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 A B S T R A C T

Personalized learning in programming education aims at adapting instructional strategies to the diverse needs 
of students, particularly novice programmers. However, traditional approaches often fail to accommodate 
individual learning styles or emphasize clean coding practices. This study proposes a data-driven method to 
personalize programming education by analyzing large-scale datasets from block-based Visual Programming 
Language (VPL) projects created by novice programmers. Using static code analysis and machine learning, the 
approach examines the coverage of programming concepts and code quality metrics to identify patterns in 
student performance, enabling adaptive learning pathways. This approach is implemented in BlocklyMining, 
a tool that integrates static code analysis, quality assessment through SQALE, and machine-learning-based 
clustering. The study applies K-Means and Hierarchical Agglomerative Clustering to 215,244 MIT App Inventor 
projects, evaluating cluster quality using the Silhouette Coefficient (SC) and Davies–Bouldin Index (DBI). 
Results show that the clustering algorithms effectively group projects, thereby facilitating the generation of 
personalized learning recommendations tailored to novice programmers’ skill levels.
1. Introduction

Computer programming is an increasingly essential skill, not only 
for computer science students, but also for individuals in a wide range 
of disciplines [1,2]. As programming becomes integral to various fields, 
educators face the challenge of making coding accessible to a broader 
audience. Block-based Visual Programming Languages (VPLs) address 
this challenge by providing visual representations of complex program-
ming language structures, making it easier for users without program-
ming experience to understand these concepts [3]. VPLs are more 
accessible to beginners owing to higher usability and less rigid syn-
tax than textual languages, while also providing a more enjoyable 
and engaging programming experience [4]. In this context, adapting 
instruction to individual learner needs is a plausible next step.

Personalized learning has provided significant advantages to stu-
dents, primarily by improving learning outcomes and has long been 
a key objective in educational technology [5]. Studies indicate that it 
can improve academic performance by allowing students to progress at 
their own pace and in ways that align with their individual learning 
styles [6]. Furthermore, personalized learning fosters greater engage-
ment and motivation, which in turn promotes deeper understanding 
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and retention of knowledge. Moreover, using data-driven insights, edu-
cators can better understand the strengths, weaknesses, and preferences 
of students, enabling them to provide more targeted instruction and 
support [7]. In programming education, this entails considering not 
only which concepts are covered but also how code is written.

The recommendation of different learning strategies for different 
learners in computer programming has been a significant issue [8]. 
Traditional approaches to personalization in computer programming 
learning often rely on standardized instructional designs, which, while 
theoretically optimized, do not necessarily align with the diverse needs 
and learning preferences of individual students. This misalignment can 
be particularly challenging for novice programmers, who may benefit 
from a more adaptive educational approach tailored to their unique 
learning styles and difficulties. Additionally, an often overlooked aspect 
of computer programming education is the teaching of clean coding 
practices—a critical element in professional software development [9]. 
Despite their importance, the principles of writing clean and maintain-
able code are seldom emphasized in the early stages of programming 
education.
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This study proposes a novel data-driven approach to customizing 
programming education by analyzing large-scale datasets from novice 
block-based programming projects. Our approach examines patterns in 
programming concept coverage and code quality to predict and adapt 
learning pathways that better align with learners’ needs. A core aspect 
of this approach involves the use of code quality metrics, obtained 
through static code analysis, to guide the learning process. Static code 
analysis helps identify potential software defects before they cause 
problems, allowing programmers to address them proactively [10]. 
These metrics offer valuable insight into coding practices, allowing 
a structured integration of clean coding principles into the learning 
process.

This approach aims to create more effective and relevant learning 
experiences for novice programmers by combining learner data anal-
ysis with clean code metrics. The data-driven customization enhances 
learner engagement and learning outcomes while also equipping edu-
cators with actionable data to refine instructional strategies, bridging 
the gap between theoretical learning and practical coding proficiency. 
Consequently, this perspective supports connecting static analysis and 
clustering with personalized guidance.

Based on these insights, the following hypothesis is presented: the 
use of static code analysis, enhanced by machine learning techniques, 
provides a personalized learning experience for users of block-based VPLs. 
Therefore, an investigation is conducted to determine whether machine 
learning can group applications according to various characteristics to 
offer personalized learning guidance to VPL users. This guidance is 
operationalized by mapping static-analysis metrics to cluster-defined 
proficiency levels and then to concrete, block-level recommendations 
presented in-app (MIT App Inventor), thus producing adaptive learning 
pathways for novice programmers.

The rest of this paper is structured as follows. Section 2 provides 
background information on personalized learning and its applications 
in programming education. Section 3 presents the proposed method 
for data-driven learning customization. Section 4 describes the vali-
dation of the method and the dataset used in this study. Section 5 
details the experimentation and results. Finally, Section 6 discusses the 
conclusions and future work.

