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Abstract
Background: Poor mental health among higher education students is a global public health concern. Learning analytics,
which involves collecting and analyzing big data to support learning, could detect changes in behavior, learning patterns, as
well as mental health and well-being. This could help inform mental health interventions in university settings. However,
research has yet to explore students’ perspectives on using learning analytics for mental health and well-being purposes.
Objective: This study aimed to explore students’ perspectives on using learning analytics to support students’ mental health
and well-being at university.
Methods: Semistructured interviews were conducted online using Microsoft Teams between June and July 2023. Participants
were identified through university student unions, social media, and snowball sampling. In total, 3 university students aged
20‐26 years joined our team and formed our student advisory group (SAG). They informed the design, analysis, and dissemi-
nation stages of the research cycle. Braun and Clarke’s approach guided our thematic analysis. Data were triangulated by
comparing codes from 2 transcripts across 2 independent researchers over a 2-hour online meeting. A coding framework was
cocreated with the SAG to code the remaining transcripts and ensure data saturation. Themes were finalized and presented in a
thematic map during a 2-hour meeting with the SAG and 2 researchers.
Results: In total, 15 participants were interviewed. We identified three main themes: (1) potential of learning analytics for
mental health and well-being innovation, (2) student involvement in decision-making regarding learning analytics, and (3)
integration of learning analytics with existing support. Despite being initially unaware, students recognized the potential of
using learning analytics as a monitoring and early intervention tool to support university students’ mental health. However,
students raised concerns regarding data reliability and identified several ethical issues, such as privacy and lack of transpar-
ency. They also expressed the need to be involved in decision-making regarding learning analytics design, practices, and
policies. Overall, students welcomed the possible integration of learning analytics with the existing university support.
Conclusions: This is the first qualitative study to explore students’ perceptions of using learning analytics to support student
mental health and well-being. Students’ generally positive attitudes toward learning analytics suggest that this tool could be
effectively integrated into the existing university support systems. Considering the ethical concerns raised by students, our
findings suggest the need to bring the student voice into learning analytics development and implementation.
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Introduction
Higher education students’ mental health is worsening in
the United Kingdom and is an increasing public health and
policy concern. Students are particularly vulnerable to poor
mental health due to academic, financial, and psychosocial
pressures [1]. In a recent survey by the charity Student Minds,
57% of students reported experiencing a current mental
health problem, and 27% had a diagnosed mental health
condition, the most common being depression and anxiety
[2]. Over the past 10 years, the number of students who
disclosed a mental health condition to their institution has
increased almost fivefold [3], reflecting rising need, improved
awareness, reduced stigma, and clearer reporting pathways.
Poor mental health can result in poor academic perform-
ance, study discontinuation, and even death by suicide [3].
However, universities struggle to meet the growing demand
for mental health support, highlighting the need to adopt
mental health as a priority [4]. Innovative solutions are
required to effectively address this crisis while meeting
students’ mental health needs.

The integration of digital technology in higher education
offers the opportunity to use students’ data to detect signs
of deteriorating mental health and provide targeted inter-
ventions [5,6]. Learning analytics refers to the collection,
analysis, and reporting of large datasets (often referred to
as “big data”) of student data to understand and support
student learning [7]. Learning analytics systems draw on data
from various university systems, including student informa-
tion systems, virtual learning environments, library usage,
and attendance records [8,9]. While there is compelling
evidence that learning analytics interventions can improve
student outcomes (eg, retention, academic performance, and
engagement) [10], there is limited research on their impact on
mental health and well-being [11-13]. Changes in learning
behavior may indicate changes in student mental health,
although the current evidence remains scarce [14-16].

Few qualitative studies have explored students’ percep-
tions of learning analytics to support learning [17-25]. There
is also a lack of research across different academic disciplines
and education levels [17,19,20]. Only 3 studies focused on
more than 1 institution [17-19], and the only study conducted
in the United Kingdom used a small sample of final-year
students from a single discipline [21]. Overall, these studies
report that students generally welcome the use of learning
analytics to enhance their educational experience [17-21], but
also raise concerns about possible privacy breaches, lack of
consent, equity issues, and poor data reliability [22-26].

Learning analytics has the potential not only to improve
academic outcomes but also to identify and address students’
mental health and well-being needs in order to provide
better support services [11-13]. Nonetheless, students are
often not actively involved in decision-making regarding
their implementation [4]. Understanding students’ views and

engaging them in consultation is essential to inform learning
analytics practices and the acceptable adoption of learning
analytics for mental health purposes in higher education
[15,16,27-30]. However, no studies have explored university
students’ perceptions of using learning analytics for mental
health and well-being. This study aims to fill this gap by
exploring students’ perspectives on using learning analytics to
support students’ mental health and well-being in university
settings.

Methods
Study Design and Methodological
Orientation
The study followed the Consolidated Criteria for Reporting
Qualitative Research (COREQ) checklist (Checklist 1).

This study used a qualitative methodology to explore a
“how” research question, focusing on the depth and com-
plexity of an underresearched topic. Guided by a relativ-
ist ontology, subjectivist epistemology, and an interpretivist
paradigm [31], our approach is well-suited to research
in psychology, mental health, and education, where lived
experience and sociocultural context are central [32,33].
A grounded theory methodology supported the inductive
development of insights from participants’ perspectives [34].
Semistructured interviews were used to gather rich, nuanced
data, aligned with the study’s exploratory aims [35].
Participant Selection
Participants were identified through student networks,
social media platforms (Instagram [Meta], X, and Link-
edIn), and snowball sampling, an approach well-suited
for exploring sensitive topics and effective in reaching
diverse student populations, including international students
[32,33]. Interested participants were encouraged to email the
researcher to express their interest. Participants were eligible
to take part if they were students (aged 18‐25 y) enrolled
in an undergraduate or postgraduate course at a university
in London, fluent English speakers, and willing to provide
informed written consent. The age range represented students
enrolled in undergraduate or postgraduate taught programs,
which typically involve more structured online learning.
Efforts were made to include diversity in gender, ethnicity,
sexual orientation, degree, and year of study. All individuals
who expressed interest and were contacted by the researcher
met the eligibility criteria; none declined to participate or
dropped out of the study. Participation was voluntary, and as
this study was part of a master’s thesis, no compensation was
provided.
Data Generation
Participants’ demographic data were collected at recruit-
ment (Table 1). Semistructured interviews were conducted
by the lead researcher (AF) via Microsoft Teams between
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June 6 and July 27, 2023. Open-ended questions explored
participants’ knowledge, attitudes, and concerns regarding
the use of learning analytics to support university stu-
dents’ mental health and well-being. The semistructured
interview questions were informed by a review of literature
on student mental health, learning analytics, and help-seek-
ing in higher education. They were also guided by the
technology acceptance model [36] to explore perceptions
of learning analytics and self-determination theory [37] to
consider factors influencing student motivation and engage-
ment. Furthermore, 3 university students informed the topic
guide (refer to Patient and Public Involvement section).
It consisted of five sections: (1) introductory questions to

help participants feel comfortable and at ease, (2) existing
mental health support at university, (3) use of learning
analytics to support university students’ mental health and
well-being, (4) facilitators and barriers to learning analytics
adoption for mental health and well-being purposes, and (5)
integration of learning analytics within existing university
mental health support services (Appendix S1 in Multimedia
Appendix 1). All interviews were audio- and video-recorded,
then transcribed verbatim. No one else was present during
the interview except for the participants and the researcher.
Transcripts were accessible to participants through Microsoft
Teams. Field notes were taken during and after the interview
and were considered when coding the transcripts.

