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Abstract

Background: Mobile learning (mLearning) is widely used in higher education but research remains fragmented and context-
insensitive. In undergraduate medical education, in which knowledge acquisition must align with competency-based training,
mLearning may bridge formal and informal learning. Previous research has focused on two main areas: technology acceptance or
intervention effectiveness, but rarely their integration. Using realist evaluation (RE), this study investigated the conditions under
which mLearning supports outcomes in authentic curricula settings.

Objective: This study aimed to (1) assess the impact of a voluntary mLearning intervention on exam performance and (2)
identify learner profiles and context–mechanism–outcome (CMO) patterns explaining differential engagement and outcomes.

Methods: A quasi-experimental study was conducted among fifth-semester undergraduate medical students at a German medical
school across two consecutive summer semesters (2023 and 2024). A voluntary, app-based mLearning course in “Microbiology,
Hygiene, and Virology” was delivered via the eSquirrel platform, featuring interactive tasks, gamification, and spaced-repetition
features. Data sources included non-reactive app usage logs, baseline academic performance, demographics, and post-semester
survey responses. Cluster analysis identified usage profiles, and CMO patterns were derived by triangulating usage, performance,
and survey data. Neither randomization nor blinding was applied, to capture real-world curricular use.

Results: Of 245 eligible students, 220 (89.8%) participated; 110 (50%) used the app. In 2024 app users (n=64) outperformed non-
users (n=46) in the oral microbiology exam (mean grade 2.3 vs 2.8; t??.?=1.90, one-sided P=.031). After adjustment, these
differences were largely explained by baseline academic performance, with limited evidence for an independent app effect.
Cluster analysis of app users identified three engagement profiles: (1) continuous low-intensity users (n=60), (2) intensive, exam-
oriented users (n=31), and (3) early, disengaging users (n=19). Cluster 2 reported the highest satisfaction, perceived learning
gains, and exam performance. A refined program theory suggested that when learners with sufficient baseline ability and
strategic study habits engage “just-in-time” (Context), mechanisms such as motivation, spaced repetitions, microlearning, and
gamified feedback (Mechanism) lead to improved exam performance (Outcome).

Conclusions: The effectiveness of mLearning is not universal but varies with learner context and engagement strategy. Strategic,
exam-oriented use—driven by motivation, enjoyment, and self-regulation—yielded the strongest benefits. Passive usage data
provided valuable insights into authentic learning behavior, while quasi-experimental designs require contextual adjustment to
clarify causal relationships. Effective mLearning interventions should be both educationally useful and engaging, fostering
enjoyment alongside learning outcomes. Future research should address equity concerns, as higher-performing students benefited
most, and explore adaptive approaches to support diverse learners.
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Mobile Learning in Medical Education: A Realist Evaluation of Usage, 
Context, and Exam Performance in a Curricular Setting

Abstract
Background
Mobile learning (mLearning) is widely used in higher education but research remains fragmented
and context-insensitive. In undergraduate medical education, in which knowledge acquisition must
align with competency-based training, mLearning may bridge formal and informal learning. Previous
research has focused on two main areas: technology acceptance or intervention effectiveness, but
rarely their integration. Using realist evaluation (RE), this study investigated the conditions under
which mLearning supports outcomes in authentic curricula settings.

Objective
This  study  aimed  to  (1)  assess  the  impact  of  a  voluntary  mLearning  intervention  on  exam
performance  and  (2)  identify  learner  profiles  and  context–mechanism–outcome  (CMO)  patterns
explaining differential engagement and outcomes.

Methods
A quasi-experimental study was conducted among fifth-semester undergraduate medical students at a
German medical school across two consecutive summer semesters (2023 and 2024). A voluntary,
app-based  mLearning  course  in  “Microbiology,  Hygiene,  and  Virology”  was  delivered  via  the
eSquirrel platform,  featuring  interactive  tasks,  gamification,  and  spaced-repetition  features.  Data
sources included non-reactive app usage logs, baseline academic performance, demographics, and
post-semester survey responses. Cluster analysis identified usage profiles, and CMO patterns were
derived by triangulating usage, performance, and survey data. Neither randomization nor blinding
was applied, to capture real-world curricular use.

Results
Of 245 eligible students, 220 (89.8%) participated; 110 (50%) used the app. In 2024 app users (n=64)
outperformed non-users (n=46) in the oral microbiology exam (mean grade 2.3 vs 2.8; t₆₃.₀=1.90, one-
sided  P=.031).  After  adjustment,  these  differences  were  largely  explained by baseline  academic
performance,  with limited evidence for  an independent  app effect.  Cluster  analysis  of  app users
identified three engagement profiles: (1) continuous low-intensity users (n=60), (2) intensive, exam-
oriented  users  (n=31),  and  (3)  early,  disengaging  users  (n=19).  Cluster  2  reported  the  highest
satisfaction, perceived learning gains, and exam performance. A refined program theory suggested
that when learners with sufficient baseline ability and strategic study habits engage “just-in-time”
(Context), mechanisms such as motivation, spaced repetitions, microlearning, and gamified feedback
(Mechanism) lead to improved exam performance (Outcome).

