eye-tracking
study of biomedical domain experts’ interactions with novel search interfaces was conducted. A total of thirty-two users participated
and searched for documents answering eight complex exploratory search tasks, using four different search interfaces. The findings
suggest that gaze behaviour in terms of fixation durations based measures of areas of interest (AOI), i.e., visual attention to the elements
of title, author, abstract and MeSH (Medical Subject Headings) terms in document surrogates is correlated with search performance.
Users are more likely to achieve better search performance by precision-based measures when 1) search tasks are perceived as difficult;
2) users attend to the element of abstract; and 3) users can recall using the per-query suggestions during the search processes. More
importantly, our findings suggest that a user search interface design that displays contextual information between the suggested
keywords and the document may better support users reformulating their queries for complex search tasks in the biomedical domain.

We discuss implications for the design of search user interfaces for biomedical searching.
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1 INTRODUCTION

The significance of user characteristics in user interactions with information retrieval (IR) systems is generally recognized,
but current IR systems are primarily designed for one style: specified search [e.g., 2, 17, 35, 50]. A user-centred approach
to interface design that takes into account individual differences, search goals and tasks, has the potential to support

users interacting with IR systems more efficiently and effectively. More importantly, the search user interfaces and
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results from current IR systems have not been optimized for domain experts by considering their domain expertise and
querying behaviour. While ordinary searchers may be satisfied with the search results from short queries, effective
search in specialized domains requires the domain knowledge and ability to formulate complex queries partly because
of the technical nature and large sizes of biomedical information resources [41, 57].

Controlled vocabularies such as MeSH (Medical Subject Headings) have been extensively used to organize information
resources in the biomedical domain. The practice of using controlled vocabularies costs millions of dollars (e.g., the
use of MeSH terms by the US National Library of Medicine); however, the usefulness of these terms for information
access has not been rigorously evaluated in interactive search environments [cf. 38]. Current search systems (e.g.,
PubMed! and MEDLINE based on MeSH) use various retrieval techniques (e.g., suggested term mapping and query
expansion) to map user queries to potentially relevant documents. For example, in PubMed the user query "covid 19"
is automatically mapped to several MeSH terms, such as "COVID-19", "COVID-19 Vaccines", "covid-19 testing" and
"sars-cov-2". Yet automatic query expansion using MeSH terms and their weighting still have high variability for search
effectiveness [60]. More importantly, user studies have suggested that domain experts will benefit the most from MeSH
terms but that they also need search tools to support their reformulation of queries [38].

This paper reports the findings from a larger research project that investigates domain experts’ interaction with novel
search user interfaces by observing eye gaze, user perception, search behaviour and search performance when searching
clinical search topics. In this study the search tasks are exploratory since they involve learning and investigation
activities [42] for open-ended information problems. The effect of user characteristics, exemplified by domain knowledge,
search experience and cognitive style on gaze behaviour and the relationship between eye gaze patterns and search
behaviour in uncertain search environments have been reported in previous publications [37, 59].

In this paper, we focus on identifying the relationships among gaze, user perception, search behaviour and search
performance, with particular references to user models and implications for gaze-based search interface design. To that

end, our specific research questions are as follows:

e Where do people look when searching complex questions in biomedical searching?

e How do gaze, user perception, search behaviour and search performance relate?

This study contributes to our enhanced understanding of the relationships among user perception, gaze, search behaviour

and search performance, with particular references to the design of search interfaces for biomedical searching.

2 RELATED WORK
2.1 User characteristics and perception in search interfaces and IR systems

From the cognitive perspective, IR researchers have been concerned with the usability and usefulness of search
interfaces or system features that are designed to support various kinds of IR tasks, particularly query formulation
and reformulation tasks [e.g., 3, 25]. Interactive IR research has focused on these search tasks, partly because query
formulation/reformulation tasks are considered complex cognitive processes and users need further support during
search processes [e.g., 23, 58, 59].

Some studies have revealed that the user characteristics of search expertise and domain knowledge affect user
perception in search interfaces and system features in uncertain search environments. For example, domain experts
found the term suggestion feature for unfamiliar search tasks [57]. Doctors were able to use the proposed semantic

components for structuring queries and are likely to produce highly relevant documents [41]. Searchers with less search
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expertise used the query suggestion feature more frequently for search topics perceived as difficult [45]. Searchers
without a medical background did not pay attention to the search interface designed for the exploration of the
relationships among the retrieved documents when performing health information tasks [61].

Overall, these studies suggest that the usefulness of search features in support of various IR tasks depends on
searchers’ domain knowledge and search experience, as well as the perceived difficulty of or familiarity with search
tasks. However, it’s not certain in which contexts users pay attention to these system features, and whether the use
of these systems features contribute to better search performance and efficiency. Further, searchers’ levels of domain
knowledge and expertise in user studies have rarely been measured by standardized tests [46] or user comprehension
of documents [38]. More research on the design of search interfaces using eye-tracking techniques, as a window to the

user cognitive processes, to study user characteristics and visual search behaviour in more detail is needed.

