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Abstract  

Grounded in self-determination theory (SDT), this study examined how learners’ motivation to use 
technology for L2 learning (i.e., technology-specific L2 motivation) was associated with multidimensional 
app usage patterns. Participants were 305 young adolescents in South Korea, who used a commercial 
language learning app for 13 weeks as part of their self-directed learning beyond the classroom. Their 
motivation to use the app was assessed with an SDT-informed mobile-assisted language learning 
orientation scale. System log data were transformed into seven usage indices: total time, intensity, 
frequency, unique days, reactivation, dormancy, and usage span. Latent profile analysis (LPA) identified 
three motivational profiles: (a) dual-driven (n = 75), (b) reward-oriented (n = 79), and (c) tentative (n = 
151). Regression results showed that dual-driven learners, characterized by high levels of autonomous 
motivation and introjected regulation toward app use, demonstrated greater total usage time, longer and 
more frequent sessions, and usage distributed across a greater number of unique days. Notably, this 
group also showed stronger persistence. They returned to the app more frequently and after shorter 
periods of non-use, ultimately maintaining a longer overall usage span. Pedagogically, the findings 
highlight the importance of early onboarding to help learners establish feasible routines and of fostering 
motivational synergy to support persistence in self-directed learning contexts. 
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Introduction 

Beyond the classroom, an internal locus of control is central to self-directed second language (L2) 
learning (Reinders & Benson, 2017). Learners pursue activities for their own sake and determine how to 
participate and persist, rather than having those decisions structured by others. Accordingly, it is 
important to understand the underlying motivational dynamics that shape how learners initiate and sustain 
learning beyond the classroom. Within this landscape, self-determination theory (SDT; Ryan & Deci, 
2017), as a meta-theory of human motivation, offers a valuable lens for examining motivational processes 
in L2 contexts (Al-Hoorie et al., 2025). SDT conceptualizes motivation along a continuum of quality, 
ranging from amotivation and controlled forms (driven by external pressure or rewards) to autonomous 
forms (driven by personal value or inherent interest). 

Empirical research, including recent meta-analyses (e.g., Alamer et al., 2025), consistently indicates that 
learners with more autonomous motivation for L2 learning tend to achieve better learning outcomes than 
those driven by more controlled forms of motivation. This pattern extends to technology-mediated 
settings: autonomous forms of L2 motivation are associated with more positive and persistent engagement 
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with digital tools, and well-designed technology can foster more self-determined motivation, thereby 
increasing intrinsic interest and supporting more robust L2 engagement (Henry & Lamb, 2019). However, 
prior research has predominantly focused on learners’ global motivation to learn the language rather than 
their specific motivation to use the technology itself. 

To bridge this gap, the present study examines how technology-specific L2 motivation relates to actual 
usage behaviors in a mobile-assisted language learning (MALL) context. This study analyzed system logs 
to investigate how distinct technology-specific motivational profiles relate to multidimensional app usage 
patterns (e.g., Hwang et al., 2024), with a particular focus on persistence in a self-directed learning 
context. 

Literature Review 

Self-Determination Theory and Technology-Specific Motivation for L2 Learning 
L2 motivation plays an important role in technology-mediated learning (Stockwell, 2013), and it has been 
explored through a range of theoretical frameworks. Among these, self-determination theory (SDT; Ryan 
& Deci, 2017) has attracted growing attention in L2 technology research (Henry & Lamb, 2019). SDT 
views motivation as varying in quality along a continuum from more autonomous forms (e.g., engaging in 
activities for their own sake) to more controlled forms (e.g., acting under external pressure or to avoid 
externally imposed consequences). It further posits that autonomous motivation is supported when 
learners’ basic psychological needs for autonomy, competence, and relatedness are satisfied. Positioned 
as a broad meta-theory of human motivation, development, and well-being (Reeve, 2022), SDT offers a 
useful lens for explaining motivational processes across a wide range of L2 contexts. It can account not 
only for why learners are motivated to learn an L2 (i.e., domain-general L2 motivation; e.g., Noels et al., 
2019), but also for why they choose to engage with particular technologies for L2 learning and continue 
that engagement over time (e.g., Zeng & Fisher, 2024). 

Empirical evidence suggests that the satisfaction of autonomy, relatedness, and competence—the three 
basic psychological needs in SDT—is positively related to learners’ use of technology for L2 learning, 
with the relationship appearing to be bidirectional and dynamic (Dincer & Işık, 2022). On the one hand, 
engaging with technology can influence learners’ satisfaction of the basic psychological needs in L2 
learning, and, in turn, the quality of their L2 motivation (e.g., Alamer & Al Khateeb, 2023; Rad et al., 
2024; Zeng & Fisher, 2024). On the other hand, learners’ L2 motivation can influence how they adopt and 
sustain technology use (e.g., Dincer & Işık, 2022; Hoang et al., 2022; Yin & Fathi, 2025; Zadorozhnyy & 
Lee, 2025). These findings collectively suggest that, regardless of the direction of influence—whether 
technology use fosters intrinsic motivation for L2 learning or intrinsically motivated L2 learners engage 
more with technology—more autonomous types of L2 motivation (e.g., intrinsic motivation and identified 
regulation) are consistently linked to more effortful and positive engagement in technology-mediated L2 
learning. 