Conclusion
The effectiveness of mLearning is  not universal but varies with learner context and engagement
strategy.  Strategic,  exam-oriented  use—driven  by  motivation,  enjoyment,  and  self-regulation—
yielded the strongest benefits. Passive usage data provided valuable insights into authentic learning
behavior,  while  quasi-experimental  designs  require  contextual  adjustment  to  clarify  causal
relationships. Effective mLearning interventions should be both educationally useful and engaging,
fostering enjoyment alongside learning outcomes. Future research should address equity concerns, as
higher-performing  students  benefited  most,  and  explore  adaptive  approaches  to  support  diverse
learners.

Keywords
Medical Education; Mobile Learning; Realist Evaluation; Usage Patterns; Digital Learning Tools,

https://preprints.jmir.org/preprint/85892 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Holzhäuer et al

Technology Acceptance; Student Engagement; Educational Technology; Context Factors

https://preprints.jmir.org/preprint/85892 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Holzhäuer et al

Introduction
Mobile learning (mLearning) has become a prominent but also debated concept in technology-
enhanced education. Research in this area continues to face enduring conceptual and methodological 
challenges. 
First, definitions of mLearning remain inconsistent and have shifted alongside changing 
technological and pedagogical paradigms[1–6]. In the early 2000s, mLearning was mostly defined as
“learning anytime and anywhere using mobile devices”[7–12]. This device-oriented view initially 
aimed to distinguish mobile from electronic learning (eLearning) and other stationary formats. With 
the widespread adoption of smartphones, early visions of an all-in-one mLearning device—always 
connected, interactive, and multimedia-capable—appeared to become reality[13,14]. More recent 
definitions are increasingly theory-based approaches and adopt a learner-centered perspective. They 
emphasize context-awareness, personalization, and continuity between physical and digital learning 
spaces[4,13–24]. In this view, mLearning is no longer just a technological mode of delivery but 
reflects the educational dynamics of a mobile society[25–27]. Mobile learning represents the typical 
learning mode of Homo mobilis, the mobile individual, within today’s mobile society[20,28–31]. 
Notably, some scholars have further argued that mLearning may also encompass traditional learning 
activities—such as reading a textbook while commuting[28,32–34]. Secondly, the rapid pace of 
technological innovation quickly renders many study results outdated, limiting their 
generalizability[35]. What was once counted mLearning—for example receiving an SMS from a 
teacher[14]—differs markedly from today’s artificial intelligence (AI)-powered mobile apps or 
augmented reality tools. Third, the contexts in which mLearning has been evaluated are highly 
diverse[14,15,36]: Existing studies have made valuable contributions by examining a wide range of 
interventions across educational levels, settings, and technologies. Yet, the very diversity—in 
intervention types, instructional content, outcome measures, and study populations—makes it 
difficult to draw broad conclusions. 
Although much of the literature is optimistic[37–42], mLearning has not delivered the anticipated 
educational transformation[43]. Thus, more context-sensitive research is needed to understand how 
and under what conditions mLearning can be effectively integrated into higher education[44]. This 
challenge is particularly pressing in undergraduate medical education[45], in which curricula are 
shifting toward a hybrid and individualized format and in a broader move from knowledge 
transmission to competency-based learning[46,47]. As students are expected to develop professional 
competencies rather than merely acquire facts, a didactic gap emerges: foundational theoretical 
knowledge must be acquired through self-directed learning in informal contexts. mLearning may 
help bridging this didactic gap by supporting learners in connecting theoretical knowledge with 
formal competency development[48–50]. By providing content access “anytime and anywhere,” it 
can scaffold informal learning episodes that complement clinical training and enhance readiness for 
professional practice. Consistently, informal learning spaces are gaining importance alongside 
structured, institutional instruction[51], and mLearning can contribute to more integrated, context-
sensitive learning trajectories in medical education[52].
Within mLearning research, two major lines of inquiry have received particular attention[53]: (1) 
studies on the overall effectiveness of mLearning interventions and (2) investigations into 
psychological and contextual factors shaping learners’ adoption. These perspectives have rarely been 
integrated under authentic curricular conditions. As a result, there is little understanding of how 
learners actually engage with mobile tools, how contextual factors shape this engagement, and what 
the outcomes are ultimately. 
To address this gap, we applied the realist evaluation (RE) framework[54] to examine the interplay 
between learner context, engagement patterns, and academic outcomes. Using the context–
mechanism–outcome (CMO) model[55,56], we conceptualize mLearning as a contingent process in 
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which learner-specific contexts (C) activate engagement mechanisms (M) that, in turn, have 
measurable outcomes (O).
Our study pursued two main objectives: (1) To test whether voluntary participation in a mLearning 
course improved exam performance within routine curricular delivery, and (2) to explore how learner
contexts influenced engagement patterns by deriving usage profiles from in-app behavior and linking
them to contextual variables and academic outcomes.
In doing so, we move beyond asking whether “mLearning works” to examine for whom it is 
effective, under what conditions, and through which mechanisms it supports academic success. 
These issues are particularly relevant for medical educators who seek to design adaptive digital 
learning environments that address learner diversity and/or foster engagement within structured 
curricula. Guided by this perspective, our study aims to provide a deeper understanding of 
mLearning as an educational practice embedded in dynamic, real-world contexts.
The study, including the use of German national medical licensing exam data, was approved by the 
local independent review board (Ref. 20230217 01, 2025-80-ka). 