2. Personalized learning in block-based programming languages

Personalized learning in programming is based on adapting instruc-
tion to precisely match students’ individual needs and preferences. 
This involves modifying the teaching methods, content, and learning 
experience according to the prior knowledge, skills, and learning style 
of each student [8]. This approach acknowledges that students differ in 
terms of their previous experience, interests, and aptitudes, aiming to 
provide a more engaging and effective learning experience [11].

The concept of personalized learning in programming emerged in 
the early 2000s, when initial studies explored how technology could 
be used to tailor instruction to individual learners. One study focused 
on the use of personal robots as tools for teaching programming to stu-
dents [12]. This study found that personalization played a crucial role 
in students’ success in introductory programming courses. In addition, 
it demonstrated that effective interventions could be implemented to 
improve self-efficacy during instruction.

Another study investigated the incorporation of software agents 
with varying levels of knowledge into the learning process to as-
sist educators in creating personalized learning experiences [13]. This 
study highlighted the importance of coordinating teaching and learning 
efforts to support personalized learning in online environments.

The development of innovative learning approaches and tools has 
also driven personalized learning in programming. An example is an 
interactive and collaborative learning platform designed to teach Java 
programming anytime and anywhere [11]. This platform aims to spark 
students’ interest in programming, improve the effectiveness of pro-
gramming education, and keep students engaged in their computer 
science studies.
2 
A key aspect of personalized learning is the use of recommen-
dation systems, which automatically generate tailored suggestions to 
adapt learning experiences to individual students. These systems an-
alyze the data of the learners to model their profiles, group them 
based on similarities, and establish relationships between the learners 
and the learning objects [14]. Building an automated recommenda-
tion system requires defining key parameters of the learning model, 
such as learning styles, prior knowledge, learning paths, performance, 
and social interactions. Various recommendation techniques, includ-
ing ontology-based approaches, collaborative filtering, and machine 
learning algorithms like K-Nearest Neighbor and K-Means, enhance 
recommendations by identifying patterns in learner behavior [15,16]. 
Alongside these methods, feedback mechanisms help adjust recommen-
dations over time, ensuring a more adaptive and personalized learning 
experience [17].

Block-based VPLs such as Scratch and MIT App Inventor have 
gained prominence as educational tools that facilitate programming 
instruction [18]. Scratch,1 developed by the MIT Lifelong Kindergarten 
Group in 2002, was originally designed for students aged 8 to 16 
but has since been adopted in higher education [19]. It enables users 
to create and share visual content, including games and animations. 
MIT App Inventor,2 initially developed by Google in 2010 and now 
maintained by MIT, is widely used for teaching introductory computer 
science, particularly to non-engineering students. Since the release of 
MIT App Inventor 2 in 2013, its block-based syntax has been built on 
Blockly, a JavaScript library developed by Google in 2012.

Just like textual programming languages, programs developed using 
VPLs can also contain errors and exhibit deficiencies in their code 
structure (known as code smells). Static code analysis, which originated 
with tools like Lint to detect errors in C code [20], has significantly 
evolved, incorporating artificial intelligence and machine learning tech-
niques [21]. Static analysis helps improve code quality, ensuring com-
pliance with coding standards and best practices by identifying defects 
early [22]. Different approaches exist, including metric-based, change-
based, and architecture-based analysis, all often used in the industry 
despite scalability challenges in handling large codebases. One widely 
adopted method to assess software quality is Software Quality Assess-
ment based on Lifecycle Expectations (SQALE) [23,24], which evalu-
ates software components based on attributes such as maintainability 
and reliability throughout the development lifecycle.

A literature review was conducted to find studies on block-based 
VPLs that personalize the user learning experience. First, a search was 
carried out in several recognized digital libraries, including IEEE Xplore 
Digital Library, ACM Digital Library, and Springer. The search terms 
used were ‘‘block-based programming language’’ and ‘‘personalized 
learning’’ applying the following criteria:

• Off topic: Publication dated before 1986, the year the first VPL 
was developed.

• Duplicated: Work whose content is similar to or the same as one 
already included.

• Out of scope: Work whose content is not relevant to this study.
• Unsupported language: Work published in a language other than 
English or Spanish. These are the authors’ working languages and 
cover the vast majority of publications in computing education 
indexed in the searched databases.

• Included: Work whose content is relevant to this study.

