
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-202304.00825

User Emotion and Influencing Factors Based on
Facial Expression Recognition in Exploratory
Search (Postprint)
Authors: Huang Kun, Zheng Mingxuan, Luo Shichao, Jin Jian

Date: 2023-04-01T00:00:00+00:00

Abstract
[Purpose/Significance] Integrating facial expression recognition technology, this
study examines the relationship between emotions during the search process and
related factors, explores the relationship between emotions during the search pro-
cess and search interaction behaviors and experiences, and provides references
for user emotion recognition and prediction based on search interaction behav-
iors, as well as insights for improving user experience during search interaction
processes. [Method/Process] Through experimental research, 48 participants
were recruited and divided into two groups to complete three designated tasks
under time-limited and time-unlimited conditions, respectively, while collect-
ing users’facial expression data, behavioral data, and relevant self-reported
data. [Results/Conclusion] The research findings indicate: during the search
process, neutral emotions exhibited by users accounted for the highest propor-
tion (58.03%), followed by negative emotions (29.88%), with positive emotions
appearing least frequently (12.10%); the higher the proportion of non-neutral
emotions, the worse the post-search experience, conversely, the higher the pro-
portion of neutral emotions, the better the post-search experience. The time-
limited group exhibited significantly higher proportions of sadness, disgust, sur-
prise, and happiness compared to the time-unlimited group; simultaneously, the
proportion of neutral emotions was significantly lower than in the time-unlimited
group. Users in the high task-difficulty perception group displayed more disgust
and anger emotions, and fewer neutral emotions. Non-neutral emotions were
more likely to occur during page-switching scenarios. The more neutral emo-
tions during the search process, the better the user’s post-search experience,
while the proportions of both negative and positive emotions showed a negative
correlation with post-search experience.
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Abstract:
[Purpose/Significance] This study integrates facial expression recognition
technology to examine the relationship between emotions during the search pro-
cess and related factors, and explores the connections between search process
emotions, search interaction behaviors, and user experience. The findings pro-
vide references for the automatic recognition and prediction of user emotions
based on search interaction behaviors, and offer insights for improving user
experience during search interactions. [Method/Process] Through experi-
mental research, 48 participants were recruited and divided into two groups to
complete three designated tasks under time-limited and non-time-limited con-
ditions. Facial expression data, behavioral data, and related self-report data
were collected. [Results/Conclusions] The results indicate that during the
search process, neutral emotions accounted for the highest proportion (58.03%),
followed by negative emotions (29.88%), while positive emotions appeared least
frequently (12.10%). A higher proportion of non-neutral emotions during the
search process correlated with poorer post-search experience, whereas a higher
proportion of neutral emotions correlated with better post-search experience.
The time-limited group exhibited significantly higher proportions of sadness,
disgust, surprise, and happiness compared to the non-time-limited group, while
showing significantly lower proportions of neutral emotions. Users with high
task difficulty perception displayed more disgust and anger, and fewer neutral
emotions. Non-neutral emotions were more likely to occur during page-switching
scenarios. More neutral emotions during the search process led to better post-
search experience, while both negative and positive emotion proportions showed
negative correlations with post-search experience.
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Search is a common activity in daily life, learning, and work. When facing
open, uncertain, and ambiguous search needs, people often experience different
emotions that may influence their search behavior, performance, and experience.
Positive and optimistic emotions often motivate users to continuously explore
and progress, while negative emotions such as frustration, anxiety, and anger
may undermine user confidence and lead them to stop or abandon the search
process [1]. To promote effective information search activities, researchers in
information behavior, human-computer interaction, and information retrieval
have been exploring the emotional characteristics of users during information
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search activities. In 2006, G. Marchionini first proposed exploratory search
to describe an open, continuous, and multi-faceted information search problem
context, where the search process is characterized by opportunism, iteration,
and multi-strategic features [2]. Unlike traditional “question-answer”search,
users in exploratory search have vague information needs at the initial stage.
Due to a lack of knowledge about the search object, they must adjust their
search goals through multiple interactions for investigation and learning, with
uncertainty also existing at the termination point [3]. Therefore, people are
more likely to experience emotions during exploratory search due to the iterative
process, increased search duration, and individual and external factors, which
in turn affect interaction behavior.

