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Abstract 
User engagement (UE) is widely discussed in HCI articles, but its 
definition, reliability, and application remain elusive. This research 
conducts a systematic literature review of 241 articles from 1993 to 
2023 to analyze how UE is defined and measured within the domain 
of HCI. Our findings reveal significant definitional inconsistencies 
that hinder UE’s practical application in HCI research and system 
design. Based on our findings, we recommend using UE as a cate-
gorical label rather than a unified construct until more systematic 
frameworks are established. We also highlight the need for diver-
gent views of UE across HCI research communities as a valuable 
avenue to pursue. This divergent view approach can help HCI re-
searchers focus on specific, measurable aspects of UE that align 
with specific community practices and norms. Our findings also 
suggest that until such a framework emerges, researchers should 
be aware of its limitations when using UE as a research construct. 
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• Human-centered computing; • Human computer interac-
tion (HCI); 
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1 Introduction 
User engagement (UE) is frequently mentioned as a construct in 
human-computer interaction (HCI) research, yet its definition and 
practical application remain ambiguous and inconsistent. In scien-
tific research, a construct refers to an abstract concept developed 
to represent phenomena that cannot be directly observed but can 
be inferred from measurable indicators [78]. Constructs serve as 
theoretical tools that help researchers describe and study complex 
phenomena, such as human behaviors [15]. In much HCI research, 
UE is perceived as a construct encompassing various cognitive, 
affective, and behavioral dimensions of user interaction with tech-
nology. While UE cannot be directly observed, it is inferred through 
different metrics such as time spent, user actions, and self-reported 
experiences [54]. This research reviews the fragmented definitions 
of UE, evaluates UE’s use in HCI research, and proposes a change 
in how UE could be defined and used within HCI. 

Let us first briefly consider two attempts to rigorously define 
a construct, one from the physical and the other from the non-
physical sciences: force and attention. These are both theoreti-
cal concepts: not directly observable but reliably inferred from 
other measured data [80]. Many sciences, including, among others, 
cognitive sciences, information systems, and HCI, leverage such 
indirectly observable constructs [28, 56]. 

In Newtonian physics, force represents the push or pull between 
objects [61]. Force cannot be directly observed but is a theoretical 
construct developed to help make sense of object interactions, in-
ferred from measurable elements such as mass, acceleration, veloc-
ity, and time. Although its definition is an abstraction, conceptually, 
force has remained unchanged since Newton’s proposal in 1687. 
There is broad agreement and empirical support concerning its 
theoretical foundations, and the factors defining force are limited 
and straightforward to measure; there is even a specific measure-
ment for force, a Newton. This clarity and consensus make force an 
exemplar construct. 

On the other hand, attention is a construct that has seen ex-
tensive refinement in cognitive sciences. Attention refers to the 
selective salience of specific information in a given context. De-
spite cognitive sciences being a relatively new field, the concept of 
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attention has undergone extensive empirical investigation, leading 
to increasingly refined and precise measurement methods, such as 
reaction-time tasks and neuroimaging [32]. Yet, the applicability 
of attention as a construct continues to be debated [83], such as 
concerning the role of selective salience in the study of attention 
[21]. In this article, we seek to facilitate this form of constructive, 
epistemic dialogue focusing on UE. 

Our analysis emphasizes the HCI perspective, though the find-
ings may also interest other disciplines. As highlighted in studies 
on umbrella constructs [19, 45], these constructs that attempt to 
encapsulate broad phenomena often suffer from definitional frag-
mentation, which, as we will show, is also the case with UE. This 
fragmentation can lead to issues in operationalization and validity, 
as seen with the usability construct in HCI [75, 76]. Other HCI 
constructs, such as interaction [22]and personas, have come under 
similar critical scrutiny [10, 11]. Like with these other examples, 
the current application of UE presents challenges in achieving con-
sistency across HCI studies, further complicating UE’s practical 
applicability in system design, user behavior (UB), and other HCI 
research. Umbrella constructs like UE require a clear, agreed-upon 
conceptualization to ensure their relevance and utility for HCI 
research and applications. Relevance is the degree to which UE 
findings align with real-world UBs and system interactions, mak-
ing these findings applicable and meaningful to HCI challenges 
[13, 72]. Applicability is the practical application of these findings 
[35, 77], such as guiding the design of user interfaces, enhancing 
user experience (UX), and informing the development of interaction 
strategies. A well-defined UE construct would allow researchers to 
develop consistent methodologies and metrics, facilitating accurate 
comparisons across studies and improving replicability. This con-
sistency could enhance the theoretical and practical applicability 
of the UE construct in HCI, supporting the creation of systems 
that better meet user needs and behaviors. While one may expect 
more fuzziness with abstract concepts relative to physical ones, if 
such a construct is frequently applied in scientific research and 
practice, one would still expect acknowledgment of the abstraction, 
reasonably clear and agreed-upon definition, theoretical grounding, 
and practical benefit. To this end, a critical examination of UE can 
aid the quality and progress of HCI research and practice. 

The current research addresses several knowledge gaps by inves-
tigating the following research questions (RQs): 

RQ1: How is user engagement defined? 
RQ2: How is user engagement measured? 
RQ3: Are conceptualization and assessment of user en-
gagement aligned across studies? 

For RQ1, we analyze and report on the definitions of UE pre-
sented in the literature, identifying the specificity and categories of 
UE definitions across various thematic areas of HCI research. While 
there is an overarching field of study in the HCI domain, within 
this domain, several research communities concentrate on specific 
topics such as accessibility, health, the web, mobile devices, and 
privacy. These research communities are groups of researchers who 
share common interests and goals within the broader HCI domain. 
Each community may approach concepts and methodologies differ-
ently, but they all contribute to the collective understanding and 
advancement of HCI research. This analysis is important because 

if UE is to have value as a research construct, its definitions should 
generally be precise and consistent across or perhaps within HCI 
research communities and studies. For RQ2, we analyze and report 
the metrics applied to measure or evaluate UE. Ideally, there ought 
to be some agreement on what is indirectly measured to quantify 
UE and whether these measures should be consistent across HCI 
research communities within HCI. For RQ3, we analyze and report 
on the alignment between UE as defined within HCI studies and 
how UE is measured. If definitions and measures are aligned, this 
might indicate UE is conceptually focused and consistently applied 
within a given study. If definitions and metrics are misaligned, this 
might suggest that the UE may be used as theoretical or model 
‘window dressing’ for empirical research. 

This article presents a literature review of prior UE reviews, 
followed by our research premises. We then present our methodol-
ogy for our systematic literature review on UE. Subsequently, we 
present our literature review results, returning to our RQs. We 
follow this with a discussion of the implications in the HCI field. 
Finally, we propose a way forward for employing UE that can help 
understand people and their interactions with technology. 
2 Foundation for Investigation and Review of 

Literature 
2.1 Challenges of Defining UE 
Various attempts have been made to define UE definitively across 
the HCI field, but as we will show, further progress is needed. An 
example of a previously proposed definition includes “a quality of 
user experience characterized by attributes of challenge, positive 
affect, endurability, aesthetic and sensory appeal, attention, feed-
back, variety/novelty, interactivity, and perceived user control” [54, 
p. 1]. There are other similar examples in the HCI UE literature, 
which we examine in detail below. Most of these definitional at-
tempts are extremely broad. For example, UE has been denoted as 
a concept that refers to the quality of the user experience (UX) that 
emphasizes the positive aspects of the interaction with technology 
[3, 66, 71]. Lalmas et al. [37, p, 1] attempt a definition as UE “refers 
to the quality of the UX that emphasizes the positive aspects of 
interacting with an online application and, in particular, the desire 
to use that application longer and repeatedly.” 