2.2 Eye gaze and search interface design

Recent human-computer interaction (HCI) and IR research has focused on users’ cognitive aspects in search interactions
by measuring the gaze patterns, an indicator of searcher attention and cognitive processes [e.g., 11, 13, 39, 49]. The
use of eye-tracking equipment for capturing searchers’ fixation patterns provided a rich set of data to understand
whether searchers read document surrogates (e.g. summary and metadata) and more importantly, how searchers attend
to different elements of search interfaces or search results [e.g., 30, 32].

For example, in a study that compared search interfaces with visible and collapsible facets [30], no significant
difference was found in the user’s areas of interest (AOI) on the facets panel. In another study of user interactions with
a faceted search interface, users spent the most time looking at the search result items in which no distinction was
made between title and abstract in terms of AOI [34]. Similarly, there’s no significant effect of the interface (list vs.
tabular) in total fixation time on search results [28].

Even though the elements of search results or search interfaces are characterized in different ways for research
purposes, research suggests that users pay more attention to the elements related to the contents of search results
pages than others such as search suggestions and URLs [e.g., 10, 13, 34]. Users’ attention to the snippets of web pages
increased when the length expanded [10]. In web search environments users paid more attention to top 3, next top
3 and top advertisements than other regions, such as related searches on the search engine results page (SERP) [13],
while few abstracts in SERPs from Google and Yahoo were viewed in query reformulation [39]. However, the title of
lower-ranked items was considered more important than the snippets of higher-ranked items [54].

These studies generally suggest that there’s no significant difference in users’ gaze on comparisons of search interface
layouts, and users’ attention to elements of interfaces depends on the length and quality of snippets on SERPs, as well
as the characterization and, displayed position of AOI in search interfaces.

The modelling of user search behaviour using eye-tracking has been concerned with levels of domain knowledge, user
interests, inference of search task types and relevance judgment [1, 4, 8, 22]. However, there is limited understanding of
the effect of individual differences in user perceptions and patterns of gaze for the design of search interfaces in support
of specific IR tasks, such as query formulation and reformulation [cf. 14] for exploratory and complex search tasks.
Recent studies have extended this thread of research to building computational user models for predicting search success
in information visualization tasks [56], perceived relevance of documents [4], as well as examining the relationship
between eye gaze and work roles when users interact with textual and numerical information within the interfaces of a

data-driven persona system [50]. Overall, more research on the understanding of user cognitive processes in support of
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specific IR tasks, and the integration of eye gaze data and search behaviour for predicting user search performance is

needed.

3 METHODS

This is a user-centred eye-tracking study of gaze, user perception, search behaviour and search performance for
exploratory search tasks in the biomedical domain, with particular reference to the user’s attention to and use of the
document surrogates. The study has been approved by the Human Research Ethics Committees at the Australian

National University and at Charles Sturt University.

3.1 Participants

A total of 32 people participated in the study. Genders were balanced and most participants were students (13 under-
graduate and 15 postgraduate), and young (19 were aged between 18 and 24, and 9 were between 25 and 34). A majority
(27 of 32) had not used MeSH, but most had substantial experience using search engines (half reported daily use and 12
reported use search engines, such as Google and Bing several times a day or more). The participants had background
knowledge in the domains of biology, biotechnology, medical science, neuroscience and biomedical engineering, or

some knowledge of biology in their prior learning.

3.2 Experimental design

We used a 4 X 4 X 2 factorial design with four search interfaces, controlled search topic pairs and cognitive styles (see Liu
et al. [37] for more details about cognitive styles). A 4 X 4 Graeco-Latin square design was used [18, 33] to arrange the
experimental conditions. Given the interest in the fixed, main effects and interactions of analysis of variance (ANOVA),
a medium effect size of .25, & < .05 and total sample size of 256 (32 subjects x 8 topics) provides very good statistical
power (f = .07) [7, 15].

3.3 Search interfaces

Participants searched on four different search interfaces, with a single search system behind the scenes. The four
search interfaces were distinguished by whether MeSH terms were presented and how the displayed MeSH terms were

generated:

Interface “A” (Figure 1a) mimicked web search and other search systems with no controlled vocabulary. This
interface had a brief task description at the top; a conventional search box and button; and each result was
represented with its title, authors, publication details, and abstract where available.

The full text was not available, so the results were not clickable. Users judged their success on the titles and
abstracts alone.

Interface “B” (Figure 1b) added MeSH terms to the interface. After the user’s query was run, MeSH terms from all
results were collated; the ten most frequent were displayed at the top of the screen. This mimics the per-query
suggestions produced by systems like ProQuest?.

MeSH terms were introduced with “Try:” and were clickable: if a user clicked a term, their query was refined to

include the MeSH term and then re-run.

ZFor example, see http://www.proquest.co.uk/en-UK/products/brands/pl_pq.shtml
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Fig. 1. Four search interfaces developed in the study.

Interface “C” (Figure 1c) used the same MeSH terms as “B” but displayed them alongside each document, where
they may have been more (or less) visible. It is a hybrid of Interfaces “B” and “D” for comparative purposes.
There is no difference in the layout of Interfaces “C” and “D”. The difference lies in how the suggestions are
generated: per-query suggestions in Interface “C” and per-document suggestions in Interface “D”.

