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ABSTRACT 
The challenge of learning programming in a MOOC is twofold: ac-

quiring programming skills and learning online, independently. 

Automated testing and feedback systems, often offered in program-

ming courses, may scaffold MOOC learners by providing 

immediate feedback and unlimited re-submissions of code assign-

ments. However, research still lacks empirical evidence of their 

effect on learning behavior of MOOC learners, with diverse back-

grounds and goals. Addressing this gap, we investigated the 

connections between the use of automated feedback system and 

learning behavior measures, relevant for MOOCs: engagement, 

persistence and performance. Further, two subjective measures of 

success are examined: sense of learning and intention fulfilment. In 

an experimental design, we analyzed data of active learners in a 

Python programming MOOC (N=4652), comparing an experi-

mental group provided with automated feedback with a control 

group that did not. In examining the effect of automated feedback, 

prior knowledge of programming and Python was considered. Em-

pirical evidence was found for the relation between automated 

feedback usage and a higher engagement and better performance, 

as well as higher attendance in "active watchers" and "high-per-

formed completers" clusters, obtained by cluster analysis. Learners 

reports on their experience with the automated feedback system 

supported these findings. Regarding the subjective measures of 

success, however, no difference was found between groups. Our 

study and the offered future research may contribute to the consid-

erations regarding the integration of automated feedback in 

MOOCs for programming. 
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1. INTRODUCTION 
Massive Open Online Courses (MOOCs) for programming have 

the potential to teach programming to a broad and diverse audience   

[28]. The high demand for computer professionals and labor market 

needs have led to an abundance of courses, with large numbers of 

enrolees [25]. However, many learners struggle in these courses. 

Learning programming is challenging, but MOOC learners face ad-

ditional difficulties, as they have to self-regulate their learning 

(SRL) and to cope with course content almost without the assis-

tance of instructors [11]. The provision of feedback may assist 

learners with these challenges. Feedback is considered essential in 

online learning, both as formative assessment, promoting learning 

and increasing learner engagement and as an acceleration of the 

SRL process [16]. 

In programming courses, the practice of writing and running code 

is the basis for acquiring software developing skills [5, 48]. An im-

mediate, detailed and accurate feedback makes practice more 

effective and may significantly improve learning [38, 40]. But in 

large scale courses, and especially in MOOCs, instructors cannot 

provide feedback on each submission [15]. Automated testing and 

feedback (ATF) systems address the need, allowing an unlimited 

number of learners and submissions [22]. Upon uploading a solu-

tion to the system, the learner receives immediate feedback and is 

given the option to resubmit a revised code, to complete the learn-

ing process. Feedback may address syntax errors, the correctness 

of results, the efficiency of the code and whether it fulfils instruc-

tions accurately [13, 48]. It can consist of basic feedback, including 

only correct/incorrect information or presenting the correct answer, 

or a detailed feedback, suggesting possible causes of error and hints 

for the solution [22, 44]. 

ATF systems were developed decades ago, and today there is a va-

riety of tools and systems employing diverse technologies and 

methods for testing and generating feedback [9, 22, 37]. Previous 

research suggested that incorporating an ATF system into a pro-

gramming course improves affective measures, such as satisfaction 

and sense of learning [4, 6]. The automated feedback is perceived 

by learners as enhancing learning as well as contributing to moti-

vation and engagement [2, 32, 37]. Results regarding the system's 

impact on performance, however, were not conclusive (e.g. [7, 13, 

14]).  

Yet, most studies in the field of ATF have only focused on frontal 

courses, or online courses offered as part of an academic curricu-

lum. Students in these courses have extensive interaction with the 

faculty, which enhances their learning [36, 42] and might "over-

shadow" the impact of automated feedback on learning outcome 

[15]. In MOOCs, ATF system may have a different effect. Further-

more, the diverse goals and intentions of MOOC learners may 

affect their learning behavior and performance [24, 29], and conse-

quently the impact of automated feedback [34].   