Methods

Evaluation Setting and Methodical Approach

We employed an RE design[54] to investigate what works, for whom, in what context, and how. 
Unlike experimental approaches that estimate average effects, RE focusses CMO patterns in 
authentic educational settings. Accordingly, no randomization or blinding was applied to capture 
real-world curricular use.
The evaluation was conducted at a German medical school (six-year curriculum). Within the faculty-
wide digitalization initiative WueMedica, a general mLearning module was developed and 
implemented across multiple disciplines. In this study, we focused on its use in the fifth-semester 
course “Microbiology, Hygiene, and Virology”. The subject-specific component of the module was 
delivered via the eSquirrel app (eSquirrel GmbH, Vienna, Austria). Alongside the regular curriculum 
of a voluntary lecture series and mandatory weekly lab sessions, mLearning was offered as an 
additional learning resource. Teaching staff delivered the standard curriculum independently, and no 
direct contact occurred between the study team and students.

Intervention

The intervention consisted of a voluntary, app-based course designed to support exam preparation 
alongside the curriculum. Content was developed by trained student assistants in collaboration with 
faculty experts and was based on official course materials, the German national competency-based 
learning objectives catalogue, and standard textbooks. The course was organized into small chapters 
with interactive tasks (such as multiple-choice, matching, and fill-in-the-blank formats) and 
supplemented by images and links to relevant textbook chapters. Gamification features, such as point
scoring, a leaderboard, push notifications, and an adaptive spaced-repetition algorithm, were 
included to promote sustained use. Each time a student repeated a learning unit, the system recorded 
this as progression to the next level (Level 1–4).The levels therefore reflected the number of 
repetitions completed, not an increasing in task difficulty. The course comprised 88 chapters in 2023 
and was expanded to 138 in 2024.
Students accessed the app via the institution’s learning management system. Registration required an 
official university email address, allowing linkage to student IDs and informed consent. While 
multiple registrations were technically possible in 2023, they were effectively restricted in 2024 
through email verification and ID matching. The app complied with the General Data Protection 
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Regulation standards (European Union) and supported cross-platform, offline access. Data from non-
consenting students were excluded from analysis.

Study Design and Data Sources

The evaluation spanned two consecutive summer semesters (2023 and 2024). The study population 
comprised all students enrolled in the fifth-semester course “Microbiology, Hygiene, and Virology. 
Eligible participants were defined as formally enrolled in the course and registered for their first 
attempt at the final oral exam. Repeat examinees or students without formal registration were 
excluded.
Data were collected from four sources: 

1. App usage data (non-reactive), including activity (chapters completed), task success (points 
earned), and learning efficiency (chapters per unit time).

2. An online questionnaire administered via EvaSys (evasys GmbH, Lüneburg, Germany) at the 
end of the semester, covering demographics (age, sex), usage, and learning behavior, 19 items
adapted from published instruments (UTAUT[57], R-SPQ-2F[58], Technology Enabled 
Formative Assessment in Medical Education[59], Use of Unsupervised Online Quizzes in 
Medical Physiology[60]), and open-ended questions on user satisfaction. The questionnaire 
was originally developed in German and then translated into English.

3. Final oral exam scores in microbiology in 2024.
4. Oral and written scores from the first national licensing exam (M1, conducted after the fourth

semester), serving as contextual data for prior academic performance.

In 2023, 117 students qualified for participation. Based on an expected 80% participation rate, the 
study was powered to detect a moderate effect size (Cohen d≈0.58) at α=.05 with 80% power.