Interface “D” mimicked EBSCOhost?® and similar systems that provide indexing terms alongside each document.
As well as the standard elements from Interface “A”, Interface “D” displayed the MeSH terms associated with

each document, as part of that document’s surrogate (Figure 1d).

Each interface was labelled with a simple figure—square, circle, diamond, or triangle—which was referred to in the

exit questionnaire.

3.4 Search topics
Search topics used here were a subset of the clinical topics from OHSUMED [24], created for batch-mode IR system

evaluation. The topics were slightly rewritten so they read as instructions to the participants (See Figure 2 for an

example and Appendix for eight selected topics).
Topics were selected to cover a range of difficulties with topics sorted according to the number of judged relevant
documents with two topics selected at random, from each quartile. These eight topics were then randomly paired off to

produce four pairs of topics. A final topic (See Figure 2), the same for all participants, was used for training.

Shttp://www.ebscohost.com/
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Imagine that you are 63-year-old male with acute renal failure probably 2nd to aminoglycosides/contrast dye.

You would like to find information about acute tubular necrosis due to aminoglycosides, contrast dye, outcome
and treatment.

Fig. 2. An example of OHSUMED search topic, reworded for the participants.

3.5 Procedure

Participants were given brief instructions about the search task and system features, followed by a practice topic and
then the searches proper. They were informed the test collection is incomplete and out-of-date, an agreed condition
for the dataset reuse, since the OHSUMED test collection was used [24], with MEDLINE data from 1987 to 1991. User
interaction data recorded included: all queries, mouse clicks, retrieved and saved documents, time spent, and eye
movements.

Background and exit questionnaires collected demographic information and asked participants about their perception
of the search process. Participants’ opinions of the tasks and the interfaces were sought. In particular, users were asked:
(1) How difficult was the search task? (2) How useful was the system in completing the search task? (3) whether you
noticed the keywords suggested by the systems? and (4) whether you used the keywords suggested by the systems?
Finally, information on participants’ cognitive styles was collected by a computerized test [47], which took a further 15

minutes to complete.

3.6 Hardware and software

The search system was built on Solr*, which uses the Boolean logic in query specifications. The search results were
ranked by default relevance score, based on the vector space model with the TF-IDF weighting [51]. The MeSH terms
were not specifically weighted.

Eye gaze data was recorded from two Sony VFCB-EX480B infrared (IR) cameras which are controlled by Seeing
Machines FaceLab 4.5 software’ and attached to a dedicated machine running Windows 7. At the same time, EyeWorks
Design and EyeWorks Record® were used to present instructions for the corresponding search tasks during the
experiment. Gaze points were recorded at 60Hz, and the eye gaze data included the x and y coordinates of where the
eye was looking on the screen, as well as the time that gaze point is recorded. A Windows 7 computer was dedicated to

the cognitive styles test [47].

3.7 Data analysis

Where do people look when searching complex questions in biomedical searching? Recordings were analyzed to see
how often there were fixations in different parts of document surrogates (i.e., different elements of the interfaces), and
therefore how often people looked at each part in particular interfaces.

Four common areas of interest (AOI) were specified: title, author, abstract and MeSH (except for Interface A, without
MeSH) to investigate which elements received attention. EyeWorks Analyze was used to specify the AOI and fixations

were specified as gazes within a 5-pixel radius which lasted at least 75 ms [43]. We used the metric of fixation durations

“4http://lucene.apache.org/solr/
Shttp://www.seeingmachines.com/product/facelab/
Shttp://www.eyetracking.com/Software/EyeWorks
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per AOI as an indicator of user attention or interest since it has been extensively used for usability research and user

interface design [e.g., 21, 39].

3.8 User perceptions

We used a logarithmic cross-ratio analysis [19, 53] to examine user perception of search task difficulty, system usefulness,
and notice/use of keywords (MeSH terms) and their relationship to gaze, search behaviour and search performance.

The correlation effect size r was calculated [7, 40] when the relationship is statistically significant.

3.9 Evaluation metrics

We measured participants’ domain knowledge in biology as the number of undergraduate and postgraduate classes
taken. The mean values (and therefore cut-points) were 11.5 and 2.2 courses, respectively.

User self-reported task difficulty and system usefulness variables were binarized into “high” and “low” classes,
corresponding to cases above or below the mean; self-reported variables for noticing and using MeSH terms were
already binary. Similarly, the time spent looking at each of the four AOI, measures of search behaviour and search
performance were also binarized. This gave us sixteen 2 X 2 contingency tables, each with a total of 256 observations,
from which to determine the correlations among gaze, user perception, search behaviour and search performance. We
had a total of 250 observations for search performance because of user errors in using Boolean syntax.

User search performance was calculated from the search logs. User queries were sent to our experimental IR system.

An example of user query g was as follows:
(abstract:"autoimmune" OR title:"autoimmune") AND (abstract:"symptoms" OR title:"symptoms")

The relevance judgment was based on the OHSUMED test collection [24]7. Binary relevance judgments in which
definitely and possibly relevant documents were merged were used, partly because not all the search performance
measures are based on a graded relevance scale. We used the C implementation of the trec_eval tool® for calculating
user search performance.