To gain the full potential of ATF in MOOCs, empirical research 

needs to be conducted in order to better understand the impact of 

automated feedback on learning behavior and outcomes. Yet, em-

pirical research in this field is still lacking [1]. With the aim of 

addressing the gap, this study set out to investigate the connections 

between automated feedback usage and learners’ learning behavior 

and outcomes, in MOOCs for programming.  

It is now well established from a variety of studies that the relevant 

measures for learning behavior in MOOCs are engagement (meas-

ured through learning activity), persistence and performance [18, 
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20, 24, 51]. Additional success measures refer to learners’ percep-

tion of achieved knowledge levels and intention fulfilment [17, 39]. 

Hence, the research questions we posed are as follows: 

RQ1: What are the differences, if any, in engagement, persistence, 

and performance between ATF users and not-users? 

RQ2: Is there any difference in learners’ perceptions of achieved 

knowledge levels and intention fulfilment between ATF users and 

not-users? 

Previous studies suggested that prior knowledge, related to the 

course content, may influence learning behavior and the impact of 

automated feedback [28, 33, 46]. Therefore, the investigated learn-

ing behavior measures were analysed with prior knowledge as a 

covariate. 

Using a quantitative method and learning analytics approach, we 

compared data of two groups of learners in a Python programming 

MOOC incorporating ATF system: An experimental group who 

was given feedback on the code assignments by using the system, 

and a control group who did not. Collecting data from the course 

and system logs, cluster analysis was applied to identify and com-

pare learning behavior patterns. Subjective success measures were 

compared based on learners' self-report data. 

2. RELATED WORK 

2.1 Measures of learning behavior in MOOCs 
Previous research has established that given the heterogeneity of 

learners in MOOC, the appropriate measures of learning outcomes 

differ from those of formal education context [10, 24]. The most 

commonly used indicator to measure learning outcomes in MOOCs 

is learning engagement, measured by the number of lecture videos 

watched, the number of posts to forums, the number of quizzes 

taken, and the number of tasks completed [20, 52]. Another com-

mon measure is persistence, as measured by the learner's 

determination to complete tasks and the achieved degree of pro-

gress. The relevant measures are therefore the number of attempts 

to solve course exercises, the number of learning units that were 

studied (watching video or attempt to solve an exercise) as well as 

the most advanced unit that was studied [10, 20]. Learner’s perfor-

mance in the course is often measured by the scores on the exercises 

and assignments [18, 47]. 

Several studies applied cluster analysis to identify learning behav-

ioral patterns and classified learner’ groups by similar learning 

characteristics. A key study, establishing the main characteristics 

of MOOC learners, suggested four identified groups: completers 

(students who completed most assignments), auditing (students 

who did few-to-no assignments but engaged in watching videos), 

disengaging (students who did assignments early in the course, but 

later stopped participating), and sampling (students who watched 

videos only in the beginning of the course) [24]. A similar research 

described 3 groups of MOOC learners as: (1) active engaged (those 

who submit assignments and were actively involved in forums); (2) 

passive engaged (those who watch video or show passive involve-

ment in forums); and (3) disengaged (learners whose activity 

decreased throughout the course) [41]. Recently, a study investi-

gated learners' interactions with video, exercises and discussion 

forums, identifying seven patterns of learners’ behavior: tasters, 

downloaders, disengagers, offline engagers, online engagers, and 

two patterns characterized by moderate and high social engagement 

[21]. The variables used to derive these patterns were the number 

of videos watched, in-video questions answered, exercises and as-

signments submitted, thread views and activity in the discussion 

forums. 

Considering the suggested measures of learning behavior in 

MOOCs, in the current study we first applied cluster analysis to 

identified groups of learners who behaved similarly and then inves-

tigated the connections between behavior patterns and ATF usage. 

2.2 Subjective measures of success in MOOCs 
A variety of reasons motivate learners to enroll in MOOCs [29], 

with a variety of learning outcomes to expect [39]. Thus, it has been 

proposed that the success of learning in MOOCs should be evalu-

ated through learner-centered measures. One suggested criterion is 

fulfillment of learner intentions [17]. In research conducting self-

reported surveys, learners' intention fulfillment was found to be 

correlated with their engagement in course activities [39]. “Sense 

of learning” or “sense of achievement” , representing the perceived 

increase of knowledge, is another criterion for successive learning, 

being in use in previous studies to measure learning success and 

outcomes in MOOCs [30, 49, 51].  

