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Abstract. Automated programming environments collect detailed process data 

that can reveal unproductive learning behavior not visible in final scores. This 

paper presents a cross-course methodology for analyzing such behavior through 

two task-sensitive indicator families: rapid guessing in closed-ended program-

ming-related items and code-submission anomalies in programming assign-

ments. The study was conducted on data from 297 students who participated in 

four programming courses, comprising 603,089 attempt records, 379 closed-

ended tasks, and 591 programming tasks. Rapid guessing was identified using 

response-time-and-accuracy methods, with CUMP-DOWN as the primary 

method and RTRA-DOWN for verification. Students were clustered by reading 

speed and first-attempt success to support cluster-aware RGB analysis. Code-

submission anomalies were analyzed through the first correct program version, 

using task-relative indicators based on cumulative time to correctness and com-

ment density. Results showed that RGB was concentrated mainly in the fast-read-

ing + low-success profile. Code-submission anomalies were rarer and more task-

dependent, with the combined fast-and-comment-rich indicator providing the 

most cautious signal. The combined analysis showed moderate but positive over-

lap between both indicator families, supporting a differentiated framework rather 

than a single general risk score. 
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1 Introduction 

Digital programming environments and automated assessment systems allow edu-

cators to examine not only whether students solve a task correctly, but also how they 

interact with the learning material before producing a response or submitting a solution 

[1], [2]. These systems collect rich process data, including code submissions, 

timestamps, and assessment results, which are valuable for learning analytics, perfor-

mance prediction, and pedagogical intervention [3], [4], [5]. At the same time, the in-

creasing automation of programming education also introduces new challenges [6], [7]. 

When students work in digital environments, unproductive or harmful behaviors may 
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become easier to perform, repeat, or hide [8], [9]. Students can answer closed-ended 

items with minimal effort or use generative AI tools to produce code without sufficient 

understanding. These behaviors are not always visible in final scores alone, but they 

may leave traces in response times, submission histories, code evolution, and content 

of submitted programs [3], [10], [11]. This complexity creates a need for a differenti-

ated analytical framework that can connect different forms of behavioral evidence to 

the task contexts in which they arise.  

In automated programming education, harmful or unproductive behavior does not 

appear in one uniform form [12], [13]. It depends on the task type, the course level, and 

the type of interaction the system records [7]. A closed-ended knowledge-check item, 

an introductory programming exercise, and an advanced programming assignment each 

produce different evidence about student behavior [14], [15]. Therefore, the same ana-

lytical logic cannot be applied equally to all task types. 

Although programming education primarily aims to develop students’ ability to 

write, test, and reason about programs, many learning activities do not require imme-

diate code production [16], [17]. This statement is especially true in microlearning and 

formative assessment, where closed-ended programming-related items can help stu-

dents acquire or verify conceptual understanding. Such items may ask students to pre-

dict the output of a short code fragment, identify a correct syntactic form, choose an 

appropriate programming construct, or recognize the effect of a small algorithmic step 

[18]. Therefore, multiple-choice questions with a single correct answer are used not as 

substitutes for programming assignments, but as complementary activities that capture 

specific aspects of programming understanding [19], [20]. 

In this task context, the most relevant behavioral evidence is the relationship between 

response time and correctness [21]. The recorded response time allows analysis of 

whether students engage with the question long enough to plausibly read, understand, 

and solve it [22], [23]. When answers are submitted extremely quickly, especially in 

repeated patterns, this may indicate rapid guessing behavior (RGB) [8], [13]. In re-

sponse-time research, student responses are often interpreted in terms of the distinction 

between solution behavior and rapid-guessing behavior. Solution behavior denotes re-

sponses produced after sufficient time for reading, cognitive processing, and item solv-

ing [9]. Rapid-guessing behavior denotes responses submitted below a plausible time 

threshold, where the observed answer is more likely to reflect minimal effort than actual 

knowledge [19], [24]. 

Programming assignments with automated verification provide a different type of 

behavioral evidence [25], [26]. Automated assessment systems are widely used in pro-

gramming education because they allow students to practice repeatedly, receive imme-

diate feedback, and solve tasks independently outside direct teacher supervision [1], 

[27], [28]. This scalability is pedagogically valuable, but it also creates conditions in 

which students may focus on obtaining a correct answer rather than engaging in the 

reasoning process through which the answer should be constructed [1]. In such settings, 

unproductive behavior may appear not as an incorrect final solution, but as a weakened 

or bypassed process of solution development [7], [29], [30]. 