Data Analysis

Standardized usage and demographic variables (z-scores, calculated as z=(X–M)/SD, X as individual
value, mean (M), standard deviation (SD)) were entered into a two-step cluster analysis (log-
likelihood distance and the Bayesian information criterion) to identify user groups. The aim was to 
identify user clusters based on app engagement and demographics. Non-users (no completed 
chapters) were assigned to a separate cluster, and all clusters were compared with respect to survey 
responses and performance outcomes.
Survey data were analyzed using principal component analysis (PCA) with pairwise deletion for 
missing values. Components with eigenvalues >1 were extracted and subjected to oblique (Oblimin) 
rotation. Reliability was assessed with Cronbach α, and component scores were rescaled to a 5-point 
Likert scale for easier interpretation. Variance contributions of the final scales were approximated 
using regression-based scores from the unrotated solution.
All analyses were conducted using IBM SPSS Statistics (Version 29.0.0.0; IBM Corp, New York, 
USA) at a 95% significance level, applying Welch t tests for unequal variances[61,62] and standard t
tests when variances were equal, with two-sided P values reported unless otherwise specified
Reporting followed the CONSORT-EHEALTH checklist (V.1.6.1) for mobile health interventions[63]
and the RAMESES-II standards for realist evaluations[64].
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Results

Participant Flow and Sample Characteristics

Participant recruitment and data availability are summarized in Figure 1. An overall recruitment rate 
of 89.8% (220/245) was achieved, with 110 out of 117 eligible students participating in 2023 (94%) 
and 110 out of 128 (85.9%) in 2024. Final oral exam results were available for 193 participants (98 
in 2023; 95 in 2024), while 27 students (12.3%) were excused from the exam for medical reasons. 
Half of all participants (110/220) used the mLearning app—46 in 2023 and 64 in 2024—while the 
remaining 110 formed the non-user comparison group.
The survey produced 74 valid responses (49 in 2023; 25 in 2024), corresponding to response rates of 
44.5% and 22.7%. In total, 53 participants (24.1%) both used the app and completed the survey. 
Demographic characteristics were representative of the eligible population (70% female vs 69%; 
mean age 23.1 vs 23.9 years). No significant differences were observed between semesters or 
subgroups. Baseline characteristics are provided in Appendix 1.
Figure 1. Flowchart of participant recruitment and data availability. 

Cluster-Based Usage Profiles

Cluster analysis (average silhouette coefficient sC =.40) of the 110 app users identified three distinct 
clusters: (1) Continuous Use, (2) Increased Use Before the Exam, (3) Use at the Beginning of the 
Semester). No significant demographic differences were observed across clusters. Figure 2 presents 
the z-standardized longitudinal changes in app performance of each cluster throughout the semester, 
providing the basis for the following detailed description of cluster characteristics:
Figure 2. Longitudinal changes in standardized user-performance across clusters throughout the 
semester.
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The bar charts illustrate changes in standardized performance (z-scores) over the semester. Positive 
values indicate above-average gains relative to all users; negative values indicate below-average gains. 
For example, between days 39 and 37 before the exam, Cluster 3 users achieved gains about 0.75 SD 
above the mean.

 Cluster 1 “Continuous Use” (C1, n=60; 54.6%) used the app regularly but completed 
comparatively few chapters. Users were active on 66.6% of available days yet completed 
only 26.5% of chapters. Engagement was concentrated at Level 1 (78.4%), and task success 
was lowest (11.6%). Usage remained consistently low without an increase before the exam.

 Cluster 2 “Increased Use Before the Exam” (C2, n=31; 28.2%) combined lower temporal 
activity (48.1% of days) but high content completion (80.9%). Chapter attempts were more 
evenly distributed across repetition levels, with moderate success (45.4%). Activity 
intensified markedly at the end of the semester (exam-oriented), peaking shortly before the 
exam.

 Cluster 3 “Use at the Beginning of the Semester” (C3, n=19; 17.3%) demonstrated the highest
overall engagement (87.2% of days) and substantial content completion (67.3% of chapters), 
with a notable high repetition rate (35.6% at Level 4). Performance was the strongest 
(54.9%). Engagement peaked out early but declined about four weeks before the exam 
period.

Performance relative to the mean (z-score)

Very Negative (z < –0.3)

Negative (–0.3 < z ≤ –
0.2)

Slightly Negative (–0.2 < z ≤ –
0.1)

Neutral (–0.1 < z ≤ 0.1)

Slightly Positive (0.1 < z ≤ 0.2)

Positive (0.2 < z ≤ 0.3)

Very Positive (z > 0.3)
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Oral Exam Performance by Usage Group

The final oral exam performance was analyzed for the 2024 cohort, with grades ranging from 1 
(Excellent) to 5 (Failed) (Table 1). The mean oral exam score was M=2.3, SD=1.1 for app users 
(n=64) compared to M=2.8, SD=1.3 for non-users (n=46). A one-sided Welch t test indicated a 
statistically significant difference between the two groups (t₆₃.₀=1.90, P=.031). Cluster 1 (n=34) 
achieved M=2.4, SD=1.1, which did not differ significantly from non-users (P=.091). Cluster 2 
(n=20) obtained the best results with M=2.1, SD=0.9, significantly outperforming non-users 
(P=.008; one-sided). Cluster 3 (n=10) recorded M=2.5, SD=1.3, with no significant difference 
compared to non-users (P=.26). A higher proportion of non-users (24%) than users (6%) were 
excused from the exam for medical reasons. No statistically significant differences were observed 
between the three app-user clusters.
Table 1. Exam scores stratified according to app usage subgroups (N=110).