The information search process is accompanied by emotional experiences, where
positive and negative emotions during search influence attention, memory, per-
formance, and judgment [4]. Although the cognitive perspective has dominated
the field of information behavior, the affective perspective has gradually gained
attention with the rapid development of affective computing and Kansei engi-
neering technologies. A number of studies incorporating affective factors have
emerged in information behavior research, with specialized attention to emo-
tional issues such as information anxiety and affective load in different contexts
[5]. Emotional experiences are diverse, extensive, and differentiated [6], and the
causes of their generation and their impact on search interaction behaviors, as
well as individual differences, require further investigation and revelation. This
study combines facial expression recognition technology to focus on the rela-
tionship between emotions during the search process and related factors, and
explores the relationship between search process emotions and search interaction
behaviors and experience, providing references for the automatic recognition and
prediction of user emotional states based on search interaction behaviors, and
serving the optimization of the search interaction process.

2 Related Research
In the field of information search behavior research, scholars have focused on
the emotional states and changes accompanying users during the search pro-
cess. Researchers have explored this from both macro and micro perspectives
of search, with some attempting to use facial expression recognition technology
to identify user emotions during search.

Professor I. Arapakis from the School of Computing Science at the University
of Glasgow conducted a series of studies between 2008-2009 applying expression
recognition technology to interactive information search. I. Arapakis et al. [7]
used facial expression recognition technology to investigate the role of emo-
tion in the information-seeking process. The study recruited 24 participants to
complete three search tasks of varying difficulty, recording their facial expres-
sions with a camera during tasks and using the eMotion model for frame-by-
frame recognition. Results showed that task type significantly affected unpleas-
ant stimuli but not emotional intensity or the degree of independent emotion
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concealment. However, no significant correlates were found for user emotions
during search based on facial recognition. Subsequently, I. Arapakis et al. [8]
attempted to use user facial expressions to explore optimization paths for multi-
media recommendation systems, developing a recommendation system for user
experiments and using support vector machines to analyze facial emotions corre-
sponding to each search action. Results indicated significant emotional changes
across different task types during search and content viewing actions, but no
significant association between emotional stimuli (referring to search or viewing
behaviors) and specific emotions across tasks. I. Arapakis et al. [9] attempted to
predict search result topical relevance through facial expressions and peripheral
physiological signals, extracting features from both and analyzing them with
support vector machines and K-nearest neighbor methods. The model achieved
66.5% accuracy, demonstrating the feasibility of expression-based search result
relevance prediction.

I. Lopatovska from Rutgers University completed her doctoral dissertation ti-
tled “Emotional Aspects of the Online Information Retrieval Process”[10] in
2009, and subsequently published two papers in 2011 and 2014 based on facial
expression recognition technology, exploring basic emotional states and their re-
lationship with search behaviors when users interacted with digital libraries and
information retrieval systems. In 2011, Lopatovska [11] used facial expression
recognition to study the association between searchers’facial expressions and
their search behaviors. The study recruited 36 participants for two search tasks
of different difficulty levels, recording facial expression changes and search be-
haviors. Twelve search behavior indicators were collected, including left mouse
clicks, double-clicks, scrolling, and page switching. Facial values were quanti-
fied as the mean of expression recognition results every three seconds within 15
seconds before and after user actions. Results showed multiple significant as-
sociations between user behavior indicators and facial expressions; for example,
left mouse clicks increased user sadness and disgust, while middle mouse clicks
increased joy and surprise. In 2014, Lopatovska [12] used the same dataset to
examine relationships between primary emotions, secondary emotions, mood,
and search behaviors during online information search. The study used facial
expression recognition to measure primary emotions, emotion words extracted
from post-search interviews for secondary emotions, and PANAS data completed
before and after tasks for mood. Search behaviors focused on eight indicators
including task completion time, unique query counts, and Google page views.
Using canonical correlation analysis (CCA) to explore associations between pri-
mary emotions and behavioral indicators, although no statistically significant
models were found, structural correlation coefficients still indicated certain re-
lationships between primary emotions and search behaviors.

