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ABSTRACT 
In MOOCs for programming, Automated Testing and Feedback 

(ATF) systems are frequently integrated, providing learners with 

immediate feedback on code assignments. The analysis of the large 

amounts of trace data collected by these systems may provide 

insights into learners' patterns of utilizing the automated feedback, 

which is crucial for the design of effective tools and maximizing 

their potential to promote learning. However, data-driven research 

on the impact of ATF on learning is scarce, especially in the context 

of MOOCs. In the current study, we combine a theoretical 

framework of feedback with educational data mining methods to 

investigate the effect of feedback characteristics on learning 

behavior in a MOOC. Sequence pattern analysis is implemented to 

explore and visualize the actions taken by learners in response to 

feedback which composed of cognitive, meta-cognitive, and 

motivational elements. We applied our research approach in an 

empirical design which consists of five cohorts (total over 2200 

learners) utilizing different versions of ATF. The findings suggest 

that learners tend to adopt learning strategies in response to 

feedback and exhibit a preference for utilizing example solutions, 

while still coping with the challenge of solving the assignments 

independently. The impact of feedback function, content and 

structure is discussed in light of a detailed view of the differences 

as well as common trends in learning paths. Allowing for fine-

grained insights, we found our research approach contributes to a 

more comprehensive understanding of the effect of automated 

feedback characteristics in MOOCs for programming. 

Keywords 
Automated feedback, MOOCs for programming, educational data 

mining, sequence pattern analysis 

1. INTRODUCTION 
Automated Testing and Feedback (ATF) systems, integrated in pro-

gramming courses, provide learners with immediate feedback on 

code assignments and allows for unlimited resubmissions. Re-

search suggests that incorporating an ATF system into a 

programming course is perceived by learners as beneficial for their 

learning and motivation [2, 16]. Yet, research on the system’s effect 

on overall course outcomes has yielded inconclusive results  and 

studies identified the main impact of the system in task-level (i.e. 

throughout solving code assignments) [1, 5, 20]. This may be a re-

sult of the complex nature of the feedback's effect, which is 

multifaceted and contingent upon various factors, including the 

feedback design [32]. In Massive Open Online Courses (MOOCs) 

for programming, characterized by large numbers of learners and 

self-directed learning, there is potential for ATF systems to assist 

learners and compensate for the lack of available instructor support. 

To design the automated feedback in MOOCs to maximize its ef-

fectiveness, it is necessary to understand how learners utilize the 

feedback and how feedback features affect learning. However, 

there is a lack of empirical studies on the impact of automated feed-

back characteristics on learning [20, 50], particularly in the context 

of MOOCs.  

The asynchronous and self-paced nature of MOOCs poses chal-

lenges for instructors seeking to monitor and evaluate learners' 

utilization of the ATF system.  In particular, it is difficult to deter-

mine the effectiveness of the feedback elements. Analyzing the 

large amounts of trace data collected by ATF systems may provide 

insights into learners' patterns of utilizing the feedback. However, 

data-driven research on the impact of automated feedback features 

on learning in MOOCs is scarce.  

Addressing these gaps, the aim of the current study is to explore the 

effects of automated feedback characteristics on learning behavior 

in a MOOC for programming. To do so, we compare the behavior 

patterns of learners utilizing different versions of an ATF system, 

composed of cognitive, meta-cognitive, and motivational elements, 

within a MOOC. A data-driven approach is employed, consists of 

sequence pattern mining and statistical analysis. Notable, the as-

sessment of our research approach is another goal of this study. 

Sequence pattern mining (SPM) is a prevalent method within the 

domain of educational data mining for uncovering patterns in the 

sequential interactions of learners with educational systems [3]. By 

identifying patterns in the order and timing of learners' actions, 

SPM can provide valuable insights into learning strategies and be-

havior, which can be used to adapt and improve educational 

environments [4]. Unlike other methods, such as process mining, 

sequence mining is particularly well-suited for high-resolution 

analysis of learning behavior "at the local level", such as solving 

assignments [8]. Previous studies applied SPM to analyze learners’ 

interaction with different course materials, examine learning be-

haviors during different periods of learning or identify different 

sequence patterns between predefined groups in different research 

conditions (e.g. [12, 39]). The process of solving a code assignment 

involves sequential actions taken by the learner over the time period 

allocated for the task. Characterized by order and timing, these se-

quences of actions reflect the pattern of interaction between the 

learner and the ATF system. Given our goal to compare behavior 

patterns in response to different versions of the ATF, the SPM 

method may be a suitable and applicable approach. 
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2. RELATED WORK 

2.1 Research framework for feedback effec-

tiveness 
The framework proposed by Narciss suggests that feedback can be 

characterized by three key factors, namely its function, content and 

presentation, all of which impact its effectiveness [32]. The func-

tion of feedback corresponds to the facet(s) of competencies it 

seeks to enhance, and can be classified as cognitive, meta-cognitive 

and motivational [33]. Cognitive feedback is aimed at promoting 

high-quality learning outcomes and the acquisition of the 

knowledge and cognitive operations necessary for accomplishing 

learning tasks (e.g. [31]). Metacognitive feedback directs the stu-

dent's awareness of and ability to choose appropriate learning 

strategies [32], while motivational feedback may encourage stu-

dents in maintaining their effort and persistence [33]. 