2.3 The effect of ATF in MOOCs on learning 
In the context of MOOCs for programming, only a few studies have 

examined the impact of automated feedback, provided on code as-

signment, on learning behavior and outcomes. Regarding the 

aforementioned affective measures, several studies noted that auto-

mated feedback was perceived by learners as improving 

performance, increasing engagement and having a positive impact 

on learning strategies [8, 27]. An interesting study suggested that 

learners who “committed” by formal registration to use an ATF 

system in MOOC for programming were more engaged in solving 

code assignments, in compared with those who used it only par-

tially, without registration [12]. Recent study came up with similar 

results [43]. No effect of using the system was found, however, re-

garding performance and course completion rates.  

Most studies on automated feedback propose advanced algorithms 

and new approaches to improve error detection and feedback accu-

racy, but do not evaluate its effectiveness as a learning tool [31, 45, 

50]. Several research reports on future intention to evaluate the im-

pact of the examined ATF system on learning outcomes, yet to be 

done [5, 25]. Others suggest factors to consider while choosing or 

developing ATF systems for MOOCs, but no empirical results are 

provided [48]. 

Overall, there seems to be some evidence to indicate that automated 

feedback has the potential to support learners and enhance learning 

success in MOOCs for programming. The findings of the current 

study contribute to empirically based knowledge in this area. 

3. METHOD 

3.1 Course and ATF system 
To answer research questions, we conducted an experiment in 

MOOC to learn the Python programming language, offered on Edx-

based platform for MOOCs. The course consists of nine learning 

units, each of which includes content videos with comprehension 

questions, closed exercises (such as multiple-choice questions), and 

code-writing assignments. Answering the closed exercises is fol-

lowed by feedback (correct/incorrect and an explanation).  

The ATF system integrated in the course is INGInious - an open-

source software, suitable for online programming courses, provid-

ing grades and textual feedback for code assignments (for more 

details on INGInious, see [19]). The system was incorporated into 

the course as an external tool, and registration was necessary for 

access. It was configured to allow unlimited submission of solu-

tions. The textual messages provided as part of the feedback were 

adapted to the code assignments, containing different levels of 



feedback according to error-type (e.g. correct / incorrect, expected 

correct answer or more elaborated feedback), as classified by [44]. 

3.2 Experimental design 
Using the cohort-mechanism embedded in Edx platform, we ran-

domly divided the learners enrolled for the course into control 

group (control-g) and experimental group (atf-g). Learners in the 

experimental group gained access to the ATF system. Those who 

chose to use it uploaded solutions for the code assignments, re-

ceived feedback, and then were able to resubmit revised solutions. 

In the current experimental set, however, it was not possible to get 

information about how the learners in the control group solved the 

code assignments. 

3.3 Data resources and definitions of 

measures 
Research questions were answered by gathering data from different 

sources and harvesting measures to be compared. Definitions of re-

search variables are provided in this section. 

1) Demographics and prior knowledge (PK) in programming and 

Python obtained by pre-course questionnaire. To avoid sub-

jective assessment, PK was defined in a Boolean manner 

(there is / there is no PK). From learners’ responses we derived 

three PK categories: None, Programming (other language), 

Python [3]. 

2) Learning behavior data, consists of engagement, persistence 

and performance, obtained from course event logs (table 1). 

As we do not have information regarding the number of code 

assignments solved by learners who did not use the ATF sys-

tem (control group and learners in atf-g who chose not to use 

the system), it was not defined as a measure of activity.  

3) Log files of the ATF system, which contain information on 

submitted solutions, were analyzed to assess the use of auto-

mated feedback (relevant only to the experimental group). 

