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Abstract— Teaching programming in the early years of 

undergraduate courses has been a challenge for students, 

institutions, and professors. In view of this, Learning 

Management Systems (LMSs) and other teaching 

platforms have emerged to address some of the difficulties 

in this process. In this context, the present work intends 

to answer the following research question (RQ): What 

does the literature tell us about the use of automatic 

feedback in teaching programming in undergraduate 

courses?  To answer this question, a literature mapping 

was conducted based on 119 articles published between 

2017 and 2021. The mapping showed that the research 

area is expanding and has related studies from all over the 

world. The papers have different origins, and 37 countries 

are represented in this survey. The main programming 

languages used are Java, Python, C and C++. Another 

finding was that it is common practice to develop specific 

platforms for automatic feedback in programming 

courses. This paper presents the findings and results 

obtained. 

Keywords — automatic feedback, undergraduate, 

programming, computer science education 

I. INTRODUCTION  

Given the prevalent role of technology in society, teaching 
programming in the initial years of undergraduate courses has 
become critical, especially in computer science courses [2]. 
However, the process of learning the first programming 
language is seen, by most students, as a challenge, especially 
for beginners [1]. Such difficulty in assimilating the concepts 
and structures inherent in computer programming can be 
interpreted as one of the reasons why failure rates in computer 
science courses are so high [2]. 

Therefore, Learning Management Systems (LMS) and 
other teaching platforms emerge to assist in the teaching-
learning process, but most of these environments do not have 
the necessary dynamism, which is intrinsic to the teaching-
learning process and, especially, to the teaching of the first 
programming language [3]. 

Tools and virtual environments created to help instructors 
and students have been present in the educational environment 

since the 1960s [4]. These virtual environments have a 
methodology based on the visualization of feedback or tips 
through textual information, which aims to guide the student 
to a certain stage of the learning process [1][5]. 

In this context, this paper presents a literature mapping that 
intends to answer, in general, the following research question: 
What does the literature tell us about the use of automatic 
feedback in the teaching of programming in undergraduate 
courses? To facilitate understanding and get a better insight 
into the topic and its related issues, the central inquiry has been 
divided into seven sub-questions, which together will answer 
the suggested central problematic, using systematic mapping 
[11] of recent literature to obtain the answers. 

Searches were made using a unified search string in the 
Scopus and Web of Science academic databases, followed by 
the application of the inclusion and exclusion criteria, 
resulting in a set of 119 papers selected for analysis to answer 
the proposed questions. 

This paper is divided into five more sections, which are: 
Section II, where the methodology and research questions are 
described; Section III, which details the paper selection 
process; Section IV, where the research questions are 
answered; Section V, where the results obtained are discussed, 
and finally, the conclusions and future work are presented in 
Section VI. 

II. RESEARCH QUESTIONS 

In the present paper, a literature mapping was carried out. 
The procedures performed are presented in order to clarify the 
steps to the results and conclusions. The mapping process was 
based on [11], which is defined in four steps: i) definition of 
the research questions; ii) selection of the most relevant works 
within the search; iii) analysis of the selected works and finally 
iv) answers to the research questions. The core of this paper is 
the main research question (RQ): What does the literature tell 
us about the use of automatic feedback in the teaching of 
programming in undergraduate courses? To answer this 
question, seven related questions were created: 

• RQ1) What is the number of papers published per year 
related to this topic? 



• RQ2) Which countries have produced most of these 
papers? 

• RQ3) Which information sources (conferences or 
journals) published the most papers on this topic? 

• RQ4) What are the main LMSs used? 

• RQ5) What are the main programming languages 
used? 

• RQ6) Do the papers present any kind of perception 
evaluation of those who make use of the automatic 
feedback? 

• RQ7) What type of response is presented in the 
feedback (Constructive, Informative, Corrective, 
Motivational, etc.)? 

The steps of the literature mapping will be explained under 
the following headings. 

III. SELECTING THE RELEVANT PAPERS 

The stage of selecting the relevant papers is fundamental 
in any literature mapping process. It involves defining a search 
string, choosing the academic databases in which to search for 
the papers, and specifying the inclusion/exclusion criteria to 
decide the significance of each paper in the study. 