With regards to evaluation metrics for user search performance, we considered the factors of incomplete relevance
judgments in the test collection [5, 48], models of user behavior [6, 26, 44], multiple-query sessions [27, 29, 52] and
alignment between system and user performance [6, 20]. Since we were concerned about user performance in a search
session, we chose the bpref of the best performing query (bpref_bq) [9] and the R-Precision of the best performing query
(Rprec_bq). As suggested in previous research [6, 26], the evaluation measure of normalized Discounted Cumulative
Gain (nDCG) better captures the user behaviour data than other measures. The maximum, minimum and mean value of
nDCG (namely, nDCG_max, nDCG_min and nDCG_mean) for a query were used to capture user search behaviour. To
simulate very patient users in our study, we set the bg value of 10 in calculating session-based DCG (sDCG) based on
previous research [26, p. 6]. And the measure of sDCG divided by the number of queries (sDCG/q) was used to reflect
the multiple-query search session and the agreement between system and user performance [6, 27, 52]. Overall, these
measures were chosen to capture the dynamics of session-based user search behaviour and user performance in a

search session.

"https://dmice.ohsu.edu/hersh/ohsumed
8https://github.com/usnistgov/trec_eval
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4 RESULTS
4.1 Search interfaces and search performance

Our overall results reveal that there was no difference in search performance by interface (Figure 3). To be more specific,
there was no statistically significant difference between the search interfaces and the various measures of search
performance by the analysis of variance (ANOVA), including bpref_bq (F(3, 246) = 0.49, p > .05), Rprec_bq (F(3, 246) =
0.94,p > .05), nDCG_max (F(3,246) = 0.60,p > .05), nDCG_min (F(3,246) = 1.92,p > .05), nDCG_mean
(F(3,246) = 1.50,p > .05), and sDCG/q (F(3,246) = 1.50,p > .05).

These results suggest that there was no direct relationship between proposed search interfaces and user search
performance. That is, the search interface itself did not lead to better search performance. It’s therefore worth examining

further the relationship between gaze behaviour and search performance.

bpref_bq | | Rprec_bq | ‘ nDCG_mean ’ | nDCG_max | | nDCG_min

i,

AB CD ABCD ABCD ABZ CD A B C D
Types of Interface

Search Performance Measures

Fig. 3. Search performance by various measures for each interface.

4.2 Gaze and search performance

The results from logarithmic cross-ratio analysis show that there were some significant relationships between gaze and
search performance in the elements of abstract and MeSH terms (Table 1). There was a positive relationship between
the element of abstract and the search performance in terms of bpref_bq (bpref — one kind of precision measures — of
the best query in a search session). The odds of users’ attention to the element of abstract are 1.74 higher given the

search performance by bpref_bq. In other words, when users attend to the element of abstract, it’s 74% (1.74 - 1) more
8



Search Interfaces for Biomedical Searching CHIIR °22, March 14-18, 2022, Regensburg, Germany

CutPoint  Odds Log  Stand. t— Stat. r
(Mean) Ratio Odds  Error  Value  Signif. ES

Title
bpref_bq 0.34 0.62 -0.48 0.26 -1.88 No
Rprec_bq 0.26 0.72 -0.33 0.26 -1.27 No
nDCG_max 0.43 0.64 -0.44 0.25 -1.74 No
nDCG_min 0.12 1.52 0.42 0.28 1.47 No
nDCG_mean 0.25 0.94 -0.06 0.25 -0.22 No
sDCG/q 1.72 1.31 0.27 0.26 1.01 No
Author
bpref_bq 0.34 1.09 0.09 0.26 0.32 No
Rprec_bq 0.26 1.08 0.08 0.26 0.30 No
nDCG_max 0.43 1.18 0.17 0.25 0.67 No
nDCG_min 0.12 1.08 0.08 0.28 0.29 No
nDCG_mean 0.25 1.03 0.03 0.25 0.12 No
sDCG/q 1.72 1.22 0.20 0.26 0.76 No
Abstract
bpref_bq 0.34 1.74 0.56 0.26 2.15 Yes 0.15
Rprec_bq 0.26 1.09 0.09 0.26 0.34 No
nDCG_max 0.43 1.38 0.32 0.25 1.28 No
nDCG_min 0.12 1.05 0.05 0.28 0.18 No
nDCG_mean 0.25 1.40 0.34 0.25 1.32 No
sDCG/q 1.72 1.24 0.22 0.26 0.82 No
MeSH
bpref_bq 0.34 0.81 -0.21 0.26 -0.80 No
Rprec_bq 0.26 0.78 -0.25 0.26 -0.98 No
nDCG_max 0.43 0.77 -0.26 0.25 -1.01 No
nDCG_min 0.12 0.54 -0.61 0.29 -2.12 Yes -0.17
nDCG_mean 0.25 0.80 -0.22 0.25 -0.86 No
sDCG/q 1.72 0.58 -0.54 0.27 -2.02 Yes -0.15

Table 1. Summary of the relationship between gaze and search performance (N gaze = 250, N search performance = 250; statistical
significance at 95%).

likely to produce more relevant search results in a search session. Users might be able to extract useful information
when they attend to the element of an abstract, and thus contribute to better search performance. The correlation effect
size r of 0.15 between abstract and bpref_bq was small.