Table 1. Participants’ demographics.
Characteristics Value
Age (y), mean (SD) 21.47 (1.60)
Gender, n (%)   
  Female 10 (67)
  Male 5 (33)
  Other 0 (0)
Ethnicity, n (%)   
  Whitea 5 (33)
  Asian or Asian Britishb 5 (33)
  Mixedc 3 (20)
  Black or Black Britishd 1 (7)
  Othere 1 (7)
Qualification, n (%)   
  Undergraduate 11 (73)
  Postgraduate 4 (27)
Fee status, n (%)   
  Homef 8 (53)
  Internationalg 7 (47)

aWhite: English, Welsh, Scottish, Northern Irish, British, Irish, Gypsy or Irish Traveller, Roma, or any other White background.
bAsian or Asian British: Indian, Pakistani, Bangladeshi, Chinese, or any other Asian background.
cMixed or multiple ethnic groups: White and Black Caribbean, White and Black African, White and Asian, or any other mixed or multiple ethnic
group.
dBlack or Black British: Caribbean, African, or any other Black, Black British, or Caribbean background.
eOther ethnic group: Arab or any other ethnic group.
fHome fee status: students ordinarily resident or settled in the United Kingdom.
gInternational fee status: overseas or international students not subject to home fee status.

Patient and Public Involvement
We advertised for individuals with lived experience (ie,
university students whose data were being used by the
university) through the Imperial College Union Mental Health
Network Instagram account to join our team as advisors and
inform the project. As a result, 3 students, aged 21‐26 years
(2 female and 1 male), from the Faculty of Natural Sciences
and the Faculty of Medicine at Imperial College London
expressed interest and joined the team to form a student
advisory group (SAG). The SAG included 1 postgraduate
and 2 undergraduate students and informed 3 key stages of
the research cycle [38]: designing and managing research,
carrying out the research study, and dissemination.

We held a 2-hour online meeting (Microsoft Teams)
on April 7, 2023, where the SAG informed the research
objectives and accessibility and appropriateness of project
documentation (interview topic guide, participant information
sheet, consent form, and protocol). The following changes
were made to the topic guide: language was simplified (ie,
a lay definition of learning analytics was agreed upon),
and a question was added regarding the impact of learning
analytics on academic outcomes. The final topic guide was
piloted with the SAG in 3 mock interviews. After providing
all positive feedback, no subsequent changes were made to
the topic guide. Following the generation of initial codes, a
coding framework was cocreated with the SAG during an
additional 2-hour online meeting (Microsoft Teams) on July
14, 2023. We held a final meeting on August 2, 2023, where
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the SAG and the 2 researchers (AF and MO) refined and
consolidated themes. Several themes were revised, consoli-
dated, and more effectively linked through student advisor
involvement (Figure S1 in Multimedia Appendix 1). The
SAG was not compensated for their time, as no budget was
associated with this study, being a master’s thesis. Patient and
public involvement (PPI) was reported using the Guidance
for Reporting Involvement of Patients and the Public, Version
2-short version [39] (Table S1 in Multimedia Appendix 1).
Data Analysis
An inductive and deductive method to Braun and Clarke’s
6-stage thematic analysis guided our analysis [40]. We
used a data-driven approach to theme development while
also drawing from the researcher’s previous knowledge of
learning analytics. Transcripts were imported into Microsoft
Word. After transcription, the lead researcher (AF) familiar-
ized herself with the data by reading each transcript multi-
ple times. All transcripts were manually coded in Microsoft
Word, and relevant codes were compiled. Manual coding
was chosen as it supported reflexivity, the development of
the lead researcher’s skills, and enabled deep immersion
in the data [41-43]. Furthermore, 2 independent researchers
(AF and MO) compared codes from 2 transcripts during
a 2-hour online meeting on Microsoft Teams. Data trian-
gulation helped ensure the reliability and validity of the
findings by identifying potential individual researcher biases
and confirming the consistency of information. The coding
framework was applied to code the remaining transcripts.
Interviews were conducted until data saturation was reached,
assessed through concurrent data analysis, so that no new
codes emerged, and responses across participants consistently
reinforced existing patterns. AF then organized codes into
potential themes and subthemes and gathered all data relevant
to each of these. Some themes were combined to avoid
redundancy, while others were broken down into separate
themes and judged for internal homogeneity and external
heterogeneity. The thematic map was finalized with the SAG.
Ethical Considerations
All procedures involving human participants were approved
by the Head of Department of the School of Public Health

and the Research Governance and Integrity Team at Imperial
College London (Imperial College Research Ethics Commit-
tee reference 6604462). The authors assert that all procedures
contributing to this work comply with the ethical standards of
the relevant national and institutional committees on human
experimentation and with the Helsinki Declaration of 1975, as
revised in 2008.

Participants provided informed consent by signing and
returning a consent form via email. A copy co-signed by
both the participant and the researcher was emailed back
to the participant and stored securely on Imperial College
London encrypted drives accessible only to the study team.
Participants could withdraw at any time before the start
of data analysis. Audio and video recordings were deleted
after transcription, and study-specific ID numbers were used
to maintain participants’ anonymity. The principal inves-
tigator ensured confidentiality and General Data Protec-
tion Regulation compliance for health and care research.
Participation was voluntary and uncompensated, as the study
formed part of a master’s thesis.

Results
Participants’ Characteristics
In total, 15 participants took part in the study (10 female, 5
male), with a mean age of 21.47 (SD 1.60, range 19‐24) years
(Table 1). Students from 4 London universities participated
in the interview (Table S2 in Multimedia Appendix 1). Most
participants were undergraduate students (11/15, 73%). All
students were enrolled in a science, technology, engineering,
and mathematics (STEM) degree. Interviews lasted between
19 and 34 minutes.
Themes and Subthemes
There were three themes: (1) potential of learning analyt-
ics for mental health and well-being innovation, (2) student
involvement in decision-making regarding learning analytics,
and (3) integration of learning analytics with existing support
(Figure 1).