In programming tasks, students are expected to construct code gradually, test or re-

vise it, and move through a visible process of developing a solution [31], [32]. 
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Automated systems can record submission histories, timestamps, code length, assess-

ment results, and changes between consecutive versions [1], [33]. These traces make it 

possible to examine whether a solution emerges incrementally or whether it appears 

through abrupt code growth with little visible intermediate development. In the current 

educational context, such patterns are particularly relevant for analyzing over-reliance 

on GenAI tools, where a complete or nearly complete solution may be inserted without 

the gradual construction process expected from a beginner. Such submissions may also 

contain code-level traces that are atypical for introductory work, including unusually 

extensive comments, explanatory annotations, or a mismatch between the sophistica-

tion of the submitted code and the visible process through which it appeared in the 

system [11], [34]. 

Therefore, code-submission process indicators do not depend on the final code alone 

[11]. Their value lies in relating the submitted code to the process by which it entered 

the system [31], [35]. Large jumps in code length, few intermediate revisions, short 

development trajectories, unusually comment-rich code, or a mismatch between the 

complexity of the final solution and the visible process history can indicate that the 

learning process was reduced or bypassed, even when the submitted program is for-

mally correct. Comment-related features are therefore best treated as supplementary 

indicators and interpreted together with process-level evidence rather than as 

standalone signals. 

The present study organizes behavioral evidence into two indicator families: 

─ rapid guessing indicators in multiple-choice items, based on response-time and cor-

rectness patterns; 

─ code-submission anomaly indicators in programming assignments, based on time to 

first correct submission and comment-related code features. 

Together, these families form a task-sensitive framework for analyzing harmful or 

unproductive behavior in programming education. 

The core methodological aim is to examine how these indicators can be operation-

alized and compared across courses and task types. The framework links each behavior 

to the type of evidence that can most clearly reveal it, enabling the study of indicator 

transferability across programming languages, course levels, and task formats while 

preserving the specific nature of each educational activity. 

2 Methodology 

The study is designed as a descriptive multi-course case study. It aims to examine how 

indicators of harmful or unproductive learning behavior can be operationalized and 

compared across programming courses, programming languages, and task types. 

The methodology follows a task-sensitive design. Each indicator family is applied 

only to the type of educational activity that produces suitable behavioral evidence. 

Rapid guessing indicators are applied to closed-ended items. Code-submission anomaly 

indicators are applied to programming assignments with recorded verification attempts 

and sufficient task-level baseline data.  
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All course data are organized into a common event-based structure. Each event is 

linked to a student, course, task, timestamp, task type, submitted response or code, and 

assessment result.  

2.1 Rapid guessing 

Rapid guessing is analyzed in closed-ended programming-related items with one 

correct answer, using response time, correctness, student identifier, item identifier, and 

item length. The analysis distinguishes solution behavior from rapid-guessing behavior: 

solution behavior assumes sufficient time for reading and cognitive processing, while 

rapid guessing refers to responses submitted too quickly to indicate meaningful engage-

ment with the item. 

RGB is identified using response-time-and-accuracy methods derived from previous 

microlearning work [16], [29]. For each item, first responses are divided into one-sec-

ond response-time intervals. In each interval, the observed accuracy is compared with 

the chance level determined by the number of answer options. For example, an item 

with four options has a chance level of 25%. Intervals in which accuracy remains close 

to or below the chance level indicate likely guessing, while the point where accuracy 

rises above chance is used to estimate the response-time threshold separating rapid 

guessing from solution behavior. 

To account for differences in student reading behavior, reading speed is estimated 

separately from textual microactivities. Time-on-task for these items is normalized to 

100 characters, and the resulting course-level median reading speed is used along with 

first-attempt performance to group students before RGB threshold estimation. Students 

are then grouped according to speed- and performance-related characteristics, allowing 

RGB thresholds to be estimated within more homogeneous student groups rather than 

only on the aggregated dataset. 

The study uses two top-down methods, RTRA-DOWN and CUMP-DOWN [29]. 