4) Subjective measures were collected from the "learning expe-

rience" questionnaire, completed by learners at the end of 

learning. "Sense of learning" refers to the learner's evaluation 

of the level of knowledge achieved at the end of learning pro-

cess. Learners were asked to choose one of four statements, 

representing four levels of knowledge. Intention fulfilment de-

fined as one of three values (Yes / Partially / No). 

5) Learners in the experimental group were asked to answer two 

additional questions regarding their perception of how the use 

of the system affected their engagement (Likert scale 1-5): 

"The system contributed to the motivation to complete more 

tasks in the course", “The option to correct my solution and 

resubmit prompted me to make an effort for a higher score”. 

The obtained responses were used as supportive data to the 

results of the comparison between the two research groups. 

The research was conducted under the rules of ethics, while pro-

tecting privacy and maintaining the security of information, and in 

accordance with the approval of the university ethics committee. 

3.4 Research population 
The study was conducted in the second half of 2021. Following the 

screening of non-active enrollees and learners who did not provide 

information about prior knowledge, N=4652 learners were included 

for our final study population, 15.6% (724) of which in the experi-

mental group (hereinafter: atf-g) and 84.4% (3928) in the control 

group (hereinafter: control-g). The imbalance between the research 

groups was caused by technical reasons, as the system was inte-

grated for the first time during the course cycle in which the study 

was conducted. To ensure that none of this affected the results, all 

Table  1 : Learning behavior calculated measures 

 

the analyses were repeated several times, comparing the experi-

mental group (atf-g) with random groups drawn from the control 

group, of the same size as atf-g. Upon completion of this study, 

which was also a technical pilot, all learners in the following course 

cycles were able to enjoy the benefits of using the ATF system.  

Participants were all Hebrew speakers, which is the language in 

which the course is taught, and were interested in learning Python. 

In terms of gender identification, learners’ distribution was 73.5% 

male, 25.9% female, and 0.6% unidentified. The learners ranged in 

age from less than 11 to over 75, with the majority in the age at the 

range of 12-34 (79.3%).  

According to self-reported prior knowledge, 30.4% of learners had 

prior programming skills but not Python (PK=Programming), 

15.1% reported of Python (and programming) knowledge (PK=Py-

thon) and 54.5% had no prior knowledge relevant to course content 

(PK=None). Chi-square test indicated no significant difference be-

tween the experimental and control groups regarding the 

distribution of prior knowledge. 

4. FINDINGS 
This section presents the results aimed to answer research ques-

tions. To control the impact of PK on the effect of automated 

feedback as a covariate, the comparison of the two research groups 

in all tests was conducted separately at each level of PK. The find-

ings are presented without regard to this covariate unless it is found 

to affect the results in a significant manner.  

In regard to the imbalanced research groups, five repeats of the 

analyses with random subgroups from control-g, equal to the size 

of atf-g, yielded identical answers to research questions. Therefore, 

Description variable 
  

Number of watched videos (0-

29) 
watched 

video 

Engagement 

(activity) 

Number of units in which at 

least one video was watched (0-

9) 

watched 

units 

Ratio between the number of 

videos in which the learner 

solved a comprehension ques-

tion and the total number of 

videos watched (0-1) 

active-

watched 

ratio 

Number of closed exercises 

(CE) learner attempted (0-39) 
solved ex-

ercises 
Number of units in which at 

least one exercise was attempted 

(0-9) 

solved 

units 

Mean attempts per exercise 
mean at-

tempts 

Number of units in which the 

leaner watched a video or at-

tempted an exercise (0-9) 

units 

touched 

persistence The most advanced unit in 

which the learner watched a 

video or attempted an exercise 

(1-9) 

max unit 

touched 

The mean score in closed exer-

cises (0-10) 
grade performance 



we have chosen to present the comparison between the experi-

mental group (Natf-g = 724) and the entire control group (Ncontrol_g = 

3928). 