Total Non-Users App Users
Total C1 C2 C3

n 110 46 64 34 20 10
Results M (SD) 2.5 (1.2) 2.8 (1.3) 2.3 (1.1) 2.4 (1.1) 2.1 (0.9) 2.5 (1.3)

Grade 1, n (%) 19 (17) 5 (11) 14 (22) 7 (21) 5 (25) 2 (20)
Grade 2, n (%) 36 (33) 12 (26) 24 (38) 12 (35) 8 (40) 4 (40)
Grade 3, n (%) 21 (19) 7 (15) 14 (22) 8 (24) 4 (20) 2 (20)
Grade 4, n (%) 12 (11) 7 (15) 5 (8) 3 (9) 1 (5) 1 (10)
Failed, n (%) 7 (6) 4 (9) 3 (5) 2 (6) N/A 1 (10)
Excused, n (%) 15 (14) 11 (24) 4 (6) 2 (6) 2 (10) N/A

Abbreviations: N/A=not applicable, C1=Cluster 1, C2=Cluster 2, C3=Cluster 3

Questionnaire Results: Principal Component Analysis

Sampling adequacy was acceptable (KMO=.750; Bartlett test P<.001). PCA initially yielded six 
component-scales, explaining 74.3% of the total variance. Scales 3-5 were excluded due to low 
internal consistency (α=0.46/0.09) and content overlap. Scale 1 included items relating to both 
Learning Outcome and User Experience and was split into two scales in line with the theoretical 
framework[65,66]. Items 6.1 (Studying sometimes gives me a sense of deep satisfaction) and 6.8 (I 
will recommend mLearning with WueMedica to others) were reassigned to the scales Study 
Motivation and User Experience, respectively. After manual adjustment, the final three scales—
Learning Outcome (1a), User Experience (1b), and Study Motivation (2)—contained no overlapping 
items and required no further rotation. Their variance contributions were estimated using regression-
based scores, jointly explaining 50.2 % of the variance and serving as the basis for subsequent 
analyses (Table 2):

 The Learning Outcome scale (Cronbach α=0.90) measured perceived improvements in 
learning efficiency, comprehension, and long-term retention. 

 The User Experience scale (Cronbach α=0.82) reflected how students evaluated the app’s 
usability, enjoyment, motivational impact, feedback on progress, insight into strengths and 
weaknesses, curricular relevance, and likelihood of recommending to peers. 

 The Study Motivation scale (Cronbach α=0.67) assessed general study motivation, avoidance 
of superficial learning strategies, openness to engaging topics, and preference for self-testing.

All scores were coded so that higher values represent stronger agreement with the underlying items. 
Detailed questionnaire results by usage group are provided in Appendix 2.
Table 2. Principal component analysis results: item loadings and internal consistency.
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Item Loading
Learning
Outcome

User 
Experience

Study 
Motivation

Item

4.1 mLearning with WueMedica 
enhances my learning outcomes.

.92

4.2 mLearning with WueMedica 
makes my studying more 
effective.

.92

4.3 mLearning with WueMedica 
improves my understanding of 
the learning topics.

.80

4.4 mLearning with WueMedica 
helps me retain what I have 
learned for a longer period.

.59

5.1 mLearning with WueMedica is 
intuitive.

.57

5.2 mLearning with WueMedica 
excites me.

.87

5.3 mLearning with WueMedica 
motivates me to study more than
I did before.

.60

5.4 mLearning with WueMedica is 
enjoyable.

.70

5.5 mLearning with WueMedica 
provides me with feedback on 
my learning progress.

.49

5.6 mLearning with WueMedica 
helps me identify my strengths 
and weaknesses in learning.

.46

5.7 mLearning with WueMedica 
adds value to the curricular 
teaching.

.82

6.1b Studying sometimes gives me a 
sense of deep satisfaction.

–.27

6.2 My goal is to pass the course 
with as little effort as possible.

.53

6.3 I only study the topics that are 
relevant for the exam.

.73

6.4 Any topic can become 
interesting to me once I am 
engaged with it.

–.44

6.5 I learn some things by repeating 
them until I have memorized 
them, even if I do not understand
them.

.68

6.6 I believe that I can pass most 
exams by memorizing the key 

.68
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points rather than understanding 
them.