On the other hand, there was a negative relationship between the element of MeSH terms and the search performance
measured by nDCG_min (the minimum of nDCG in a search session) and sDCG/q (a measure of the multi-query
performance in a session). When users paid attention to the elements of MeSH terms, it was less likely to obtain better
search results by 46% (1-0.54) and 42% (1-0.58) for nDCG_min and sDCG/q respectively. This might reveal that users
were more likely to attend to the MeSH terms when they were struggling in their searches since both measures are
indicators of the overall success within a search session. The correlation effect size r of -0.17 between MeSH and
nDCG_min, as well as between MeSH and sDCG/q of -0.15 were both small.

Nonetheless, the positive significant correlation between user’s attention to the element of abstract and search
performance might be useful for the design of system features for the enhancement of search performance. The negative
significant correlation between user’s attention to MeSH terms and search performance might suggest the struggling

situation during the search process, and users might need additional support to use the MeSH terms more effectively.

4.3 User perception and search performance

The results reported in the following subsections include user-perceived search task difficulty, the usefulness of the
whole search system, and whether users noticed or used the suggested keywords (i.e., MeSH terms) in search interfaces.

9
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4.3.1 Search task difficulty and system usefulness. Table 2 reveals that there was a very significant relationship between
the search task difficulty and the search performance in terms of bpref_bq, but there was no significant relationship
between the perceived usefulness of the system and the user search performance. Specifically, when the search tasks
were perceived difficult, they were 128% (2.28-1) more likely to obtain better search results in terms of bpref_bq. That is,
when search tasks were considered difficult, users’ extra efforts were reflected in the measure of bpref, a preference-based
measure that considers the incomplete relevance judgements [9]. It might be an indication of motivated searchers in

this user experiment. The correlation effect size of 0.20 between search task difficulty and bpref_bq was small.

CutPoint  Odds Log  Stand. t— Stat. r
(Mean) Ratio Odds  Error  Value  Signif. ES

Search task difficulty
bpref bq 0.34 2.28 0.82 0.29 2.80 Yes 0.20
Rprec_bq 0.26 1.65 0.50 0.31 1.63 No
nDCG_min 0.12 1.62 0.48 0.35 1.39 No
nDCG_mean 0.25 1.77 0.57 0.30 1.90 No
nDCG_max 0.43 1.77 0.57 0.29 1.95 No
sDCG/q 1.72 1.24 0.21 0.31 0.70 No
System usefulness
bpref _bq 0.34 1.18 0.16 0.27 0.61 No
Rprec_bq 0.26 1.18 0.16 0.27 0.61 No
nDCG_max 0.43 1.14 0.14 0.26 0.51 No
nDCG_min 0.12 1.42 0.35 0.29 1.22 No
nDCG_mean 0.25 1.09 0.09 0.26 0.33 No
sDCG/q 1.72 1.58 0.46 0.27 1.67 No

Table 2. Summary of the relationship between search task difficulty, system usefulness and search performance (N search task
difficulty and system usefulness = 250, N search performance = 250; statistical significance at 95%)

4.3.2  Notice of keywords. Table 3 shows that types of search interfaces make a difference in the relationship between
users’ notice of suggested keywords and search performance. That is, user perception was affected by the types of search
interfaces proposed in the study. Specifically, when users noticed the keywords in Interface B (per-query keywords
displayed at the top), they were more likely to obtain worse search results in terms of nDCG_min, nDCG_mean and
sDCG/q. There may be quite a few ineffective queries (low nDCG_min) or overall unsuccessful search sessions (low
nDCG_mean and sDCG/q). So when users interacted with Interface B, their additional attention to the per-query
keywords may suggest that they were struggling in their searches or more contextual information of suggested per-query
keywords was needed. Since the MeSH terms were assigned by professional indexers, with complex structures, it would
be difficult for users to understand the relationship between the assigned MeSH terms and the retrieved documents.
These results are consistent with the relationship between user’s attention to the element of MeSH terms and search
performance in Table 1.

By contrast, when users noticed the keywords in Interface D (per-document keywords displayed with each document),
they were more likely to produce more relevant search results in terms of bpref_bq. The results by other measures were
not statistically significant in Interface D. Similar to the potentially relevant terms in abstracts, the suggested keywords
displayed with each document have been useful for obtaining more relevant documents. This may be partly because
more contextual information could be inferred when MeSH terms were displayed with each document.