Table 2: Descriptive statistics of learning behavior measures 

(Natf-g = 724, Ncontrol-g = 3928 M=mean, MD=median, 

SD=standard deviation) 

 

4.1 RQ1: The connection between ATF usage, 

learning behavior and performance 

4.1.1 Comparing learning behavior variables 
The operational variables of learning behavior and performance (ta-

ble 1) were calculated from data and compared between research 

groups. Mann-Whitney test was applied, as the homogeneity as-

sumption required for the t-test was not met. In the experimental 

group, the mean and median values of all behavioral variables were 

higher, as illustrated in table 2 and figure 1. This difference was 

found to be significant at the p<.001 level (Mann-Whitney U 

ranged between 1050975 – 954295.5), with small-medium effect 

size, given by the rank biserial correlation (0.228 - 0.402).  

Figure 1: Mean values of learning behavior variables 

 Another way to measure persistence is to compare, per number of 

“touched” units, the percentage of learners from each group who 

reached this number. Chi-square test revealed significant difference 

between learners’ percentage of each group (X2(8) = 165.34, N = 

4652, p<.001). From three units above, the number of units 

“touched” by the experimental group is higher (see figure 2).  

More specifically, it can be claimed that a higher percentage of 

learners from the experimental group completed the course, i.e. 

learned all the lessons. Further evidence of this fact comes from a 

finding that a higher percentage of learners from the experimental 

group studied units 7-9, the advanced units of the course. A signif-

icant difference was indicated between learners’ percentage from

 

Figure 2: Comparison of learners’ percentage per number of 

units "touched" (Natf-g = 724, Ncontrol-g = 3928) 

each group who solved exercises in these units (X2
unit 7 (2) = 100.00, 

X2
unit 8(2) = 67.20, X2

unit 9(2) = 34.42, p<.001). Nevertheless, for 

learners with prior knowledge of Python, the difference between 

the groups regarding solving the exercises of the last unit (unit 9) 

was not statistically significant. 

4.1.2 Cluster analysis of learning behavior variables 
Among the variables representing learning behavior and perfor-

mance, five "differentiating" variables were identified using PCA: 

active watched ratio, solved units, mean attempts, max unit touched 

and grade. k was assumed a priori to be between 4 and 6 so that the 

clusters would be distinct, but not too many. The elbow method plot 

and silhouette score were then used to identify the most fitting num-

ber of five clusters, explaining 72.7% of variance in data (R2 = 

0.727). Table 3 summarizes the clusters obtained and the mean val-

ues of the differentiating variables within each cluster. Following 

the behavior patterns characterizing each cluster, they were named 

as follows: (1) “Touched and left”: those who log in but showed 

almost no engagement with course content. This pattern, which rep-

resents learners who actually dropped out shortly after they started, 

was the most frequent. (2) “Completers, high performers”: learners 

with highest performance and completing rates, while only moder-

ate consumption of content. This pattern was the second in number 

of learners (3) “Active-watchers”: those who watched video ac-

tively, answering in-video comprehension questions. (4) “Good 

starter, mean progress”: those who solved correctly few exercises, 

mainly of the first one or two units, but had no intention to complete 

the course. (5) “Trail-error solvers”: those who try to solve few ex-

ercises, with many attempts, low success and no progress. This was 

the least desirable behavior pattern. 

Examining the presence of learners from each group within each of 

these clusters, presented in figure 3, revealed relatively high per-

centage of atf-g learners in clusters 2,3 (42.40%, 24.17%, 

respectively) and higher percentage of the control-g learners in 

cluster 1 (41.42%). Chi-square test indicated a statistically signifi-

cant difference between atf-g and control-g (X2(4) = 277.208, N = 

4652, p<.001) over all levels of PK. Yet, cluster 2 was found to be 

significantly different from the other four clusters in terms of PK, 

as determined by one-way ANOVA (F(4,4647) = 32.664, p<.001) 
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 M MD SD M MD SD 

watched video 12.7 11 9.0 8.8 5 8.6 

watched units 4.3 4 2.9 3.1 2 2.7 

active-watched ratio 0.4 0.4 0.2 0.3 0.3 0.3 

solved exercises 15.2 12 12.9 8.3 1 11.8 

solved units 4.3 4 3.1 2.4 1 2.9 

mean attempts 2.4 2.1 2.0 1.7 1.6 2.0 

units touched 4.7 4 3.0 3.4 2 2.8 

max unit touched 4.8 4 3.0 3.7 2 3.0 

grade 0.8 1 0.3 0.5 0.8 0.5 



and Tukey’s HSD test for multiple comparisons (p<.001 for all the 

comparisons of cluster 2 and other clusters). 