The primary identification method in this study is CUMP-DOWN, which determines 

the RGB threshold cumulatively from longer to shorter response-time intervals. RTRA-

DOWN is used as a verification method to assess the stability of the obtained classifi-

cations. The resulting indicators are computed at the student–item level and aggregated 

within each course. The main outputs are the number of responses classified as RGB 

and the RGB ratio, defined as the proportion of valid first responses identified as rapid 

guessing. 

2.2 Code-submission anomaly 

Code-submission anomaly indicators are analyzed in programming assignments with 

recorded verification attempts and sufficient numbers of correct solutions for task-level 

comparison. The analysis focuses on the first correct program version submitted by 

each student for each task. This level of analysis allows the submitted program to be 

interpreted relative to the behavior of other students solving the same task. 

The cumulative time to the first correct version is computed from recorded attempt 

times. If the recorded task activity time decreases between consecutive attempts of the 
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same student on the same task, the decrease is treated as a session reset, and the previous 

segment is added to the cumulative solution time. For each first correct program, the 

total number of source-code characters without whitespace and the number of comment 

characters without whitespace are computed. The comment ratio is then calculated from 

these values. 

Because tasks differ in length and difficulty, the indicators are interpreted relative to 

the same task. For each course-task pair, task-level baselines are computed from all 

students who correctly solved the task. The 10th percentile of cumulative time defines 

unusually fast first correct submissions, and the 90th percentile of comment ratio de-

fines comment-rich submissions. Their combination identifies the first correct pro-

grams that are both unusually fast and unusually comment-rich. 

For each course, the main outputs are the counts and proportions of unusually fast 

first-correct submissions, comment-rich submissions, and combined fast-and-com-

ment-rich submissions. 

3 Case study 

The case study was conducted on a cross-course dataset, restricted to 297 students who 

participated in all four analyzed programming courses from the microlearning Priscilla 

system [5]. The dataset contained 603,089 attempt records across 970 course-task in-

stances. The analyzed tasks included 379 closed-ended single-answer tasks with 

112,640 attempt records and 591 programming tasks with 490,449 attempt records. In 

addition to attempting data, the study used log-based exposure records to estimate time 

spent on learning objects. After filtering to the same student population, the log dataset 

contained 465,753 valid exposure records across 2,546 course-task instances. 

From this overall dataset (Table 1), separate analytical subsets were derived. Rapid 

guessing analysis used first responses to closed-ended tasks. Reading-speed estimation 

used log-based exposure times across textual learning items, combined with cleaned 

task content length. Programming-task attempts were retained for code-submission 

anomaly analysis. 

Table 1. Dataset description. 

Course Respond-

ents 

Attempt 

records 

Closed-

ended tasks 

Closed-ended 

attempts 

Program-

ming tasks 

Programming 

attempts 

Java I 297 165,309 71 20,135 225 145,174 

Java II 297 96,615 177 36,689 69 59,926 

Python I 297 215,693 91 39,198 220 176,495 

Python II 297 125,472 40 16,618 77 108,854 

Total 297 603,089 379 112,640 591 490,449 
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3.1 Rapid guessing  

Rapid guessing analysis was performed on closed-ended single-answer tasks. For 

each student, course, and task, only the first valid response was retained, because later 

attempts may already be influenced by feedback or prior exposure to the item. 

Each retained response contained the student identifier, course identifier, task iden-

tifier, response time, score, maximum score, and timestamp. Correctness was derived 

from the relation between score and maximum score. 

Reading-speed estimation was based on textual microactivities, i.e., short content-

oriented learning items that provide micro-information students are expected to read 

before answering related tasks. The HTML content of these items was cleaned before 

length calculation: HTML tags were removed, HTML entities were decoded, and em-

bedded images were replaced with short text to avoid distorting the character count. For 

each valid exposure record, time-on-task was normalized to 100 characters. The stu-

dent’s course-level reading speed was then defined as the median of these normalized 

values across textual items. This procedure produced one reading-speed value for each 

student in each course. In the Python II course, textual microactivities were largely 

replaced by interactive, web-based activities with code execution. Since time-on-task 

in these activities reflects both reading and code experimentation, the reading-speed 

profile from the corresponding Python I course in the same semester was used as a 

semester-matched proxy. 