JMIR FORMATIVE RESEARCH Freccero et al

https://formative.jmir.org/2025/1/e70327 JMIR Form Res 2025 | vol. 9 | e70327 | p. 4
(page number not for citation purposes)

https://formative.jmir.org/2025/1/e70327


Figure 1. Thematic map displaying themes (dark blue), subthemes (light blue), and their relationships. Red arrows represent relationships between
themes. Blue arrows represent the relationships between themes and their corresponding subthemes. LA: learning analytics.

Potential of Learning Analytics for Mental
Health and Well-Being Innovation
At the beginning of the interview, all participants were
generally unaware of learning analytics. While they were
confident that their university had collected their data, such as
their grades and feedback, most participants were unsure how
these data were used. After providing them with an accurate
definition of learning analytics (Appendix B in Multimedia
Appendix 1), all participants felt more confident in their
understanding of learning analytics and then recognized the
potential impact of learning analytics to go beyond academic
purposes.

I think it has potential […] being used as an early
indicator to intervene with mental health issues. I think
when used correctly, you could potentially help students
get the support they need. [ID10, female]

Specifically, they indicated learning analytics might serve
as a tool for monitoring students’ mental health and well-
being and informing appropriate intervention. Some students
said that learning data collected by learning analytics could
flag disengagement with studies, which might indicate a
worsening in mental health.

So let’s say you’ve never turned up to a lecture, that’s
a red flag and that can be used by the mental health
services… to intervene. [ID13, female]

They also highlighted the potential of learning analytics to
serve as an early warning system for mental health issues and
inform early intervention. Suggested interventions included
automated messages via email or virtual learning environ-
ments, as well as direct contact from staff, such as men-
tal health support teams and academic tutors, to check in
with students in case of disengagement from studies and to
signpost them to appropriate support.
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If someone is not attending because they are not doing
well, having an email from a welfare perspective…may
be a way to intervene a little bit earlier. [ID15, female]

Most students agreed that higher engagement with studies
generally suggests better academic performance and that
mental health and academic success are closely interconnec-
ted. They recognized that mental health difficulties could
negatively impact academic engagement and performance,
and that this underscored the need for learning analytics to
consider these links when supporting students.

It (learning analytics) would improve academic
outcomes like through the well-being route […]
because you know there’s no good academic outcome
without good mental health. [ID4, female]

However, some students were skeptical about whether
changes in learning behavior truly reflect changes in mental
health. They reported concerns about the difficulty of
interpreting data and how students have varied learning
behaviors and mental health symptoms manifest differently
from person to person.

I can see why from that sort of behavioural data you
can make conclusions about the learning…I’m just not
sure how representative that is of one’s mental health.
[ID14, female]

For instance, 1 participant suggested that some students
might disengage from their studies when struggling, while
others may immerse themselves in work as a coping
mechanism. A few participants emphasized the importance
of contextualizing behavioral changes and personalizing
learning analytics to account for individual differences.

With mental health…you can’t be definite. It’s so broad
between individuals and not every mental health issue
presents the same. [ID10, female]

Student Involvement in Decision-Making
Regarding Learning Analytics
Most participants emphasized the need for clear, accessible,
and transparent communication with students regarding the
use of learning analytics for mental health and well-being.
Many students reported that they should be made fully aware
of what data will be collected, who will have access, where it
will be stored, and how it will be used.

Making it clear…why and what (data) is being
collected, and that’s for your benefit. [ID8, male]

Some participants said better transparency would allow
students to build trust in learning analytics, understand its
benefits, and increase engagement with learning analytics
systems.

There needs to be transparency between the university
and the students, otherwise…you can get to a point
where students don’t necessarily trust the university.
[ID13, female]

Importantly, many students stressed the importance
of involving students as stakeholders in decision-making
regarding the future development and implementation of
learning analytics to ensure that learning analytics systems
accurately reflect the realities of students’ mental health
experiences.

The thing I’m going to stress is involving the relevant
stakeholders in deciding who’s going to have this data.
How is it going to be used? What intervention, so what
are you going to do when you identify these trends? Is
that something that would be considered acceptable for
students and staff and would it work? Would it also be
helpful for those who find it acceptable? [ID15, female]

One student mentioned this involvement could mean
coproducing learning analytics systems between students and
university staff. Finally, 1 participant believed implement-
ing learning analytics would require continuous review and
improvement based on student feedback to maximize its
benefits for mental health and better meet the needs of
students.

However, some students highlighted barriers to learning
analytics adoption, including the potential hesitancy among
students to give informed consent due to privacy concerns.

Probably the main issue would be students not wanting
to consent based on privacy. [ID6, female]

A few students mentioned that consent is usually given
without the students’ full understanding and approval.
Consent is often buried in long documents that students rarely
read, leaving them uneasy about how their data are being
used. A few suggested offering opt-in and opt-out options to
maintain freedom of choice regarding data sharing. Ethical
and regulatory issues were also reported. Some students
voiced worries about learning analytics being used as a tool
for inappropriate monitoring, which could lead to potential
privacy breaches and invasive interventions.

If some people have issues with being monitored, … the
data processing and being spied on…they might find
it actually uncomfortable… and maybe even a little bit
threatened. [ID1, female]

In addition, a few students reported that learning ana-
lytics interventions could come across as accusatory and
might unfairly impact students’ grades, for example, if low
engagement were to be detected by learning analytics.

…as long is not held against me like “ohh this will
impact you…on your grades...” [ID8, male]
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Therefore, they expressed the desire for learning analytics
to be implemented equitably for all students, despite their
level of engagement and academic performance, ensuring that
the support learning analytics might offer is uniform and
nondiscriminatory.

Integration of Learning Analytics With Existing
Support
A common issue expressed by several participants was the
lack of motivation for students to engage with learning
analytics, such as attendance tracking or feedback. However,
a few participants suggested monetary incentives to help
engage students with learning analytics. Engagement was
regarded to be dependent on the perceived relevance and
ease of use of learning analytics systems. As such, several
participants noted that learning analytics must be effortlessly
integrated with existing academic practices.

I think take the amount of effort away from the students
as much as possible, or else they won't want to
participate. [ID5, male]

For example, many students reported that engagement
with learning analytics could be useful in assessing students’
learning journeys and responses to workload or assessments.

…they can figure out which way is best for students’
learning, and they could then be able to personalise
that a bit more. [ID13, female]

Therefore, some believed it would help inform how
to adapt teaching practices to improve students’ academic
outcomes and experiences, which could motivate students to
engage with learning analytics.