Motivation to learn an L2 and motivation to use technology for that purpose are likely related but not 
identical (e.g., Loewen et al., 2020; Stockwell, 2013). However, previous SDT-technology interface 
research has primarily focused on domain-general L2 motivation (e.g., I like studying English), rather 
than technology-specific motivation for L2 learning (e.g., I like using Technology X for my English 
study). Relatedly, in a MALL context, Zeng and Fisher (2024) distinguished between activity motivation, 
which is specific to technology-mediated activities (i.e., intrinsic motivation for using a language app), 
and global motivation, which reflects motivation for L2 learning more broadly. They further proposed 
“the transfer of motivation” (p. 289). According to this concept, intrinsic motivation to use technology 
can contribute to learners’ broader L2 intrinsic motivation, as autonomy and competence needs were 
suggested to be satisfied during app usage (e.g., via choice and flexibility, feedback and progress cues). 
Together, their work highlights the need to differentiate technology-specific L2 motivation from 
motivation to learn the language, because the former is often necessary for learners to engage with 



Hyun-Bin Hwang  3 
  

  
  
technology in ways that can foster higher-quality L2 motivation—especially in self-directed learning 
contexts, where consistent technology use depends largely on learners’ own initiative rather than external 
structure. 

With this in mind, studies using technology acceptance approaches can provide complementary insights 
into learners’ motivation to use technology for L2 learning (e.g., Hwang, 2025; Hwang et al., 2024). 
Although technology-specific appraisals (e.g., perceived usefulness, perceived ease of use) are not 
directly interchangeable with SDT-based motivational quality, they can still inform our understanding of 
the extent to which learners’ tool-specific judgments can shape their intention and continued use. 
Relatedly, recent empirical studies have begun to integrate SDT components into technology acceptance 
models by exploring how domain-general L2 motivation relates to technology acceptance (e.g., Hsu & 
Lin, 2022; Sun & Gao, 2020). For instance, Hsu and Lin (2022) investigated the role of intrinsic L2 
motivation in a MALL context. They found that intrinsic motivation did not shape learners’ intention to 
use mobile devices directly; rather, it influenced the intention to use mainly by increasing learners’ 
perceptions that the devices were useful for L2 learning and easy to use. Similarly, Sun and Gao (2020) 
reported that intrinsic L2 motivation did not directly predict learners’ intention to adopt MALL. Rather, it 
exerted an indirect influence via the perceived usefulness of MALL and task technology fit. Collectively, 
these findings suggest that domain-general L2 motivation may be insufficient on its own to account for 
engagement with technology. Instead, consistent with Zeng and Fisher (2024), technology-specific L2 
motivation (or appraisals) may serve as a more proximal determinant of technology use for L2 learning. 

Accordingly, building on Zeng and Fisher’s (2024) methodological framing of activity-level versus 
global-level motivation in a MALL context, this study examined SDT-based motivation specifically tied 
to using a language learning app for L2 learning. The goal was to explain how different types of 
motivation, such as intrinsic versus extrinsic reasons for using a mobile app, relate to actual usage 
behaviors in app-based L2 learning. 

Multidimensional Aspects of App Usage Patterns 
Research on app-based language learning has shown that the extent of in-app activities is a positive 
predictor of L2 proficiency gains (e.g., Bang et al., 2024; Kessler et al., 2025; Loewen et al., 2020; Smith 
et al., 2024; Sudina & Plonsky, 2024). However, previous MALL studies have primarily treated app 
usage as a unidimensional construct by using one or two cumulative indicators (e.g., total time spent on 
apps, the number of lessons completed), rather than analyzing how learners use apps within and across 
sessions over time. 

Given that L2 learning involves “cyclical phases of engagement, disengagement, dormancy, and 
reengagement, with each aspect, like intensity, frequency, and duration, building up cumulatively over 
time” (Hwang et al., 2024, p. 991), L2 engagement—not limited to technology contexts—should be 
conceptualized as multidimensional. In this regard, real-time system logs from digital learning platforms 
offer a useful tool for online data collection, enabling researchers to examine how L2 learners use 
technology (e.g., MALL) and how these engagement patterns relate to learning outcomes (Jia & Hui, 
2025). For example, Hui et al. (2023) extracted 19 learning-process variables from system logs in an 
interactive digital platform and found that accuracy-focus (i.e., how accurately learners completed tasks) 
and finish time (i.e., the average difference in days relative to the first submission in the class) indices 
significantly predicted grammar gains from pretest to posttest, such that more accurate work in the system 
and earlier completion were associated with larger gains. Moreover, their follow-up analyses showed that 
the advantage of specific (scaffolding) feedback over general feedback was observed mainly among late 
finishers. In MALL contexts, Sudina and Plonsky (2024) focused on eight system-log indices in terms of 
frequency (i.e., logins and sessions), duration (i.e., minutes), and intensity (i.e., lessons, level reviews, 
skill practice, stories, and tests). They found that curriculum-oriented intensity measures, which reflect 
purposeful in-app engagement to complete activities, were more consistent predictors of L2 proficiency 
gains than total time spent in the app alone. Similarly, Smith et al. (2024) reported that the total number 
of sessions completed and the session accuracy rate were positive predictors of L2 gains in app-based 
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learning. Furthermore, Bang et al. (2024) found that the number of activities learners completed per week 
(i.e., learners’ progress on the app) was the strongest positive predictor of learning gains, while the total 
time on the app per week and the number of unique play days per week were not. These findings suggest 
that multidimensional indicators of app engagement, derived from system logs, can serve as a more fine-
grained proxy for L2 learning processes in technology-mediated contexts.  