To set the search string, the first criterion was to identify 
keywords directly related to the theme. Then, synonyms were 
added to the search in order to optimize the query. The first 
version of the search string was:  

(“feedback” or “response” or “answer”) AND (“automatic” 
or “automated”) AND “computer” AND “programming”. 

This first draft of the search string was limited by the areas 
(“computing” and “engineering”) and achieved results in its 
first version: 1,960 results in Scopus in November 2021. We 
constrained the area because “feedback” is linked to other 
fields of study, such as the social sciences, business 
administration, and psychology. 

Several queries in the selected bases were made from this 
initial search string. During the refinement of the search and 
the string assembly, the tool VOSviewer [110] was used to 
analyze the words used in the query formation and make 
associations, through heat maps, with other words that were 
potentially related to the theme. VOSviewer was of utmost 
importance to increase the accuracy of the search string, 
offering several keywords that were not considered during the 
construction of the expression. The result of the final search 
string was as follows:  

("feedback" OR "response" OR "answer") AND 
("programming" OR "programming languages" OR "code" 
OR "coding" OR “CS1" OR "ICS") AND ("students" OR 
"undergraduate" OR "novice" OR "freshman”) AND 
("teaching" OR "learning" OR "e-learning") 

The academic databases selected in this mapping are 
Scopus and Web of Science because they index the most 
important conferences related to Computer Education (such as 
IEEE FIE and ACM SIGCSE) and the ACM and IEEE 
journals. 

As inclusion and exclusion criteria, some metrics were 
defined to be applied during the base search. These were the 
inclusion criteria: 

• IC1: The papers should only refer to the areas of 
computing and engineering; 

• IC2: Papers must have a publication date between the 
years 2017 and 2021; 

• IC3: Papers must be written in English; 

• IC4: Papers should be of the type "Journal Article" or 
"Conference Paper". 

Figure 1 provides a representation of the research cycles. 
The use of the main string as well as the application of the 
criteria occurred between February and March 2022. Initially, 
it returned 1,587 results in the Scopus database and 564 results 
in the Web of Science, totalizing 2,151 selected articles and 
393 duplicates (Table I). 

TABLE I.          QUANTITY OF PAPERS PER DATABASE 

Source Number of Papers 

Scopus 1587 

Web of Science 564 

Duplicates 393 

Total 1758 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Synopsis of Inclusions and Exclusions and their respective criteria 
applied at each stage of the research. 

A. First Cycle 

The total of papers filtered in the search (1758) was used 
in the first analysis cycle. After removing duplicate fields, a 
spreadsheet with the following metadata was created: database 
source, title, abstract, year of publication, authors, author 
keywords, document type, and publication venue. 

In an attempt to exclude those papers that were not in 
accordance with the research topic, the exclusion criterion was 
applied: 

• EC1: Remove all papers that are not related to the use 
of automatic feedback in programming courses. 

Most of the papers filtered previously were removed, as 
they were mainly about the use of feedback in other contexts, 
for example, in issues related to social sciences, behavior, 
coexistence and other areas not related to the proposed theme, 
thus ending the first cycle with 253 papers selected. 
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B. Second cycle 

The second cycle of selecting relevant papers consisted of 
applying exclusion criteria EC1 to further filter papers related 
to the topic of using automatic feedback to teach 
programming. The following criteria were used along with 
EC1 for filtering papers: 

• EC2: papers with less than 3 pages; 

• EC3: papers that deal with automatic feedback but in 
other areas of computing. 

As an initial step, the application of EC2 resulted in the 
exclusion of 7 papers from the 253 results remaining after 
applying EC1. These 7 papers were short experience reports 
or short papers on the use or development of feedback 
systems. 

Next, following the application of EC3, another 134 
papers were removed. It is important to note that despite the  
fact that the papers had been filtered by area (computing and 
engineering), some of them, although within the delimited 
areas, discussed cognitive or behavioral issues, or the 
feedback was not applied to the teaching of programming. 

 A significant obstacle encountered during the search and 
selection of works was finding papers unrelated to the social 
sciences and focused only on the area of computing. Because 
it is a broad theme and reported in several contexts, the 
process of application of EC3 criteria to the results obtained 
was done manually. 

After this process, 119 papers that dealt with the proposed 
theme were selected, thus finalizing the search cycle. 