As college knows at which period students feel most
stressed, they can change their teaching objectives and
make students feel less stressed. [ID12, female]

Many students believed that learning analytics could be
integrated not only within existing academic practices but
also with existing mental health support. Therefore, learning
analytics could be an innovative tool to link academic and
welfare services, providing more holistic support for students.

Academics and welfare are really closely linked and
actually…you asked me….what would I suggest as
improvements, and one more thing to add there is
integrating these two services. So why is welfare
completely separate? [ID15, female]

However, some highlighted concerns about implement-
ing this integration. For example, some felt that implement-
ing learning analytics to link services would require time,
resources, and service restructuring.

I feel like in theory it should help improve it [mental
health]. But I guess it just depends how they use them.
[ID11, male]

Many students identified artificial intelligence (AI) as a
potential solution for tracking students’ mental health and
implementing timely interventions with minimal effort from
academic staff. For example, they suggested that algorithms
adjusted to individual differences could offer personalized
recommendations to maximize mental health. However, some
participants expressed skepticism about the accuracy of these
automated systems and that they would be overly intrusive in
their lives.

Maybe just an AI system that keeps updating what
their baseline should be and so any deviation from
that baseline of normal someone could kind of alert a
member of staff. [ID4, female]

Discussion
Key Findings and Comparison With
Previous Work
To the authors’ knowledge, this is the first study to
explore students’ perceptions of learning analytics to support
students’ mental health and well-being. There were three
main themes: (1) potential of learning analytics for mental
health and well-being innovation, (2) student involvement
in decision-making regarding learning analytics, and (3)
integration of learning analytics with existing support.

All participants supported the use of learning analytics
as a tool to support students’ mental health and well-being.
The majority of participants felt that learning analytics could
enhance access to and delivery of support services, advocat-
ing for an evidence-based and student-centered approach, in
line with existing qualitative literature and policy recommen-
dations on improving student mental health support [35-38].
However, some students also recognized potential challenges
in using learning analytics to detect and intervene in case
of student mental health deterioration. Overall, our findings
show that students’ positive attitudes and acceptability of
learning analytics hold promise for implementation within
current university support systems. Learning analytics may
help enhance coordination between academic and mental
health services, supporting UK policy recommendations to
adopt a whole-university approach to mental health [4].

Despite an initial lack of awareness of learning analyt-
ics, all students recognized its potential beyond the learning
context to support mental health and well-being. This aligns
with qualitative literature that reports students’ generally
positive attitudes toward learning analytics [17,25] and
digital tools for mental health monitoring and early interven-
tion in young people [44-46]. Most participants believed
that learning analytics could provide objective and reliable
evidence for monitoring students’ mental health. They also
welcomed its potential to inform early interventions and
integrate with existing university support systems. However,
they also recognized the potential challenges of using learning
analytics for mental health purposes and stressed the need
to be involved in decision-making about learning analytics
development and implementation.
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Several barriers and facilitators were identified for
adopting learning analytics to support students’ mental health
and well-being. Some students raised concerns regarding
the reliability of learning data and identified several ethical
issues, in line with other qualitative studies [14,17,18,25].
Students worried that data inaccuracy could lead to deliver-
ing inappropriate interventions, highlighting the need for a
context-specific understanding of students’ behavior. Students
also reported the importance of balancing the need to share
data for effective interventions with concerns about privacy
breaches and ensuring informed consent, reflecting findings
from other studies [20,26,47-49] and aligning with pro-
posed recommendations for ethics and privacy in learn-
ing analytics [50,51]. Participants agreed these risks might
subside if universities were more transparent about using
learning analytics and abided by good practice guidelines
[14,15,28,30].

Overall, students’ ethical concerns underscore the need to
adopt a coproduced approach in the development, implemen-
tation, and governance of learning analytics that strategi-
cally incorporates the student voice and aligns with the
principles of PPI [15,16]. Meaningfully engaging students
as active stakeholders, beyond their role as data subjects,
is essential to fostering trust and ensuring that learning
analytics systems are transparent, ethical, and responsive
to student needs [27-30]. Regarding facilitators for learning
analytics adoption, students stressed the need for incentives to
engage with learning analytics, as well as staff inclusion and
training, in line with other studies [19,21,23,52]. Our results
support previous research [17,26], showing that learning
analytics can be used to assess students’ learning methods
and adjust teaching approaches and curricula to better support
their mental health and academic needs. AI-driven com-
putational approaches, including machine learning, natural
language processing, and rule-based systems, were viewed
positively. These methods were considered valuable additions
to learning analytics systems, offering predictive capabili-
ties and data-informed recommendations to enhance student
learning and support students’ mental health when implemen-
ted with appropriate student involvement, as highlighted in
a recent systematic review [53]. This aligns with qualitative
research reporting young people’s acceptance of AI [54].
Therefore, our study suggests that students’ positive views
on learning analytics support the potential for integrating
learning analytics with existing academic and mental health
support, as per UK policy recommendations [4].
Reflexivity
The researcher’s perspective was informed by her lived
experience as a student with mental health issues (Appendix
S2 in Multimedia Appendix 1). This insider positionality
facilitated access, built rapport, and enabled the development
of informed, contextually relevant questions. However, it
also introduced potential for unconscious bias, including
overidentification with participants and possible influence
from pre-existing views on university mental health provi-
sion. Furthermore, the researcher’s involvement in men-
tal health advocacy within her institution may have led

participants to have some awareness of her motivations for
conducting the research.

To address these biases, a reflexive approach was used
throughout the study to critically examine how personal
assumptions, values, and previous knowledge might influence
design, data collection, and interpretation [55,56]. Attention
to the insider-outsider dynamic, reflexive journaling, PPI, and
data triangulation with other researchers was used to ensure
transparency and analytical rigor, grounding the findings in
participants’ perspectives rather than the researcher’s personal
views.

Strengths and Limitations
There are several strengths to this study. A total of 3 people
with lived experience and interest in mental health research
informed the design, analysis, and interpretation research
stages [57]. Students had personal knowledge and experi-
ence of mental health support at university, which made the
research more relevant, focused, and accessible.