In addition to L2 learning gains, some studies have examined how app usage patterns relate to learners’ 
conative and affective characteristics (e.g., Loewen et al., 2020; Sudina & Plonsky, 2024). For example, 
Loewen et al. (2020) reported that learners with higher L2 motivation tended to use the target app more, 
and Sudina and Plonsky (2024) found that multiple in-app usage indices were positively correlated with 
L2 motivation and L2 grit. Although these findings suggest a meaningful link between domain-general L2 
learner dispositions and app usage patterns, they leave open an important question regarding what drives 
app use—namely, not only motivation to learn an L2 but also motivation to use the technology as a 
learning medium. In fact, from a technology-acceptance perspective, Hwang et al. (2024) showed that 
higher MALL acceptance—conceptualized as motivation to use the technology for L2 learning—was 
associated with more intense (i.e., mean time per session), more frequent (i.e., mean number of active 
uses per week), and more durable usage (i.e., consecutive weeks of active use). They further found that 
higher acceptance was linked to more frequent pauses but shorter dormancy periods and, ultimately, 
fewer dropouts (i.e., persistence). Consequently, it is important to understand how different app usage 
patterns relate to varying learning outcomes, and it is equally crucial to explain why learners develop 
different usage patterns in the first place. In this vein, technology-acceptance research opens the 
possibility that technology-specific L2 motivation may help explain why learners follow different 
engagement trajectories. 

Regarding persistence, SDT posits that autonomous motivation (e.g., intrinsic, identified regulation) 
sustains engagement because learners act with volition and personal endorsement. Theoretically, this link 
exists because behaviors pursued for their own sake or for personal value generate inner satisfaction and 
volitional energy, which helps learners create self-sustaining effort investment, even in the absence of 
external pressure, and cope more adaptively with difficulties or interruptions (Reeve, 2022; Ryan & Deci, 
2020). Supporting this view, extensive empirical research in general education consistently identifies 
autonomous motivation as a robust predictor of persistence and as a factor associated with lower dropout 
risk (e.g., Howard et al., 2021; Jeno et al., 2018; Ratelle et al., 2007; Vallerand et al., 1997). Extending 
this reasoning to technology-mediated L2 learning, users with more autonomous types of technology-
specific L2 motivation would demonstrate greater cumulative engagement and more persistent usage 
patterns. Specifically, they may return to the app more often or more quickly after lapses.  Learners who 
are autonomously motivated to use an app may find it easier to resume use after periods of non-use 
because their engagement is driven by inherent interest, self-satisfaction, and personally endorsed value, 
rather than external triggers alone. 

Taken together, relatively few MALL studies have explicitly investigated how technology-specific L2 
motivation is associated with system-log-based usage patterns. This is an important gap because tool-
related choices and constraints (e.g., interface design, feedback, task structure, convenience, and 
perceived fit) can influence app engagement. Accordingly, technology-specific L2 motivation is both 
theoretically and practically informative because learners’ motivation to use a particular technology is 
likely to function as an immediate factor shaping diverse usage patterns over time. 

Present Study 

Grounded in SDT and building on Zeng and Fisher’s (2024) work on activity-level versus global-level 
intrinsic motivation, this study conceptualized technology-specific motivation for L2 learning across the 
full SDT continuum in a MALL context. Specifically, it examined learners’ willingness to use a language 
learning app, ranging from autonomous motivation (e.g., using the app because it is enjoyable), through 
controlled motivation (e.g., using the app to obtain rewards) to amotivation. I then identified distinct 
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learner profiles and examined whether and how motivational quality was associated with learners’ app 
usage patterns in a self-directed context, including (a) total time on the app, (b) intensity, (c) frequency, 
(d) unique days of use, (e) reactivation, (f) dormancy, and (g) usage span. Accordingly, the research 
questions (RQs) were as follows: 

RQ1. What profiles of technology-specific L2 motivation emerge among young learners in self-
directed app-based language learning? 

RQ2. Do app usage patterns differ across these motivational profiles? 

Method 

Participants 
This study is based on a subset of data from a larger app-based L2 learning project. Participants were 305 
seventh-grade students (aged 12–13) from a public middle school in South Korea. These young 
adolescents received at least five years of school-based English instruction under the national curriculum 
and also engaged in private or informal English learning to varying degrees. In this context, the 
participants were invited to use a commercially available language learning app as a form of self-directed 
learning beyond the classroom. Because app use was independent of the regular school curriculum, the 
system logs provided an opportunity to explore how motivation for this type of learning relates to 
learners’ app usage patterns. 

Focal Technology: Mango Languages 
The focal app of this study was Mango Languages, a learning platform offering conversation-based L2 
courses in over 70 languages. For this research, learners studied the Korean-mediated English course, 
which included reading, listening, speaking, vocabulary, pronunciation, grammar, and cultural activities. 
None of the learners had prior experience with the focal app. 

Mobile-Assisted Language Learning (MALL) Orientation Scale 
Based on SDT, Leeming and Harris’s (2022) Language Learning Orientation Scale was adapted to assess 
learners’ motivation for using the target app (i.e., technology-specific L2 motivation) beyond the 
classroom. The constructs capture the extent to which motivation for app-based language learning is self-
determined (e.g., self-satisfaction, enjoyment), shaped by external influences (e.g., social pressure, 
incentives), or absent (amotivation). At one end of this continuum, intrinsic motivation involves engaging 
in app activities for their own sake, while at the other end, amotivation refers to a lack of interest and 
value when an app activity is perceived as personally irrelevant. Between these endpoints, extrinsic 
motivation concerns reasons other than inherent interest and enjoyment and comprises four subtypes: 
integrated regulation, identified regulation, introjected regulation, and external regulation. Each is 
characterized by the degree to which the motive for app use is seen as coming from within an individual’s 
sense of value for an app activity or from externally imposed sources (e.g., rewards). Integrated and 
identified regulations are autonomous extrinsic motivations, whereas introjected and external regulations 
are controlled forms of extrinsic motivation (Noels et al., 2019). 