Student clustering was performed only on user-course records that satisfied the min-

imum data requirements for both reading-speed estimation and first-attempt perfor-

mance estimation. Candidate K-Means solutions with k = 3, k = 4, and k = 5 were 

evaluated separately for each course. The four-cluster solution was retained because it 

matched the interpretation used in previous RGB work, combining reading speed and 

performance into four profiles: fast/high-success, fast/low-success, slow/high-success, 

and slow/low-success [29]. Although k = 3 achieved slightly better separation in some 

courses, k = 4 showed sufficient stability, with mean ARI values between 0.880 and 

1.000, and produced acceptable cluster sizes across all courses. 

The cluster-aware RGB analysis showed that rapid guessing was not evenly distrib-

uted across student profiles (Table 2). Across the clustered courses, the highest RGB 

ratios were consistently found in the fast reading + low success group. Using CUMP-

DOWN, this group reached 43.6% in course Java I, 56.5% in course Java II, 24.9% in 

course Python I, and 51.3% in course Python II. The same group also had the highest 

rapid incorrect ratio, indicating that many of these fast responses were not only quick 

but also incorrect. 

Table 2. RGB ratios and rapid incorrect responses for the highest-risk students across courses. 

Course Cluster RGB ratio CUMP-

DOWN 

RGB ratio RTRA-

DOWN 

Rapid incorrect 

ratio 

Java I fast reading + low success 43.6% 36.6% 33.7% 

Java II fast reading + low success 56.5% 48.8% 43.9% 

Python I fast reading + low success 24.9% 14.4% 17.3% 

Python II fast reading + low success 51.3% 45.6% 41.5% 
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When aggregated across clustered courses, the fast-reading + low-success profile 

remained dominant. It had an overall CUMP-DOWN RGB ratio of 45.1%, compared 

with 15.5% for slow reading + low success, 8.0% for slow reading + high success, and 

7.6% for fast reading + high success. RTRA-DOWN produced lower values but re-

tained the same ordering of student profiles. 

3.2 Code-submission anomaly indicators 

The second indicator family focused on programming submissions. For each student, 

course, and programming task, the first correct program version was selected. The time 

to the first correct version was computed from the recorded attempt times.  

For each first correct program, two code-level measures were computed: the total 

number of source-code characters without whitespace and the number of comment 

characters without whitespace. The comment ratio was then calculated from these val-

ues. Because tasks differ in length and complexity, all indicators were interpreted rela-

tive to the same task. For each course-task pair, task-level baselines were computed 

from all students who solved the task correctly. 

Three task-relative indicators were then derived: unusually fast first-correct solution, 

comment-rich first-correct solution, and their combination. The combined indicator 

was treated as the most informative signal because it captures both the compressed so-

lution time and the unusually high comment density in the first correct version. These 

indicators are interpreted as code-submission anomaly signals, not as direct evidence 

of GenAI use (Table 3). 

Table 3. Code-submission anomaly indicators by course. 

Course 
Student-

task cases 

Fast first 

correct 

Comment-

rich 

Fast + com-

ment-rich 

Students with fast + 

comment-rich 

Java I 39,041 10.5% 12.0% 1.6% 50.0% 

Java II 10,675 10.6% 15.2% 1.8% 25.6% 

Python I 37,827 10.4% 13.8% 2.1% 69.4% 

Python II 16,933 10.5% 7.3% 1.2% 22.8% 

Total 104,476 10.5% 12.2% 1.7% 85.2% 

 

The fast-first-correct indicator was close to 10% in all courses, reflecting its task-

relative percentile definition. Comment-rich submissions varied more strongly across 

courses, ranging from 7.3% in Python II to 15.2% in Java II. The combined fast-and-

comment-rich indicator occurred in 1.2% to 2.1% of analyzed student-task cases. 

Across all four courses, 253 of 297 students had at least one such case, while 151 stu-

dents showed the combined signal in at least two courses, and 69 students in at least 

three courses. 

The code-submission anomaly indicators were computable across all programming 

courses, but their interpretation is more context-dependent than RGB. Timing alone is 

insufficient, as it is defined as a task-relative percentile. Comment density alone is also 

insufficient because commenting style varies across tasks and courses. The combined 
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indicator provides a more cautious signal by identifying first correct solutions that are 

both unusually fast and unusually comment-rich 

3.3 Combined indicator comparison 

The final step combined the RGB and code-submission anomaly profiles at the student–

course level. The RGB branch is represented by the CUMP-DOWN RGB ratio, and the 

code-submission branch by the fast-and-comment-rich first correct solution ratio. 