There are also study limitations. Despite efforts to
maximize variation, participants’ backgrounds were not
diverse in terms of gender and sexual orientation. Our sample
was predominantly female, and we did not include individuals
who did not identify with the gender assigned at birth. We
also did not explore differences in sexual orientation, and our
sample was predominantly heterosexual. LGBTQ+ students
are particularly vulnerable to mental health problems [58],
and their views would enrich the field. While the sample
included both home and international students from a range of
cultural and ethnic backgrounds, the study did not explicitly
explore how cultural factors shape mental health experien-
ces or help-seeking behaviors [59]. Furthermore, although
participants came from multiple London universities, they
were all STEM students, so our results may not be generaliz-
able to other universities in the United Kingdom or students
from other educational backgrounds. Future research could
incorporate focus groups to explore the topic in a more
naturalistic setting, thereby validating findings and minimiz-
ing researcher bias. Larger studies are also needed to enhance
generalizability. Quantitative approaches, such as exploratory
factor analysis, could be used to examine broader patterns
based on the themes identified in this study.
Implications and Policy
Recommendations
This research focused on students’ perceptions of learning
analytics to support students’ mental health and well-being.
To ensure the successful adoption of learning analytics
systems to support students’ mental health and well-being
in higher education in the future, there is now a need to
explore the perceptions of all other stakeholders, including
academic staff, counseling and disability services, and IT
services [60]. Our qualitative findings could also be com-
plemented with a national survey across all UK universi-
ties and internationally to capture broader perspectives on
the interview themes and explore relationships between the
data. As learning analytics systems are implemented, future
research should investigate the feasibility, acceptability, and
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effectiveness of these systems in improving students’ mental
health and well-being.

There are also several practical and policy implications
to this study. First, students’ general positive perceptions
around the use and integration of learning analytics for
mental health reflect the need to align learning analytics
practices with mental health strategic priorities as part of a
whole-university and data-driven approach to mental health
[4]. Second, students’ ethical concerns regarding learning
analytics adoption, particularly around transparency, consent,
and privacy, highlight the importance of involving students
in their development and implementation, echoing previous
policy calls [15,16,27-30]. Universities should, therefore,
develop clear institutional policies and protocols coproduced
with students regarding the development and implementation
of learning analytics. Third, institutional learning analytics
policies should align with national higher-education–wide
guidelines to ensure sector-wide consistency. A coordinated
government strategy on student mental health is needed
to align institutional practices with broader policy goals.
Ultimately, while learning analytics offer strong potential to
enhance student support and service delivery, their success
relies on meaningful student involvement, institutional

accountability, and coherent policy at both institutional and
national levels.
Conclusion
This was the first study to explore students’ perceptions of
using learning analytics to support students’ mental health
and well-being. Our findings suggest that students perceive
value in utilizing learning analytics to enhance mental health
and well-being in higher education, as well as their integra-
tion with existing university services, which holds signifi-
cant importance for UK policy. However, considering the
ethical concerns raised by students, this study also high-
lights the need to inform students about learning analyt-
ics–based systems being developed or implemented at their
institution, echoing previous calls for student engagement
in the decision-making process regarding learning analytics.
Ensuring learning analytics systems meet students’ needs
and expectations is essential to avoid resistance to learning
analytics adoption and empower students to make decisions
regarding their welfare and educational experience. Over-
all, learning analytics holds promises for its integration
within university support, but not without the involvement
of students.

Acknowledgments
We are grateful for support from the National Institute for Health Research under the Applied Research Collaboration program
for North West London (NIHR ARC NWL) and the Imperial National Institute for Health Research Biomedical Research
Centre (NIHR BRC). The views expressed are those of the authors and not necessarily those of Imperial NIHR BRC or NHIR
ARC NWL.
Data Availability
The interview data generated and analyzed during this study are not publicly available due to the maintenance of confidential-
ity and the presence of identifiable participant information. Deidentified data are available from the corresponding author upon
reasonable request.
Authors’ Contributions
AF and LHD designed the study. AF was responsible for the overall organization and coordination of the study. AF conducted
data collection and processing. AF and MO were responsible for data analysis. LHD was the chief investigator and oversaw all
study aspects. JE, JPDO, and NP contributed equally to informing the research design, data analysis, interpretation of results,
and future dissemination as members of a student advisory group (SAG). All authors contributed to the writing of the final
manuscript.
Conflicts of Interest
None declared.
Multimedia Appendix 1
Supplementary materials include the interview topic guide, figures of thematic map development, documentation of patient and
public involvement activities, a table of full participant demographics, and a reflexivity statement.
[DOC File (Microsoft Word File), 642 KB-Multimedia Appendix 1]

Checklist 1
Consolidated Criteria for Reporting Qualitative Research (COREQ) checklist.
[DOCX File (Microsoft Word File), 20 KB-Checklist 1]
References
1. Campbell F, Blank L, Cantrell A, et al. Factors that influence mental health of university and college students in the UK:

a systematic review. BMC Public Health. Sep 20, 2022;22(1):1778. [doi: 10.1186/s12889-022-13943-x] [Medline:
36123714]

JMIR FORMATIVE RESEARCH Freccero et al

https://formative.jmir.org/2025/1/e70327 JMIR Form Res 2025 | vol. 9 | e70327 | p. 9
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=formative_v9i1e70327_app1.doc
https://jmir.org/api/download?alt_name=formative_v9i1e70327_app1.doc
https://jmir.org/api/download?alt_name=formative_v9i1e70327_app2.docx
https://jmir.org/api/download?alt_name=formative_v9i1e70327_app2.docx
https://doi.org/10.1186/s12889-022-13943-x
http://www.ncbi.nlm.nih.gov/pubmed/36123714
https://formative.jmir.org/2025/1/e70327


2. Student Minds research briefing – February ‘23. Student Minds. 2023. URL: https://www.studentminds.org.uk/uploads/
3/7/8/4/3784584/student_minds_insight_briefing_feb23.pdf [Accessed 2025-06-04]

3. Thorley C. Not by degrees: improving student mental health in the UK’s universities. Institute for Public Policy
Research. 2017. URL: https://www.ippr.org/articles/not-by-degrees [Accessed 2025-06-04]

4. Stepchange: mentally healthy universities. Universities UK. 2017. URL: https://www.universitiesuk.ac.uk/what-we-do/
policy-and-research/publications/stepchange-mentally-healthy-universities [Accessed 2025-06-04]

5. Baig MI, Shuib L, Yadegaridehkordi E. Big data in education: a state of the art, limitations, and future research
directions. Int J Educ Technol High Educ. Dec 2020;17(1). [doi: 10.1186/s41239-020-00223-0]

6. Chatti MA, Muslim A, Schroeder U. Toward an Open Learning Analytics Ecosystem Big Data and Learning Analytics
in Higher Education. Springer; 2017:195-219 [doi: 10.1007/978-3-319-06520-5_12]

7. Siemens G, Gasevic D. Guest editorial - learning and knowledge analytics. Educational Technology & Society.
2012;15(3):1-2. URL: https://www.proquest.com/docview/1287024909?pq-origsite=gscholar&fromopenview=true&
sourcetype=Scholarly%20Journals [Accessed 2025-07-31]