IV. RESULTS AND ANALYSIS 

This section answers the seven research questions based on 
the selected 119 articles. 

A. RQ1: What is the number of papers published per year 

related to this topic? 

As seen in Figure 2, the number of publications per year 
had a significant growth between the years 2017 and 2019. 
Notably, in the subsequent years, 2020 and 2021, the number 
of publications fell, returning to the 2018. This period 
coincided with the pandemic, so the significant disruptions in 
educational and research activities may have impacted the 
number of publications. Even with the drop in the number of 
publications, it is possible to see that the rates are still 
constant, as shown in the trend line.   

 

Fig. 2. Number of papers published in the last 5 years. 

B. RQ2: Which countries have produced most of these 

papers? 

During the review process, 37 countries and 5 continents 
were identified: America, Oceania, Europe, Asia and Africa. 
Figure 3 shows the countries that are present in the selection 
results. 

 

Fig. 3. Distribution across countries of publications related to automatic 
feedback in programming courses. 

The 16 countries that had the largest production of papers 
on the subject are presented in Table II. The countries that 
produced the most papers are the United States and Germany. 
The following countries also appear, although with smaller 
numbers:  Taiwan, United Kingdom, Netherlands, Australia, 
Spain and Sweden. 

TABLE II.      COUNTRIES WITH THE MOST PUBLICATIONS. 

Countries Nº Papers 

United States 34 

[1][4][8][3][6][12][21][23][26][30][33][47
][49][50][54][68][71][74][75][76][77] 
[78][81][83][89][90][92][94][98][102] 
[111][112][115][121][122] 

Germany 7 [5] [18] [34][56] [63] [64][104]  
Taiwan 6 [22] [55] [57] [103] [116] [117] 

Australia 5 [27][40][79][95][107] 
United 

Kingdom 
 [19][29][53][84] 

Netherlands 4 [35][58][61][97] 
Spain 4 [8][14][38][45] 

Sweden 4 [41][42][43][44] 
Belgium 3 [17][28][70] 
Brazil 3 [7][101][119] 

Mexico 3 [60][65][106] 
Portugal 3 [36][73][123] 

Singapore 3 [2][32][124] 
Argentina 2 [13][125] 

Canada 2 [99][120] 
China 2 [31][114] 

Estonia 2 [9][85] 
Italy 2 [15][39] 
Japan 2 [72][105] 

Malaysia 2 [16][126] 
New Zealand 2 [25][113] 
 

Figure 3 and Table II show the United States’ 
preeminence:  American institutions produced 35 of the 119 
articles analyzed, representing 29.41% of the relevant 
publications related to the theme. 

As additional information to the data in Table II, the 
following countries had one publication on the topic in the 
last five years: Djibouti [52], Egypt [86], Finland [46], France 
[51], Guatemala [20], Hong Kong [69], India [82], Indonesia 
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[93], Ireland [118], Israel [118], Morocco [10], Norway [80], 
Russian Federation [100], Slovenia [59], South Africa [108] 
and Vietnam [67]. 

C. RQ3) Which information sources (conferences or 

journals) published the most papers on this topic? 

Table III provides information on the conferences and 
journals. Most of the publication venues are classified as 
conferences, with 11 articles from journals and 108 papers 
from conference proceedings. Thus, the conference papers 
correspond to 94.2% of the papers, the journals correspond to 
7.5% of the selected publications. 

TABLE III. CONFERENCES AND JOURNALS. 

Venue Nº Papers Type 

IEEE Frontiers In Education, (FIE) 12 

[7][12][28][44] 
[49][54][85] 
[91][92][98] 
[120] 

C 

Special Interest Group Computer 
Science Education (SIGCSE) 
Technical Symposium 

7 
[13[23] [48]  
[64] [68] [90] 
[115] 

C 

Conference on Integrating 
Technology into Computer Science 
Education (ITiCSE) 

5 
[40][41] 
[77][96][102] 

C 

International Computing Education 
Research (ICER) 

5 
[47] [74][76] 
[81][122] 

C 

International Conference on 
Software Engineering (ICSE) 

3 [2][95][124] C 

Annual Conference and Exposition, 
Conference Proceedings (ASEE) 

3 [6] [37] [65] C 

Computer Applications in 
Engineering Education (CAEE) 