The results from Interface C show that the relationship between users’ attention to the keywords and user performance
was mixed. In line with the findings of Interface D, when users noticed the keywords in Interface C, they were more likely

to obtain positive search results in terms of bpref_bq and nDCG_max, but they were more likely to get negative search
10
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CutPoint Odds  Log  Stand. t— Stat. r
(Mean) Ratio  Odds  Error Value Signif. ES

Interface B

bpref_bq 0.34 1.31 0.27 0.27 1.02 No
Rprec_bq 0.26 1.12 0.11 0.27 0.41 No
nDCG_max 0.43 1.24 0.21 0.26 0.81 No
nDCG_min 0.12 0.29 -1.23 0.29 -4.19 Yes -0.31
nDCG_mean 0.25 0.56 -0.58 0.26 -2.19 Yes -0.15
sDCG/q 1.72 0.37 -0.99 0.27 -3.62 Yes -0.26
Interface C

bpref_bq 0.34 1.78 0.58 0.26 2.25 Yes 0.16
Rprec_bq 0.26 1.52 0.42 0.26 1.61 No
nDCG_max 0.43 1.66 0.51 0.25 2.01 Yes 0.14
nDCG_min 0.12 0.50 -0.69 0.29 -2.40 Yes -0.19
nDCG_mean 0.25 0.75 -0.28 0.25 -1.11 No

sDCG/q 1.72 0.51 -0.68 0.27 -2.54 Yes -0.19
Interface D

bpref_bq 0.34 1.72 0.54 0.26 2.10 Yes 0.15
Rprec_bq 0.26 1.32 0.28 0.26 1.08 No
nDCG_max 0.43 1.46 0.38 0.25 1.48 No
nDCG_min 0.12 1.02 0.02 0.28 0.07 No
nDCG_mean 0.25 1.06 0.06 0.25 0.25 No

sDCG/q 1.72 0.68 -0.39 0.26 -1.46 No

Table 3. Summary of the relationship between notice of keywords in search interfaces and search performance (N notice of keywords
in search interfaces = 250, N search performance = 250; statistical significance at 95%)

results in terms of nDCG_min and sDCG/q. The mixed results can be explained by our design of search interfaces (see
Figure 1) in which Interface C is a hybrid of Interfaces B and D. The results also validate the experimental design of the

study in which the proposed search interfaces have intended effects on user perception.

CutPoint Odds Log  Stand. t— Stat. r
(Mean) Ratio Odds  Error Value Signif. ES

Interface B

bpref_bq 0.34 1.34 0.29 0.28 1.06 No
Rprec_bq 0.26 1.11 0.10 0.28 0.37 No
nDCG_max 0.43 1.16 0.15 0.27 0.55 No
nDCG_min 0.12 0.71 -0.35 0.31 -1.11 No
nDCG_mean 0.25 0.74 -0.31 0.27 -1.12 No
sDCG/q 1.72 0.72 -0.33 0.29 -1.16 No
Interface C

bpref_bq 0.34 1.92 0.65 0.28 2.36 Yes 0.17
Rprec_bq 0.26 1.40 0.34 0.27 1.25 No
nDCG_max 0.43 1.57 0.45 0.27 1.70 No
nDCG_min 0.12 0.79 -0.23 0.30 -0.77 No
nDCG_mean 0.25 0.91 -0.09 0.27 -0.35 No
sDCG/q 1.72 0.65 -0.44 0.28 -1.54 No
Interface D

bpref_bq 0.34 1.77 0.57 0.34 1.70 No
Rprec_bq 0.26 1.19 0.17 0.32 0.54 No
nDCG_max 0.43 1.46 0.38 0.25 1.48 No
nDCG_min 0.12 1.46 0.38 0.34 1.10 No
nDCG_mean 0.25 1.55 0.44 0.32 1.38 No
sDCG/q 1.72 1.27 0.24 0.33 0.73 No

Table 4. Summary of the relationship between use of keywords in search interfaces and search performance (N use of keywords in
search interfaces = 250, N search performance = 250; statistical significance at 95%).

4.3.3  Use of keywords. Table 4 indicates that there was only one significant relationship between the users’ perceived

use of suggested keywords in Interface C and the search performance in terms of bpref_bq. It means that when users
11
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recognized and used the suggested keywords in Interface C where per-query suggestions were displayed alongside each
document, they were by a factor of 1.92 (or 92%) more likely to obtain better search results. That is, when users were
able to use the per-query suggestions with less contextual information than the per-document suggestions, they would
produce better search results. The correlation effect size of 0.17 between the use of keywords and bpref_bq was small.

As mentioned in § 4.1, there was no significant relationship between gaze behaviour in terms of AOI and search
performance. However, we found that there is a significant relationship between users’ perception of their attention to
the suggested keywords displayed in search interfaces and their search performance. Users would be more attentive
to per-document suggestions since they provide contextual information between the MeSH terms and the document.
And when searchers were able to recall using the per-query suggestions in Interface C, they were more likely to
obtain better search results. Given that EBSCOhost and similar search systems provide indexing terms alongside
each document (corresponding to Interfaces C and D), our findings suggest that a user search interface design with
contextual information between the suggested keywords and the document may better support users for precision

oriented exploratory search tasks in the biomedical domain.