8. Samuelsen J, Chen W, Wasson B. Integrating multiple data sources for learning analytics—review of literature. RPTEL.
Dec 2019;14(1). [doi: 10.1186/s41039-019-0105-4]

9. Wong BT, Li KC. A review of learning analytics intervention in higher education (2011–2018). J Comput Educ. Mar
2020;7(1):7-28. [doi: 10.1007/s40692-019-00143-7]

10. Scatler N. Learning Analytics Explained. London: Routledge; 2017. ISBN: 9781138931732
11. Bodily R, Verbert K. Trends and issues in student-facing learning analytics reporting systems research. Presented at:

LAK ’17: Proceedings of the Seventh International Learning Analytics & Knowledge Conference; Mar 13-17, 2017;
Vancouver British Columbia Canada. [doi: 10.1145/3027385.3027403]

12. Foster C, Francis P. A systematic review on the deployment and effectiveness of data analytics in higher education to
improve student outcomes. Assessment & Evaluation in Higher Education. Aug 17, 2020;45(6):822-841. [doi: 10.1080/
02602938.2019.1696945]

13. Viberg O, Hatakka M, Bälter O, Mavroudi A. The current landscape of learning analytics in higher education. Comput
Human Behav. Dec 2018;89:98-110. [doi: 10.1016/j.chb.2018.07.027]

14. Tsai YS, Whitelock-Wainwright A, Gašević D. More than figures on your laptop: (dis)trustful implementation of
learning analytics. JLA. 2021;8(3):81-100. [doi: 10.18608/jla.2021.7379]

15. SHEILA framework. SHEILA Project. 2018. URL: http://sheilaproject.eu/wp-content/uploads/2018/08/SHEILA-
framework_Version-2.pdf [Accessed 2025-06-04]

16. Piper R, Emmanuel T. Co-producing mental health strategies with students: a guide for the higher education sector.
Student Minds. URL: https://www.studentminds.org.uk/uploads/3/7/8/4/3784584/cpdn_document_artwork.pdf
[Accessed 2025-06-04]

17. Gray G, Schalk AE, Cooke G, Murnion P, Rooney P, O’Rourke KC. Stakeholders’ insights on learning analytics:
perspectives of students and staff. Comput Educ. Oct 2022;187:104550. [doi: 10.1016/j.compedu.2022.104550]

18. Heiser R, Dello Stritto ME, Brown A, Croft B. Amplifying student and administrator perspectives on equity and bias in
learning analytics. Learning Analytics. 2023;10(1):8-23. [doi: 10.18608/jla.2023.7775]

19. Jones KML, Asher A, Goben A, et al. “We’re being tracked at all times”: Student perspectives of their privacy in relation
to learning analytics in higher education. Asso for Info Science & Tech. Sep 2020;71(9):1044-1059. [doi: 10.1002/asi.
24358]

20. Roberts LD, Howell JA, Seaman K, Gibson DC. Student attitudes toward learning analytics in higher education: “The
Fitbit Version of the Learning World”. Front Psychol. 2016;7:1959. [doi: 10.3389/fpsyg.2016.01959] [Medline:
28066285]

21. Bennett L, Folley S. Four design principles for learner dashboards that support student agency and empowerment.
JARHE. May 13, 2019;12(1):15-26. [doi: 10.1108/JARHE-11-2018-0251]

22. Lim LA, Dawson S, Gašević D, et al. Students’ perceptions of, and emotional responses to, personalised learning
analytics-based feedback: an exploratory study of four courses. Assessment & Evaluation in Higher Education. Apr 3,
2021;46(3):339-359. [doi: 10.1080/02602938.2020.1782831]

23. Roberts LD, Howell JA, Seaman K. Give me a customizable dashboard: personalized learning analytics dashboards in
higher education. Tech Know Learn. Oct 2017;22(3):317-333. [doi: 10.1007/s10758-017-9316-1]

24. Schumacher C, Ifenthaler D, Azevedo R, Cromley JG, Seibert D, Moos DC. Features students really expect from
learning analytics. Comput Human Behav. Jan 2018;78:397-407. [doi: 10.1016/j.chb.2017.06.030]

25. Rets I, Herodotou C, Bayer V, Hlosta M, Rienties B. Exploring critical factors of the perceived usefulness of a learning
analytics dashboard for distance university students. Int J Educ Technol High Educ. 2021;18(1):46. [doi: 10.1186/
s41239-021-00284-9] [Medline: 34778534]

JMIR FORMATIVE RESEARCH Freccero et al

https://formative.jmir.org/2025/1/e70327 JMIR Form Res 2025 | vol. 9 | e70327 | p. 10
(page number not for citation purposes)

https://www.studentminds.org.uk/uploads/3/7/8/4/3784584/student_minds_insight_briefing_feb23.pdf
https://www.studentminds.org.uk/uploads/3/7/8/4/3784584/student_minds_insight_briefing_feb23.pdf
https://www.ippr.org/articles/not-by-degrees
https://www.universitiesuk.ac.uk/what-we-do/policy-and-research/publications/stepchange-mentally-healthy-universities
https://www.universitiesuk.ac.uk/what-we-do/policy-and-research/publications/stepchange-mentally-healthy-universities
https://doi.org/10.1186/s41239-020-00223-0
https://doi.org/10.1007/978-3-319-06520-5_12
https://www.proquest.com/docview/1287024909?pq-origsite=gscholar&fromopenview=true&sourcetype=Scholarly%20Journals
https://www.proquest.com/docview/1287024909?pq-origsite=gscholar&fromopenview=true&sourcetype=Scholarly%20Journals
https://doi.org/10.1186/s41039-019-0105-4
https://doi.org/10.1007/s40692-019-00143-7
https://doi.org/10.1145/3027385.3027403
https://doi.org/10.1080/02602938.2019.1696945
https://doi.org/10.1080/02602938.2019.1696945
https://doi.org/10.1016/j.chb.2018.07.027
https://doi.org/10.18608/jla.2021.7379
http://sheilaproject.eu/wp-content/uploads/2018/08/SHEILA-framework_Version-2.pdf
http://sheilaproject.eu/wp-content/uploads/2018/08/SHEILA-framework_Version-2.pdf
https://www.studentminds.org.uk/uploads/3/7/8/4/3784584/cpdn_document_artwork.pdf
https://doi.org/10.1016/j.compedu.2022.104550
https://doi.org/10.18608/jla.2023.7775
https://doi.org/10.1002/asi.24358
https://doi.org/10.1002/asi.24358
https://doi.org/10.3389/fpsyg.2016.01959
http://www.ncbi.nlm.nih.gov/pubmed/28066285
https://doi.org/10.1108/JARHE-11-2018-0251
https://doi.org/10.1080/02602938.2020.1782831
https://doi.org/10.1007/s10758-017-9316-1
https://doi.org/10.1016/j.chb.2017.06.030
https://doi.org/10.1186/s41239-021-00284-9
https://doi.org/10.1186/s41239-021-00284-9
http://www.ncbi.nlm.nih.gov/pubmed/34778534
https://formative.jmir.org/2025/1/e70327


