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Abstract: Interactive applications play a significant role in digital educational resources. Their integration has a notable 
impact, especially in non-formal and informal education. The success of applications depends not only on appropriate 
content but also on factors that increase users' motivation to use them. These aspects include gamification, activation, 
personalisation of content and environment, immediate feedback, multimediality or flexibility of application accessibility. 
The paper focuses on the optimal design of lesson content within an interactive learning application for ISCED 2 students in 
Mathematics. The paper aims to find relevant aspects and parameters of the application in this context and to identify their 
appropriate settings for more efficient learning. The study uses quantitative analysis of user behaviour within the application 
environment, drawing on pedagogical principles such as microlearning, content adaptivity, immediate feedback, and 
gamification. Lessons are divided into explanation blocks and related practice tasks. As part of the methodology, we evaluate 
the relationship between the design parameters of these blocks in individual lessons and users' progress through lessons. To 
assess the optimal setting, we examine the dependence between the overarching mathematical topic, the total amount of 
content, the number and type of lesson blocks, and tasks. This analysis is based on the theoretical assumption that interactive 
solving of educational tasks represents the so-called active screen time, which requires the user's direct cognitive 
involvement. Empirical data for analysis are based on system records of each student's course progress. The key indicators 
of interaction are analysed, particularly the time spent in individual lessons and blocks of lessons, with their structure taken 
into account. The synthesis of this objective data allows us to formulate recommendations to optimise educational content 
that maximise both students' cognitive engagement and the overall effectiveness of the learning process. Also, it helps set 
an appropriate methodology for further, deeper data analysis. 
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1. Introduction 
Tutoring, by which we mean private supplementary teaching conducted in parallel with schooling, is quite 
common in the Czech Republic. Although exact numbers are unknown, mathematics tutoring is among the most 
requested services (Šťastný, 2016). This learning support is usually sought to improve grades or to prepare for 
the high-stakes examinations (e.g. Průcha, 2015).  

A free web and mobile app (Edu-AI) for primary and lower-secondary school mathematics tutoring was 
developed as part of an AI-based Adaptive Learning Platform project. It is a loose continuation of the AI Assistant 
for Pupils and Teachers project (see Jančařík et al., 2023). The current goal is to implement generative AI systems 
beyond chatbot use (e.g., to provide adequate feedback, hints, or personalised tasks). As we strive to make the 
app motivating for students and effective for learning (which does not depend solely on the quality and quantity 
of content), we also incorporate design principles that support long-term user motivation and cognitive 
engagement. Among the most frequently discussed aspects for achieving this goal are gamification elements, 
activation strategies, personalisation of both content and the learning environment, immediate feedback, 
multimedia integration, and flexible accessibility across devices and contexts. These features contribute not only 
to learner satisfaction but also to increased persistence and active participation in the learning process.  

In its current piloting phase, the developed tutoring application comprises several teaching courses focused on 
lower-secondary school mathematics, specifically for 8th- and 9th-grade students. These courses stem from the 
Global Proficiency Framework (GPF, 2020), which distinguishes proficiency levels in greater depth than the Czech 
National Curriculum for primary schools (MŠMT, 2023). 

In the pilot testing of the in-development application, students first completed an introductory diagnostic test, 
followed by eight courses focused on primary school mathematics, released weekly. This paper presents the 
collected dataset and provides an initial analysis of students’ behaviour in the application, focusing on lesson 
and block characteristics that may influence engagement, particularly the time spent on different activities and 
possible signs of the so-called “gaming” phenomenon. The findings are intended to inform the further 
development of an engaging intelligent tutoring system that maintains students’ motivation, provides an 
appropriate level of difficulty, and better adapts to students' interactions with the content. 
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2. Theoretical Background 
Many studies have focused on tutoring or online education in mathematics (e.g., Son, 2024). Although there is 
no clear consensus on the effects of tutoring, and studies have yielded mixed results (Safarzyńska, 2013), several 
researchers have reported varying degrees of improvement in students' outcomes (Mabhamba et al., 2024; 
Zhang et al., 2022). Even though some studies did not observe better results of tutored students, they still 
observed improvements in students' well-being (Guill et al., 2020). This opportunity, however, is not available 
to all students, as tutoring is usually a paid service, which might widen the socio-economic gap (Safarzyńska, 
2013). Not only for this reason, but also to enrich opportunities for all students, intelligent tutoring systems 
offered for free could improve this situation. 