 

Table 3: Cluster characteristics and mean value of learning be-

havior variables (In bold: characterizing attribute of each 

cluster) 

 

4.1.3 Learners’ perception of ATF effects 
Two questions about the effect of using the system were answered 

by 126 learners. In their responses, learners indicated they believed 

that using the ATF system affected their engagement and perfor-

mance. The majority of respondents agreed with the statements that 

the option to correct and resubmit prompted them to make an effort 

for a higher score (87%) and using the ATF system motivated them 

to be more engaged in solving course exercises (81%). PK level had 

no impact on learners' perceptions. 

  

Figure 3: The percentage of learners from each group within 

each cluster 

 

RQ2: Connections between automated feed-

back and success measures 
Of the study population, 401 learners (9.87%) completed the 

“learning experience” questionnaire. Among the respondents, 

32.27% (126) belong to the experimental group and 67.73% (275) 

to the control group. As can be seen in table 4, the majority of re-

spondents described their achieved level of learning as “Can write 

basic code, needs more supported practice” (49.63%), followed by 

“Can write complex code and practice independently” (35.94%). 

Only 5.8% felt confident to start working in Python. To the ques-

tion of intention fulfilments, however, the most frequent answer 

was “Yes” (81.91%). 

Table 4: Subjective measures, learning experience question-

naire (N=401) 

Sense of learning  

Understands the concepts, can't write code  

independently 
8.56% 

Can write basic code, needs more supported practice 49.63% 

Can write complex code and practice independently 35.94% 

Can work in Python 5.87% 

Intention fulfilment  

No 0.98% 

Partially 17.12% 

Yes 81.91% 

 

Applying the chi-square test to compare between research groups, 

no significant difference was found in all levels of PK. Notably, an 

expected significant dependency was found between PK and sense 

of learning (X2(6) = 67.73, N = 401, p<.001), as prior knowledge 

led to higher assessment of the achieved level of knowledge. 

5. DISCUSSION 
With respect to the first research question, findings demonstrate 

connections between ATF system usage and learning behavior, as 

learners in the experimental group were more engaged with the 

course material and completed it at a higher rate. These results are 

in line with previous studies, suggesting that feedback (in general) 

enhances learners’ engagement and persistence in online courses 

(e.g. [16, 20]) as well as in programming courses, not necessarily 

be offered online (e.g. [12]). Notably, in the current study all learn-

ers received feedback on the closed exercises, and the difference 

between groups was due to the additional feedback provided to the 

experimental group for code assignments. Therefore, it should be 

assumed that feedback on code assignments in MOOCs for pro-

gramming is of utmost importance. Our findings, however, are 

contrary to those of [43] who did not observe a connection between 

feedback and learners’ engagement. A possible explanation for this 

might be differences in feedback and course characteristics, which 

affect feedback effectiveness [33]. 

The current study indicates a connection between automated feed-

back and learners’ performance and suggests positive trend of 

higher grades of the ATF users. Previous studies have not conclu-

sively established this connection (e.g. [13, 14]). Nevertheless, due 

to our experimental design, we defined performance by closed ex-

ercises score and not by programming abilities (e.g. grades of code 

4.28

18.09

24.17

42.40

11.05

2.55

15.91

18.38

21.74

41.42

percent out of control_g percent out of atf_g

Touched

and left

Completers, high 

performers

Active watchers

Good starter, 

mean progress

Trail-error 

solvers

Cluster 1 2 3 4 5 

Size 1707 1161 897 756 131 

percent-

age of 

N=4652 

36.91% 25.10% 19.39% 16.35% 2.83% 

Active-

watched 

ratio 

0.142 0.428 0.604 0.15 0.329 

Solved 

units 
0.164 7.205 2.557 1.655 1.473 

Mean at-

tempts 
0.179 2.556 2.338 2.319 9.152 

Max unit 

touched 
2.17 7.999 3.198 2.298 2.183 

Grade < 1 95.1 87.4 95.1 67.4 



assignments). As such, the evidence of higher performance of atf-

g in this case may indicate in fact a deeper understanding of pro-

gramming principles [26]. 