6.7 I like to test myself on the key 
topics until I fully understand 
them.

–.65

6.8 I will recommend mLearning 
with WueMedica to others.

.90

Cronbach α 0.90 0.82 0.67
Explained Variance (%) 22.8 13.4 14.0

Questionnaire Results by Usage Group

No statistically significant differences were found between app users and non-users on the scales 
Learning Outcome, User Experience, or Study Motivation. Item-level analyses, however, revealed 
consistent advantages for app users, most notably on the enjoyment item. 
Cluster 1 did not differ significantly from non-users at the scale level (Learning Outcome M=2.6, 
SD=0.89; User Experience M=2.5, SD=0.90; Study Motivation M=3.0, SD=0.85. At the item level, 
only Item 5.4 (enjoyment) was rated significantly more favorably (M=2.1, SD=1.1; P=.021; one-
sided).
Cluster 2 scored significantly more favorably than non-users on Learning Outcome (M=2.0, SD=0.7;
one-sided P=.035) and User Experience (M=2.1, SD=0.70; P=.034; one-sided). Learning Outcome 
scores were also significantly higher than those in Cluster 1 (P=.015). No significant differences 
were observed on the Study Motivation scale (M=3.1, SD=1.1; P=.46). At the item level, Cluster 2 
agreed significantly more strongly than non-users on multiple items: Item 4.1 (”mLearning with 
WueMedica enhances my learning outcomes”, P=.007), Item 4.4 (”mLearning with WueMedica 
helps me retain what I have learned for a longer period”, P=.045), Item 5.4 (P=.003), Item 5.6 
(“mLearning with WueMedica helps me identify my strengths and weaknesses in learning”, P=.042),
and Item 6.1 (”Studying sometimes gives me a sense of deep satisfaction”, P=.020). For Item 6.8 (”I 
will recommend mLearning with WueMedica to others”), scores were also significantly higher than 
those of non-users (P=.006) and Cluster 1 (P=.014).
Cluster 3 did not differ significantly from other groups at the scale level (Learning Outcome M=2.4, 
SD=0.74; User Experience M=2.3, SD=0.70; and Study Motivation M=2.9, SD=1.0. At the item 
level, only Item 5.4 (enjoyment) was rated significantly more favorably than by non-users (M=2.1, 
SD=0.9; P=.012; one-sided).

Use of Additional Learning Resources

Non-users reported using other digital learning platforms more often than users (60% vs 37%; 
P=.044; one-sided). Across the user clusters, the number of additional resources was highest in 
Cluster 2 (M=3.6, SD=1.0) and lowest in Cluster 3 (M=3.1, SD=0.9), with the difference 
demonstrating a statistical trend (P=.052; one-sided).

Open-Ended Responses

Open-ended responses were provided across all groups. Among non-users and Cluster 1, the most 
common themes were time constraints and a perceived misalignment between the app content and 
the oral exam format. Respondents in this group also noted that multiple-choice tasks were 
insufficient for preparing for an oral exam.
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Participants from Clusters 2 and 3 more frequently highlighted motivational aspects and emphasized 
the app’s contribution to learning microbiology. In these clusters, references to gamification features 
such as rankings appeared more often (see Appendices 3-5 for details).

Exam Performance

Exam Performance: Users vs Non-Users

Analyses focused on the summer semester of 2024, comprising 35 non-users and 60 app users across
the three clusters. The national licensing exam grade (oral and written) served as a baseline indicator 
of prior academic ability, while the oral microbiology exam grade reflected current performance in 
the fifth semester. Outcomes according to the groupings are presented in Table 3.
Table 3. Examination performance by usage clustersa (N=210b).

Microbiology National licensing exam

n Oral exam grade
Overall 
exam
grade

Oral 
exam
grade

Written 
exam 
percentile

Mean (SD)
Mean 
(SD)

Mean 
(SD)

Mean (SD)

Eligible 
population

210 2.5 (1.2) 2.6 (0.8)
2.2 
(0.8)

74.0 (8.5)

Total 
participants

189 2.5 (1.2) 2.6 (0.8)
2.2 
(0.9)

73.9 (8.5)

Summer 
2023

94 2.5 (1.2) 2.4 (0.8)
2.1 
(0.9)

75.6 (8.8)

Summer 
2024

95 2.5 (1.2) 2.7 (0.7)
2.3 
(0.8)

72.2 (7.8)

Non-Users

35 2.8 (1.3) 2.8 (0.7)
2.3 
(0.8)

70.2 (8.1)

Users

60 2.3 (1.1) 2.7 (0.7)
2.3 
(0.8)

73.4 (7.5)

Cluster 1

32 2.4 (1.1) 2.8 (0.7)
2.4 
(0.8)

72.3 (6.8)

Cluster 2
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18 2.1 (0.9) 2.5 (0.7)
2.2 
(0.8)

73.8 (8.2)

Cluster 3

10 2.5 (1.3) 2.6 (0.4)
2.3 
(0.5)

76.6 (8.1)
aGrades for both microbiology and national licensing exam (M1) range from 1 (Excellent) to 5 
(Failed). The written M1 component is reported as percentile rank scores based on the number of 
points achieved relative to the maximum possible score.
bData are presented for the 210 participants with available M1 scores; the total study sample 
comprised 220 individuals.