26. Knight DB, Brozina C, Novoselich B. An investigation of first-year engineering student and instructor perspectives of
learning analytics approaches. Learning Analytics. 2016;3(3):215-238. [doi: 10.18608/jla.2016.33.11]

27. Ahern SJ. Making a #Stepchange? Investigating the alignment of learning analytics and student wellbeing in United
Kingdom higher education institutions. Front Educ. Nov 4, 2020;5. [doi: 10.3389/feduc.2020.531424]

28. Cormack AN, Reeve D. Developing a code of practice for using data in wellbeing support. Learning Analytics.
2022;9(2):253-264. [doi: 10.18608/jla.2022.7533]

29. Code of practice for learning analytics. Jisc. URL: https://www.jisc.ac.uk/guides/code-of-practice-for-learning-analytics
[Accessed 2025-06-04]

30. Sclater N. Developing a code of practice for learning analytics. Learning Analytics. ;3(1). [doi: 10.18608/jla.2016.31.3]
31. Denzin NK, Lincoln YS. The Sage Handbook of Qualitative Research. 4th ed. London: Sage; 2011. ISBN:

9781506382937
32. Badu E, O’Brien AP, Mitchell R. An integrative review on methodological considerations in mental health research -

design, sampling, data collection procedure and quality assurance. Arch Public Health. 2019;77(1):37. [doi: 10.1186/
s13690-019-0363-z] [Medline: 31624592]

33. Cohen L, Manion L, Morrison K. Research Methods in Education. 8th ed. Routledge; 2018. [doi: 10.4324/
9781315456539] ISBN: 9781138209886

34. Urquhart C. Grounded Theory for Qualitative Research: A Practical Guide. SAGE Publication; 2013. ISBN:
9781526476685

35. Rubin H, Rubin I. Qualitative Interviewing: The Art of Hearing Data. SAGE Publishers; 2012. ISBN: 9780761920755
36. Davis FD. Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q. Sep

1989;13(3):319. [doi: 10.2307/249008]
37. Ryan RM, Deci EL. Self-determination theory and the facilitation of intrinsic motivation, social development, and well-

being. Am Psychol. Jan 2000;55(1):68-78. [doi: 10.1037//0003-066x.55.1.68] [Medline: 11392867]
38. NIHR. Standards for public involvement in research—better public involvement for better health and social care

research. Invo. 2019. URL: https://www.invo.org.uk/wp-content/uploads/2019/11/UK-standards-for-public-involvement-
v6.pdf [Accessed 2025-06-04]

39. Staniszewska S, Brett J, Simera I, et al. GRIPP2 reporting checklists: tools to improve reporting of patient and public
involvement in research. BMJ. 2017:j3453. [doi: 10.1136/bmj.j3453]

40. Braun V, Clarke V. Using thematic analysis in psychology. Qual Res Psychol. Jan 2006;3(2):77-101. [doi: 10.1191/
1478088706qp063oa]

41. Saldana J. The Coding Manual for Qualitative Researchers. SAGE Publication; 2021. ISBN: 9781473902497
42. Berger R. Now I see it, now I don’t: researcher’s position and reflexivity in qualitative research. Qual Res. Apr

2015;15(2):219-234. [doi: 10.1177/1468794112468475]
43. Nowell LS, Norris JM, White DE, Moules NJ. Thematic analysis: striving to meet the trustworthiness criteria. Int J Qual

Methods. 2017;16(1). [doi: 10.1177/160940691773384]
44. Armstrong CC, Odukoya EJ, Sundaramurthy K, Darrow SM. Youth and provider perspectives on behavior-tracking

mobile apps: qualitative analysis. JMIR Ment Health. Apr 22, 2021;8(4):e24482. [doi: 10.2196/24482] [Medline:
33885364]

45. Wies B, Landers C, Ienca M. Digital mental health for young people: a scoping review of ethical promises and
challenges. Front Digit Health. 2021;3:697072. [doi: 10.3389/fdgth.2021.697072] [Medline: 34713173]

46. Dewa LH, Lavelle M, Pickles K, et al. Young adults’ perceptions of using wearables, social media and other
technologies to detect worsening mental health: a qualitative study. PLoS ONE. 2019;14(9):e0222655. [doi: 10.1371/
journal.pone.0222655] [Medline: 31532786]

47. Ifenthaler D, Schumacher C. Student perceptions of privacy principles for learning analytics. Education Tech Research
Dev. Oct 2016;64(5):923-938. [doi: 10.1007/s11423-016-9477-y]

48. Prinsloo P, Slade S. Student privacy self-management: implications for learning analytics. Presented at: LAK ’15:
Proceedings of the Fifth International Conference on Learning Analytics And Knowledge; Mar 16-20, 2015;
Poughkeepsie New York. [doi: 10.1145/2723576.2723585]

49. Slade S, Prinsloo P. Student perspectives on the use of their data: between intrusion, surveillance and care. Presented at:
Proceedings of the European Distance and E-Learning Network 2014 Research Workshop; Oct 27-28, 2014; Oxford,
England.

50. Cormack AN. A data protection framework for learning analytics. Learning Analytics. 2016;3(1):91-106. [doi: 10.18608/
jla.2016.31.6]

51. Ferguson R, Hoel T, Scheffel M, Drachsler H. Guest editorial: ethics and privacy in learning analytics. Learning
Analytics. 2016;3(1):5-15. [doi: 10.18608/jla.2016.31.2]