M.Y. Zanganeh et al. [13] from Islamic Azad University also used facial ex-
pression recognition technology to explore the role of affective factors in PhD
students’online information search. The study recruited 50 participants from
Iranian universities, requiring each to complete [task]. Using CCA for data
analysis, results showed that for personal characteristics, user satisfaction with
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search results, web search frequency, search experience, interest in search tasks,
and familiarity with similar searches positively correlated with happiness. For
search process behaviors, users with more happiness spent more time search-
ing and viewing results, visited more URLs, and performed more queries, while
users with more anger and disgust made fewer attempts during search. The
study noted that the more thoroughly users browsed during search, the more
emotional feedback they received; interested users with positive emotions like
happiness gained more positive feedback, increasing self-efficacy and motivation
to persist.

Previous studies combining facial expression recognition technology to detect
user emotions during search have also integrated eye movement data to analyze
emotions during web browsing, though such studies combining physiological
measurements remain limited. More studies have used questionnaires, inter-
views, and experiments, employing psychological scales such as the Positive
and Negative Affect Schedule (PANAS) [14], PTSD questionnaires [15], State-
Trait Anxiety Inventory (STAI) [16-18], and Geneva Appraisal Questionnaire
(GAQ) [19], as well as domain-specific anxiety scales [20] and affective load
scales [1,21]. Some researchers have used think-aloud protocols, analyzing ver-
bal reports from search experiments to determine emotional polarity [22], or
had participants recall and describe their emotional states during information
interaction in natural interview settings or by reviewing recordings in laborato-
ries [23]. Despite different emotion collection methods, research questions are
similar, focusing on emotions and their changing characteristics during search,
and relationships between emotions, cognition, and behavior. Many researchers
have based their work on C.C. Kuhlthau’s Information Search Process (ISP)
model [24] to explore information search process characteristics among different
groups (children, undergraduates, graduate students), analyzing relationships
between affect, cognition, and behavior across stages of initiation, selection, ex-
ploration, formulation, collection, and presentation. Other researchers have ex-
amined influencing factors of user emotions during search, such as task type [25],
perceived task difficulty [26], time pressure [27], task division in collaborative
search [28-29], self-efficacy [30], and search system factors and efficiency [31-32].
However, most of these studies collected emotions through pre- and post-search
measurements, with limited monitoring of emotions during the process. The
aforementioned expression-based studies focused more on emotion-behavior rela-
tionships and less on factors influencing emotions. Facial expression recognition
technology offers advantages of economy and minimal interference [33], and has
been increasingly applied across domains for user emotion recognition, such as
teacher-student interaction in remote education [34-35], anti-fatigue driving in
transportation [36], and patient emotion measurement in medicine [37]. There-
fore, this study uses expression recognition technology, treating facial expression
recognition results as measurements of user emotions during search, focusing on
the distribution characteristics of process emotions and their relationships with
user tasks, time pressure, and search interaction behaviors to explore influencing
factors and mechanisms.
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3 Research Design
3.1 Research Questions

This laboratory study investigates user emotion characteristics and influencing
factors during exploratory search tasks based on P. Ekman’s seven basic emo-
tion types [38] and facial expression data collection. Specific research questions
include:

1. What are the distribution characteristics of users’basic emotions during
the search process?

2. Do task cognitive complexity, time constraints, and difficulty perception
significantly affect user emotions during search?

3. Are there significant correlations between user search behaviors/experience
and emotions during search?

3.2 Task Design

K. Athukorala et al. [39] categorized typical exploratory search tasks into three
types: knowledge acquisition, comparison, and planning tasks. Knowledge ac-
quisition tasks require open-ended collection of information on specific topics;
comparison tasks involve gathering information about two or more topics and
analyzing similarities and differences; planning tasks involve collecting and inte-
grating overview information about new domains to prepare for future activities.
These three task types reflect different cognitive complexities of understanding,
analysis, and creation [40-41]. Therefore, this study designed three search tasks
as shown in Table 1 .