No significant differences were observed between users and non-users in the overall national 
licensing exam grade (2.7 vs 2.8; two-sided P=.37) or the oral exam grade (2.3 in both groups; two-
sided P=.85). Users, however, achieved slightly higher written percentile ranks than non-users (73.4 
vs 70.2 percentile; P=.049).
When comparing performance over time, the results of non-users in the national licensing exam and 
the microbiology oral exam remained similar (P=.95), whereas the results of users improved 
significantly (P=.024). In the oral microbiology exam specifically, non-users’ performance declined 
compared to their national licensing exam (2.3 to 2.8; P=.029), while users’ performance remained 
stable.
An interaction between group × performance change was only close to significance (two-sided 
P=.061). After adjusting for the written national licensing exam grades, ANCOVA revealed 
significant group × exam effects for overall grades (F(1, 92)=3.9, P=.050; ηp

2=0.04) and for oral 
grades (F(1, 92)=3.9, P=.030; ηp

2=0.05). Written national licensing exam grades significantly 
predicted microbiology oral exam results (F(1, 92)=8.0, P=.006 ηp

2=0.08).
In summary, while users initially outperformed non-users on baseline measures, adjusted analyses 
suggest that differences in microbiology exam performance were largely explained by prior 
academic ability, with only limited evidence speaking for any additional benefit of app use.

Exam Performance by Usage Cluster

No significant differences in overall or oral national licensing exam grades grades were observed 
across usage clusters. In the written exam, Cluster 3 (76.6 percentile) significantly outperformed 
non-users (one-sided P=.022); while Cluster 2 (73.8 percentile) exhibited a non-significant trend 
(P=.068).
Within clusters, Cluster 1 improved significantly from the overall national licensing exam grade to 
the final microbiology oral exam (one-sided P=.048). Cluster 2 exhibited a similar trend (one-sided 
P=.052), whereas Cluster 3 showed no change. Written-to-oral exam improvements were therefore 
significant for Clusters 1 and 2, but not for Cluster 3.
A significant interaction was found for oral national licensing exam grades between Cluster 2 and 
non-users (one-sided P=.041). No other significant interactions were observed. After adjusting for 
written national licensing exam performance (ANCOVA), all cluster-level interactions lost 
significance (F(1, 91)=1.5, P=.23; ηp

2=.05).
Overall, these findings suggest that performance differences between clusters were largely 
attributable to baseline national licensing exam outcomes. Improvements during the semester were 
observed mainly in Clusters 1 and 2, but after adjusting for national licensing exam performance, no 
independent app effect could be confirmed.
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Discussion

Integration of Findings within Existing Literature
Established models of mLearning emphasize the critical roles of learning context and individual 
learner characteristics in shaping engagement and outcomes[17,19,20,24,67]. However, evidence 
under authentic curricular conditions remains limited. Our study addresses this gap by combining 
effectiveness and technology acceptance perspectives to identify learner profiles and CMO patterns, 
thereby clarifying how contextual and individual factors influence mLearning success. Importantly, 
we did not adopt a randomized controlled trial design. This was a deliberate choice to capture real-
world curricular use, not a methodological shortcoming. Allowing participants to regulate their use 
of mLearning freely, in line with the theory of planned behavior[68] and the concept of self-regulated
learning[69,70], was essential to understanding how mLearning operates in practice[71]. Our 
findings contextualize the “for whom, under what conditions, and how” question posed in the 
introduction by illustrating that mLearning effectiveness is not universal but varies with learner 
context and engagement strategy.