Feedback content is the information provided to the learner, which 

addresses the selected function. The content varies in terms of level 

of detail, as classified by [32]: basic feedback which only provides 

knowledge of result (KR), and sometimes knowledge of the correct 

response (KCR), or elaborate feedback (EF) providing additional 

information. [21] specified subtypes of elaborated feedback   to 

classify the content of feedback on programming assignments, 

which can be identified in ATF systems. Among these, the relevant 

types for the current study include knowledge about mistakes 

(KM), such as test-failure errors and compiler errors; knowledge 

about metacognition (KMC), which relates to metacognitive feed-

back; and knowledge about how to proceed (KH), such as hints or 

examples. In the current study, we refer to the included components 

(e.g. text, hints or examples) as feedback structure. The content and 

structure both convey feedback function(s). 

The presentation of feedback pertains to the way in which the con-

tent is presented or communicated to the learner, e.g. the timing, 

number of attempts, adaptability, or modality [32]. In ATF systems 

the feedback is commonly immediate, while the allowed number of 

attempts and the level of adaptivity, as well as the visuality of the 

provided feedback, may vary according to the system's characteris-

tics and pedagogical approach [21, 35].  

2.2 The impact of Feedback features 
In the study in hand the focus is on the impact of the function and 

content of feedback, with no consideration of the presentation fac-

tor. Therefore, we consider feedback’s features as the function, 

content, and structure. 

In a comprehensive literature review, [21] revealed that most sys-

tems provide cognitive feedback, typically in the form of 

information about errors and, occasionally, guidance on how to 

progress. In studies comparing the effectiveness of different types 

of feedback, [19, 20] suggest that  correct/incorrect feedback (KR) 

is relatively less effective compared to KCR and EF. Their findings 

revealed that students who were provided with higher levels of 

feedback (KCR, EF) outperformed those who received only KR 

feedback across three complex programming assignments. Further-

more, the provision of KR feedback caused learners to make more 

attempts per assignment. 

The impact of providing hints and/or example solutions, in various 

forms, has been examined in several studies. [19, 50] have found 

that providing students with fixed content hints as a help option has 

no significant impact on problem-solving performance. On the 

other hand, [28, 29] suggested that adaptive next-step on-demand 

hints have a positive effect on students' performance and learning. 

Yet, providing adaptive hints could be either computationally ex-

pensive or require great attention from human instructors and it 
should be considered whether it is cost-effective [20]. Example so-

lutions, provided to learners in the form of hints during various 

stages of the problem-solving process, were indicated as more ef-

fective than other forms of feedback by  [1, 34, 50]. The question 

of how learners react when they are given a choice between several 

help options has not yet been sufficiently investigated [18]. 

Metacognitive feedback was found only in few ATF tools [21], 

with inconclusive effects. [46] have shown positive results in the 

effect of metacognitive feedback on the strategy of collaborative 

learning. In contrast, [13] investigated the effect of explainable 

feedback on changes in learning strategies but no significant effect 

was found. A study in different knowledge domain found that im-

mediate metacognitive feedback can help students acquire better 

help-seeking skills within an intelligent tutoring system for geom-

etry. Moreover, the improved help-seeking skills transferred to 

learning new domain-level content [41]. Despite the limited re-

search on the effect of metacognitive feedback in ATF, developing 

learning strategies is crucial for  MOOC learners [44] thus we find 

it worth exploring this approach further. 

Motivational feedback is also less common and in certain systems 

it combined with other forms of feedback [7]. Studies have demon-

strated an effective use of motivational feedback, provide students 

with immediate positive feedback on completed objectives [45] or 

supportive motivational messages triggered by log data analysis 

[37]. [31] suggest a positive impact of motivational automated 

feedback on student engagement and performance in another 

knowledge domain. 

In many cases, the feedback provided by ATF systems is not uni-

dimensional and consists of more than one function, as well as a 

combination of several types of information [22]. Therefore, to in-

vestigate the impact of specific features, a comparative study is 

necessary, in which multiple versions distinctly differentiated in 

their features, are implemented simultaneously under consistent 

conditions pertaining to both the learning environment and the 

learners. With this approach and based on the proposed framework, 

we examined the impact of automated feedback features on learn-

ers' behavior patterns throughout solving code assignments. Of 

particular interest were the effects of detailed knowledge about mis-

takes (KM), hints, and example solutions (KH), as well as the 

provision of metacognitive and motivational functions which were 

less investigated. 

2.3 Sequential pattern analysis of learning be-

havior 
A variety of studies have been conducted to analyze the educational 

behaviors of students using sequence mining methods [43]. The ob-

jectives and applications of these studies vary widely, as well as the 

analytic approaches. For example, [24] conducted an analysis of 

MOOC log data of learners who completed final assessments, with 

the aim of comparing the behavioral patterns of learners with vary-

ing levels of achievement. The study employed SPM to extract 

frequencies of predefined sequences, representing engagement and 

time management behaviors. Subsequently, statistical analysis was 

performed to uncover distinctions among the groups. [23] utilized 

sequence mining techniques to identify differentially frequent pat-

terns between distinct groups of students, without predefining 

patterns of learning. By utilizing performance data, segments of 

productive and unproductive learning behaviors were identified 

and compared. [4] analyzed data of MOOC for learning program-

ming principles, to investigate study patterns exhibited by learners 
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during assessment periods and the evolution of these patterns over 

time. Sequence mining methods were applied in two approaches, 

with predefined patterns and in an unsupervised manner, to capture 

study patterns from learners’ interaction sequences.  