From this lineage of UE definitions, some organizations and prac-
titioners (including designers, product managers, and marketing 
managers) have adopted the UE concept as an objective, target, 
or goal to optimize, whether qualitatively or quantitatively (see 
Table 1). This maxim sees high UE as an antecedent to continued 
system use, often mediated by improvements in a system’s UX or 
usability [55, 84], whereas low UE indicates an intent of discontin-
uation [67, 70]. However, a challenge of this view of UE is that it 
might not necessarily reflect genuine value for system end users 
[12, 53]. Others have framed UE as having a potentially negative 
effect or at least been associated with secondary negative effects, 
as identified in the HCI research topics dealing with (social media) 
addiction, impulsive behaviors, nudging, manipulation, and dark 
design patterns [5]. Often, these are inadvertent consequences of 
“optimizing” UE: designers are not deliberately seeking to harm the 
users, but harmful and adverse outcomes like addiction emerge as 
side effects of maximizing UE. 
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Table 1: Positive and negative connotations of UE based on different ways of defining it. 
HCI research tries to. . . Positive connotation Negative connotation 
maximize or optimize •UE as a target key performance indicator (KPI) or 

metric 
•UE as a UX goal 
•UE as a usability goal 
•UE as not to be a distractor from other target KPIs or 
metrics 
•UE to fit with the organization’s system design culture 
•E as one of a range of options, including usability and 
effectiveness 

N/A 

minimize or mitigate 

N/A 

•UE as addictive use of a system (e.g., social 
media feeds) 
•UE as a form of impulsive behavior, such as 
online purchasing or social media commenting 
•UE to avoid the illusion of data validity 
(preoccupation with metrics) 
•UE to avoid the dark patterns of design (i.e., a 
feature that subtly encourages users to perform a 
specific action) 

Lamas and colleagues [37] note that a challenge in studying UE is 
the lack of an agreed-upon definition and understanding of UE and, 
therefore, how UE can be measured, whether it should be viewed 
as a desired [85] or undesired phenomenon, and should researchers 
aim at maximizing or minimizing UE (and under which boundary 
conditions)? So, the employment of UE has yet to clarify system 
use, and its varying definitions confuse what kind of systems we 
should design. Building upon the exploration of prior research and 
the challenges surrounding UE definitions, this study addresses 
these issues through a systematic review. By synthesizing existing 
literature and identifying patterns in definitions and measurements, 
we aim to provide a clearer perspective on UE’s role within HCI. 

2.2 Prior User Engagement Reviews 
There have been prior attempts at literature reviews of UE within 
the HCI literature. Hochheiser and Lazar [20] propose a model 
of social engagement based on the influences that motivate HCI 
responses to societal issues and the types of interventions that pro-
fessionals in these fields can contribute to. Although relevant to 
UE, this research focuses on broader social and related implications 
rather than the psychological aspects of HCI. Relatedly, Doherty 
and Doherty [14] systematically review how HCI research defines, 
understands, and measures engagement, including UE. The authors 
analyze 351 articles and 102 definitions of engagement from differ-
ent domains and perspectives, proposing an ecological framework 
that distinguishes engagement as a state, an agent, or an interac-
tion. The review examined engagement in diverse ways across the 
spectrum of the cross-disciplinary research community. 

In contrast, other key efforts have defined UE directly in using a 
system, such as a study by O’Brien and Toms [54] which aims to 
synthesize related theories of UB and psychology like flow, play, 
aesthetics, and information interaction. O’Brien and Toms define 

UE as a quality of UX characterized by attributes of challenge, pos-
itive affect, endurability, aesthetic and sensory appeal, attention, 
feedback, variety/novelty, interactivity, and perceived user control, 
encompassing a broad spectrum of attributes. They also suggest 
that UE is a process that consists of four stages: (1) point of UE, (2) 
period of sustained UE, (3) disengagement, and (4) re-engagement; 
however to our knowledge these explicit stages are not empirically 
tested, In later work, O’Brien [50] expounded on these reportedly 
theoretical foundations of UE, namely the Flow Theory and Philoso-
phy of Experience, attempting to deconstruct UE using principles 
for evaluating concepts of clarity, scope, and meaning. Rather than 
a literature review, as is our research, this more recent work is more 
of a commentary highlighting possibly epistemological influences 
on UE. Finally, O’Brien et al. [52] have also investigated measuring 
UE via existing scales. This previous work focused on efforts to 
define UE. We update and enhance these important efforts in our 
current work by critically comparing and contrasting definitions 
(including new definitions that have emerged since) to continue 
discussing the concept of UE as a construct. 

Peters et al. [57] explore the concept of engagement in HCI, 
including UE, and how it relates to concepts such as attention, 
emotion, interest, and immersion. The authors examine different 
definitions and perspectives on engagement from various domains 
and categorize them according to the perception-cognition-action 
loop. They also discuss the factors and phases of UE and the chal-
lenges of measuring and modeling it. The article is an exploratory 
attempt to clarify the meanings and implications of UE for designing 
and implementing intelligent interfaces, and it can be considered 
more of a general scoping overview of engagement rather than 
a focused and systematic examination of UE, as presented in this 
work. Similarly, Garett et al. [16] review UE in website design, 
identifying elements that influence UE, like navigation, graphical 
representation, organization, content utility, purpose, simplicity, 
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and readability. They note how website design is critical for UE, 
but there is no consensus on defining and measuring the specific 
elements of effective website design. This review focuses on the 
narrow aspect of website design and measures. In contrast, our sys-
tematic review goes beyond visual artifacts to address the range of 
HCI areas and dimensions of UE as presented in the HCI literature. 

Sigerson and Cheng [65] focused specifically on the psychomet-
ric properties of twelve scales for measuring UE in social network 
sites. The researchers report mixed evidence for the validity and 
reliability of the scales, with some scales being more rigorously vali-
dated than others. The article also identifies limitations and biases of 
the scales, such as sampling and acquiescence biases. Likewise, Ng 
et al. [48] examined specifically on UE indicators of mental health 
apps, while our systematic review covers more than indicators and 
addresses multiple HCI areas. Ng et al. systematically review how 
UE indicators are measured and reported for apps, specifically men-
tal health. They find a high heterogeneity and inconsistency in 
the definitions, criteria, methods, and thresholds used to assess UE 
indicators across studies. Finally, Suh and Cheung [69] carried out 
a literature review of 59 empirical studies on UE. The researchers 
concluded that UE can be conceptualized as a psychological state, 
a behavioral experience, or a combination of both. They found 
that UE can have different dimensions, such as cognitive, affective, 
behavioral, and meaningful, and UE can be affected by technology, 
social, content, and individual characteristics [79]. Also, UE can 
have various consequences, such as extended technology use, de-
creased social interaction, task inefficiency, and poor information 
technology appraisal. The article proposes a comprehensive (or 
perhaps all-encompassing) framework for UE that accounts for the 
interplay among the key elements associated with UE. 

Our systematic literature review significantly builds on prior 
research, further scrutinizing the UE concept. Some prior reviews 
have proposed different models based on the literature reviews. For 
example, O’Brien and Toms [54] UE is a multi-stage process in-
volving sustained interaction, disengagement, and re-engagement. 
Meanwhile, Doherty and Doherty’s [14] ecological framework dis-
tinguishes engagement as a state, agent, or interaction; and Peters 
et al.’s [58] present a motivation-engagement-thriving model of 
UE. While there are also few efforts to evaluate UE’s benefits for 
user understanding or system design, the limited evaluations show 
no to minimal positive impact [48]. Rather, past work has largely 
focused on proposing new definitions of UE that encompass a con-
glomeration of the cognitive, affective, and behavioral spectrums. 
Subsequently, these diverse definitions lead to calls highlighting 
the difficulty of implementing and measuring UE without using 
exceedingly complex frameworks or approaches. As such, despite 
extensive efforts by researchers, the concept of UE remains elusive 
and multidimensional. This suggests a crucial gap in identifying 
and clarifying the core psychological and behavioral dimensions of 
UE and establishing a more coherent and consistent understanding 
of UE within HCI. The current state of UE research highlights the 
need for a more concerted effort to delineate the key dimensions 
of UE and refine its theoretical underpinnings: while UE is widely 
cited, there is no consistent agreement on its definition, metrics, or 
theoretical foundations. The current work highlights the fragmented 
state of UE research and proposes avenues for refining UE with 

more empirically grounded categorical labels or narrower defini-
tions within HCI communities. This involves synthesizing existing 
literature and conducting rigorous empirical research to validate 
and expand upon these dimensions. The following section outlines 
our methodology for collecting and analyzing relevant literature. 
3 Methodology 
3.1 Overview 
A systematic search using specific search phrases related to UE 
(detailed further below) to address our RQs was conducted on the 
major article databases of ACM Digital Library (ACMDL), IEEE 
Xplore, and Web of Science (WoS). These databases were selected 
because of HCI research coverage (especially ACMDL) and exten-
sive coverage of journal articles (WoS). Other databases like Scopus 
were discarded due to likely high overlap with the chosen three 
databases. We searched the three databases using nearly identi-
cal approaches, varying the search only for the peculiarities of 
the archive platforms. For an additional coverage check, we also 
searched the Google Scholar archives to identify articles explicitly 
defining UE. We limited the searches to peer-reviewed journal arti-
cles and conference proceedings published from 1993 through 2023, 
including all full-text articles from journals or conferences written 
in English. We explain the process in the following subsections. 
3.2 Article Collection and Screening 
Figure 1 illustrates the literature collection process using the 
PRISMA flow diagram [64]. PRISMA (Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses) is a set of guidelines 
and checklists, a standard approach for reporting systematic re-
views [68]. We present the PRISMA flow diagram and process [2] 
to report our systematic data collection process. 