The MALL orientation scale, administered in participants’ L1 Korean, consisted of six three-item 
subscales (18 items in total). Cronbach’s alpha coefficients indicated high reliability across constructs, 
with the lowest value observed for external regulation (α = .821). A separate validation analysis of the 
scale supported the six technology-specific motivational dimensions, with confirmatory factor analysis 
(CFA) showing good fit for the six-factor model and evidence of satisfactory reliability, convergent 
validity, and discriminant validity. Table 1 presents an example item for each motivational construct (see 
Appendix S1 in the Supplementary Material online for the full questionnaire and validation outcomes1). 
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Table 1 

Example Items from the Mobile-Assisted Language Learning (MALL) Orientation Scale 

Motivation Type Example Item 
Intrinsic motivation 
(α = .920) 

Using Mango is fun. 

Integrated regulation 
(α = .872) 

Using Mango is a natural part of my life. 

Identified regulation 
(α = .908) 

Using Mango helps me achieve the goals I aspire to. 

Introjected regulation 
(α = .892) 

The people around me (family, friends, teachers) expect me to use 
Mango diligently. 

External regulation 
(α = .821) 

I expect to receive rewards (e.g., compliments) for using Mango. 

Amotivation 
(α = .936) 

Using Mango has no value for my English learning. 

App Usage Indices 
The in-app system logs included information on session durations (in seconds) and dates, producing a 
total of 14,713 session records from 293 of the 305 participants; the remaining 12 participants had no 
recorded sessions. These raw logs were transformed into seven key usage indices that capture 
multidimensional aspects of app engagement (see Table 2). To define active app usage, I applied a 
threshold using the median (50th percentile) of app usage time per session across the full dataset. 
Accordingly, sessions lasting at least the median duration (0.917 minutes; approximately 55.02 seconds) 
were classified as active, whereas sessions below this threshold were treated as inactive (see Hwang et al., 
2024, for a similar approach). It is important to clarify that active app usage in this study refers to a log-
based behavioral threshold reflecting usage quantity, not the quality of learners’ app engagement. 
Therefore, the active-versus-inactive distinction indicates whether a single app usage session met or 
exceeded the predefined threshold. 

For example, consider a hypothetical case in which a student had one active session on Day 1 (i.e., a 
session lasting at least 55.02 seconds), did not use the app on Days 2–5, and then had two five-minute 
sessions on Day 6. The same student had one session on each of Days 7–9, each lasting less than 55.02 
seconds (and therefore classified as inactive), before resuming active use on Days 10–13 with one active 
session per day. In this scenario, frequency was 7 (one active session on Day 1, two on Day 6, and four on 
Days 10–13), and the number of unique active-use days was 6 (Days 1, 6, and 10–13). Reactivation 
occurred twice—on Day 6 and Day 10—each marking a return to active use after at least one consecutive 
day without active use. Dormancy was calculated as the average number of consecutive days without 
active use across the two pause periods. Because these periods lasted four days (Days 2–5) and three days 
(Days 7–9), respectively, average dormancy was 3.5 days. 

Participants with no recorded sessions were treated as nonusers. Their total usage time, frequency, unique 
days, and reactivation were coded as 0, whereas intensity, dormancy, and usage span were treated as 
missing because these indices were undefined in the absence of recorded sessions, active use days, or 
completed pause-and-return periods. 
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Table 2 

Types of App Usage Indices 

Usage Index Description 
Total Usage Time (minutes) The sum of time spent on the app across all sessions 
Intensity (minutes) The average time spent on the app per session 
Frequency (sessions) The number of active app usage sessions 
Unique Days (days) The number of distinct days on which the app was actively used 
Reactivation (events) The number of events in which a user resumed active app usage after 

any pause in active use 
Dormancy (days) The average number of consecutive days without active app usage 

across all pause periods (i.e., across gaps between active-use days) 
Usage Span (days) The number of days from the first to the last active app usage day 
Note. Sessions lasting at least 55.02 seconds were classified as active. Sessions shorter than this threshold were 
classified as inactive; participants with no recorded sessions were treated as nonusers. Five indices (i.e., Frequency, 
Unique Days, Reactivation, Dormancy, and Usage Span) were calculated after applying this cutoff. 

Procedure 
Both participants and their parents provided informed consent to participate in the study. The study began 
with an introductory training session during which the functions of Mango Languages were 
demonstrated. Participants then undertook 13 weeks of self-directed app-based learning outside of their 
regular classes. The app was introduced as a useful self-study resource that could supplement students’ 
overall English learning, although its use was not closely aligned with the formal curriculum and school 
assessment. English teachers offered consistent in-class support to encourage app use and regularly 
reminded students to use the app (e.g., He & Loewen, 2022; Hwang & Loewen, 2025; Reeve & Cheon, 
2021). While students were aware that their app usage was being tracked, participation was entirely 
voluntary; no penalties were imposed for non-use, and no rewards were offered for participation. 
Importantly, the survey was administered after the first month of access (i.e., after the initial adjustment 
period) to reduce the influence of initial novelty and exploratory use, capturing a more experience-
informed motivational orientation toward the app. 

Data Analysis 
To identify distinct technology-specific L2 motivation profiles among young learners, a latent profile 
analysis (LPA) was conducted using the tidyLPA R package (Version 1.1.0; Rosenberg et al., 2018). The 
analysis included mean scores of six SDT-based motivational variables. Following recommendations for 
LPA (e.g., Masyn, 2013; Nylund et al., 2007), the optimal number of profiles was evaluated by 
considering the Akaike Information Criterion (AIC), the Bayesian Information Criterion (BIC), the 
Sample-Size Adjusted BIC (SABIC), and the entropy value. Generally, lower values for AIC, BIC, and 
SABIC indicate better model fit. Entropy values, ranging from 0 to 1, were used to assess classification 
accuracy, with values closer to 1 indicating clearer separation between profiles. Additionally, the size of 
each profile were considered to ensure that each group was sufficiently represented in the sample. 