3.3 User Emotion Recognition

This study collected user emotions through both expression recognition and self-
report methods. Since affect (feelings) typically refers to subjective experiences
during emotion processes, emotion generally refers to attitudes and experiences
toward objective events, and mood reflects mild to moderate affect lasting longer
than emotions [42], this study used facial expression recognition to collect emo-
tions during search and the PANAS questionnaire for self-reported mood before
and after search [14,43], following previous research [7,9-10,13], to examine re-
lationships between process emotions and pre/post-search mood.

3.3.1 Expression-Based Emotion Measurement Facial expression recog-
nition is an affective computing technology that judges facial emotions from
facial images under psychological theory guidance. P. Ekman and W.V. Friesen
proposed the Facial Action Coding System (FACS) in 1978 [38], categorizing fa-
cial emotions into seven types: fear, anger, disgust, happiness, sadness, surprise,
and neutral, with emotions determined by encoding combinations of facial mus-
cle movements. In affective analysis research, emotions are often summarized
into three categories: positive, negative, and neutral [44].
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Based on preliminary investigation, the commercial API provided by the AI
open platform FACE++ [45] was selected for emotion recognition. Face++ is
a commercial AI open platform developed by Megvii Technology, widely used
in China for various facial recognition services. This study developed a Python
program to split recorded expression videos. Since user expressions typically last
5-10 seconds [46], one frame per second was extracted. The API was then called
to obtain probability values for the seven emotion types for each expression
image, with the emotion type showing the highest probability considered the
expression for that frame.

To test FACE++’s recognition accuracy on this study’s expression images, a
manual annotation comparison experiment was conducted. First, five expres-
sion images were randomly selected from each of the 144 sessions of 48 partici-
pants, totaling 720 images. Two graduate students, trained in FACS theoretical
framework annotation rules, manually annotated the images. During annota-
tion, results were compared, and disagreements were discussed until consensus
was reached. Finally, using manual annotations as the benchmark, FACE++’
s annotation accuracy on this dataset was 71.67%. According to performance
standards in expression recognition research [47], accuracy above 70% is accept-
able, so FACE++ was used for analyzing user expressions in this study.

3.3.2 PANAS-Based Emotion Measurement To obtain users’emotions
before and after search tasks, this study also used the PANAS (Positive and Neg-
ative Affect Schedule) scale for self-report evaluation. Developed by D. Watson
et al. in 1988 [48], this psychological measurement scale categorizes emotions
into positive and negative types. D. Watson et al. noted that individual affec-
tive experience structure can be described by two independent dimensions of
positive and negative affect [49], which forms the theoretical basis of PANAS.
This study used the PANAS scale revised by Qiu Lin et al. [50], consisting of 18
words representing positive and negative emotions rated on a five-point Likert
scale.

3.4 Search Behaviors

For overall behavioral feature coding, this study referenced existing research
[51-53], comparing, summarizing, and inducting to form a complete behavioral
indicator system for user search processes. The system categorizes user be-
haviors into six types: query features, viewing features, click features, saving
features, hover features, and dwell features, with specific indicators shown in
Table 2 .

Additionally, based on the primary functions of different pages during search,
pages were categorized into six types as shown in Table 3 .
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3.5 Data Collection

This study randomly recruited 48 university students (16 male, 32 female; 33
undergraduates, 15 postgraduates) from seven universities including Beijing Nor-
mal University, Beijing University of Chemical Technology, and Beijing Univer-
sity of Posts and Telecommunications, covering 24 majors.

Based on preliminary experiments, the 48 participants were randomly divided
into two groups: a time-limited group (24 participants) and a non-time-limited
group (24 participants). The time-limited group was required to complete each
task within 10 minutes, stopping when time expired, while the non-time-limited
group had no time constraints. Task order followed a Latin square design. At
the experiment’s start, participants completed a background information ques-
tionnaire covering demographics, information literacy, and search experience.
Before each task, they completed the PANAS questionnaire. During task exe-
cution, facial video data was collected through front-facing cameras, and screen
recordings were made using Bandicam. After each search task, participants com-
pleted questions about search experience, including PANAS self-reports, search
result evaluations (usefulness, relevance, confidence, and satisfaction), and per-
ceived task difficulty.