ACM Digital Library: We searched the ACMDL with the phrase 
“user engagement” (quotes included) in the article title using the 
advanced search bar, as the ACMDL is a comprehensive archive of 
HCI research arguably containing the leading HCI conferences and 
journals in the field. Our rationale was that articles with UE ex-
plicitly in the title would predominantly focus on UE. The ACMDL 
also spans various HCI fields, and user-related research is con-
ducted. We searched with a date limit through 31 December 2023 
for full-text research articles published by ACM, journals or confer-
ences, and full papers as the filters. The search yielded 158 results 
published through 2023. 

Web of Science: To mitigate possible source bias by collecting 
user studies from just the ACMDL database (despite it being a 
diverse archive and to HCI outlets), we searched the WoS, another 
comprehensive archive of user research, with the phrase “user 
engagement” (quotes included) as the keyword in the article title 
using the advanced search feature. The search yielded 570 results 
published through 2023. 

IEEE Xplore: We also search the IEEE Xplore database to miti-
gate possible source bias. However, manual screening of the titles 
and abstract did not locate relevant articles, so no articles from 
IEEE Xplore were included in our systematic review. 

Google Scholar: Although the searches on ACMDL and WoS 
databases yielded many relevant articles concerning UE, many 
articles did not explicitly define UE. We used the opportunity to 
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Figure 1: PRISMA flow diagram of the literature collection process, with a full explanation provided in the text. 
expand our systematic review to a third archive, Google Scholar 
(GS), as a modified snowballing technique similar to the approach 
in [62]. This substantially increased the coverage of the literature (n 
= 997). Wohlin [81] points out that different techniques should be 
employed to maximize the chances of identifying relevant literature. 
Using the Publish or Perish [18] software, we searched GS for the 
phrase “user engagement,” with a date limit through 2023, for full-
text research articles. 

Overall Process: The combined searches on archival databases 
and our snowball sampling resulted in 1,478 articles after remov-
ing duplicate articles. We first manually screened the articles by 
inspecting whether each retrieved article reported relevant UE re-
search in the title and abstract, and then, for those that passed this 
screening, we screened the full text for the remaining articles. We 
followed a defined protocol to determine inclusion and exclusion 
criteria for our systematic review. Articles were included if they 
(1) explicitly referred to UE within the context of HCI, (2) provided 
empirical data or theoretical analysis related to UE, and (3) were 
published in peer-reviewed journals or conference proceedings be-
tween 1993 and 2023. Articles were excluded if they (1) discussed 
UE in non-technological or purely theoretical settings without ap-
plication to HCI, (2) focused on engagement without a technological 
aspect, or (3) were non-English publications. Examples of exclusion 
were UE involving customers and non-technology products and 
other forms of engagement not with a piece of technology. Ap-
plying the inclusion/exclusion criteria via manual inspection led 
to 1237 articles (86.7%) from the three datasets that did not meet 
our inclusion/exclusion criteria from either the title, abstracts, or 
full text being discarded. The pertinent information was recorded 
in a spreadsheet for each selected article, which we included as 
supplementary material. 

Overall, using multiple databases, the additional coverage check, 
and the rigorous screening process led us to believe that our review 
covers a major portion of UE research in the HCI context. We chose 
ACMDL and WoS due to their extensive indexing of high-impact 
journals and conference proceedings in HCI and technology-related 

fields. GS supplemented the specialized databases by capturing a 
broad spectrum of literature, conference proceedings, and emerging 
works that may not be indexed in the other databases, thereby 
enhancing comprehensiveness without compromising the HCI-
specific focus of the primary databases used. Therefore, the current 
papers cover major HCI outlets, including conferences and journals. 

3.3 Data Collection and Methods of Analysis 
We extracted a range of information from the articles, as shown in 
Table 2. 

Manual coding was completed by reading the articles and record-
ing the information in a spreadsheet. We defined article attributes 
based on our open coding, using standard accepted definitions of 
terms as labels (see Table 2). The article title, publication type, 
and year of publication were straightforward. The definition of 
UE, location of definition, data collection, analysis type, and how 
engagement was measured were also relatively straightforward, 
as these were expressed directly in the article. Major takeaways 
and additional comments were qualitative expressions by coders. 
A team of three researchers participated in the review process for 
the analysis. Each researcher played a specific role: one primary 
coder conducted the initial open coding of all 241 articles, a sec-
ondary coder independently verified twenty percent of the data for 
interrater reliability, and a third researcher oversaw the thematic 
categorization and resolved any discrepancies. This collaborative 
approach ensured consistency and reliability in analyzing UE defi-
nitions and metrics. Cohen’s Kappa statistic was used to quantify 
the agreement, accounting for the possibility of chance agreement. 
The obtained Kappa value of 0.8 indicated substantial agreement 
between the coders. 

Concerning the definition analysis, one of the authors indepen-
dently coded all the articles. The process of coding definitions 
involved a word-by-word analysis of each definition, with explicit 
characteristics coded (i.e., tallied) based on the presence of relevant 
keywords per definition. As definitions of UE in our sample were 
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Table 2: The attributes extracted from the articles. [A] denotes automatic retrieval using ACMDL, WoS, and GS export functions, 
while [M] denotes manual extraction by the researchers. 

Attribute Automation [A]/ 
Manual [M] Definition 

Article title A The name of the article. This is directly the article. 
Publication type A / M This is from the article meta-data. Most are journals or conferences. This is 

directly from the article reference. 
Year of publication A This is from an article reference. This is directly from the article. 
Thematic area M The research community of the article. Examples include e-commerce, health, 

education, social media, music, etc. 
Definition of engagement M This is how the article defines UE (if defined). This should be a quote. 
Location of definition M Page number where UE defined 
Data collection M If an empirical study, how was the data collected? Examples would be user 

studies, surveys, or user logs. 
Analysis type M The methods employed in the article. Examples would be quantitative (i.e., 

ANOVA, t-test, etc.), qualitative (i.e., grounded theory, open coding, etc., mixed 
(i.e., both quantitative and qualitative), or algorithmic (i.e., machine learning). 

How engagement measured M What metrics are used? Examples would be page views, likes, shares, comments, 
etc. 

Major takeaways M The major findings or implications. 
Additional comments M Interesting aspects of the article or highlights that make the research interesting. 

diverse, many definitions had several characteristics (and their cat-
egories) coded. The extraction of UE definitions was limited to 
seventy percent (n=181) of the 241 articles explicitly defining UE. 
Articles that did not include definitions (n=60) were excluded from 
this analysis portion. The process involved manually reviewing the 
full text of each article to identify and record definitions. This selec-
tive approach allowed us to concentrate on articles that significantly 
contributed to understanding the variability in UE definitions. 

We used multiple methods to examine the UE definitions. First, 
we used similarity analysis [82] to determine how closely the def-
initions aligned with one another, relying on Google’s Universal 
Sentence Encoder [9] to calculate semantic similarity scores be-
tween each pair of definitions. This helped quantify the alignment 
or divergence in how UE is defined across the literature. The similar-
ity score ranged from 0 (not similar) to 1 (identical). The similarity 
scores allowed us to identify patterns and degrees of definitional 
overlap. Linguistic term analysis [30] was conducted to identify 
the most frequently occurring terms across definitions, offering 
insights into common conceptual elements. These analyses are 
grounded in natural language processing (NLP) techniques, which 
are widely used to understand and compare textual content across 
various domains [25, 33]. 

Finally, we applied thematic analysis [17] to categorize defini-
tional trends into broader themes. This multi-method approach 
allowed us to systematically capture the diversity and patterns in 
the UE literature. Thematic areas were developed using an open-
coding technique [17], which is appropriate when there is a need 
for emergent taxonomies [23]. A thematic area refers to a defined 
sphere of knowledge. This taxonomy was developed inductively by 
analyzing the types of studies in the sample. The major thematic 
areas identified were (1) social media, (2) health, (3) education, (4) 

information technology, (5) e-commerce, and (6) software, though 
other thematic areas also emerged (see Table 3). 