Even though mobile learning apps or similar environments might motivate students, improve their learning or 
positively influence their attitude towards mathematics (e.g., Canilao & Gurat, 2023; Taleb et al., 2014), such 
apps often lack the feedback, immediate assistance and communication facilitated by a real-life tutor, who can 
tailor the lessons to one’s individual needs (Safarzyńska, 2013). There are, however, various approaches to 
address these restrictions (for instance, incorporating AI language models as chatbots or using animated agents 
[Jančařík et al., 2023; Baker et al., 2006]). Other issues tutoring systems need to take into account include 
students’ disengagement or lack of motivation, the way curricular materials are presented or the scaffolding 
methods used. 

2.1 Microlearning 

Microlearning builds on principles from psychology and pedagogy and is often associated with e-learning (Kapp 
& DeFelice, 2019). Microlearning is usually explained in terms of either the short time during which learning 
occurs or the small size of the targeted teaching units (e.g., Cates et al., 2017). In both instances, learning is 
organised into small, manageable units of time or information, which is believed to help prevent mental fatigue 
by reducing demands on working memory.  On small mobile screens, such an approach is welcomed (sometimes 
called mobile microlearning), as displaying too much information can lead to cognitive overload (Lee, 2023). 
Further advantages are also reported in the literature – greater flexibility, a focus on the knowledge to be 
learned, longer and easier information retention, and stronger engagement (Kadhem, 2017; Kapp & DeFelice, 
2019; Lee, 2023; Şahin & Kirmizigül, 2026; Taylor & Hung, 2022). 

The effectiveness of microlearning was, for instance, observed in research conducted by Závodná et al. (2024). 
Students achieved better results with microlearning approaches and were more motivated towards their work 
than those in the control group. Students further appreciated the visual features, gamification, and interactive 
quizzes. The effectiveness of microlearning was also observed in mathematics education. Şahin and Kirmizigül 
(2026) reported that students found microlearning mathematics courses engaging and flexible, and that they 
appreciated the opportunity to review the content. They also recommend integrating microlearning with face-
to-face teaching. 

The so-called micro-lectures usually employ different strategies when being made. Based on a literature review, 
Tang et al. (2022) identify several strategies, including assignments, problem-based learning, feedback 
interactions, connecting learning to objects from students’ daily lives, knowledge strengthening, and 
experimental demonstrations. 

2.2 Gaming the System Issue 

One difficulty with tutoring systems is students’ disengagement over time (Arroyo et al., 2007; Baker et al., 
2006). This can manifest as skimming through the app, immediate use of hints without trying to solve or even 
read anything offered, or attempts to exploit the system rather than learn – a phenomenon known as „gaming“ 
(Arroyo et al., 2007; Baker et al., 2006). Even though there are instances when gaming might not be problematic 
(in tasks students know well), it is unwanted behaviour in tasks students struggle with (Baker, 2006).  