Data collection yielded 126,589 seconds of video, from which 126,589 frames
were extracted at one frame per second. Using Face++ commercial services,
125,576 images were successfully processed, achieving a recognition efficiency of
99.20%. The remaining 0.80% of frames were excluded due to faces being out
of frame or excessive occlusion.

4 Data Analysis
4.1 Emotion Characteristics Across Different Tasks

4.1.1 Cognitive Complexity Based on the frequency percentages of the
seven emotions, as shown in Figure 1 [Figure 1: see original paper], neutral
emotion appeared most frequently at 58.03%, significantly higher than the other
six emotions. This was followed by sadness (14.71%), anger (8.51%), surprise
(6.72%), happiness (5.38%), disgust (4.96%), with fear being the least frequent
(1.70%). Overall, nearly 60% of search time involved neutral emotions, with
the remaining time showing various emotions including sadness, anger, surprise,
happiness, and disgust. Negative emotions (sadness, anger, disgust, fear) ac-
counted for 29.88% in total, higher than positive emotions (12.10%).

Chi-square tests on emotion percentages across the three tasks showed that
despite different cognitive complexities, differences in emotion distribution were
not significant, as shown in Table 4 .

4.1.2 Time Constraints Mann-Whitney U tests for time constraints showed
that under time-limited conditions, proportions of sadness, disgust, happiness,
and surprise were significantly higher than in non-time-limited conditions, while
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neutral emotion proportion was significantly lower, as shown in Table 5 . This
indicates that time-limited users exhibited more non-neutral emotions during
search.

4.1.3 Task Difficulty Perception Based on pre- and post-search task diffi-
culty evaluations, 144 user search sessions were divided into three groups: low
difficulty (score < 3), medium difficulty (score = 3), and high difficulty (score
> 3). Kruskal-Wallis tests analyzed emotion differences across these groups, as
shown in Tables 6 and 7 .

Results showed that regardless of pre- or post-search difficulty perception, both
anger and disgust appeared significantly more frequently in difficult tasks than
in easier tasks, while neutral emotions were significantly less frequent in high
post-search difficulty perception tasks.

4.2 Search Interaction Behaviors and User Emotions

4.2.1 Search Behaviors Based on expression recognition results, the seven
emotions were categorized into neutral, positive, and negative. Correlation anal-
ysis between search behaviors and these three emotion polarities was conducted.
Table 8 lists behavior indicators showing significant correlations with search
process emotions.

Indicators significantly correlated with neutral emotion showed that more aver-
age document page visits per query and less SERP dwell time as a proportion
of total task time correlated with more neutral emotions during search. Indi-
cators significantly correlated with positive emotion showed that shorter first
queries relative to average query length, fewer unique SERP page visits per
query, and higher average document page ranking correlated with more posi-
tive emotions. Indicators significantly correlated with negative emotion showed
that more mouse hovers per query and higher SERP dwell time proportion
correlated with more negative emotions.

4.2.2 Page Dwell Behavior Building on specific search behavior analysis,
this study also analyzed page dwell scenarios. Table 9 shows dwell times across
page types.

Further comparison of emotions across different pages (Table 10 ) revealed that
neutral emotions during document browsing and document editing were sig-
nificantly higher than during query formulation and SERP pages. The latter
two page types showed significantly lower neutral emotions than browsing and
output pages, with SERP pages showing the highest proportion of negative
emotions and relatively high positive emotions. This may relate to greater un-
certainty faced during query formulation (regarding search terms and strategies)
and SERP evaluation processes.
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4.2.3 Page Switching Behavior Users displayed neutral emotions most
of the time during search, but approximately 40% of the time showed non-
neutral emotional states. Observation of facial emotion videos revealed that
page-switching scenarios easily captured positive and negative emotions. There-
fore, this study further analyzed the timing of all non-neutral emotions relative
to page switching.