4 Results 
4.1 Exploratory Findings 
We first present exploratory findings, beginning with an overview 
of the UE articles as presented in Table 3. 

Outlets and Year of Publication: Table 3 shows that 132 ar-
ticles (57.6%) were published in journals, while 97 (42.4%) were 
conference articles. Figure 2 shows the publication of UE articles 
by year. Data shows that researchers were increasingly using the 
UE, at least beginning in 2013 through 2020. This increased usage 
does not alleviate the lack of mutually agreed upon definitions. 
Instead, the situation worsens as new operational definitions and 
understandings of UE keep emerging, thus resulting in the concep-
tual fragmentation of the concept. 

Thematic areas: Regarding thematic areas, the most common 
area was generic (i.e., no specific research community), with 58 
articles (23.8%), followed by social media with 33 articles (13.5%), 
health with 22 articles (9.0%), and education with 21 articles (8.6%). 
There were also articles related to IT, e-commerce, software technol-
ogy, gaming, crowdsourcing, news, entertainment, sports, media, 
tourism, product design, politics, art, humanities, non-profit, man-
ufacturing, energy industry, accessibility, apparel, consumer goods, 
enterprise resource planning, finance, hospitality, mobile phone 
retail, security, and sustainability. This variation in thematic areas 
illustrates the pervasive emergence of UE across research fields. 

Data Collection: The most used method for data collection was 
surveying in 105 studies (34.9%), followed by user logs and user 
studies in 66 studies (21.9%) each. Interviews were used in 31 stud-
ies (10.3%), experiments in 23 studies (7.6%), reviews in 6 studies 
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Table 3: Overview of User Engagement Articles, including publication types, thematic areas, data collection methods, and 
analysis methods used in 241 research articles on UE. 

Attribute N % 
Publication Type N % of Articles 
Journal Articles 139 57.6 
Conference Articles 102 42.4 
Total 241 100.0 
Thematic Areas (articles may have more than one) N % of N 
Generic 58 23.8% 
Social Media 33 13.5% 
Health 22 9.0% 
Education 21 8.6% 
Information Technology 15 6.1% 
E-commerce 10 4.1% 
Software Technology 14 5.7% 
Gaming 7 2.9% 
Crowdsourcing 6 2.5% 
News 6 2.5% 
Entertainment 5 2.0% 
Sports 5 2.0% 
Media 7 2.9% 
Tourism 4 1.6% 
Product Design 3 1.2% 
Politics 3 1.2% 
Art 2 0.8% 
Humanities 2 0.8% 
Non-Profit 2 0.8% 
Manufacturing 2 0.8% 
Energy Industry 2 0.8% 
Accessibility, Apparel, Consumer Goods, Energy, Enterprise Resource Planning, 
Finance, Hospitality, Mobile Phone Retail, Security, Sustainability (1 each) 15 6.1% 
Total 244 100.00 
Data Collection (articles may have more than one) N % 
Surveys 105 34.9% 
User Log 66 21.9% 
User Study 63 20.9% 
Interviews 31 10.3% 
Experiment 23 7.6% 
Review 6 2.0% 
Case Study 3 1.0% 
Experience Sampling, Simulation, In-Situ (1 each) 4 1.3% 
Total 301 100.0% 
Analytics Approaches N % of Articles 
Quantitative 176 73.0% 
Qualitative 21 8.7% 
Mixed Methods 36 14.9% 
N/A (non-empirical article) 8 3.3% 
Total 241 100.0% 

(2.6%), and case studies in 3 studies (1.0%). Some articles used expe-
rience sampling, simulation, and in-situ data collection methods. 
This variation in data collection methods illustrates the selective 
employment of UE across different research designs. The relatively 
high representation of survey data highlights the operationalization 

of UE as a self-reported measure. The findings also demonstrate 
how reported research on UE is conducted across diverse thematic 
areas and employs various data collection and analysis methods. 
Based on these exploratory analyses, this diversity in thematic ar-
eas, data collection methods, and analysis approaches indicates 
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Figure 2: UE publications by year. Researchers are increasingly using the UE concept, at least through 2020, even though it 
needs clear conceptual underpinnings. This increased usage does not address the lack of mutually agreed-upon definitions. 
Note: Our search identified no UE articles from 1995 to 2001 and 2003 to 2005. 
issues concerning consistent definitions and metrics of UE and 
standardized data collection and analysis. From these exploratory 
results, we now move to address our RQs. 

4.2 RQ1: How Is User Engagement Defined? 
We extracted the definitions from 181 (75.1%) of the 241 articles 
for the UE definitions. We next examine the characteristics of 181 
definitions of UE, beginning with definition length, linguistics, and 
similarity analysis. The length of a UE definition ranges between 
13 to 487 characters and 2 (“salient intermediary”) to 72 words 
after removing stop words. The average number of characters per 
definition is 110 characters (SD = 72.7), and the average number 
of words per definition is 16 terms (SD = 10.7). We combine the 
181 definitions of UE into one string variable. We also enabled the 
removal of the default stop word (that is, commonly used words). 
The total number of unique words and bigrams (two words) is 535. 
The total sum of the term frequency (TF) (how often a term occurs) 
of the 535 words is 1,580 terms. 

The ten most frequently used words are user (TF = 94, 5.9% of 
total terms), interaction (TF = 45, 2.8%), user experience (TF = 34, 
2.2%), quality (TF = 32, 2.0%), system (TF = 25, 1.6%), time (TF = 25, 
1.6%), involvement (TF = 18, 1.1%), use (TF = 15, 0.9%), cognitive 
(TF = 14, 0.9%), and attention (TF = 14, 0.9%). Table 4 shows the top 
ten words and bigrams used in the 181 UE definitions. We checked 
the similarity between each pair of the 181 definitions. Using the 
Universal Sentence Encoder [9], we encoded all the definitions 
and calculated the semantic similarity [82] (based on the likeness 
of their meaning or semantic content). Table 4 shows the top 10 
unigrams and top 10 bigrams used in the 181 UE definitions. Figure 
3 shows the histogram of the semantic similarity scores and the 
count of definition pairs for each semantic similarity score. 

Here, we have 181 definitions, which form 16,290 unique pairs of 
definitions. Thus, we have 16,290 semantic similarity scores for the 
definition pairs. The histogram in Figure 3 shows that 4,970 out of 
16,290 (30.5%) of the definition pairs have similarity scores between 
0.1 and 0.2, and 3,338 (20.5%) have less than 0.1 similarities. Most 
of the pairs of definitions, 15,601 (95.8%), have a similarity score of 
less than 0.5, indicating a significant variation in how researchers 
define UE. The rest of the 689 (4.2%) pairs have a similarity score 
greater than or equal to 0.5, suggesting some degree of agreement 
or similarity in these definitions. 

These linguistic and semantic results (95.8% having a similarity 
score of less than 0.5) indicate a broad spectrum of perspectives and 
approaches to defining UE. The relatively low occurrence of the 
frequency of keywords (most frequent keyword occurring 5.9%) in 
the UE definitions and the single-digit occurrences of UE definitions 
with high similarity (4.2% having a similarity score greater than 
or equal to 0.5) already indicate a wide diversity in UE definitions. 
Most definition pairs have low similarity scores, indicating a need 
for more consistency in understanding and interpreting UE within 
HCI research. 

To evaluate if there is variance within research communities, we 
also calculated the definition’s semantic similarity by focusing on 
the research community having the highest number of definitions, 
26, which is social media. For the social media area, there are 324 
unique pairs of definitions. The histogram in Figure 4 shows that 82 
of 324 (25.3%) of the definition pairs have similarity scores between 
0.2 and 0.3, and 76 (23.5%) have similarities between 0.3 and 0.4. 
Most of the pairs of definitions, 258 (79.6%), have a similarity score 
of less than 0.5, indicating a significant variation in how researchers 
define UE even in the same community. The rest of the pairs, 66 
pairs (20.4%), have a similarity score greater than or equal to 0.5, 
suggesting some degree of agreement or similarity in these defini-
tions. From this analysis, the within-community definitions have a 
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Table 4: The ten most frequent words in the UE definitions with TF and the percentage of the total number of words (% of total 
words). The ten most frequent bigram words in the UE definitions with TF and the percentage of the total number of words (% 
of total words). 