For more comprehensive examination, recent studies use sequence 

pattern analysis in conjunction with other EDM methods (e.g. pro-

cess mining) to identify and investigate learning tactics and 

strategies [3, 11, 25, 40] or to construct prediction models for learn-

ers’ behavior such as dropout or course completion [8]. In order to  

gain insights of the way learners utilize ATF system, [30] analyzed 

records of submitted code assignments and clustered programs with 

similar functionality. SPM was then applied to trace student pro-

gress throughout an exercise. However, the effect of feedback 

characteristics on learners’ behavior was not explored. 

3. RESEARCH QUESTIONS 
The present study aims to address the research gaps concerning the 

effect of automated feedback features in the context of MOOC for 

programming. With a data-driven approach, we employ sequence 

pattern analysis to explore and compare learners' response to vari-

ous forms of feedback, which differ in terms of feedback features: 

function, content and structure. In this regard, the following re-

search questions were posited:  

RQ1: How do feedback features affect learners' behavior patterns 

throughout solving code assignments in a MOOC for program-

ming? In particular, 

RQ2: What is the impact of feedback features on the usage of the 

various help forms? 

RQ3: What are the characteristics of utilizing hints and example 

solutions, and to what extent do they contribute to advancing the 

correct solution?  

In an implementation perspective, our research approach may pro-

vide instructors with fine-grained insights of the utilization of ATF 

tools in MOOCs for programming, in order to maximize their con-

tribution to learning. Therefore, the assessment of this approach is 

another goal of this study. 

4. METHODOLOGY 
To explore the connections between feedback features and learners’ 

response we integrated an ATF system into a MOOC for program-

ming and developed five different versions of the feedback 

provided by the system. 

4.1 The ATF system 
The integrated system is INGInious – an open-source software, 

supporting several programming languages and suitable for online 

courses (for more details see [10]). Applying static checks and run-

ning pre-defined tests for each assignment, the system provides 

immediate feedback, consists of a grade and a textual message. Er-

ror types detected are syntax errors, incorrect implementation of 

instructions, exception errors (prevent the code from being exe-

cuted) and test-failed errors, where the results do not match the 

expected ones. For each type of error in each assignment, the feed-

back can be customized in advance to include an appropriate text 

and additional objects such as hints or example solution. In the cur-

rent study, we used this configurability to explore learners’ 

behavior in response to different feedback versions.  

4.2 Feedback Versions 
Based on the framework suggested by Narciss [32], five versions 

of the ATF system were designed, each with a different feedback 

function, content and structure. We tailored the feedback for the 

various error types to reflect the differences between the versions: 

(1) The Base version (V-Base) provides the compiler message 

as-is for syntax errors. For exception and test-failed errors, the 

feedback includes a description of what should have been ex-

ecuted or output. An optional help form, which appears as 

“More details” (referred to as HMD from here on), is availa-

ble. It consists of the exact breakdown of the actual vs. 

expected outcome (Figure 1). Although this version can be 

classified as cognitive feedback [32], we consider it “cogni-

tive-light”, compared to the other versions. 

(2) The Enriched Cognitive version (V-EC) provides more 

elaborate text for each error type, offering cognitive 

knowledge. In addition to the HMD, a hint is also available 

upon request (i.e. clicking on a link). The hints are predefined 

and formulated based on common errors for each assignment 

(similar to [19]). They  guide towards the correct solution but 

are not adaptive. In case of in case of multiple requests, the 

same text is presented for the same assignment each time. 

 

 

Figure 1. An example of the interface of the ATF system (V-

Base version): the submitted code (top), the corresponding 

feedback message (middle), and the "More details" (HMD) op-

tion (bottom). 

(3) Meta-cognitive version (V-MC) – knowledge of learning 

strategies, as defined by [41], is added to the text messages of 

V-EC. To enhance help-seeking strategies, learners are 

162



encouraged to use the provided help forms and, in some cases, 

review the relevant content in the learning units. Additionally, 

after submitting a correct solution, an example solution is 

made available as a further learning strategy. 

(4) Motivational version (V-Motiv) – feedback messages in V-

EC are enhanced with positive and motivational language. 

Similar to [31], the text includes encouraging statements for 

partially correct solutions and overall motivating phrases. 

(5) Example solution version (V-ES) - provides an option to 

view an example solution immediately following the initial at-

tempt on an assignment, in addition to HMD and hints (Figure 

2). Unlike other studies that recommend solutions for the next 

step or a similar assignment (e.g. [36, 47]), V-ES offers a com-

plete solution for the current assignment. 

Table 1 summarizes the functions and structures of the various ver-

sions and provides an example of the text presented. 

 

Table 1. Function and structure of the five feedback versions 

 

Figure 2. Enriched cognitive feedback with HMD, hint and ex-

ample solution options, V-ES version. 