To address this difficulty, different approaches might be taken – from user-friendly application design and 
gamification features to self-reflection or self-monitoring systems. For instance, Arroyo et al. (2007) found that 
non-invasive interventions (such as providing study tips or a performance chart) reduced quick-guessing 
behaviour and increased students’ motivation and re-engagement with a geometry tutoring system. As such 
behaviour might stem, for instance, from frustration at being unable to solve a challenging task, it is important 
that extra hints or help be offered (Baker et al., 2006). On the other hand, Arroyo et al. (2007) note that some 
intrusive attempts to remedy such behaviour (e.g., pop-up windows with information) might be 
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counterproductive, increasing students’ frustration. Thus, they recommend making students aware of the 
consequences of such actions and their effects on learning progression, without strictly blocking this approach. 
For instance, Baker et al. (2006) were successful with such a positive approach, using an animated agent (a dog 
with a range of emotions) designed to improve gaming students’ learning outcomes without significantly 
restricting the system for students who did not participate in gaming. It was done by praising non-gaming 
students, by challenging students to work carefully when gaming was identified, or by giving additional exercises 
designed to help gaming students cover the material they had skipped. This led to fewer gaming students (due 
to the dog's sole presence, regardless of the emotions displayed) and to students who struggled to catch up with 
their peers on the content. 

2.3 Application Content Design 

Based on the review above, several principles were adopted in the design of the application Edu-AI. The app is 
intended for tutoring mathematics and covers all lower secondary school topics. Among others, the 
microlearning principle was implemented. To increase engagement and prevent gaming, gamification features 
(collecting experience points that can be used to „buy“ in-app avatars or visual modifications) and a visually 
appealing design were applied. Flexibility is also enhanced by the option to save blocks or quiz questions that a 
student finds problematic for later review. To accommodate students’ diverse personal learning needs (e.g., 
additional personalised hints, feedback, or questions), an AI chatbot will be integrated in the next step of app 
development. 

The content is based on a thematic course structure. Each course is divided into one or more teaching sections 
(lessons) intended for 10-minute study sessions. Lessons consist of building units (blocks) of various types–pre-
prepared explanatory text blocks, blocks with illustrations, example blocks, or task blocks (see Figure 1). The 
explanatory blocks focus on helping students understand the concepts they are expected to know as they leave 
primary school and on connecting the material to what students know from day-to-day experience. In task 
blocks, students have access to two-step hints and immediate feedback, usually explaining the anticipated 
mistake (see Figure 1). The correct solution is also displayed before continuing to the following block. 

 

Figure 1: Example of the content block (left) and the task type block (right) (translated) 

3. Materials and Methods 
Testing of the application took place in March and April 2026 and was conducted in two ways. A total of 17 
teachers participated with their classes in the testing. 

The data obtained are primarily suitable for analysing specific usage patterns of the app among students from 
classes that demonstrably worked with the app. An important step before the analysis itself was determining an 
appropriate method to narrow the observed sample to a set of reliable users. 

3.1 Data Selection 

For the analysis, four courses (excluding summary quizzes) were selected: Statistics (C1); Measurement in 
Geometry (C2); Fractions (C3); Equations and inequations (C4). It was decided to analyse topics that differ not 
only from a mathematical point of view (statistics, geometry, arithmetic and algebra) but also in their design 
(different numbers of blocks, block lengths, and types). 
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To better analyse students’ behaviour across lessons, the lesson blocks were coded. The coding was done by 
two researchers and compared. Based on the coding, six broader categories (block types) emerged (see Table 
1). These were further refined and discussed until a consensus among coders emerged. The Brief non-
explanatory instruction (B1) block provides short information or text, such as “Let’s try it!” and does not offer 
any additional learning information. A Short text (B2) is used as motivation, a lesson introduction, or a 
recapitulation of the lesson or its content part. Explanatory text is the main matter of the lessons in which 
students are expected to learn or revise the matter. The explanatory text blocks varied greatly in length, so it 
was decided to distinguish between shorter (B3) and longer (B4) ones using two categories. The other block type 
in which learning is expected is the block that includes an interactive task. We distinguish between the Basic 
task (B5) and the Advanced task (B6). 