4.4 Search behaviour and search performance

Table 5 shows that there were significant relationships between search behaviour and search performance. To be more
specific, the number of queries and typed queries issued, as well as the number of pages viewed in a search session
were all negatively associated with search performance by nDCG_min, nDCG_mean and sDCG/q. For instance, when
users issued more queries, it was 84% (1-0.16) less likely to obtain better search results in terms of sDCG/q. And when
users viewed more pages in search results, it was 66% (1-0.34) less likely to get better sDCG/q scores.

Since the search performance measures of nDCG_mean and sDCG/q are used to summarize the overall performance
with multi-query sessions by applying a query discount [e.g., 26, 27, 29], it’s not surprising that either more queries or
typed queries are correlated with session-based metrics. The low minimum of nDCG in some sessions reveals some
unsuccessful searches, which may reflect the fact that users were struggling during the search process, or additional
support was needed to make the best use of the suggested keywords. This interpretation is also supported by the
findings that the number of pages viewed was negatively correlated with search performance in terms of nDCG_min,
nDCG_mean and sDCG/q.

Overall, our proposed search interfaces have intended effects on user perception, gaze and search behaviour by
motivated participants in the study. Our results reveal that users will pay attention to the suggested keywords with a
search interface design that displays the contextual information between the suggested keywords and the document,
similar to the proposed Interfaces C and D. When users can recall using the per-query suggested keywords in Interface C,
they are more likely to obtain better search results. The implications for user search interface design, with particular

references to the display and method of suggestions, will be discussed in the next section.

What is the relationship between gaze and search performance? In this study, we found that user’s attention to the
element of abstract is positively correlated with search performance in terms of bpref (one kind of precision measures),
while fixation on MeSH terms is negatively correlated with search performance in terms of session-based measures
(nDCG_min and sDCG/q). The previous finding also suggested that searchers look at the abstracts more often than
other elements of documents in the proposed search interfaces [37]. These results support the hypothesis that search

interfaces have significant impact on gaze behaviour when users have complex questions. Our findings have confirmed
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CutPoint Odds  Log  Stand. t— Stat. r
(Mean) Ratio Odds  Error Value Signif. ES

Number of queries

bpref_bq 0.34 1.45 0.37 0.26 1.44 No
Rprec_bq 0.26 0.75 -0.29 0.26 -1.10 No
nDCG_max 0.43 1.27 0.24 0.25 0.93 No
nDCG_min 0.12 0.11 -2.20 0.40 -5.57 Yes -0.53
nDCG_mean 0.25 0.30 -1.20 0.27 -4.44 Yes -0.31
sDCG/q 1.72 0.16 -1.80 0.32 -5.71 Yes  -0.45
Number of typed queries

bpref_bq 0.34 0.78 -0.24 0.26 -0.94 No
Rprec_bq 0.26 1.38 0.32 0.26 1.22 No
nDCG_max 0.43 1.05 0.05 0.26 0.21 No
nDCG_min 0.12 0.27 -1.33 0.34 -3.93 Yes -0.34
nDCG_mean 0.25 0.43 -0.83 0.27 -3.12 Yes -0.22
sDCG/q 1.72 0.40 -0.93 0.29 -3.23 Yes -0.25
Number of pages viewed

bpref_bq 0.34 0.87 -0.14 0.26 -0.53 No
Rprec_bq 0.26 1.61 0.48 0.27 1.79 No
nDCG_max 0.43 1.06 0.06 0.26 0.23 No
nDCG_min 0.12 0.28 -1.27 0.35 -3.66 Yes -0.33
nDCG_mean 0.25 0.47 -0.74 0.27 -2.75 Yes -0.20
sDCG/q 1.72 0.34 -1.07 0.30 -3.57 Yes -0.28

Table 5. Summary of the relationship between search behavior and search performance (N search behavior = 250, N search performance
= 250; statistical significance at 95%).

the importance of users’ attention to the elements related to subject topics (i.e., abstract of documents or snippets of
SERPs) for extracting relevant information when they perform searches for exploratory search tasks [34].

Studies that compared gaze behaviour on search interfaces, such as list vs. tabular and visible vs. collapsible facets [e.g.,
28, 30], have indicated that there is no significant difference in terms of fixation measures. Since users’ attention to
elements of interfaces is affected by, at least, the quality of snippets on SERPs, as well as the region and position of
AOI at a micro-level analysis, it’s expected that no significant differences can be found for different kinds of search
interfaces in terms of fixation measures.

From perspectives of search interface design, eye tracking can be used as an input device, or to infer user cognitive
state, such as level of attention [36]. Previous research has also demonstrated attentional mechanisms in the eye
movement [12], and identified the relationship between the types of search tasks and the transitions in eye movement [8].
Given the findings that user’s attention to specific elements of search interfaces is correlated with search performance in
both positive and negative directions, eye tracking data should be interpreted in view of elements of search interfaces and
characteristics of search tasks [13, 39]. Nonetheless, computational models based on eye gaze data have demonstrated
that it is feasible to use the first ten seconds of interaction data to predict visual search task success in information
visualization systems [56]. Future research on whether computational models based on gaze data can successfully

predict user search performance in complex biomedical search tasks is suggested.