4.3 Research Field and data set 
Our research field is a MOOC for learning the Python programming 

language, which is offered on an Edx-based platform. The course 

covers a range of topics organized into nine units, from the very 

basics of Python to the use of data structures, file manipulation, and 

functions. The course contains 29 video lectures, 39 exercises, and 

53 code assignments, which are of varying levels of difficulty. It 

follows a self-paced learning mode, with all course materials avail-

able at once and no set deadlines. It is offered free of charge, 

although a certificate can be earned for a small fee. Learners inter-

ested must, in addition to paying the fee, complete 70% of the 

closed exercises and submit a concluding project. 

The INGInious ATF system with the five feedback versions was 

incorporated into the course schedule between January to July 

2022. It was incorporated as an external tool and configured to al-

low for unlimited submissions, aligning with MOOC learning 

concepts [35]. The cohort-mechanism embedded in the Edx plat-

form was utilized to randomly assign learners enrolled in the course 

to one of five groups, each of which had access to a different feed-

back version. The allocation was carried out during registration and 

was fixed for the duration of the course, thus precluding any trans-

fer between groups and ensuring that each learner was exposed 

exclusively to a single version of feedback. 

The usage of the ATF system was voluntary. Of 16,602 enrollees, 

2206 learners (13.3%) chose to register and use the system. De-

mographics provided by 75% of these learners, with 28% female, 

71.5% male, and 0.5% “other”. The age range varied from less than 

11 years old to over 75 years old, with 11.17% under the age of 18, 

the majority (69.41%) between the ages of 18 to 34, and 19.42% 

above 34 years old. 58.7% had no prior knowledge in program-

ming, 29.3% had knowledge in other programming languages, and 

12% had prior knowledge in Python. A chi-squared test confirmed 

equal variance of gender, age and prior knowledge among the five 

experimental groups of the ATF users.  

Data resources consist of ATF log files, including 165,282 submis-

sion records and 57,556 records of clicks on help forms offered in 

the various feedback versions (“help-clicks”). In this study, we an-

alyzed a subset of the data, which only includes the actions of the 

learners when solving the four assignments in Unit 4 (11,519 sub-

mission and 8,769 help-clicks records). The research was 

conducted under the rules of ethics, while protecting privacy and 

maintaining the security of information, and in accordance with the 

approval of the university ethics committee. 

Version 

and  

function 

Optional 

help 

forms   

Examples of feedback text  

message (for test-failed errors) 

and hints 

V-Base 

 

Cognitive 

“light” 

HMD The program run was terminated 

but the expected output (…) wasn’t 

printed or was printed but not in 

the correct place. 

V-EC 

 

Cognitive 

 

 

HMD, 

hints 

In addition to the text of V-Base: 

The tested case is.. 

The reason for the error may be.. 

or..  

Did you check…?  

Are the prints ordered correctly? 

An example of a hint: 

The input includes two types. Use 

if, else or elif to separate the input 

into two types (e.g. float/int or  

upper/lower case) and then run the 

appropriate conversion function. 

V-MC 

 

Cognitive 

+ Meta-

Cognitive 

HMD, 

 hints,  

example  

solution  

(Only after 

a correct 

 solution) 

In addition to the text of V-EC: 

Use “More details” to check the 

received output. 

 

Hints are the same as for V-EC. 

V-Motiv 

 

Cognitive 

+  

Motiva-

tional 

HMD, 

hints 

In addition to the text of V-EC, if 

some case tests run correctly:  

The program has shown to be  

successful in some test cases, 

 indicating that you are headed in 

the right direction. 

Great job, you're making progress! 

Keep working on making the  

solution compatible with all input 

types and resubmit. 

 

Hints are the same as for V-EC 

V-ES 

 

Cognitive 

HMD, 

hints,  

example 

solution 

Text messages and hints are the 

same as for V-EC 
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4.4 Analytic approach to detect patterns of 

learning behavior 
To explore learning behavior in fine-grained manner we utilized 

SPM, analyzing patterns of actions taken by learners throughout 

solving code assignments. Based on variables gathered from the se-

quence analysis, statistical tests were conducted to compare 

between the five experimental groups. 

The method we applied to identify sequence patterns is similar to 

those described in previous studies [11, 43] (Figure 3). First, raw 

data of submission and help-click records for each learner were ex-

tracted and merged, based on assignment id and time stamps (1). 

Using a list of action codes, composed to represent learner actions 

(detailed below), we generated the action-event log (2). The explor-

atory sequence analysis implemented in the TraMineR package of 

R [15] was then utilized (3) to produce sequences of actions for 

each assignment and learner, as well as compute transition proba-

bility matrices and uncover characteristics of learning paths. 

Finally, we visualized and compared behavior patterns, using the 

five experimental groups as designated clusters (4). 

4.4.1  Response Actions and definitions 
Upon receiving feedback, a learner may resubmit a revised solu-

tion, use help, or waive the assignment without making any further 

submissions. To identify the differences between consecutive sub-

missions, the “resubmitting” action is represented by several 

specific actions, based on error-types detected by the ATF system 

(section 4.1). The response-action list used for sequence analysis is 

described in Table 2. 