To examine whether the identified motivational profiles differed in app usage patterns, I conducted a 
series of linear regression analyses in which profile membership served as the predictor, and each usage 
index in Table 2 served as the dependent variable. Because seven separate outcome models were tested, 
there was a greater chance of finding significant results simply by chance. To minimize this risk, the 
Holm adjustment, a conservative method for controlling the family-wise error rate across multiple 
comparisons, was applied. To present profile-specific engagement patterns in an interpretable way, 
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predicted means and corresponding 95% confidence intervals (CIs) were also calculated for each profile 
based on the regression models. 

Results 

RQ1. Three Motivation Profiles: Dual-Driven, Reward-Oriented, and Tentative Learners 
Table 3 presents the fit indices for the models with one to six profiles. As the number of profiles 
increased, the AIC, BIC, and SABIC values generally decreased, suggesting improved model fit. 
However, the decision about the optimal number of profiles was based on a combination of statistical 
criteria and parsimony. While the 4-profile model yielded slightly lower information criteria values 
compared to the 3-profile model, the 4-profile solution produced a group with a very small proportion of 
the sample (approximately 1.6%), limiting its generalizability and practical utility. In contrast, the 3-
profile model demonstrated a substantial improvement in fit over the 2-profile model and exhibited a high 
entropy value of .889, indicating good classification accuracy (values > .80 are generally considered 
good). Furthermore, the 3-profile solution provided interpretable profiles with sufficient sample sizes in 
each group. Therefore, the 3-profile solution was selected as the final model. 

Table 3 

Comparison of Fit Indices for LPA Models 

Model Log 
Likelihood AIC BIC SABIC Entropy Smallest Profile 

Proportion 
1 profile −3154 6331 6376 6338 − − 
2 profiles −2792 5623 5693 5633 .873 .397 
3 profiles −2643 5339 5435 5353 .889 .246 
4 profiles −2607 5281 5404 5299 .909 .016 
5 profiles −2562 5203 5352 5225 .855 .089 
6 profiles −2516 5126 5301 5152 .845 .013 

Figure 1 summarizes the means of the motivational variables for the resulting three profiles. The 
descriptions and labels for each profile are as follows (see Appendix S2 in the Supplementary Material 
online for the descriptive statistics1). 

Dual-driven learners (n = 75). This group was characterized by high levels of autonomous forms of 
technology-specific L2 motivation, specifically identified regulation (M = 5.17) and intrinsic motivation 
(M = 4.94). Interestingly, they also reported relatively high introjected regulation (M = 4.50), suggesting a 
co-occurrence of internal pressure and genuine interest. Conversely, they exhibited the lowest levels of 
external regulation and amotivation. 

Reward-oriented learners (n = 79). This profile displayed a pattern dominated by non-self-determined 
factors. Members of this group reported the highest levels of external regulation (M = 4.46) and 
amotivation (M = 4.49), paired with the lowest levels of intrinsic motivation (M = 1.84) and identified 
regulation (M = 2.02). This suggests their app usage was driven primarily by external contingencies or 
was hampered by a lack of intentionality. 

Tentative learners (n = 151). Comprising the largest proportion of the sample, this group exhibited a 
relatively undifferentiated profile with no dominant regulation type. Their scores across all motivational 
variables clustered around the midpoint of the scale (ranging from M = 2.74 to M = 4.06). Unlike the 
other profiles, these users were not strongly characterized by either high autonomous or controlled 
motivation, suggesting a moderate and somewhat ambivalent stance toward app-based language learning. 
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Figure 1 

Technology-Specific L2 Motivation Subscales Across the Three Latent Profiles: Means and 95% CIs 
(Descriptive) 

 
RQ2. Dual-Driven Learners Showed More Frequent, Distributed, and Persistent App Use 
Figure 2 provides a descriptive summary of the profile-based means of app usage indices, with each index 
standardized for relative comparisons across measures (see Appendix S3 in the Supplementary Material 
online for the descriptive statistics1). The analysis revealed distinct behavioral patterns associated with 
each motivational profile. The dual-driven group consistently demonstrated the highest activity levels 
across cumulative and frequency-based metrics relative to the reward-oriented group, while the tentative 
group generally occupied a middle position. 

Figure 2 

App Usage Indices Across the Three Latent Profiles: Means and 95% CIs (Descriptive) 
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A notable pattern emerged in the relationship between reactivation and dormancy. The dual-driven group 
recorded the highest number of reactivation events—instances of stopping and later resuming usage on a 
different day—suggesting a strong tendency to return to the app. At the same time, they showed the 
lowest dormancy, indicating that these breaks were, on average, the shortest. In contrast, the reward-
oriented group exhibited the opposite pattern, suggesting that when these users paused usage, they tended 
to remain away from the app for longer periods before returning, if they returned at all. 

Separate linear regression models were fitted for each app usage index across the motivational profiles, 
using the reward-oriented group as the reference category. Figure 3 summarizes the results, presenting 
predicted means and 95% CIs for each index. Non-overlapping 95% CIs provide a visual indication of 
group differences in the corresponding usage indices. Details of each model are reported in the sections that 
follow (see Appendix S4 in the Supplementary Material online for the model summaries1). 