Cluster analysis revealed heterogeneous user profiles with distinct engagement patterns and learning 
outcomes, reinforcing the prior literature emphasizing the personal and individualized nature of 
mLearning[72]. While mLearning tools can facilitate self-directed learning[73], our results underline 
that effectiveness depends on learner characteristics and usage strategies. Users in Cluster 2, 
characterized by strategic, exam-oriented use, reported the highest satisfaction and strongest 
performance gains. This aligns with previous research based on the Technology Acceptance Model 
(TAM)[74] and the Unified Theory of Acceptance and Use of Technology (UTAUT)[57], which 
highlight affective determinants of technology adoption. That said, our findings demonstrated that 
enjoyment emerged as a stronger driver of success than perceived usefulness[75–78].
Our findings confirm that mLearning interventions can positively influence academic 
performance[52]. However, higher-performing students were more likely to adopt the app, 
suggesting a self-selection bias. This raises concerns that academically weaker students may be less 
engaged and self-directed learning may not meet their needs[73,79]. This echoes wider discussions 
of equity in digital health education, in which students with weaker baseline skills or fewer resources
risk being left behind[80,81]. 
Cluster 3 users, engaging early but reducing use before exams, may have shifted to other strategies, 
while sporadic use in Cluster 1 correlated with minimal benefits. Non-users and Cluster 1 
participants frequently doubted the app’s usefulness, consistent with prior studies emphasizing 
“usefulness" and "attitude" as determinants of adoption[82,83]. Explicit CMO-configurations are 
provided in detail in the Appendix 6. Although this study is limited to one German medical school, 
similar usage patterns and contextual challenges have been reported internationally, suggesting that 
our findings may have broader relevance but require cross-institutional validation. 
Methodologically, our study’s strength lies not in re-conforming that mLearning can “work”, a 
question already well covered, but in integrating effectiveness and acceptance perspectives under 
authentic curricular conditions. This approach demonstrates that mLearning is not universally 
“effective”; rather, outcomes depend on the context and user characteristics. To claim otherwise 
would be equivalent to stating that “medications works” without regard to dosage, adherence, or 
patient factors. Our findings emphasize that user satisfaction and strategic engagement are critical 
mechanisms, underscoring the need to tailor mLearning interventions to learner diversity. To support 
sustainable adoption, institutions should not only provide technical infrastructure but also invest in 
curricular integration, faculty support, and training for learners. Combining acceptance models (e.g., 
TAM, UTAUT) with realist CMO analysis offers a comprehensive heuristic: acceptance explains why 
learners start using an app, while CMO analysis clarifies how and for whom it succeeds.

https://preprints.jmir.org/preprint/85892 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Holzhäuer et al

Theoretical and Practical Implications

Our findings support a context-sensitive, mechanism-oriented perspective on mLearning 
effectiveness. Learners with sufficient baseline ability who use app features intensively and 
strategically, such as spaced repetition[84-86], gamified feedback[87–89], just-in-time 
learning[90,91], and microlearning[92–94], achieve superior outcomes. This indicates that digital 
tools should foster not only functional use but also affective engagement to sustain motivation.
Given the heterogeneity of learner engagement, mLearning interventions should adapt to diverse 
learning profiles by fostering autonomy, metacognitive regulation, and enjoyment. The prominent 
role of enjoyment resonates with research emphasizing that user experience is as important as 
pedagogy[95,96]. Emerging advances in artificial intelligence, including real-time analytics and 
adaptive recommendation systems offer opportunities to individualize mLearning[97–100]. Dynamic
adjustment of content difficulty and sentiment-based detection of motivational changes could support
timely interventions, enhancing both engagement and efficacy.
Finally, mLearning enables seamless integration of formal curricular activities with informal, self-
directed study, supporting personalized learning trajectories and continuous knowledge acquisition in
line with competency-based medical education.

Limitations

Several limitations warrant consideration. Although participant blinding was unfeasible and may 
introduce expectancy bias, the inclusion of objective app usage tracking enhances ecological validity.
The timing of the post-exam survey may have biased responses; future studies should collect 
feedback prior to the disclosure of grades or results. Controlling for baseline academic achievement 
strengthened causal inference, but unmeasured factors such as digital literacy, personality, and time 
management may still confound results. The grading scale was limited; granularity may have 
restricted sensitivity to subtle performance differences. Subgroup analyses reduced statistical power, 
highlighting the exploratory nature of these findings. Finally, the reliance on quantitative data 
constrains interpretive depth. Future studies should adopt mixed-methods designs, integrating log 
data, surveys, and qualitative approaches (e.g., interviews, think-aloud protocols) to capture learner 
perspectives and refine CMO configurations.

Future Directions

This study highlights the value of combining global outcome measures (e.g. exam scores) with 
granular CMO analyses that account for learner characteristics, behavior, and situational factors. 
Such multi-level approaches clarify not just whether, but why mLearning succeeds or fails in 
curricular contexts. To improve comparability across studies, consensus on key constructs and 
standardized definitions (for example, ‘engagement,’ ‘satisfaction,’ ‘learning gain’) is needed. 
Broader use of frameworks such as TAM or UTAUT could also support meta-analyses.
AI-enabled personalized learning offers opportunities to create adaptive, learner-centered mLearning 
environments. Future research should investigate how these innovations affect diverse learner 
groups, including those with lower baseline performance. Overall, our findings suggest that when 
baseline ability and strategic app use align with just-in-time exam preparation (Context), 
motivational, self-regulatory, and feedback processes are activated (Mechanism), leading to 
improved exam outcomes (Outcome).
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