4.4.2 Sequence processing 
The action-event log, produced by converting the raw submission 

data, was transformed into sequences of actions for each assign-

ment and each learner attempted. Sequences of length 1 (one 

submission to the assignment) were removed, having no evidence 

of feedback effect. The same applied to sequences including only 

repeated SUC actions.  

Repeated identical actions of opening a hint or an example solution 

(HACL or HES) have been replaced with a single action, since the  

 

 

hints and example solution are fixed (for each assignment). To ob-

tain a more representative dataset, very long sequences (higher than 

the 95th quantile) were removed. The response time for resubmis-

sion, defined as the period of time between consecutive 

submissions, was calculated for each pair of submissions. Response 

time longer than IDLE TIME (determined as 10 minutes) were re-

placed with IDLE TIME value. 

Table 2. Response-action codes and definitions 

Action 

type 

Action 

code 
Description 

Submitting 

Actions 

 

SUC A correct solution. 

EUC Code with syntax error. 

EIN Code with instructions mismatch 

EEX 
Code with exception for all test cases 

(can’t be executed). 

ETS 
Code that fails in some/all cases (the 

results differ from the expected ones)  

ETS-

EX 

Code with a mix of exceptions and 

test-failed errors 

Help usage  

actions 

(help-

clicks) 

HMD Clicking on “More details”. 

HACL Clicking on “hint” 

HES 
Clicking to open the example solu-

tion. 

“Fake” 
actions 

Fsub, 

Lsub 

First and last actions in sequence, 

added for visualization 

 

4.4.3 Sequence analysis 
A typical sequence consists of code-submission actions and help-

usage actions (Figure 4). To explore the behavior patterns of learn-

ers, we analyzed the produced sequences from two perspectives: 

(1) The frequency of a specific action or a group of actions within 

the entire actions performed by a group of learners (e.g. the fre-

quency of help-clicks in sequences 6-7 is 0.42) and (2) The 

percentage of learners who performed a specific action or sub-

Figure 3. Analytic approach to uncover learning patterns and compare the response to feedback among experimental groups.  
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sequence of actions out of a group of learners (e.g. 29% of learners 

performed the EEX action (two out of seven)). This measure is the 

support of a pattern of actions. 

 

Figure 4. Example of sequences produced, representing the ac-

tions taken by learners when solving an assignment (each 

sequence represents the actions of a single learner). 

5. RESULTS 
In order to assess the effect of the feedback characteristics and eval-

uate the usability of our approach, we applied it to analyze the data 

of learners' interactions with the ATF system while completing four 

assignments in unit 4 of the course. These assignments are rela-

tively homogeneous in terms of difficulty level and distribution of 

common error types, with a sufficient number of learners in each 

group who submitted more than once (a total of 567 learners and 

over 20,000 submission and help-click records). Data was analyzed 

for each assignment separately and for all four assignments to-

gether. We used non-parametric Kruskal-Wallis and Dunn tests to 

compare the relevant variables between groups, as the assumptions 

for one-way ANOVA were not met [6]. The reported p-values ad-

justed with the Bonferroni method. 

5.1 RQ1: The Effect of Feedback Features 

on Learning Patterns 
The analysis of learners' sequence of actions revealed significant 

differences in patterns between some of the experimental groups, 

as well as similarities among others. The average number of actions 

performed by learners (in all four assignments), represented by 

mean sequence length, was higher for groups V-MC and V-EC and 

lower for V-ES and V-BASE (Table 3).  

Table 3. Sequence characteristics: length, time between actions  

and total duration (minutes). Higher values in red, lower values 

in blue. 

 

The time intervals between actions, which may indicate the time 

spent processing feedback and revising the solution, were found to 

be longer, on average, for learners in V-EC and V-Motiv groups 

and shorter for learners in V-ES group. Additionally, the mean du-

ration from first to last action in the sequence, representing time 

spent on the assignment, was highest among V-EC learners and 

lowest among V-ES learners. The distribution of the actions related 

to submitting assignments was consistent among all groups, as in-

dicated by similar frequencies of EUC, EEX, ETS and ETS-EX 

detected in submissions. The percentage of learners who reached 

the correct solution, measured by the frequency of SUC action, was 

similar as well, and close to 100%. Thus, no difference was found 

regarding the score on assignments. 

5.2 RQ2: The Impact of Feedback Features 

on the Usage of the Help Forms 
Differences were observed between the groups in terms of help-

usage actions. The variety of help forms offered to each group af-

fected the overall use of help, as shown in Figure 5. With 0.34 of 

help-usage actions out of all actions, learners in the V-ES group 

used help more frequently compared to learners in the other groups 

(ꭙ2(4) = 24.78, p<.001). V-Base showed the lowest usage of help, 

with 0.25 (only HMD in this case). Learners in V-EC and V-Motiv 

groups showed similar behavior in this manner, with 0.28 of help-

use actions.  

 

Figure 5. Frequency of help-usage actions performed by learn-

ers in each group 

V-MC group utilized HES in 0.07 of actions but only after submit-

ting a correct solution. Thus, their pattern of help-usage while 

attempting seems to be at medium level as well (0.29). Neverthe-

less, if we exclude these HES actions, the proportion of HMD 

actions during the solving process (before a correct solution is sub-

mitted) becomes 0.25, and the overall help usage of the V-MC 

group rises to 0.31. Although these adjusted values have not been 

found to be statistically significant, they suggest that learners in V-

MC group tended to utilize the available help options (before sub-

mitting a correct solution) more frequently compared to V-EC and 

V-Motiv learners. 