Figure 3 

Predicted Means and 95% CIs for App Usage Indices by Latent Profile 

 

Total Usage Time 
The model for total usage time was statistically significant (F(2, 302) = 20.54, pHolm < .001), accounting 
for about 11.4% of the variance in usage time. The model revealed a significant positive effect for the 
dual-driven group (b = 122.60, SE = 20.62, t = 5.95, p < .001) compared to the reward-oriented group. 
However, the difference between the tentative group and the reward-oriented group was not statistically 
significant (b = 24.70, SE = 17.76, t = 1.39, p = .165). The model predicted that the mean total app usage 
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for the dual-driven group was 177.80 minutes (95% CI [148.75, 206.86]), which was substantially higher 
than that of the tentative group (79.90 minutes, 95% CI [59.43, 100.38]) and the reward-oriented group 
(55.20 minutes, 95% CI [26.89, 83.51]). The non-overlapping confidence intervals suggest that the dual-
driven group, which exhibits both autonomous and controlled types of motivation, demonstrates a distinct 
advantage in total time spent using the app (see Figure 3A). 

Intensity 
The model for intensity was statistically significant (F(2, 290) = 13.33, pHolm < .001), accounting for about 
7.8% of the variance. The model revealed significant positive effects for both the dual-driven group (b = 
0.86, SE = 0.17, t = 5.16, p < .001) and the tentative group (b = 0.41, SE = 0.14, t = 2.83, p = .005) 
compared to the reward-oriented group. The model predicted that the mean intensity for the dual-driven 
group was 2.32 minutes (95% CI [2.08, 2.55]), followed by the tentative group at 1.87 minutes (95% CI 
[1.70, 2.03]), and the reward-oriented group at 1.46 minutes (95% CI [1.23, 1.69]). The confidence 
intervals indicate that the dual-driven group spent the most time on the app per session on average (see 
Figure 3B). 

Frequency 
The model for frequency was statistically significant (F(2, 302) = 23.96, pHolm < .001), accounting for 
13.1% of the variance in the number of active app usage sessions. A significant positive effect was found 
for the dual-driven group (b = 20.72, SE = 3.19, t = 6.49, p < .001) relative to the reward-oriented group. 
However, the difference between the tentative group and the reward-oriented group was not statistically 
significant (b = 4.60, SE = 2.75, t = 1.67, p = .095). The predicted mean frequency was highest for the 
dual-driven group (37.76 sessions, 95% CI [33.26, 42.26]), whereas the tentative group (21.64 sessions, 
95% CI [18.47, 24.82]) and the reward-oriented group (17.04 sessions, 95% CI [12.65, 21.42]) showed 
considerably lower and overlapping frequencies of active app use (see Figure 3C). 

Unique Days 
The model for unique days was statistically significant (F(2, 302) = 33.48, pHolm < .001), accounting for 
17.6% of the variance. The dual-driven group demonstrated a significant positive effect (b = 4.01, SE = 
0.54, t = 7.49, p < .001) compared to the reward-oriented group, while the tentative group did not differ 
significantly from the reward-oriented group (b = 0.70, SE = 0.46, t = 1.52, p = .130). The model 
predicted that the dual-driven group used the app on 8.25 distinct days (95% CI [7.50, 9.01]), which was 
higher than the tentative group (4.94 distinct days, 95% CI [4.41, 5.47]) and the reward-oriented group 
(4.24 distinct days, 95% CI [3.50, 4.98]). The confidence intervals indicate more distributed app use over 
time in the dual-driven group (see Figure 3D). 

Reactivation 
The model for reactivation was statistically significant (F(2, 302) = 28.28, pHolm < .001), accounting for 
about 15.2% of the variance. A significant positive effect was observed for the dual-driven group (b = 
2.66, SE = 0.38, t = 6.95, p < .001) relative to the reward-oriented group. In contrast, the tentative group 
showed no significant difference (b = 0.51, SE = 0.33, t = 1.56, p = .120). The predicted mean number of 
reactivation events was 5.73 events for the dual-driven group (95% CI [5.19, 6.27]), compared to 3.59 
events for the tentative group (95% CI [3.21, 3.97]) and 3.08 events for the reward-oriented group (95% 
CI [2.55, 3.60]). These results suggest that the dual-driven group was significantly more likely to return to 
the app after a lapse in use, rather than to drop out entirely (see Figure 3E). 

Dormancy 
The model for dormancy was statistically significant (F(2, 278) = 10.99, pHolm < .001), accounting for 
about 6.7% of the variance. A significant negative effect was found for the dual-driven group (b = –7.29, 
SE = 1.69, t = –4.31, p < .001) compared to the reward-oriented group, indicating shorter periods of 
inactivity. The tentative group did not differ significantly from the reward-oriented group (b = –1.49, SE 
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= 1.47, t = –1.02, p = .311). The model predicted that the average dormancy for the dual-driven group was 
12.91 days (95% CI [10.57, 15.25]), which was significantly shorter than that of the reward-oriented 
group (20.20 days, 95% CI [17.83, 22.57]) and the tentative group (18.71 days, 95% CI [17.05, 20.36]) 
(see Figure 3F). 

Usage Span 
The model for usage span was statistically significant (F(2, 289) = 4.68, pHolm = .010), accounting for 
about 2.5% of the variance. The dual-driven group showed a significant positive effect (b = 8.03, SE = 
2.68, t = 3.00, p = .003) relative to the reward-oriented group. The tentative group did not show a 
significant difference (b = 2.89, SE = 2.33, t = 1.24, p = .216). The model predicted an average total usage 
span of 66.57 days for the dual-driven group (95% CI [62.85, 70.28]), which was significantly longer than 
the reward-oriented group (58.53 days, 95% CI [54.79, 62.28]) and the tentative group (61.43 days, 95% 
CI [58.77, 64.08]) (see Figure 3G). 