Word (unigram) TF % of total words Bigram TF % of total words 
user 94 5.9% user experience 34 2.2% 

interaction 45 2.8% emotional cognitive 13 0.8% 
quality 32 2.0% positive aspect 11 0.7% 
system 25 1.6% novelty interactivity 8 0.5% 
time 25 1.6% feedback novelty 8 0.5% 

involvement 18 1.1% behavioral connection 8 0.5% 
use 15 0.9% sensory appeal 7 0.4% 

cognitive 14 0.9% perceived control 6 0.4% 
attention 14 0.9% awareness motivation 6 0.4% 

technology 14 0.9% motivation interest 6 0.4% 
technological resource 6 0.4% 

Figure 3: Histogram of the semantic similarity scores (range: 0 to 1, in which 1 is a maximum similarity) and counts of definition 
pairs. The pairwise semantics similarity scores among UE definitions are usually quite small. 
similar divergence as the overall set of UE definitions, indicating 
that the inability to define UE is a fractal problem. This is supported 
by findings from prior research, including [37] noting that UE lacks 
an agreed-upon definition, Garett et al. [16] reviewing UE in web-
site design, and Suh and Cheung [69] who reviewed 59 empirical 
studies of UE within various research communities. 

From this foundation, we conducted a more focused analysis. 
Several categories of characteristics were identified among the 181 
articles that explicitly defined UE. Table 5 presents this categoriza-
tion of UE definitions, outlining their characteristics and providing 
examples. To establish these categories of UE and their characteris-
tics, a two-step methodological approach was employed that drew 
from relevant techniques in thematic analysis. First, our linguis-
tic term analysis [30] (described earlier in this section) provided a 
quantitative overview of the most frequently occurring terms; this 
served as a basis for identifying potential themes and categories 

related to UE. Building on the linguistic term analysis, a more in-
depth thematic analysis was conducted to explore further and refine 
the emerging categories. This involved manually examining the 
definitions, contextual meanings, and relationships between the 
identified terms and themes. We actively discussed discrepancies 
from the linguistic term analysis to refine the categories as needed. 
This iterative process allowed for the development of a shared cod-
ing scheme that captured the nuances of UE across the definitions. 
Based on these considerations, three main Definition Categories 
(DCs) were ultimately established for further thematic coding: 

DC1: User-System Interactivity (USI). User-system interac-
tivity includes UB (towards the system), feedback, endurability, 
time, quality, user challenges, user control, and novelty. 

DC2: User-System Perception (USP). User-system perception 
encompasses the user’s cognitive and emotional responses, sensory 



CHI ’25, April 26–May 01, 2025, Yokohama, Japan Bernard Jansen et al. 

Figure 4: Histogram of the semantic similarity scores and counts of definition pairs by semantic similarity for the social media 
research. The pairwise semantics similarity scores among UE definitions are quite small in most cases, even within the same 
thematic area. 
impressions, aesthetic appreciation, and overall value derived from 
the system. 

DC3: User-Technology Affinity (UTA). User-technology affin-
ity encompasses UB (towards the technology brand) and user loy-
alty, both as facets underlying the user’s larger emotional, psycho-
logical, and physical investment in the system services provider. 

Based on the coding results, Table 6 quantifies the variability of 
characteristics in definitions of UE. Definitions that did not fall into 
any categories and were research community-specific (i.e., articles 
that explicitly measured UE in alignment with specific goals of their 
thematic area, such as health) were also separately coded as such 
and further included in the table. The data comes from a subsample 
of 181 articles (out of n= 241 total; 75.1%) explicitly defining UE. 

For USI, the most used definition characteristics were UB (sys-
tem) in 114 articles (63.0%), followed by endurability in 38 articles 
(21.0%), and time, novelty, quality, feedback, user challenges, and 
user control in varying degrees. For USP, the affective charac-
teristics were the most used in 103 articles (56.9%), followed by 
cognitive characteristics in 50 articles (27.6%), aesthetic characteris-
tics in 17 articles (9.4%), sensory characteristics in 12 articles (6.6%), 
and general characteristics in 8 articles (4.4%). For UTA, UB (brand 
of technology) was the most used definition characteristic in 13 
articles (7.2%), followed by user loyalty in 4 articles (2.2%). 

The most included characteristic (63% of articles) fell under the 
category of USI, specifically UB, during interactions with the system. 
Affective characteristics of USP (e.g., “positive feelings” during 
user-system interactions) are also frequently emphasized (56.9% of 
articles), followed by cognitive (27.6%) and aesthetic aspects (9.4%) 
(e.g., users’ attentiveness and appeal to system interface aesthetics, 
respectively), with sensory processes (e.g., touch) less commonly 
referenced (6.6%). Additionally, a substantial percentage of articles 
(34.8%) referred to thematic area-specific UBs and/or outcomes in 
their definitions of UE. 

In the thematic-specific category, UB (within the thematic area, 
e.g., users’ health behaviors in the health area) was the most used 

definition characteristic in 51 articles (28.2%), followed by user 
outcome (e.g., health outcomes) in 35 articles (19.3%). For example, 
studies describing UE in the context of mobile health applications 
included health-specific patient behaviors and/or clinical outcomes 
in their definitions of engagement. 

Compared with other categories, we also observed that UTA is 
relatively underexplored or is an emerging area of research, with 
few articles considering UB toward brands (7.2%) or user loyalty 
(2.2%) as characteristics of UE. This may imply an emphasis on 
technical interactions in UE studies, i.e., UBs and perceptions are 
primarily viewed through the lens of direct user interactions with 
systems [27, 31] instead of their interactions with systems/service 
providers. 

The mean number of characteristics included in definitions of UE 
is 3.2 characteristics per definition, with a median of 3.0, a maximum 
of 10.0, and a standard deviation of 2.0. These findings highlight the 
wide distribution of characteristics across UE definitions, reflecting 
the field’s breadth and lack of consistency. 

Together, these findings have important implications for under-
standing how UE is defined. Tables 2–6 highlight how UE has no 
consistent definition; instead, it is multifaceted and operationalized 
in various ways depending on the specific objectives of inquiry. 
The variability in defining UE leads to inconsistencies in measuring 
and interpreting what engagement is and the engagement levels. 
This lack of understanding of UE, including whether it even exists, 
hinders our understanding of its impact on UB and performance. 

One possible explanation for the inconsistent nature of the UE 
definitions is that the concept itself is inherently flawed by attempt-
ing to capture a diverse range of behaviors, experiences, and inter-
actions that may not share a common underlying mechanism or 
cause. In this sense, UE might be better understood as an umbrella 
label encompassing multiple, distinct phenomena rather than a 
singular, coherent construct. Such a perspective calls into question 
UE as a meaningful and measurable concept. Indeed, the present 
data suggest that UE researchers may need to reconsider how they 
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Table 5: Characteristics of UE definitions with examples. 
Category Category definitions Characteristics Characteristics definitions Examples 
User-System 
Interactivity 
(USI) 

Exchange of inputs and 
outputs between user and 
system, respectively. 

User Behavior 
(System) Actions taken by the user to 

provide input to the system. “[user’s] behavioural response 
that is prompted by the 
exposure” [63] 

Endurability Repeated exchange of inputs 
and outputs between user and 
system, respectively. 

“initial reactions to technologies 
and sustained use of and 
re-engagement with information 
systems over time” [51] 

Feedback Output produced by the system 
in response to user input. “the emotional, cognitive and 

behavioural connection that exists, 
at any point in time and possibly 
over time, between a user and a 
resource” [3]; 
“when they appreciate the (. . .) 
content to which they have given 
their attention” [74]; 
“quality of the user experience that 
emphasizes the positive aspects of 
the interaction” 
[1, 36–39, 42, 44, 46, 47, 47, 49, 60]; 
“quality of user experience 
characterized by attributes of 
challenge, positive affect, 
endurability, aesthetic and sensory 
appeal, attention, feedback, 
variety/novelty, interactivity, and 
perceived user control” 
(foundational definition by [54]) 

Time Duration of interactional 
exchanges (discrete or 
cumulative instances) between 
user and system. 

Quality System capacity to respond to 
user inputs consistently and 
successfully. 

User Challenges Obstacles to user-system 
interactivity, such as user 
navigation difficulties or 
system output failures. 