Upon further analysis, additional differences were found regarding 

the use of HMD, which is available in all versions in response to 

incorrect submissions. The likelihood of learners for this pattern of 

help seeking following EEX action reflects in the percentage of se-

quences containing the subsequence EEX-HMD at least once 

(Figure 6). The highest percent was found for V-MC group with 

76% and the lowest for V-ES, with 43% (chi-squared independ-

ence, ꭙ2(4) = 14.664, p<.01). The Pearson standardized residuals 

Version  

(learners in 

group) 

Sequence 

Length 

Mean (SD) 

Time between 

actions,  

Mean (SD) 

Time on 

Assign.,  

Mean (SD) 

V-Base (95) 10 (6.65) 1 1.33 (0.91) 14.18 (13.5) 

V-EC (112) 12.6 (7.92) 2 1.40 (0.74) 3 18.37 (14.74) 

V-MC (116) 12.8 (8.45) 2 1.31 (0.75) 17.45 (14.75) 4 

V-Motiv 
(121) 

11.2 (8.81) 2 1.44 (0.82) 3 17.08 (14.84) 4 

V-ES (123) 9.51 (6.65) 1 1.23 (0.79) 12.4 (11.30) 

Kruskal- 

Wallis 

ꭙ2(4) = 299.03 

p<.001 

ꭙ2(4) = 141.34 

p<.001 

ꭙ2(4) = 337.62 

p<.001 
1 no significant diff. between V-Base and V-ES 
2 no significant diff. between V-EC, V-MC and V-Motiv 
3 no significant diff. between V-EC and V-Motiv 
4 no significant diff. between V-EC and V-Motiv 
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obtained (for using the HMD) are 2.39 for V-MC and -3.38 for V-

ES. That is, learners provided with the metacognitive version re-

sponded to the explicit suggestion to use HMD after an exception 

error, as a learning strategy. 

 

Figure 6. HMD usage after EEX (HMD-EEX proportional fre-

quency) 

Notably, the V-Base group showed close value of 69%, which is 

expected as HMD is the only help form provided in this version. A 

similar finding was obtained for the ETS-HMD sequence. The 

learners in the V-ES group were less likely to use HMD compared 

to the other groups while V-EC and V-Motiv groups exhibited com-

parable behavior. 

5.3 RQ3: Patterns of Utilizing the Example 

Solutions and Hints 
Calculating the probability matrix for transitions between states of 

each group allowed for detailed tracking of the use of help forms. 

The example solution, as an aid to reach a correct solution, was 

offered only to learners in the V-ES group and was available right 

after the first submission attempt for an assignment. Approximately 

75% of learners in this group utilized this form of help. Analysis of 

their action sequences revealed that the probability of transitioning 

to HES from one of the error states (EEX, ETS, ESTEX or EUC) 

was only about 0.34. This suggests that learners often first at-

tempted to utilize other available forms of help, such as HMD or 

HACL, before turning to the example solution for assistance (Fig-

ure 7). After utilizing the example, the probability of resubmitting 

an incorrect code, signifying a transition from HES to one of the 

error states, was 0.31 (Figure 8). This outcome implies that in about 

one third of cases learners did not copy-paste the solution but tried 

to solve themselves. The likelihood of learners resubmitting a cor-

rect solution (i.e., transitioning from HES to SUC) was calculated 

to be 0.34, whereas the probability of seeking additional help (tran-

sitioning to HMD or HACL) was found to be 0.13. Only 0.22 of the 

cases resulted in learners choosing to waive and not resubmit. 

Taken together, these findings suggest that the availability of the 

example solution did not discourage learners in V-ES from trying 

to solve the assignment independently.  

For V-EC learners, the example solution was offered as a mean of 

further learning, only becoming available after they submitted a 

correct solution. Therefore, it should not be considered as an aid to 

facilitate assignment completion. Approximately 58% of the learn-

ers in V-EC group chose to open the provided example. 

 

Figure 7. Transition probabilities for V-ES group. On edges: 

probability of transition to an action state (in particular, before 

opening HES). Probabilities less than 0.05 were omitted. Rates 

for HES are encircled and colored with the color of the “origin” 

state. 

 

Figure 8. Transition probabilities for V-ES group. On edges: 

probability of transition from an action state (i.e. after opening 

HES). Probabilities less than 0.05 were omitted. Rates for HES 

are encircled and colored with the color of the “target” state. 

The hint was provided to all groups of learners except V-Base. A 

quit low probability of 0.08 – 0.11 (with average of 0.09) was found 

for transitioning from EEX, ETS or ETSEX error-states to HACL, 

compared to 0.45-0.54 from any error-state to HMD (Figure 9).  

Furthermore, the probability the probability of transitioning to an-

other form of help, either HMD or HES, after HACL, was found to 

be 0.39 on average. In contrast, the probability to submit a correct 

solution in the subsequent attempt following HACL was only 0.14, 

compared to 0.29 and 0.24 after HES and HMD, respectively. 