JMIR FORMATIVE RESEARCH Freccero et al

https://formative.jmir.org/2025/1/e70327 JMIR Form Res 2025 | vol. 9 | e70327 | p. 11
(page number not for citation purposes)

https://doi.org/10.18608/jla.2016.33.11
https://doi.org/10.3389/feduc.2020.531424
https://doi.org/10.18608/jla.2022.7533
https://www.jisc.ac.uk/guides/code-of-practice-for-learning-analytics
https://doi.org/10.18608/jla.2016.31.3
https://doi.org/10.1186/s13690-019-0363-z
https://doi.org/10.1186/s13690-019-0363-z
http://www.ncbi.nlm.nih.gov/pubmed/31624592
https://doi.org/10.4324/9781315456539
https://doi.org/10.4324/9781315456539
https://doi.org/10.2307/249008
https://doi.org/10.1037//0003-066x.55.1.68
http://www.ncbi.nlm.nih.gov/pubmed/11392867
https://www.invo.org.uk/wp-content/uploads/2019/11/UK-standards-for-public-involvement-v6.pdf
https://www.invo.org.uk/wp-content/uploads/2019/11/UK-standards-for-public-involvement-v6.pdf
https://doi.org/10.1136/bmj.j3453
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1177/1468794112468475
https://doi.org/10.1177/160940691773384
https://doi.org/10.2196/24482
http://www.ncbi.nlm.nih.gov/pubmed/33885364
https://doi.org/10.3389/fdgth.2021.697072
http://www.ncbi.nlm.nih.gov/pubmed/34713173
https://doi.org/10.1371/journal.pone.0222655
https://doi.org/10.1371/journal.pone.0222655
http://www.ncbi.nlm.nih.gov/pubmed/31532786
https://doi.org/10.1007/s11423-016-9477-y
https://doi.org/10.1145/2723576.2723585
https://doi.org/10.18608/jla.2016.31.6
https://doi.org/10.18608/jla.2016.31.6
https://doi.org/10.18608/jla.2016.31.2
https://formative.jmir.org/2025/1/e70327


52. Priestley M, Broglia E, Hughes G, Spanner L. Student perspectives on improving mental health support services at
university. Couns and Psychother Res. Mar 2022;22(1). [doi: 10.1002/capr.12391]

53. Alfredo R, Echeverria V, Jin Y, et al. Human-centred learning analytics and AI in education: a systematic literature
review. Computers and Education: Artificial Intelligence. Jun 2024;6(5):100215. [doi: 10.1016/j.caeai.2024.100215]

54. Götzl C, Hiller S, Rauschenberg C, et al. Artificial intelligence-informed mobile mental health apps for young people: a
mixed-methods approach on users’ and stakeholders’ perspectives. Child Adolesc Psychiatry Ment Health. Nov 17,
2022;16(1):86. [doi: 10.1186/s13034-022-00522-6] [Medline: 36397097]

55. Darwin Holmes AG. Researcher positionality - a consideration of its influence and place in qualitative research - a new
researcher guide. education. 2020;8(4):1-10. [doi: 10.34293/education.v8i4.3232]

56. Mercer J. The challenges of insider research in educational institutions: wielding a double‐edged sword and resolving
delicate dilemmas. Oxf Rev Educ. Feb 2007;33(1):1-17. [doi: 10.1080/03054980601094651]

57. Ting L. Diagram outlining the research process and how patient and public involvement can be embedded in it. NIHR
Applied Research Collaboration (ARC) West. URL: https://arc-w.nihr.ac.uk/patient-and-public-involvement/resources/
working-effectively-with-public-contributors/research-process-and-ppi-diagram [Accessed 2025-06-04]

58. Russell ST, Fish JN. Mental health in lesbian, gay, bisexual, and transgender (LGBT) youth. Annu Rev Clin Psychol.
2016;12:465-487. [doi: 10.1146/annurev-clinpsy-021815-093153] [Medline: 26772206]

59. Zeng F, John WCM, Qiao D, Sun X. Association between psychological distress and mental help-seeking intentions in
international students of national university of Singapore: a mediation analysis of mental health literacy. BMC Public
Health. Nov 28, 2023;23(1):2358. [doi: 10.1186/s12889-023-17346-4] [Medline: 38017406]

60. Kollom K, Tammets K, Scheffel M, et al. A four-country cross-case analysis of academic staff expectations about
learning analytics in higher education. Internet High Educ. Apr 2021;49:100788. [doi: 10.1016/j.iheduc.2020.100788]

Abbreviations
AI: artificial intelligence
COREQ: Consolidated Criteria for Reporting Qualitative Research
PPI: patient and public involvement
SAG: student advisory group
STEM: science, technology, engineering, and mathematics

Edited by Amaryllis Mavragani; peer-reviewed by Lesley Andrew, Samantha Ahern; submitted 20.12.2024; final revised
version received 05.06.2025; accepted 23.06.2025; published 01.08.2025

Please cite as:
Freccero A, Onwunle M, Elliott J, Podder N, Purrinos De Oliveira J, Dewa LH
Students’ Perceptions of Learning Analytics for Mental Health Support: Qualitative Study
JMIR Form Res 2025;9:e70327
URL: https://formative.jmir.org/2025/1/e70327
doi: 10.2196/70327

© Aglaia Freccero, Miriam Onwunle, Jordan Elliott, Nathalie Podder, Julia Purrinos De Oliveira, Lindsay H Dewa. Originally
published in JMIR Formative Research (https://formative.jmir.org), 01.08.2025. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Forma-
tive Research, is properly cited. The complete bibliographic information, a link to the original publication on https://forma-
tive.jmir.org, as well as this copyright and license information must be included.

JMIR FORMATIVE RESEARCH Freccero et al

https://formative.jmir.org/2025/1/e70327 JMIR Form Res 2025 | vol. 9 | e70327 | p. 12
(page number not for citation purposes)

https://doi.org/10.1002/capr.12391
https://doi.org/10.1016/j.caeai.2024.100215
https://doi.org/10.1186/s13034-022-00522-6
http://www.ncbi.nlm.nih.gov/pubmed/36397097
https://doi.org/10.34293/education.v8i4.3232
https://doi.org/10.1080/03054980601094651
https://arc-w.nihr.ac.uk/patient-and-public-involvement/resources/working-effectively-with-public-contributors/research-process-and-ppi-diagram
https://arc-w.nihr.ac.uk/patient-and-public-involvement/resources/working-effectively-with-public-contributors/research-process-and-ppi-diagram
https://doi.org/10.1146/annurev-clinpsy-021815-093153
http://www.ncbi.nlm.nih.gov/pubmed/26772206
https://doi.org/10.1186/s12889-023-17346-4
http://www.ncbi.nlm.nih.gov/pubmed/38017406
https://doi.org/10.1016/j.iheduc.2020.100788
https://formative.jmir.org/2025/1/e70327
https://doi.org/10.2196/70327
https://formative.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://formative.jmir.org
https://formative.jmir.org
https://formative.jmir.org/2025/1/e70327

	Students’ Perceptions of Learning Analytics for Mental Health Support: Qualitative Study
	Introduction
	Methods
	Study Design and Methodological Orientation
	Participant Selection
	Data Generation
	Patient and Public Involvement
	Data Analysis
	Ethical Considerations

	Results
	Participants’ Characteristics
	Themes and Subthemes

	Discussion
	Key Findings and Comparison With Previous Work
	Reflexivity
	Strengths and Limitations
	Implications and Policy Recommendations
	Conclusion