3 [45][67][119] J 

Global Engineering Education 
Conference (EDUCON) 

3 [56] [63][80] C 

IEEE Access (IEEE A) 3 [29] [38] [46]  J 
Conference on Learning @ Scale 3 [21] [69] [104] C 
Educational Data Mining in 
Computer Science Education 
(CSEDM) 

 [3][75][78] C 

International Conference on 
Intelligent Tutoring Systems (ITS) 

3 [97][101][105] C 

European Conference on 
Technology Enhanced Learning 
(ECTEL) 

3 [18][35][118] C 

International Conference on 
Artificial Intelligence in Education 
(ICAIE) 

2 [1][79] C 

International Conference on 
Teaching, Assessment, and 
Learning for Engineering (TALE) 

2 [27][53] C 

International Conference on 
Educational Data Mining (EDM-
WS) 

2 [89][111] C 

International Conference on 
Educational and Information 
Technology (CEIT) 

2 [4] [116] C 

International Symposium on 
Computers in Education (SIIE) 

2 [73][123] C 

 

To complement the information in Table III, it is 
important to mention that: 31 conferences with only one 
paper were identified, among which we can mention ACM 
Special Interest Group on Computer-Human Interaction, 
SIGCHI[39], IEEE Integrated STEM Education Conference, 
ISEC [20]. Regarding journals, there were 5 articles with only 
one publication, in this group we can mention ACM 
Transactions on Computing Education, TOCE[61], IEEE 
Transactions on Learning Technologies, IEEE TLT[14] and 
Journal of Internet Technology, JIT[55] as relevant. 

D. RQ4) What are the main LMSs used? 

From this study, it may be noted that the LMSs used are 
not standardized tools or structures; institutions sought to 
develop their own tools or adopted systems already available 
in the market. 

Based on the selected papers, it seems to be a common 
practice to name the platforms developed for automatic 
feedback in the teaching of programming. Even knowing this 
apparent convention, of 119 papers analyzed, about 29 papers 
did not make it clear which types of environments they used 
in their research. Another 15 papers had not yet started 
developing their respective platforms, so they were not 
considered as such. 

As for the research that adequately identified systems, 
there was no specific system that was used in general by the 
authors. The explanation for this may be linked to the 
different problems that students and institutions seek to solve 
with the use of feedback in the teaching-learning process. In 
view of this, 75 of the 119 papers present some kind of tool, 
meaning a total of 63% of the publications have specific 
systems that use, in some way, automatic feedback (Figure 
4). 

According to [50], the use of automatic feedback is 
adaptive because, besides serving several areas, such an 
interaction tool can serve several types of audiences and 
needs. Such need for adaptability and customizability may 
explain the large number of platforms developed. Some 
widely deployed platforms such as GitHub [54] and Moodle 
[119] are used, but they are not common in our mapping.  

Fig. 4. Quantity of articles using LMS environments. 

E. RQ5) What are the main programming languages used? 

Among the languages found, some stood out, appearing in 
distinct feedback systems. This may indicate that these 
languages are frequently used in introductory computing 
courses (CS1). Because they are more used, it is natural that 
there are more tools geared towards them, made in a 
customized and optimized way. Table IV shows the main 
programming languages used in automatic feedback for 
teaching programming. 

After checking the results obtained regarding the main 
programming languages used, it is important to point out that 
some automatic feedback tools go beyond interactions 
centered around coding. Many interactions, as in [ 
20][62][77][80], use feature multiple choice questions as a 
reference for the feedback. 
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TABLE IV.      THE MAIN PROGRAMMING LANGUAGES. 

Languages Nº Papers 

Java 18 
[11][13][17][18][21][37][42][44][48][56][65][
77][72][87][96][98][120] 

Python 10 [12][14][17][19][57][62][88][99][101][119]  

C 8 [41][71][73][78][81][93][100][114] 

C++ 7 [23][42][43][47][64][94][126] 

NoCode 4 [24][33][39][55] 

R 3 [83][91][107] 

Haskell 1 [114] 

Portugol 1 [121] 

 

F. RQ6) Do the papers present any kind of perception 

evaluation of those who make use of the automatic 

feedback? 