These findings indicate that the hint was less frequently requested 

and had a smaller impact on progress towards solving the assign-

ments. 
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Figure 9. Transition probabilities to and from HACL, indicat-

ing low demand and low contribution. 

6. DISCUSSION 
In this empirical study, we implemented sequence pattern analysis 

to investigate the effects of automated feedback characteristics on 

the behavior patterns of learners, throughout solving code assign-

ments within a MOOC for programming. For this purpose, five 

versions of ATF system were constructed, based on an initial ver-

sion and distinctly differentiated by feedback function, message 

formulation, and help forms provided. Our analytic approach in-

volved composing an “alphabet” of actions taken by learners, 

building learning paths and applying sequential pattern mining. 

Statistical tests were conducted to compare experimental groups.  

Exploring learning paths revealed that integrating additional help 

resources to the feedback, in the form of hints and example solu-

tion, led to learners being more engaged in solving assignments by 

utilizing these helps. However, most learners in all the experi-

mental groups persisted in submission attempts until arriving at the 

correct solution, leading to a “ceiling effect” on the achieved scores 

(which happens when a large percentage of observations score near 

the maximum grade on an assignment [28]). Here, the MOOC 

learning environment, characterized by unlimited attempts and the 

absence of knowledge evaluations, precludes an assessment of the 

impact of feedback structure on the level of knowledge acquisition.  

The analysis did not reveal any significant impact of the motiva-

tional feedback, as the behavior of the learners in V-Motiv group 

was not distinct from that of learners provided with the enriched 

cognitive feedback (V-EC). As proposed by [27], motivational 

feedback may potentially have additional effects, such as on atti-

tude and interest, but we did not collect data on these factors in the 

our study. Thus, among the findings of the current research, we 

would like to highlight learning behavior patterns exhibited by the 

group provided with metacognitive version (V-MC) and the group 

provided with the example solution version (V-ES), as the impact 

of  these versions of feedback worth further investigation. 

The metacognitive feedback is functioned to support learning 

through knowledge of learning strategies. In our design, the meta-

cognitive version incorporates the strategies of help seeking and 

further learning through an example solution. Results suggest that 

to some extent, learners adopted both of these strategies. The en-

couragement to seek for more details about the error (HMD option) 

seems to affect V-MC learners towards utilizing it more often, com-

pared to the other groups provided with the same help forms (i.e. 

V-EC and V-Motiv). It is worth noting that the instructions for us-

ing the ATF system, which were read by all learners prior to 

starting, include a general statement about the benefits of HMD. 

Thus, it is suggested the observed impact was made by the feed-

back, given during problem solving. Our findings support previous 

study, which identified a similar impact of metacognitive feedback 

on help-seeking behaviors, even with a long-term effect [41]. The 

importance of effective help-seeking in MOOCs and its association 

with better performance [26] highlight the potential positive contri-

bution of metacognitive feedback to the learning process.  

In addition, over half of the learners in the V-MC group utilized the 

example solution after submitting a correct code. This strategy has 

the potential to be an effective way of learning, as previously es-

tablished by research [17]. [36] observed a similar engagement of 

students in an online course with solutions to code assignments they 

had already completed. Nevertheless, the motivation behind this 

behavior was based on prompts provided by the instructors. The 

ability to motivate learners in MOOCs to engage in “extra-learn-

ing“ strategy through automated feedback, without requiring 

instructor involvement or summative assessment, is promising. 

The learners in the group provided with example-solution version 

(V-ES) exhibited the most distinctive learning behavior. As ex-

pected, a majority of the learners in this group utilized the provided 

example solution, thereby reducing the time spent on assignments. 

Although they have made use of the other forms of help, it was to 

a lesser extent in comparison to the other groups. This finding is 

consistent with previous research, which has determined that a so-

lution example is perceived by students as valuable, even more so 

than alternative forms of feedback [38].  

However, the use of the provided example did not result in "help 

abuse" and did not discourage learners from attempting to inde-

pendently tackle code writing. The learning path of most learners 

indicates efforts to solve the assignments (by utilizing other forms 

of help) before resorting to opening the solution. This behavior pat-

tern is desirable, as research suggests that novice learners may 

benefit from actively engaging in solution attempts before they can 

make sense of given example [42]. Additionally, after utilizing the 

example, many learners did not demonstrate a pattern of copy-paste 

the solution, but continued to attempt the assignment, although 

fewer submissions were necessary to arrive at the correct solution. 

Nevertheless, providing the entire solution for a given assignment 

as a feedback form is an understudied area, in contrast to step-by-

step examples (e.g., [49], [47]). Further research is necessary to ex-

amine its effectiveness and to better understand learners’ 

perception of this type of feedback within the MOOC context. 

The sequence analysis methods we applied facilitated a thorough 

examination of learners' utilization of the various help forms. The 

results indicate that the HMD was the predominant form of help, 

even when other forms of help such as hints or example solution 

were available. This finding suggests that KCR feedback, which 

includes only information about correctness and expected results, 

was not satisfying. Instead, learners sought for supplementary in-

formation. Previous studies support this finding by reporting of 

higher satisfaction exhibited by learners when provided with more 

detailed feedback for code errors [14]. On the other hand, [20] did 

not detect different attitudes of learners towards elaborated feed-

back, despite its demonstrated impact in improving performance. 