For window selection around page switches, this study referenced Lopatovska’s
[11] work, which analyzed expressions 15 seconds before and after mouse actions
in 3-second windows, finding that left-clicks (typically causing page switches)
slightly decreased neutral emotions while slightly increasing surprise and sadness.
This study categorized non-neutral emotion timing into near page-switching
and during page browsing. Since emotions typically last 5-10 seconds [46] and
average page dwell time was about 14 seconds, windows of 3-7 seconds were
tested. Results showed that using a 5-second window, differences in non-neutral
emotion distribution between page-switching and non-switching processes were
significant (Table 11 ).

Statistics showed 14,586 pre- and post-switch windows were extracted, captur-
ing non-neutral emotions in 10,576 windows (72.51%). For non-page-switching
processes, 10,031 windows were extracted with non-neutral emotions in 5,569
windows (55.52%). Non-neutral emotions occurred more frequently around page
switches.

4.3 Relationships Between Search Process Emotions and Pre/Post
Emotions/Experience

Relevance, usefulness, confidence, and satisfaction are four common search ex-
perience evaluation indicators. Pearson analysis results are shown in Table 12
.

Results showed significant associations between search result evaluations and
search process emotions. Relevance, usefulness, and confidence were signifi-
cantly associated with negative and neutral process emotions but not positive
emotions, negatively correlating with negative emotions and positively corre-
lating with neutral emotions. Satisfaction was significantly associated with all
three emotion types, negatively correlating with both positive and negative emo-
tions, and positively correlating with neutral emotions. Overall, more neutral
emotions during search led to higher post-search experience evaluations, while
more negative emotions lowered evaluations. Positive emotions also negatively
affected post-search satisfaction.

5 Discussion
Based on the findings, search process emotions correlate with task context and
pre/post emotions, particularly regarding emotion changes across different pages
and page-switching processes. Therefore, understanding user emotion percep-
tion and its influencing factors can help infer user cognitive states behind be-
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havioral manifestations, thereby improving the affective support functions of
information search systems. Several aspects warrant further attention:

First, deeper research on search process emotions and their types is needed.
Since primary emotions from facial recognition, secondary emotions from self-
reports, and mood from scales cannot substitute for each other [12], and given
the degree to which expressions reflect emotions and mood and their interrela-
tionships require further exploration, future research could focus more on specific
emotions in search contexts, such as search anxiety and result satisfaction.

Second, analysis of typical scenarios should be strengthened. More granular
research on scenarios representing cognitive changes is needed, such as whether
user emotions change during search processes with supportive system features
[70] or professional assistance [71], or exploring emotional experience differences
across search engines. Stable relationships between emotions and behaviors
should be explored to build predictive models of emotional states and changes
based on behaviors.

Third, emotion recognition methods should be enriched to characterize process
emotions from multiple angles, such as using user-computer distance and eye
position on screen [72] to assess task focus, incorporating postural expressions
like clenched fists or bowed heads [73], and using physiological signals from
smart wristbands as subjective emotion measurement indicators [74] for more
comprehensive emotion characterization.

6 Conclusion
This experimental study recruited 48 participants divided into two groups com-
pleting three tasks under time-limited and non-time-limited conditions, collect-
ing facial expression, behavioral, and self-report data. Results show that neutral
emotions dominated the search process (58.03%), followed by negative emo-
tions (29.88%), with positive emotions being least frequent (12.10%). The time-
limited group showed significantly higher proportions of sadness, disgust, sur-
prise, and happiness, and significantly lower neutral emotions compared to the
non-time-limited group. High task difficulty perception groups exhibited more
disgust and anger, and fewer neutral emotions. Non-neutral emotions were more
likely to occur during page-switching scenarios. More neutral emotions during
search correlated with better post-search experience, while both negative and
positive emotion proportions correlated negatively with post-search experience.

The main limitations include the limited sample size and reliance solely on facial
expression recognition for process emotion measurement, as not all emotions are
reflected in expressions. Future research should test findings with non-student
populations and larger samples to establish more stable relationships between
process expressions and search interaction behaviors, building more systematic
models of emotion change patterns to inform emotion prediction and interven-
tion based on search interaction behaviors.
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