It was noted that a number of papers did not present any 
type of evaluation, be it of quality or perception, made by the 
student. In Figure 6, the percentage of papers that did not 
provide any kind of evaluation by the student is high, which 
is a possible drawback.  

 
Fig.5. Perception evaluation of those who make use of the automatic 

feedback. 

This student contribution seems to be of great importance 
to various aspects of the process of developing and improving 
feedback systems. This criticism can be a differential 
regarding the evolution of the feedback system being 
implemented. 

G. RQ7) What type of response is presented in the feedback 

(Constructive, Informative, Corrective, Motivational, 

etc.)? 

In the first half of the 20th century, the concept of 
feedback emerged in biology, electrical engineering, physics, 
and communication, with no consensus as to which field the 
term originated in [8] [10]. 

According to [8] [9], the main types of feedback that can 
be used in computing are motivational, positive, corrective, 
formative, summative and ipsative. Each type is described in 
Table V. 

TABLE V.     TYPES OF FEEDBACK. 

Type Description 

Motivational 
It is geared towards engagement and should 
encourage students to face obstacles and do their 
best [8][10]. 

Positive 
Process of recognizing a student's performance or 
achievement [8][10]. 

Corrective 
Particular datum to a student about a behavior, 
skill, or response that should be modified to meet 
desired goals/responses [8][9]. 

Formative 
It seeks to modify the user's thinking and/or 
behavior in order to facilitate learning [8][9]. 

Summative 
It evaluates a given test with the goal of assigning 
a grade to the student [8][9]. 

Ipsative 
It compares the student or a response to an already 
defined pattern [8][9]. 

 

These types of feedback are classified based on the 
content of the response issued to the user. Table VI presents 
the feedback type in the relevant papers. The main types of 
feedback found in the papers are those that help the teacher to 
instill concepts, which can often be abstract, in the student's 
thinking. In this context, the formative and corrective types 
of feedback were the ones that stood out the most. 

TABLE VI. TYPES OF FEEDBACK FOUND IN THE SEARCH. 

Type Nº Papers 

Formative 30 
[7][12][19][24][23][33][37][38][41][42][43] 
[44][45][47][58][66][71][72][73][74][77] 
[78][81][87][98][101][107][110] [115][120] 

Corrective 25 
[1][11][13][14][17][22][27][29][31][39][41] 
[43][46][48][57][70][85][89][92][98][99] 
[103][116][119][126] 

Motivational 1 [75] 
Summative 3 [2][16][123]  
 

The analysis of the types of feedback found showed a 
consistent behavior towards the undergraduate student, 
especially those who are learning their first programming 
language. Some papers did not classify the types of feedback 
used, some because they were not described, some because 
they were only about the software being developed and the 
development process, and some because they were other 
literature reviews like this one. 

V. DISCUSSION 

The use of automatic feedback in programming education 
is being researched all over the world and is growing steadily. 
With the evolution of computers and the access to the 
internet, and more recently with the great increase in distance 
learning courses during the last two years, because of the 
pandemic, it is expected that this theme will be studied even 
more.  

The papers published in the area, despite covering almost 
all continents, are concentrated in the United States. In 
addition, FIE and SIGCSE were the conferences with the 
largest number of articles analyzed. 

The publications considered here showed relevant 
contributions to using automatic feedback in teaching 
programming to undergraduate students. Most of the papers 
were about platforms developed by research groups being 
implemented in early undergraduate or programming courses. 
Java is the most mentioned programming language in the 
selected papers.  
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The analysis of the papers made it clear that no platform 
or method is 100% suitable, and it is up to the researcher and 
the institution to develop ideas for a platform/service that 
meets local and specific needs. In conclusion, there was no 
environment t not modified to meet the needs of the 
institution so far. 

VI. CONCLUSION 

This paper provides a literature mapping of the use of 
automatic feedback in undergraduate introductory 
programming courses. Our analysis showed that the use of 
feedback is being researched worldwide and that new tools 
are emerging to solve the problems related to teaching 
programming. 

The results and answers obtained in this work make it 
relevant because they attempt to answer questions that have 
been little addressed over the years on the subject and 
contribute to the research by answering a reasonable number 
of questions. 

In future work, this review will inform the development 
of an educational assistant tool in the University of Brasilia, 
Brazil, aiming to assist instructors and students in the 
programming courses offered by the institution. 
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