User Control Ability for users to navigate the 
system in alignment with user 
needs. 

Novelty System capacity to introduce 
variety to interactions. 

User-System 
Perception 
(USP) 

User perceptions of 
the system. Affective User emotional processes (e.g., 

motivation, satisfaction) during 
interactions with the system. 

Cognitive User mental processes (e.g., 
attention) during interactions 
with the system. 

Sensory User sensory processes (e.g., 
tactile, auditory) during 
interactions with the system. 

Aesthetic User perception of the visual 
design of the system during 
interactions with the system. 

User-Technology 
Affinity (UTA) Interactions and behavioral 

connections users have with 
technology platforms that 
incorporate a brand element, 
highlighting how brand 
perception of technology 
influences user-system 
engagement within HCI 
contexts 

User Behavior 
(Brand) Continuous actions taken by 

the service user to interact with 
a specific service provider’s 
systems and systems-related 
content (e.g., marketing 
materials), such as due to 
preference over other service 
providers. 

“strong ties [with a brand]” [59]; 
“a behavioral manifestation that 
drives motivation to attach to the 
brand of the service provider 
beyond using the service” [29] 

User Loyalty 

approach the study of user-system interactions and experiences to 
be significantly more explicit to specific goals and measures. 

The conflicting categories and characteristics identified in this 
research raise important doubts about the feasibility of developing 

a single, universally applicable measure of UE for HCI. Given the 
wide range of factors that contribute to UE and the thematic-specific 
nature of these factors, it is unlikely that a one-size-fits-all metric 
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Table 6: Characteristics of UE definitions. Coding was tallied based on the definitions’ frequency of mutually exclusive 
occurrences of characteristics. As definitions could have multiple characteristics, articles can be in more than one category (N). 
Definition characteristics (n= 181 articles) N % of N % of 241 Articles 
User-System Interactivity (USI) N % of N % of 241 Articles 
User Behavior (System) 114 49.1% 63.0% 
Endurability 38 16.4% 21.0% 
Time 16 6.9% 8.8% 
Novelty 16 6.9% 8.8% 
Quality 14 6.0% 7.7% 
Feedback 12 5.2% 6.6% 
User Challenges 11 4.7% 6.1% 
User Control 9 3.9% 5.0% 
General 2 0.9% 1.1% 
Total 232 100.0% 
User-System Perception (USP) N % of N % of Articles 
Affective 103 54.2% 56.9% 
Cognitive 50 26.3% 27.6% 
Aesthetic 17 8.9% 9.4% 
Sensory 12 6.3% 6.6% 
General 8 4.2% 4.4% 
Total 190 100.0% 
User-Technology Affinity (UTA) N % of N % of Articles 
User Behavior (Brand of Technology) 13 76.5% 7.2% 
User Loyalty 4 23.5% 2.2% 
Total 17 100.0% 
Thematic-specific N % of N % of Articles 
User Behavior (Research Focus) 51 59.3% 28.2% 
User Outcome 35 40.7% 19.3% 
Total 86 100.0% 

could accurately capture the complexity of UE across different 
thematic areas and settings. This brings us to our second RQ. 

4.3 RQ2: How Is User Engagement Measured? 
Our analysis of empirical UE metrics further confirmed our con-
cerns with various UE definitions within HCI research. This sub-
data was identified from 222 articles (of n = 241 total sample) that 
provided a metric of UE (see Table 7). 

Results in Table 7 show how UE is most commonly measured 
through self-reported and activity-based metrics. Specifically, self-
reported metrics, such as questionnaires or surveys, were used in 
34.4% (n= 83) of the articles, while activity-based metrics, such as 
time spent on a website or the number of posts made (e.g., on an 
online social network) were leveraged in more than half (n= 125, 
51.9%) of the articles. System analytics, such as total user base or 
daily user volume, were adopted in only 10.4% (n=25) of the articles. 
So, some researchers use more objective metrics, while others use 
more subjective metrics to measure UE. 

There were also combinations of different metric types used in 
the articles. Sixteen articles (6.6%) used both self-reported and 

activity-based metrics, one paper (0.4%) used self-reported and sys-
tem analytics metrics, and 14 articles (5.8%) used activity-based 
and system analytics metrics. A small percentage (1.2%) of articles 
used a combination of all three categories of metrics (self-report, 
activity-based, and system analytics). So, in total, 34 out of 241 
articles (14.1%) used different metric types (i.e., multiple ways of 
measuring engagement), whereas the majority (n= 188, 78.0%) sub-
scribed to only one way of measuring UE. This finding suggests that 
researchers use one and occasionally two metrics (e.g., combined 
self-report and activity-based metrics, 6.6%) instead of a compre-
hensive approach. The reliance solely on self-report (34.0%) or 
activity-based (38.2%) metrics highlights the need for researchers 
to develop more objective and standardized measures of UE. Also, 
the employment of activity-based metrics (i.e., UBs and actions 
within a product, service, or system), used in 38.2% of UE studies, 
highlights that ‘system use’ is the most important set of metrics. 

As we surmised earlier, the lack of a consistent and universally 
accepted definition of UE is likely to create confusion and mis-
interpretation among HCI researchers and practitioners. As we 
observe here, measures are often taken as some form of proxy that 
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Table 7: Empirical metrics of UE. The frequency of mutually exclusive metrics was coded by tallying for frequency in each 
paper that measured UE. 

Empirical metrics (222 articles) N=222 Articles % of N % of 241 Articles 
Activity-based 125 53.6% 51.9% 
Self-reported 83 35.6% 34.4% 
System Analytics 25 10.7% 10.4% 
Total 233 100.0% 100.0% 
Metrics combinations (222 articles) N=222 Articles % of N % of 241 Articles 
Activity-based only 92 41.4% 38.2% 
Self-reported only 82 36.9% 34.0% 
Self-reported and Activity-based 16 7.2% 6.6% 
Activity-based and System Analytics 14 6.3% 5.8% 
System Analytics only 7 3.2% 2.9% 
Self-reported, Activity-based, and System Analytics 3 1.4% 1.2% 
Self-reported and System Analytics 1 0.5% 0.4% 
N/A 7 3.2% 2.9% 
Total 222 100.0% 100.0% 
Notes: Activity-based = Tracking UBs and actions within a product, service, or system, such as the number of social media posts on a 
website. 
Self-reported = Individuals answer questions about their level of engagement with a product, service, or system, such as via surveys. 
System Analytics = Data collected from the system or platform, such as daily user volume. 

researchers then often loosely relate to UE. The ambiguity in defin-
ing UE leads to the use of many proxies, making it difficult to draw 
meaningful conclusions about the impact or relevance of UE on 
the studies. In particular, diverse and sometimes contradictory 
metrics at the aggregate level suggest that researchers may mea-
sure different aspects of UB and experiences rather than a singular, 
cohesive concept of UE. This fragmentation of UE measures hinders 
the ability to compare and synthesize findings across studies and 
capture both specific and/or spectrums of psychological aspects of 
technology use. 

One potential explanation for the myriad measures of UE that 
exist is the inherently context-dependent nature of the concept. UE 
may manifest differently across various platforms, industries, and 
user populations, making it challenging to identify a universally ap-
plicable definition or set of metrics. This context-dependent nature 
of UE further complicates the development of standardized mea-
surement approaches, as researchers must account for the unique 
features and dynamics of each specific context in which UE is be-
ing studied. Indeed, the significant reliance on self-reported and 
activity-based metrics implies difficulty in drawing meaningful con-
clusions from UE research. Furthermore, as our thematic-specific 
analysis of social media shows, even within a research topic, UE is 
loosely defined. 

The discrepancy in the measurement approaches goes back to 
the arbitrary, even paradoxical nature of UE. For example, consider 
users who click a lot. Do the users click often because they are “en-
gaged” positively, enjoying the experience, and finding the system 
helpful? Or do users click often because they cannot locate infor-
mation or understand how the system works? A solely objective 
measure of clicks would give an incomplete picture of UE without 
the necessary side information to contextualize it. The different 

ways of measuring UE indicate no consensus on the answer to this 
paradox. Furthermore, the relatively small share of studies applying 
a combination of different measurement types indicates that re-
searchers struggle to commensurate these two views—behavioral or 
latent construct—into a coherent whole. The affective or emotional 
component of the UE definition (as well as the cognitive aspect) 
would suggest that researchers need to inquire about latent aspects 
of UE to understand better its formation; otherwise put, we could 
measure the activities a user takes with a system by counting their 
frequency, but we are unable to infer from the count data whether 
this use was pleasurable or not, whether the user was focused or 
clicked randomly, and so on. So, a major gap is a lack of unification 
in terms of behavioral and latent views of UE as currently put forth 
in the literature. 