Table 1: The number of block types in courses 

Course / Block Type B1 B2 B3 B4 B5 B6 Total 

C1 0 2 8 7 1 1 19 

C2 0 4 4 2 3 4 17 

C3 6 4 9 18 7 3 47 

C4 12 7 11 20 7 6 63 

Total 18 17 32 47 18 14  

The Statistics course (C1) was primarily lecture-based and consisted of two lessons. Courses C3 and C4 were 
similar in structure, containing 3 and 5 lessons, respectively. In both courses, the percentage of exercises was 
around 20%; overall, Longer explanatory blocks (B4) predominated, but there was also a significant proportion 
of B1 blocks, i.e., blocks not expected to require high cognitive or time demands. Course C2, on the other hand, 
was more task-oriented (blocks with tasks accounted for 41.2% of the course), and the content blocks tended 
to be concise. 

3.1.1 Narrowing the Sample 

For this paper, it was necessary to narrow the sample. Data reduction involved selecting classes with a certain 
minimum number of students participating in the selected courses. The goal was to include entire groups of 
students (classes) rather than just individuals, to avoid bias arising from selecting only active participants. In this 
context, the following criteria were established to identify the selected classes of students: (1) a minimum 
average of 13 students per class across all 4 courses, (2) a minimum of 9 students in each course, and (3) a 
minimum average of 33 interactions per student in the given class.  

Based on these criteria, 9 classes (G1–G9) were selected, comprising 201 unique students. A more detailed 
breakdown of students by class and participation in individual courses is shown in Table 2. The total number of 
students in each course does not add up to 201, because some students in each class did not complete all the 
courses. 

Table 2: Number of students and interactions in individual classes across courses 

 C1 C2 C3 C4 All Courses 

Class Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(Mean) 

Student 
inter. 

(Mean) 

G1 19 348 19 358 19 864 18 1175 18.8 36.6 

G2 21 385 22 409 20 953 23 1454 21.5 37.2 

G3 12 228 19 339 13 611 22 1372 16.5 38.6 

G4 13 235 10 180 13 611 17 985 13.3 37.9 

G5 15 268 14 235 14 613 21 1258 16.0 37.1 

G6 11 184 18 318 17 690 15 875 15.3 33.9 

G7 16 297 17 306 15 667 20 1205 17.0 36.4 

G8 18 342 21 378 20 907 22 1386 20.3 37.2 
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 C1 C2 C3 C4 All Courses 

Class Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(n) 

Student 
inter. 
(n) 

Students 
(Mean) 

Student 
inter. 

(Mean) 

G9 9 171 20 359 21 987 22 1393 18.0 40.4 

Total 134 2458 160 2882 152 6903 180 11103   

3.2 Data Analysis Procedure 

The analysis evaluated the course design and its individual blocks using interaction data collected by the Edu-AI 
application. We decided not to automatically remove outliers from the time data captured in the application 
logs. Both extremely short and extremely long times may indicate the nature of user interaction with a given 
block, particularly regarding gaming behaviour, inactivity, or technical interruptions. At the same time, the way 
response-time outliers are handled can significantly influence the interpretation of results (Kovanović et al., 
2015; Vankov, 2023). Therefore, user interaction times were classified rather than simply removed. 

Interactions were classified separately for each block into four duration-based categories: short_irrelevant, 
short_relevant, long_relevant, and long_irrelevant as described below. 

The classification combined relative and absolute thresholds, drawing on the MAD-based approach described 
by Leys et al. (2013) and the time-on-task issues discussed by Kovanović et al. (2015). Because the observed 
interaction-time distributions were strongly right-skewed, times were log-transformed before the median 
absolute deviation (MAD) was calculated. The MAD was multiplied by 1.4826, the conventional consistency 
factor that makes it comparable to the standard deviation under normality. The main threshold was set at 2.5 
scaled MAD from the block-specific median. Although more conservative thresholds, such as 3 MAD, have also 
been proposed (Leys et al., 2019), the more sensitive threshold was retained because the aim was to classify 
potentially informative interactions rather than exclude them. 