Discussion 

In summary, three distinct profiles were identified based on learners’ motivation to use an app for L2 
learning: the dual-driven, reward-oriented, and tentative groups. Compared with the other two groups, the 
dual-driven learners showed substantially higher total usage time, longer and more frequent sessions, and 
distributed usage across more unique days. They also demonstrated greater resilience against dropout, 
returning to the app more often after stopping and showing shorter dormancy periods, ultimately leading 
to a longer overall usage span. Although the tentative group comprised the largest proportion of the 
sample, it showed moderate motivational levels and therefore occupied an intermediate position. 
Accordingly, the discussion focused on comparing the dual-driven and reward-oriented groups to provide 
a clearer contrast between their underlying SDT motivational profiles. 

Motivational Synergy and Higher App Engagement Among Dual-Driven Learners 
The first major distinction lies in the intensity and quantity of app usage. The dual-driven group, 
characterized by high levels of intrinsic motivation and identified regulation alongside introjected 
regulation, exhibited the most robust engagement metrics. From an SDT perspective, this profile suggests 
a double benefit, where multiple motivational and regulatory styles work in tandem (Ryan & Deci, 2020). 
In this case, autonomous technology-specific L2 motivation (intrinsic enjoyment and identified value) 
likely made using the app feel self-endorsed and meaningful, lowering the psychological cost of engaging 
and sustaining effort. At the same time, relatively elevated introjected regulation may have provided an 
additional layer of internal accountability, which can help maintain app engagement when enjoyment or 
perceived value is temporarily insufficient (e.g., Hoang et al., 2022). This motivational configuration may 
help explain the dual-driven learners’ greater total use, longer sessions, and engagement across more 
unique days (e.g., Sudina & Plonsky, 2024). 

In contrast, the reward-oriented group, dominated by external regulation and amotivation with low 
intrinsic motivation and identified regulation, displayed the weakest engagement metrics. SDT posits that 
behaviors driven by controlled motivation are inherently fragile because they are contingent upon the 
salience of external cues or pressures (e.g., rewards, praise, punishment). In this study, app usage was 
encouraged by teachers but remained entirely voluntary and penalty-free, indicating that institutional 
accountability was less structurally reinforced in this self-directed learning context (Hwang et al., 2024; 
Reinders & Benson, 2017). As a result, the external contingencies that reward-oriented learners relied on 
were unlikely to be strong enough to offset the time and effort costs of daily app use. Without the spark of 
enjoyment (intrinsic motivation) or the anchor of personal value (identified regulation), motivation to use 
the app may have diminished more quickly once the initial novelty faded. This may have been especially 
likely when app use competed with other daily commitments. Consequently, the lack of internalized 
motivation to use the app was associated with lower total usage time and frequency compared to the dual-
driven group. 
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Motivational Quality and Resilient Reengagement Among Dual-Driven Learners 
The second major distinction between the two groups concerns resilience against dropout, particularly 
regarding the relationship between reactivation and dormancy. The dual-driven learners did not merely 
log in more frequently but showed a qualitatively different persistence pattern: higher reactivation and 
shorter dormancy, resulting in a broader distribution across unique days and a longer usage span (e.g., 
Sudina & Plonsky, 2024). In voluntary, out-of-class learning, persistence often hinges on the ability to 
return after a break, because dropout can emerge when short pauses gradually lengthen (Hwang et al., 
2024). From an SDT perspective, their persistence may reflect a powerful motivational synergy. Intrinsic 
motivation may have made returning feel worthwhile (e.g., I want to do this because it is fun), facilitating 
reengagement after an interruption in use. In addition, dual-driven learners’ relatively high introjected 
regulation may have functioned as a safety net (e.g., Howard et al., 2021). Because learning is not always 
enjoyable, relying solely on intrinsic motivation may be insufficient; thus, recognizing the value of 
learning (i.e., identified regulation) may help sustain long-term persistence. Consequently, when intrinsic 
interest momentarily declined, a sense of internal pressure or obligation (i.e., introjected regulation) could 
provide the extra push needed to resume learning and follow through, preventing temporary pauses from 
developing into extended disengagement. Relatedly, Hwang et al. (2024) showed that higher MALL 
acceptance was linked to greater dropout resilience. Thus, because MALL acceptance overlaps 
conceptually and functionally with motivation to use technology for L2 learning, the present study 
extends Hwang et al.’s (2024) findings by suggesting that higher-quality technology-specific L2 
motivation—grounded in enjoyable app experiences and personally endorsed reasons rather than rewards 
alone—may support more effective reengagement after pauses. 

Conversely, the reward-oriented learners showed the longest periods of dormancy and the shortest overall 
usage spans, suggesting that the absence of autonomous forms of motivation may be associated with 
greater difficulty returning to the app after an interruption. From a psychological standpoint, the longer a 
learning activity is interrupted, the more difficult it may become to resume because the underlying goal 
becomes less mentally activated over time (Altmann & Trafton, 2002). For a learner who perceives the 
app as merely a means to external rewards and outcomes (e.g., praise) rather than a personally meaningful 
tool, the perceived benefits of returning may not outweigh the effort of rebuilding the habit, especially 
when non-use carries no penalties. As a result, a short pause may more easily solidify into extended 
dormancy and eventual dropout. To sum up, consistent with evidence from general education showing 
that more self-determined (autonomous) motivation supports persistence and protects against dropout 
(e.g., Howard et al., 2021; Jeno et al., 2018; Ratelle et al., 2007; Vallerand et al., 1997), the present 
findings suggest that a motivational configuration that includes intrinsic interest and personally endorsed 
value may be linked to stronger persistence than controlled motivation alone. 