Additionally, unlike the study conducted by [48], our results  do not 

provide any evidence of a connections between the use of elabo-

rated feedback and increased engagement, as measured by the 

amount of time spent on completing assignments. 

In line with the study of [20], hints were found as less prevalent 

form of help, as well as less effective, in comparison to HMD and 

example solution. One possible explanation is that the feedback 
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consists of HMD is adaptive and tailored to the specific error de-

tected, while hints in the implemented ATF are fixed and do not 

vary according to the submitted code. As a result, the feedback 

comprises HMD is geared towards rectifying identified errors, for 

the purpose of debugging, while the hints direct more to inquiring 

knowledge of concepts and found to be less useful by learners. 

Studies of learning environments with data-driven hints have 

showed different results, suggesting the use of hints shorten the 

time learners spent on task while achieving the same performance 

[38]. However, systems that include this type of support are more 

complex and creating the hints may be time-consuming for instruc-

tors [21]. Further study of the impact of hints’ adaptivity on the 

extent of usage and effectiveness within MOOCs for programming 

is required to justify the investment of effort. 

Our research approach allowed us to explore the learning behavior 

of students at a high resolution, identify patterns that were not ob-

served with other tools, and compare between the experimental 

groups. However, we faced some challenges in utilizing this 

method. One of them was the significant computational time re-

quired to run multiple functions, such as searching for the most 

frequent sequences in each group, due to the relatively large num-

ber of learners and actions per sequence. 

7. LIMITATIONS  
Some limitations of this study need to be considered. First, data 

were collected in an authentic learning environment with low con-

trol on research setting and no indications of learners’ behavior 

outside the course environment. In particular, other interpreters or 

automated feedback tools may be utilized to solve code assign-

ments. The random assignment of learners to research groups may 

ensure equal tendency towards the use of such external tools, how-

ever, it has not been empirically validated. 

Another limitation of this study is the narrow scope of the data anal-

ysis, which is restricted to four assignments that possess specific 

characteristics in terms of difficulty level and learning context. 

Feedback effects may vary with assignment features [32], there-

fore, generalizing the results of this study to diverse types of 

assignments should be approached with caution. Similarly, it would 

be beneficial to consider the features of the ATF system, such as 

the user interface and the manner in which various forms of help 

are presented (e.g. location on the screen or colors), as these factors 

may also have an impact on learners' interaction with feedback.  

The method of SPM applied in this study had several shortcomings. 

Our approach involves predefining sequences of activities that rep-

resent behavioral patterns, and then analyzing their frequencies for 

each group. However, this method may not capture all significant 

differentiating patterns. An alternative approach, such as automati-

cally capturing learning patterns from learners’ interaction 

sequences, could potentially yield more informative findings that 

are relevant to the research questions. Additionally, the SPM 

method does not support the identification of start-to-end paths and 

thus the comparison between the experimental groups in terms of 

the entire process of solving the assignments was not allowed. A 

possible way to address the gap is to combine our method with pro-

cess mining techniques, specifically Local Process Mining, 

suggested by [9], which may prove to be more compatible in the 

context of a single or group of assignments. 

8. CONCLUSIONS AND FUTURE RE-

SEARCH 
The comparison of feedback versions in this empirical study adds 

to the research literature knowledge about the impact of different 

feedback characteristics, specifically in the context of MOOCs for 

programming. Significant results for our opinion, relevant to learn-

ing in MOOCs are (1) the possibility to influence learning strategies 

through targeted feedback function and (2) the indication for the 

deliberate use of example solutions by learners without negatively 

affecting their motivation to practice writing code themselves. 

These findings have implications for instructors in MOOCs, as they 

can use these insights to adjust the feedback provided in ATF sys-

tems to enhance support for MOOC learners. For example, to 

effectively encourage the use of additional help-seeking strategies 

such as consulting a discussion forum, or to provide additional ex-

amples of isomorphic assignments.  

The data-driven approach can mitigate the gap of remote teaching 

and facilitate a process of on-going revising the automated feed-

back, by assessing the impact of changes and add-ons. Furthermore, 

instructors may detect problems within the assignments, by identi-

fying, for example, patterns of repeated errors or high rates of 

waiving, and take steps to address these issues.  

In conclusion, this study was focused on investigating the impact 

of feedback on learners' performance within the context of code as-

signments. A potential avenue for future research is to expand on 

this analysis and gain a more comprehensive understanding of the 

relationship between feedback characteristics and learning behav-

ior. Such research may incorporate a combination of sequence and 

process mining methods to examine the entirety of the learners' en-

gagement within the MOOC, including their interactions with 

course content (e.g., videos and comprehension exercises), through 

a compatible framework as previously proposed by [16].  

With the increasing demand for programming skills in today's job 

market, MOOCs for programming have become an important tool 

for individuals looking to advance their careers or gain new ones,  

providing equal opportunities for programming education to a di-

verse audience. In addition, MOOCs are a valuable pedagogical 

supplement for instructors who seek to enhance their curriculum or 

provide supplementary resources for their students. We posit that 

this study, along with additional data-driven research in this do-

main, has the potential to foster the development of efficient ATF 

systems that promote learning in programming MOOCs, and con-

sequently, enhance the success rate of a larger number of learners 

in these courses. 
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