For each block, the lower and upper thresholds were calculated as the block-specific median plus and minus 
2.5× scaled MAD, respectively, on the log-transformed scale, and then transformed back into seconds. If the 
lower threshold was too small (less than 1 s), it was set to 1 s. Similarly, when the upper threshold was below 
600 s, it was treated as 600 s. Interactions at or below the lower threshold were classified as short_irrelevant; 
those above the lower threshold and at or below the median as short_relevant; those above the median and at 
or below the upper threshold as long_relevant; and those above the upper threshold as long_irrelevant. 

The categories were retained as indicators of potentially different interaction patterns, not as direct measures 
of students’ attention, engagement, or understanding. 

4. Results 
Overall response-time statistics for individual blocks per course are presented in Figure 2. It presents the mean 
of the medians of interaction time for each block type in the specific course. The number of interactions per 
block ranged from 124 to 180, with an average of 153. 

 
Figure 2: Mean of medians of response times (MMRT) for all interactions in courses and blocks by their type. 
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Response times were extremely low for blocks B1–B4. The block-level medians, summarised as the mean of 
medians, indicate that a typical block of this type was passed very quickly, often within one or two seconds. This 
suggests that many students did not spend enough time on explanatory or introductory blocks for substantial 
engagement with the content to be likely. For example, in the Statistics course, the median interaction time in 
blocks classified as longer explanatory text (B4) was very low, with block-level medians ranging only from 
approximately 1 to 4 seconds. This suggests that many student-block interactions with explanatory content were 
very brief. 

If these blocks are compared with the task blocks (B5, B6), a surge in response times can be observed. For 
example, in the C3 course Fractions, 7 blocks were classified as Basic tasks (B5). In these, roughly half of the 
students spent more than 26 seconds on average. While this can be partially explained by technical differences, 
it is not necessarily the case. Figure 2 also shows that the medians distinguished between basic and advanced 
tasks (as classified by the authors). In the case of the C4 course, Equations and inequations, this difference is 
striking, indicating the actual attention paid to the tasks. 

However, given the very steeply skewed log-normal distribution, this overview has its visible limitations. 
Response time medians provide a good estimate of whether gaming occurs in the majority of the sample and 
also help identify significant systemic differences (such as those between tasks and other blocks). On the other 
hand, they do not provide further information, for example, on the specific numbers of interactions and their 
characteristics. We attempted to capture these using the analysis described in section 3.2. 

4.1 Evaluation of Block Types Based on the Student-Block Interactions 

The MAD-based classification provided only limited additional information as a four-category classifier, 
especially for explanatory blocks. This limitation follows from the extremely short interaction times observed, 
mostly in non-task blocks (B1-B4). When a substantial part of the sample spends only one or two seconds on a 
block, the distinction between short_irrelevant and short_relevant becomes difficult to interpret substantively. 
In this context, the block-specific median appears to be the most practically meaningful threshold. Interactions 
below or at the median indicate only minimal engagement with the block in the learning context. This 
phenomenon is evident for all information blocks (B1 - B4) regardless of their scope and purpose (explanation 
of the material, motivation, recapitulation, etc.). The results show us that for these block types in most cases 
the interactions were so short that the students could not even read the content or cognitively grasp it, especially 
for explanatory blocks (B3, B4). 

In the case of blocks B5 and B6, our method of response-time classification provides more space for reasonable 
interpretations. Within block B5, we identified a not-negligible number of relevant interactions (see Table 3), 
The representation of relevant interactions across all courses was 96%, with the lowest value of 95% in C4. It 
can be observed that the relative proportion of individual interaction types (short/long relevant/irrelevant) does 
not significantly correlate with the mean of medians (MMRT) in individual courses (see Figure 2), and is therefore 
essentially independent of the length of solving tasks (even without counting C1, where there was only one B5 
block). 