4.4 RQ3: Are Conceptualization and 
Assessments of User Engagement Aligned 
Across Studies? 

Results in Table 8 demonstrate the significant heterogeneity in how 
UE is defined by summarizing our dataset’s different combinations 
of characteristics used across UE definitions. 

One of the most striking patterns is the prevalence of definitions 
incorporating conceptualizations from USI and USP categories, such 
as UB (towards the system) and affective perceptions (see Table 8). 
Table 8 also includes definitions referencing other conceptualiza-
tions from these larger categories, such as endurability, cognitive, 
and sensory components. It is also worth highlighting how a sig-
nificant portion of studies solely consider USP characteristics (e.g., 
affective only, 9.4%, or both affective and cognitive, 3.9%), indicating 
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Table 8: Combinations of conceptualization of UE definitions. Note: The table includes data from a subset of studies (n= 147). 
Combinations of attributes in the remaining studies with definitions only occurred once (i.e., each provided unique definitions, 
such as thematic-specific terminology) and were thus excluded from the table. The ‘+’ symbol in Table 8 indicates combining 
the conceptualizations). 
No. Combination of 

Conceptualizations (Across 
Categories) 

Definition Category Frequency of 
articles % 

User-System 
Interactivity User-System 

Perception User-Technology 
Affinity 

1 User Behavior (System)  38 21.0 
2 User Behavior (System) + 

Affective   22 12.2 
3 Affective only  17 9.4 
4 User Behavior (System) + 

Endurability + Affective + 
Cognitive 

  9 5.0 

5 Affective + Cognitive  7 3.9 
6 Thematic-specific only (no 

category) N/A 7 3.9 
7 User Behavior (System) + 

Affective + Cognitive   6 3.3 
8 User Behavior (System) + 

Endurability  6 3.3 
9 Affective + User Behavior 

(Brand)   5 2.8 
10 User Behavior (System) + 

Feedback + Time + User 
Challenges + User Control + 
General + Affective + 
Cognitive + Sensory + 
Aesthetic 

  4 2.2 

11 User Behavior (System) + 
Time + Affective + 
Cognitive 

  4 2.2 

12 Endurability only  4 2.2 
13 User Behavior (Brand) only  3 1.7 
14 User Behavior (System) + 

Feedback + Endurability + 
User Challenges + User 
Control + Novelty + 
Affective + Cognitive + 
Sensory + Aesthetic 

  2 1.1 

15 User Behavior (System) + 
Endurability + Time + 
Affective + Cognitive 

  2 1.1 

16 User Behavior (System) + 
Time + Affective + 
Cognitive 

  2 1.1 

17 User Behavior (System) + 
Time + Affective   2 1.1 

18 User Behavior (System) + 
Affective + General   2 1.1 

19 User Behavior (System) + 
Endurability + Affective   2 1.1 

20 Endurability + Affective   2 1.1 
21 Endurability + Time  2 1.1 
22 Sensory only  2 1.1 
23 General only  2 1.1 
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that UE is also sometimes considered in terms of subjective assess-
ments without any direct reference to user-system (or user-brand) 
interactivity. 

In sum, we identify 23 different characteristic combinations for 
UE, with the most prevalent being User Behavior (System), with 
21.0% being sole ‘use of a system.’ For the other 79.0% of UE ap-
proaches, there were 22 measurement combinations. These findings 
clearly show that UE has no clear operationalization in the litera-
ture, and it is de facto being used as a catch-all for whatever system 
usage metrics researchers deem to measure. The results highlight 
considerable variability in how UE is defined and measured, rein-
forcing the need for a more cohesive approach within the HCI field. 
In the next section, we discuss these findings in the context of their 
implications for both researchers and practitioners, emphasizing 
the contributions of this study to the ongoing discourse of UE with 
HCI research. 
5 Discussion 
5.1 Discussion of the Findings 
Returning the findings, beginning with how the literature defines 
UE (RQ1). UE is mainly defined as the quality of UX and emotional, 
cognitive, and behavioral connection at any point in time between a 
user and a resource, usually a piece of technology [see, for example, 
39]. Past HCI researchers have highlighted a continual call for more 
standard operationalization of UE [52]. Specifically, researchers 
noted the need for standardization and consensus in defining UE 
to facilitate consistent measurement and analysis across different 
research communities and contexts [see, for example, 37]. 

Since a consistent universal UE definition does not exist, its 
measurement (RQ2) tends to be arbitrary, roughly divisible into 
behavioral (direct) and self-reported (indirect) measurements. How-
ever, neither approach can fully satisfy the given definitions in the 
field. Therefore, UE’s value as a psychological construct is lim-
ited. While abstract concepts such as love, trust, and satisfaction 
are valuable in social sciences, they benefit from reasonably clear 
operational definitions and consistent measurement approaches. 
In contrast, UE has yet to achieve this level of theoretical clarity, 
hindering its applicability as a practical concept for system design 
and behavioral user research. 

As such, a key epistemic challenge of current UE research is 
the issue of construct validity. A lack of a clear and universally 
accepted definition of UE has led to inconsistency in how it is 
operationalized and measured. This, in turn, raises questions about 
the validity and reliability of UE as a construct. If the definitions and 
measurements used to study UE vary significantly across studies, it 
becomes difficult to determine whether the results obtained indeed 
capture the intended construct. Consequently, this poses challenges 
in accumulating knowledge about UE and limits the development 
of a coherent body of literature on the subject. 

Due to inconsistent conceptualizations of UE across studies, re-
searchers have called for more comprehensive and standardized 
metrics that capture both objective and subjective aspects of UE. 
However, self-reported metrics can be biased [6], while activity-
based metrics may not capture all aspects of what is considered UE. 
Meanwhile, system analytics [41] can provide objective data, but 
their limitations critically include the inability to capture subjective 

user perceptions. Research has attempted to develop new methods 
to measure UE through self-reported, activity-based, and system 
analytics metrics. Such an approach has attempted to enable more 
holistic yet precise UE evaluations and facilitate critical metrics 
validation across different user-system interactions. The result has 
been a complex combination of affective, cognitive, and behavioral 
metrics covering nearly all aspects of users’ interactions with tech-
nology, thus not bringing clarity but returning to the “source” of 
the UE concept, which is using a system. 

Moving to RQ3, this heterogeneity again raises questions about 
the practical applicability of the concept of UE. As current defini-
tions of UE inconsistently reference various technical and subjective 
dimensions of user activity, measuring engagement accurately or 
applying findings to other contexts remains challenging. With-
out consensus on what specific characteristics should be included 
across contexts (whether based on metrics of relevance or signifi-
cance), UE studies often remain too broad and multifaceted to be 
meaningfully compared. Researchers may also inadvertently study 
different aspects of UB and UX [40], leading to inconsistent findings 
and an inability to synthesize results across studies. This ambiguity 
hinders the scientific advancement of UE research and the science 
surrounding it and limits its practical application in various HCI 
research communities. Notably, the epistemic challenges of UE 
research extend to the issue of replicability. The inconsistencies in 
defining and measuring UE hinder the ability of HCI researchers 
to reproduce the findings of previous studies accurately, as it is 
difficult to determine whether researchers are truly replicating the 
methods used in the original study and, thus, whether any discrep-
ancies in the results can be attributed to methodological differences 
or genuine inconsistencies in the underlying UE phenomena. 

In short, our findings highlight the significant challenges re-
searchers and practitioners face due to the lack of a consistent UE 
definition, the diverse range of empirical metrics, and the conflict-
ing categories and characteristics of UE—all of which contribute 
to a fragmented and disorganized understanding of UE. Our anal-
ysis suggests that UE has no accepted clear definition, even after 
decades of HCI research. With no clear definition, UE struggles to 
be clearly measured, and perhaps more importantly, the concept 
does not live up to its full potential of helping us understand how 
and why users use a system. With ambiguous definitions and met-
rics, UE has been measured via various contrasting, inconsistent, 
and sometimes conflicting dimensions. However, in the literature, 
UE is often presented as well-definable, readily measurable, and 
explicitly supportive of user understanding and HCI. There is an 
analogy here to many abstract constructs in social sciences, such as 
trust, love, and satisfaction, that also lack tangible manifestations 
yet provide significant value in understanding human behavior. 
However, unlike these constructs, which benefit from established 
definitions and theoretical foundations, UE remains an umbrella 
term with conflicting definitions and no clear consensus on measur-
ing or applying it. While our argument does not deny the potential 
of UE as an abstract construct, we emphasize the need for opera-
tionalization to make it a meaningful tool for scientific and practical 
development in the HCI research communities. 
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User engagement is a set of measures defined by the 
researcher within the specific context of studying the use of a 
system by one or more people. 