RGB was more frequent than the combined code-submission anomaly in all courses 

(Table 4). The overall RGB ratio ranged from 5.4% in course Python I to 18.0% in 

course Java II. The fast-and-comment-rich indicator ranged from 1.2% to 2.1% of the 

analyzed programming-task cases.  

Table 4. Combined behavioral indicators by course. 

Course RGB ratio 
Fast + com-

ment-rich ratio 

Users with code 

anomaly 

Java I 13.2% 1.6% 49.8% 

Java II 18.0% 1.8% 24.9% 

Python I 5.4% 2.1% 69.4% 

Python II 15.0% 1.2% 22.5% 

 

The association between the indicators was positive in all courses. Spearman corre-

lations between RGB ratio and fast-and-comment-rich ratio ranged from 0.183 to 0.270. 

The overlap analysis showed that 8.8% to 9.9% of students were simultaneously in 

the high-RGB and high-code-anomaly groups within a course (Table 5). 

Table 5. Overlap between high-RGB and high-code-anomaly groups. 

Course 
High RGB + high 

code anomaly 
High RGB only 

High code 

anomaly only 

Java I 9.4% 15.5% 15.5% 

Java II 8.8% 15.8% 16.2% 

Python I 9.8% 15.5% 15.8% 

Python II 9.9% 17.1% 12.6% 

 

Across courses, 79 of 297 students appeared in both high groups in at least one 

course. Repeated overlap was less frequent: 25 students appeared in both high groups 

in at least 2 courses, and 8 in at least 3. 

4 Discussion and conclusion 

The results support a task-sensitive approach to analyzing unproductive behavior in 

programming education. The two indicator families captured different but complemen-

tary traces of student behavior. Rapid guessing was linked to closed-ended tasks, where 

response time, correctness, and chance level provide direct evidence for identifying 

likely low-effort responses. Code-submission anomalies were more context-dependent 
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because they were based on task-relative timing and comment density in the first correct 

program version. 

In the RGB branch, the clearest pattern was found in the fast reading + low success 

group. This group consistently showed the highest RGB ratios and rapid incorrect ra-

tios. The results confirm that fast response time alone is not sufficient for RGB inter-

pretation; it becomes informative when combined with weak first-attempt performance. 

The comparison between CUMP-DOWN and RTRA-DOWN showed the same ten-

dency, with CUMP-DOWN producing more sensitive estimates and RTRA-DOWN 

more conservative ones. 

The code-submission branch required cautious interpretation. Fast first correct sub-

missions alone mainly identify the fastest solutions within each task, whereas comment 

density depends on language, task design, and course conventions. The combined fast-

and-comment-rich indicator therefore provided the most useful signal. It may indicate 

compressed or externally supported solution development, but it does not identify the 

source of the submitted code. 

The combined analysis showed positive but moderate relationships between RGB 

and code-submission anomalies. Some students showed both patterns, including re-

peated overlap across courses, while others were high in only one dimension. This re-

sult confirms that the indicators are related but not interchangeable. A single universal 

risk score would mask these differences; instead, indicators should be interpreted in the 

context of the task that produced them. 

The practical value of the framework lies in course-level diagnostics. RGB indica-

tors can reveal low-effort answering in closed-ended activities, while code-submission 

indicators can highlight first-correct solutions that deviate from typical task behavior. 

These signals can support targeted review, task redesign, and further investigation, but 

they should not be treated as standalone evidence of misconduct. 

The main limitation is the dependence on available process data. Reading-speed es-

timation required suitable textual microactivities, and one course required a semester-

matched proxy for reading speed. Code-submission indicators were based on verifica-

tion attempts and first correct submissions, not on continuous editing traces. Future 

work should extend the framework with richer code-evolution data and more detailed 

analysis of submission histories. 

Overall, the study shows that unproductive learning behavior can be operationalized 

and compared across programming courses, but only through differentiated indicators 

tied to specific task types. RGB was transferable across courses when response time, 

correctness, and task chance level were available. Code-submission anomalies were 

more task-dependent, with the combined fast-and-comment-rich indicator providing 

the most cautious signal. Together, the findings support a practical framework for ana-

lyzing behavioral risks in automated programming education without reducing diverse 

behaviors to a single general metric. 
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