Pedagogical Implications 
The pedagogical implications focus on two complementary approaches: (a) early-stage support to reduce 
tool-specific barriers while helping learners establish a feasible routine during onboarding, and (b) 
consistent support to facilitate motivational synergy through enjoyment, internalized value, and 
autonomy-supportive accountability in self-directed learning contexts. 

First, teachers should recognize that learners’ general willingness to learn English does not necessarily 
translate into motivation to engage with a specific app. In the MALL context, the tentative and reward-
oriented profiles showed lower levels of intrinsic motivation (i.e., enjoyment), integrated regulation (i.e., 
alignment with one’s broader sense of self), and identified regulation (i.e., personal value and relevance), 
alongside higher amotivation. From an SDT perspective, such motivational profiles might be associated 
with weaker persistence in this voluntary context. Accordingly, when disengagement signals appear (e.g., 
repeated pauses or extended dormancy), teachers should not simply urge students to try harder at English 
learning in general; instead, they should identify and reduce tool-specific barriers, such as unclear 
relevance, usability challenges, or a mismatch with learners’ routines, thereby strengthening learners’ 
sense of competence and the perceived feasibility of app use. For example, as suggested in Hwang (2025) 
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and Hwang and Loewen (2025), teachers can move beyond generic time-on-task goals (e.g., use the app 
one hour a week). Instead, they can implement a brief onboarding routine in which students (a) choose a 
manageable entry point (e.g., one short module), (b) set a concrete, low-effort plan (e.g., five minutes 
after dinner on three days), and (c) troubleshoot obstacles (e.g., login issues, unclear instructions, or 
difficulty level) with support from teachers or peers. Such low-stakes scaffolding can help learners move 
from initial hesitation to a workable routine and may reduce early dormancy. 

Second, although causal interpretations should be made cautiously, the observed associations between 
motivation type and usage patterns may suggest strategic directions. As observed in the dual-driven 
group, teachers may consider fostering the co-occurrence of intrinsic motivation and more internalized 
forms of regulation. This pattern suggests that assuming apps are inherently engaging may be insufficient 
for persistence. Instead, teachers can actively support identified regulation by explicitly linking app 
activities to learners’ short- and long-term goals. For instance, students can be guided to select one 
module that directly supports an upcoming classroom task (e.g., “This vocabulary review will help me 
produce key expressions for next week’s speaking task.”) and to articulate a brief personal rationale for 
choosing it. In addition, teachers can strengthen learners’ accountability for regular app use without 
exerting controlling pressure (e.g., Reeve & Cheon, 2021). For instance, weekly check-ins can help 
students monitor their app use and reflect on what they learned (e.g., a simple reflection slip stating “I 
used the app on X days and learned Y”; see He & Loewen, 2022, for goal-setting and checking activities). 
Having students briefly share one useful phrase with peers or participate in a rotating strategy spotlight 
can also create a sense of commitment and social visibility while preserving their choice over which 
modules to use and what to share. Such light-touch routines may promote learners’ ownership and 
initiative, thereby preventing short lapses from turning into extended dormancy and supporting 
reengagement after interruptions. 

Limitations and Future Directions 

First, while this study conceptually distinguished technology-specific L2 motivation from domain-general 
L2 motivation, it did not empirically examine their simultaneous effects. Although the focus on tool-
specific motivation provided more granular insights, future research should verify the statistical 
distinctiveness of these two constructs. Furthermore, researchers should investigate the dynamic interplay 
between them to determine whether “transfer of motivation” occurs—specifically, whether autonomous 
motivation for using a specific technology eventually fuels broader L2 intrinsic motivation, as proposed 
by Zeng and Fisher (2024). 

Second, the administration of the motivation survey about one month into the 13-week usage period 
limits definitive causal conclusions. Given that the relationship between technology-specific L2 
motivation and app use is likely reciprocal, the observed associations may partly reflect conceptual 
proximity between motivational orientations and behavioral engagement. Therefore, it is important to 
consider other factors that might affect app usage—including, but not limited to, learner characteristics, 
app-specific features, and broader institutional or sociocultural contexts. Future studies should adopt 
longitudinal designs with multiple-wave data collection before, during, and after app use to examine how 
motivation for L2 technology evolves over time across different learning contexts and to support more 
robust causal inferences. 

Finally, while this study provided a multidimensional analysis of app usage behavior, it did not measure 
actual L2 proficiency gains. Although frequent and intense usage is generally assumed to support 
learning, this study cannot confirm the extent to which the identified usage patterns translated into 
linguistic development (e.g., Sudina & Plonsky, 2024). Future research should integrate objective L2 
learning outcome measures (e.g., pre- and posttests) to build a comprehensive model connecting 
motivation, multidimensional app usage patterns, and L2 proficiency (e.g., Jia & Hui, 2025). 
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Conclusion 

Grounded in self-determination theory, this study examined how technology-specific L2 motivation 
relates to multidimensional app usage patterns derived from system logs. LPA identified three 
motivational profiles—dual-driven, reward-oriented, and tentative—and these profiles showed clearly 
differentiated engagement patterns. Dual-driven learners demonstrated the most robust and persistent app 
use behaviors. They also showed stronger resilience after interruptions. In contrast, reward-oriented 
learners exhibited weaker engagement and longer dormancy, suggesting a more fragile pattern of self-
directed learning beyond the classroom. Overall, these findings highlight the value of exploring how 
different qualities of technology-specific L2 motivation are associated with diverse app usage patterns. 
Pedagogically, the findings point to two complementary strategies: early-stage support that reduces tool-
specific barriers and helps learners establish a feasible routine, and ongoing support that encourages 
reactivation after lapses and reduces the likelihood of dropout. 
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