5.2 Implications for Researchers and the HCI 
Scientific Community 

Consistent conceptualizations of UE within HCI would benefit the 
field by enhancing comparability and synthesis of research find-
ings across HCI studies or at least within studies within research 
communities. This study focused on UE as it applies specifically 
to user interactions with technology, aligning with general areas 
of HCI research. The development of HCI-centric definitions of 
and metrics for UE would allow researchers within research com-
munities (i.e., information retrieval, virtual reality, health, social 
media, etc.) to create frameworks that address user-system inter-
actions’ unique characteristics and applications. Given that HCI 
is a broad and multidisciplinary field, this targeted approach for a 
consistent UE concept leverages its inherent strengths, supports 
diverse methodologies, and improves the impact of HCI research 
communities. 

We provide four (what we believe are) helpful guidelines (GL) 
for HCI researchers on how to think about UE. 
GL01: When comparing your results to other UE studies, be 
cautious about drawing direct comparisons if the UE opera-
tional definition or metrics are substantially different. This 
helps avoid overgeneralizing findings based on narrow operational 
definitions and inconsistent measurement. HCI researchers should 
assess when UE metrics are commensurable and when they are 
not. This also involves clearly defining and operationalizing the 
specific UE metrics you are measuring in your study to facilitate 
cross-study comparisons. 
GL02: Focus on developing and validating more precise, 
context-specific measures for UE in your thematic or ap-
plication area. Break UE into specific, measurable components 
such as attention, cognitive processing, or behavioral indicators 
relevant to your research context. When reporting results, specify 
what was measured and how it relates to concrete aspects of UB 
or UX. Such divergent operationalization of the UE construct can 
benefit incremental knowledge accumulation, as it eradicates the 
need for research, e.g., to “reinvent the wheel” of what UE means 
and how it is measured. This approach helps articulate scientific 
progress in studies about UE, akin to many computer science re-
search communities using baselines, benchmarks, and commonly 
agreed metrics for measurement of progress in computational tasks 
[73]. This effort should be coupled with documenting contextual 
factors affecting UE to support incremental knowledge accumula-
tion. 

GL03: Employ UE as a categorical label. UE has value as a 
categorical label (a.k.a. umbrella construct) across HCI communities 
for a range of user-system measures, metrics, and concepts as 
defined within the context of a given HCI study. In this context, UE 
has several practical implications. The phrase “user engagement” 
might help ease communication within a research article or study. 
As such, the categorical label version of UE can be easily defined. 

GL04: Community operationalization of UE. HCI research com-
munities using UE would benefit from standardized core practices. 
To accomplish this, there is a host of actions inspired by discourse 
in other scientific domains and, more broadly, in the philosophy of 
science [34] that HCI communities engaged in UE research could 
draw from, including common (1) common operational definitions, 
(2) standardized measurement and protocols, (3) reporting guide-
lines for UE metrics, (4) databases of UE measurements, and (5) 
shared exemplars and method. This community-specific discussion 
and derivative social practices are mainly missing from how HCI 
research communities currently approach UE. As usability can be 
viewed as only existing within given contexts [8], UE could also 
benefit from this contextualize within communities. For example, 
defining and measuring UE might differ between virtual reality plat-
forms and websites. Social practices within the HCI communities 
(or lack thereof) play a role in UE standardization because these 
practices are critical interactions in scientific progress [43]. So, we 
believe this community-specific perspective on UE standardization 
would be more fruitful than a forced universal attempt at a broad 
UE standardization across all HCI. 
5.3 Strengths, Limitations, and Future Work 
The strengths of the current research lie in its comprehensive anal-
ysis of UE definitions and metrics in the HCI literature, which is 
anchored in the rigor employed in the systematic literature search 
and the combination of linguistic and thematic analyses. By high-
lighting the inconsistencies and lack of standardized measures for 
UE, this study also raises important questions about the scientific 
and practical applicability of the UE concept within HCI research. 

Notwithstanding, there are also limitations to this current work. 
First, while the systematic review captures a broad range of HCI 
studies, it may not encompass all relevant work due to excluding 
research like customer studies that may touch on user aspects. Fu-
ture research should explore the potential for refining UE into a 
more coherent construct within HCI communities. Future HCI 
studies should investigate alternative UE metrics that can provide 
more precise and actionable insights beyond the current ambiguous 
application of UE. Also, the linguistic and thematic analyses are 
inherently interpretive; other researchers may identify different 
patterns or themes within the literature. We did take steps to miti-
gate this concern by assessing interrater reliability and ensuring 
high consistency between independent coders. Relatedly, we have 
not considered the design of systems [26], which views user in-
volvement in participation design. We have also not considered 
adjacent domains, such as business [7, 24], which is attentive to a 
company’s efforts focused on loyalty and awareness. 

There is much future work that HCI researchers, most notably 
those who may wish to pursue UE research, can explore. First, inves-
tigating the ‘engagement’ aspect of UE can be clarified by borrowing 
from concepts such as cognitive absorption, focused immersion, 
focused concentration, flow, or mindfulness. UE could be compared 
with these conceptualizations of engagement. Perhaps engagement 
in these areas of study has been better conceptualized. However, 
O’Brien and Toms [54] attempted this using related theories of UB 
and psychology, like flow, play, aesthetics, and information inter-
action, as did Peters et al. [57]. These authors examine different 
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definitions and perspectives on engagement from various domains 
and categorize them according to the perception-cognition-action 
loop. Based on the current analysis, significantly more work in this 
area is still needed. 

Second, a detailed analysis of the evolution of UE definition over 
the years through the lens of the different contexts or platforms 
could be carried out. Perhaps UE is more clearly defined within a 
narrow context. While possibly fruitful, however, our similarity 
analysis within social media shows this is not the case. UE is still 
broadly defined within this narrower area, which supports our HCI 
community-level view of UE development. So, this is an avenue for 
much future research. 

Third, as our research highlights the divergence, perhaps a fruit-
ful area of HCI research could be examples or case studies where 
UE has been measured consistently within the same context. If 
these exist, the findings will help understand if there is inconsis-
tency within similar contexts. Based on our findings, this is not 
the case. Fourth, identifying patterns in how UE is measured in 
specific contexts or on certain platforms and whether this mea-
surement has been effective. Such findings could help standardize 
UE measurement for particular research contexts. However, our 
findings indicate that there is no such standardization as of present. 
Finally, the concept of UE, as existing in the prior literature, needs 
investigating with the introduction of large language models that 
empower technology with dialogue and conversational capabilities 
[4, 86]. In summary, future research should aim to move UE from 
construct to label and develop community-specific UE definitions 
that provide more explicit guidance for academic inquiry and prac-
tical application with HCI research communities. These approaches 
would help mitigate confusion and enhance the utility of UE in HCI. 
In the near term, UE as a categorical label seems the most fruitful 
overall, while HCI research communities develop divergent views 
and community-specific implementations of UE. 
6 Conclusion 
This research examines how UE has been employed in prior HCI 
work and recommends UE as a label for a set of study-specific 
metrics to understand UB within HCI research better. Acknowl-
edging UE as a categorical label could allow for a more flexible 
and context-specific approach to studying the use of a system. 
This shift in perspective enables a more adaptable approach to 
studying UE and encourages HCI researchers to identify and in-
vestigate research community-specific UE and system design. By 
doing so, HCI researchers can draw more meaningful insights, 
develop targeted recommendations for system improvements, en-
hance research across various HCI communities, and then work to 
operationalize thematic-specific UE implementation toward higher 
relevance and applicability. The plurality observed in our study con-
cerning the UE construct supports a community-driven approach 
to UE. HCI research communities should focus effort and atten-
tion on formalizing what UE means for them, how it is measured, 
and what the shared norms, practices, and resources are for UE 
operationalization. 
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