Table 3: Overview of interactions for blocks B5 

Course Number of Blocks (n) Number of Interactions (n) 

  Total short_irrelevant short_relevant long_relevant long_irrelevant 

C1 1 132 0 71 60 1 

C2 3 476 0 240 232 4 

C3 7 1038 40 465 532 1 

C4 7 1233 51 550 624 8 

5. Discussion 
All recorded interaction times were directly related to the phenomena under investigation, including rapid 
progression through the app, possible gaming behaviour, inactivity, and technical interruption. Therefore, 
instead of trimming short and long outliers, we used a method (Leys et al., 2013) to classify student-block 
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interactions by their duration. Other methods for defining response-time thresholds (Stipek et al., 2025) could 
also be applied and may capture different aspects of student behaviour. Further work should therefore compare 
alternative classification approaches and examine their suitability for this type of application data. 

At this stage, the data allow only a tentative comparison between courses, but they reveal interesting findings 
regarding block types. In longer explanatory blocks (B4), the share of long_relevant interactions was higher in 
the shorter courses C1 and C2 than in C3, and C4 occupied an intermediate position. This pattern suggests a 
working hypothesis that course length and the number of explanatory blocks may influence students’ willingness 
to engage with explanatory content. We also observe a significant difference in interaction times between 
content-type blocks (B1-B4) and task blocks (B5, B6). For blocks B1-B4, we observe very short interactions, 
indicating little interest in the content presented. This lack of interest may be due to the fact that students in 
this type of application are more interested in solving tasks (e.g. similar to Duolingo). From a gamification 
perspective, the cause can also be identified at the motivational level, where a higher cognitive grasp of the 
content does not bring any benefit compared to quick skimming. 

If any blocks captured students’ attention, they were the tasks (B5 or B6). The sample selection might have 
influenced this, as students were just a few weeks before the entrance examination, and those who had been 
preparing themselves preferred to revise tasks similar to the examination format. In these blocks, we can 
observe more time-meaningful interactions, with a lower level of gaming and a more expected effective impact 
on student learning. However, it is necessary to take into account secondary factors that may influence the 
interaction time and that we are not able to detect using the method employed (e.g., viewing the solution or 
previous blocks). The four-item structuring of interactions also appears to be beneficial for subsequent, more 
detailed data analyses. For instance, in course C3, we can see 40 short_irrelevant interactions within B5, which 
can be used to identify ill-behaved tasks (which are, for example, gamed more often than others) or to model 
student behaviour (for example, identifying those that have not one but several irrelevant interactions). 

In terms of block classification, the method used also more or less confirmed the correct classification of Basic 
and Advanced task blocks, with the difference in time spent on these blocks being obvious, especially in course 
C4 (see Figure 2). 

6. Conclusion 
The present analysis suggests two follow-up tasks. First, it is necessary to distinguish students whose interactions 
fall into irrelevant categories but who may nevertheless have completed the course responsibly, for example, 
because they processed some blocks quickly but consistently. Second, it is necessary to identify students whose 
overall interaction time exceeds the median yet still exhibit local gaming behaviour in specific parts of the course. 
These two groups are important because they cannot be reliably classified by overall course time alone. 
Together, they form a suitable basis for a secondary analysis aimed at evaluating individual blocks more 
precisely: not only whether a block was passed quickly or slowly, but whether its position, format, and function 
in the course contributed to meaningful engagement or encouraged superficial progression through the app. 

In relation to the course or lesson structure, based on the findings we shall consider including more task type 
blocks that seem more engaging for students, or to transform explanatory blocks into another type that requires 
more interaction or connects more with the task type block. 

In the future, it is also important to incorporate more features that limit the gaming phenomenon in the app, 
including testing new, more engaging block types. Additional qualitative data (such as interviews with students 
or teachers’ feedback) are needed to help clarify some questions about blocks, students' behaviour in the app, 
and other observed phenomena. 
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