Our clustering of learners based on learning behavior variables is 

similar to behavior patterns classified in previous studies [21, 24, 

41], even though the number of clusters we selected is different. 

Learners of the experimental group were more “present” in the 

clusters described as “completers, high performers” and “Active-

watchers” characterized by patterns identified as related to success 

in MOOCs [23]. The cluster analysis results support and expand the 

findings obtained for each variable as stand alone. 

Interestingly, most of the analyses we conducted did not reveal any 

effect of prior knowledge on the connection between learning be-

havior and automated feedback. These findings do not support 

previous study, suggesting that prior knowledge affects the effec-

tiveness of feedback in online learning environments [35]. Further 

research, with higher resolution determination of prior knowledge 

level, may shed light on this issue. One exceptional of our results is 

the case in Unit 9, where similar percentages of the Python experi-

enced learners of two groups solved the closed exercises. It may be 

that the prior Python knowledge obscured the differences between 

groups, as experienced learners wanted to test their knowledge in 

this very specific unit, which is the most advanced one.  

In support of the findings based on (objective) log files, the percep-

tions of the learners in the experimental group suggest that the 

automated feedback they provided heightened their motivation to 

be more engaged in solving exercises and encouraged them to score 

higher. This attitude is similar to learners’ perception towards au-

tomated feedback reported in previous studies, in the context of in-

class programming courses (e.g. [2, 32]). With regards to affective 

measures, therefore, automated feedback is perceived beneficial in 

both frontal and online learning environments. 

With respect to the second research question, however, finding of 

the current study do not indicate a connection between the use of 

the ATF system and the subjective measures of success - intention 

fulfillment and sense of learning. These results differ from previous 

studies which have suggested that intention fulfillment is correlated 

with engagement in solving exercises in MOOC [39]. A two-way 

effect may have been created here: On one hand, the automated 

feedback may have led learners in the experimental group to more 

comprehensive learning [38] and on the other, they were more 

aware of errors and incorrect solutions, leading to a lower assess-

ment of their abilities in Python. 

6. CONCLUSIONS AND FUTURE WORK 
Overall, the results of this study indicate a connection between the 

use of the ATF system, providing automated feedback, and learning 

behavior. Furthermore, the findings suggest that the automated 

feedback enhances the learners' engagement and persistence in the 

course as well as their performance. Nevertheless, we must be cau-

tious in this context, and further research is needed to examine the 

effects of feedback on learning behavior (e.g. examining a "direc-

tional" connection). This is primarily due to the finding that the 

sense of learning and intention fulfilment were not affected by the 

use of ATF, suggesting the effect of feedback is likely to be com-

plex and non-uniform within different facets of learning outcomes. 

However, the inability to obtain an objective assessment of the level 

of knowledge at the end of the learning is one of the current study 

limitations. The result of a final exam, for example, may reveal dif-

ferences between research groups that are not apparent in self-

reported evaluation. Nonetheless, there is no mandatory assessment 

in a MOOC due to its nature. 

A further limitation is that the experimental design prevented a 

comparison of the research groups in regard to solving code assign-

ments, which in fact is the subject of feedback. Future research be 

undertaken with a setup allowing the comparison of these data as 

well, might bring additional insight into the effect of automated 

feedback.  

Lastly, the feedback provided by the ATF system was referred to 

in the current study as "black box". In light of the concept proposed 

by Narciss [33], which links the characteristics of feedback to its 

effectiveness, further experimental research is needed to analyze 

the effects of feedback characteristics (e.g. the structure of textual 

message) on learning in MOOCs for programming. Expanding em-

pirical research knowledge regarding the impact of automated 

feedback on learning may contribute to the effective integration of 

ATF systems and thus promoting learners' acquisition of program-

ming skills and achievement of learning goals. 
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