What is the relationship between user perception and search performance? Our findings reveal that user’s notice of
suggested keywords in Interface C and D is positively correlated with search performance in terms of one kind of
precision measure (bpref of the best query). In both search interfaces, indexing terms are displayed alongside each
document (See Figure 1c and 1d). We also found that the relationship between users’ perception of the use of keywords
in Interface C and search performance is significant. Previous research shows that the perceived quality of index
terms affects the use of index terms in online search databases [16, 55]. Further, there is evidence that the perceived

usefulness of terms in abstracts is correlated with better search performance by domain experts in terms of the precision
13
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measure [38]. As such, one way of supporting query formulation/reformulation tasks for precision-oriented exploratory
search in the biomedical domain is to provide quality index terms that are displayed alongside each document in search
interfaces. Since Interfaces C and D are distinguished by how the suggested keywords are generated, the perceived
quality of index terms and how to provide more contextual information between the assigned keywords and the

document deserve further research.

Toward an integration of user perception, gaze, search behaviour and search performance. Based on research findings
from this study and the research literature, we can draw several generalizations about the relationships among user
perception, gaze, search behaviour and search performance, with particular references to the design of search interfaces
for biomedical searching: 1) User perception, search behaviour and gaze behaviour all affect search performance
significantly; 2) User perception and search behaviour affect gaze behaviour significantly. For example, types of
search interfaces and user-perceived search task difficulty have significant effects on gaze behaviour [37]. Search topic
familiarity significantly affects search behaviour in biomedical searching [57]. Perceived usefulness of terms in abstracts
is correlated with better search performance by domain experts [38]. And search behaviours, such as issuing queries and
MeSH terms that involve notable mental efforts are correlated with changes in eye gaze patterns [59]. As elucidated in a
recent review of user search interface design [35], an enhanced understanding of these variables and their relationships

in interactive IR studies will shed light on how search interfaces can be designed to better support specific IR tasks.

Limitation of the study. In the IR user experiment, we can observe the user behaviour in detail under controlled
environments, with a high level of internal validity. One limitation of the design is that participants are self-selected
and they may not be representative of the population. The interaction effects of selection biases and the experimental
variable, i.e., search interfaces, are another factor that may limit the generalizability of this study [33]. The re-purposing
of clinical search topics and outdated test collection for the interactive search environment may pose threat to external
validity, since there may be a mismatch between the searcher’s topic knowledge and the test collection. Finally, since
we measured user domain knowledge by the number of biology undergraduate and postgraduate classes taken, users’
levels of domain expertise may not be sufficient to make the best use of MeSH terms for complex clinical search topics.
The ecological relevance of the experimental tasks and the external validity of the study could be enhanced by studies

of biomedical professionals [31].

5 CONCLUSIONS

This eye-tracking study of the biomedical domain experts’ interactions with novel search interfaces was designed to
better understand the relationship among the gaze, user perception, search behaviour and search performance. The
findings suggest that user perception, search behaviour and gaze behaviour are all correlated with search performance.
Specifically, users are more likely to achieve better search performance by precision-based measures when 1) search
tasks are perceived as difficult; 2) users attend to the element of abstract; and 3) users can recall using the per-query
suggestions during the search processes. Search behaviours, such as issuing queries and the pages viewed in search
engine results page (SERP) that involve expending mental efforts and exploitation of resources are negatively correlated
with search performance. These findings suggest that gaze behaviour is affected by both user perception during the
search process and search behaviour. Our findings that user’s attention to the element of abstract and fixation on
suggested keywords of MeSH terms are correlated with search performance has implications for the design of eye
gaze-based search user interfaces for biomedical searching.

14



Search Interfaces for Biomedical Searching CHIIR °22, March 14-18, 2022, Regensburg, Germany

6 ACKNOWLEDGEMENT

This research project was in part funded by the 2014 ALIA (Australian Library and Information Association) Research

Grant Award. The views and opinions expressed in this article are those of the authors and do not necessarily reflect

the official policy or position of ALIA or any author affiliated organisation.

APPENDIX

Eight selected topics

e ID: 4 Imagine that you are 88-year-old with subdural. You would like to find information about reviews on
subdurals in elderly.

e ID: 9 Imagine that you are 30-year-old with fever, lymphadenopathy, neurologic changes and rash. You would
like to find information about t-cell lymphoma associated with autoimmune symptoms.

o ID: 78 Imagine that you are 42-year-old black man with hypertension. You would like to find information about
beta blockers and blacks with hypertension, utility.

o ID: 105 Imagine that you are 68-year-old woman with anemia of chronic illness. You would like to find information
about review of anemia of chronic illness.

o ID: 94 Imagine that you are 23-year-old with dysuria. You would like to find information about Urinary Tract
Infection, criteria for treatment and admission.

o ID: 47 Imagine that you are 65-year-old female with urinary retention. You would like to find information about
urinary retention, differential diagnosis.

o ID: 16 Imagine that you have chronic fatigue syndrome. You would like to find information about chronic fatigue
syndrome, management and treatment.

o ID: 58 Imagine that you 65-year-old female with a breast mass. You would like to find information about diagnostic

and therapeutic work up of breast mass.
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