In total, 176 relevant publications were found. These publications 
were analyzed according to the established selection criteria. Table 
1 presents the query used in each library, along with the number of 
works found and the number selected for this search. After the analysis, 
only 2 publications met the criteria and were selected, while 174 were 
discarded. Table  2 details the selected publications, including their year 
of publication and other relevant information.
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Table 1
Search results: Block-based language and personalized learning.
 Library Query Results Selected 
 IEEE Digital Library Abstract: block-based programming language AND Abstract: ‘‘personalized learning’’ 1 0  
 ACM Digital Library Abstract: block-based programming language AND Abstract: ‘‘personalized learning’’ 129 0  
 Springer block-based AND programming AND language AND ‘‘personalized learning’’ 48 2  
Table 2
Study selection: Block-based language and personalized learning.
 Criterion Publications Frequency 
 Off topic 0 0%  
 Out of scope 174 98.86%  
 Unsupported language 0 0%  
 Duplicated 0 0%  
 Included 2 1.14%  
 Total 118 100%  

Next, the following question was posed in Scite AI Assistant 3: Tell 
me which are the existing block-based programming tools to develop apps 
that supports personalized learning. In this case, three relevant studies 
were returned. The first study [25] mentions the ALAS pedagogical 
architecture, used to create mobile applications that guide students 
in their learning process. Although it includes a case study with MIT 
App Inventor, its primary focus is on creating applications that guide 
teachers, making instructors the main target audience. The second 
study [26] presents an architecture for student self-management of 
learning content, but focuses on the use of Learning Management 
Systems. Its main focus is on managing and organizing learning content, 
not specifically on block-based programming environments. The third 
study [27] describes a classroom case study applying personalized 
learning, but it is not directly related to block-based programming 
environments. In this case, although all studies provided by Scite AI 
Assistant are related to personalized learning, they do not focus on its 
specific application in block-based VPL environments.

Across the two searches mentioned, we found two studies that 
address the application of personalized learning in block-based envi-
ronments. The first study [28] presents a chatbot with an automated 
assessment module for student projects in Scratch. The chatbot applies 
evaluation criteria predefined by the teacher and, based on the obtained 
score, suggests the next practice activity while providing the necessary 
learning materials. This process is tailored to each student’s profile 
according to the knowledge they demonstrated in previous tasks. The 
second one [29] focuses on projects created with ScratchJr, a mobile 
application designed for children aged 5 to 7. It compares children’s 
behavior when developing applications at school and at home and 
proposes a personalized learning approach to align parents and teach-
ers in guiding children. However, no specific software solution is 
implemented for this purpose.

Our review focused on peer-reviewed publications indexed in major 
digital libraries and did not systematically include gray literature or 
platform-curated resources. Notably, MIT App Inventor research portal4 
aggregates studies and materials that provide insights into user behav-
ior and feedback mechanisms within App Inventor. In addition, we re-
stricted sources to English and Spanish, potentially omitting work pub-
lished in other major academic languages (e.g., Chinese, Portuguese, 
Russian). While these resources were outside our predefined search 
scope, they may contain relevant evidence on personalization. Future 
work should incorporate this portal and related gray-literature sources 
into a broader review to complement the peer-reviewed evidence base.

1 https://scratch.mit.edu
2 https://appinventor.mit.edu
3 https://scite.ai/assistant
4 MIT App Inventor Research: https://appinventor.mit.edu/explore/

research
3 
Personalized learning in the Scratch environment has been quite 
limited, with only two studies identified. Furthermore, this method-
ology has not yet been applied to MIT App Inventor. These studies 
highlight the importance and potential of personalized learning in 
visual programming environments, suggesting that exploring similar 
techniques in MIT App Inventor could enhance students’ learning expe-
riences by adapting to their individual needs and skills. Additionally, 
none of the reviewed studies have implemented personalized learning 
through machine learning clustering techniques, which represents a 
clear gap to address. As these environments allow users to create 
applications on diverse topics, recommendations should be generated 
automatically to personalize the experience. To achieve this, devel-
oping a machine-learning-based recommendation system is crucial. 
These observations frame the design choices we operationalize in the 
proposed method.

3. Data-driven method for personalized learning in block-based 
programming languages

This section presents a method designed to support novice pro-
grammers using block-based VPLs, to foster continuous improvement 
in their applications through personalized learning. Users enhance their 
applications based on two main sources, namely (1) the SQALE score 
obtained from static code analysis and (2) the classification of each 
application according to a set of criteria. The SQALE score indicates 
whether the application needs to address identified code smells,5 while 
classification aims to identify concepts the programmer may need to 
learn.

The proposed approach is inspired by the Design Science Research 
(DSR) category of methods [30], which focuses on creating artifacts 
(e.g., a software artifact) to address an identified research problem. In 
this study, the software artifact integrates static code analysis features 
and clustering algorithms for classification to provide personalized 
learning recommendations. The BlocklyMining tool has been developed 
to support this method, as described in Section 4.

The research design includes an iterative approach in which users 
refine their applications based on automated feedback, aligning with 
the core principles of DSR experimentation. The general methodology 
described below consists of several stages and involves key stakehold-
ers, as shown in Fig.  1.

• Researchers: Experts in static code analysis and personalized learn-
ing. They define the static analysis metrics and classification 
criteria for machine learning algorithms. In addition, they eval-
uate results, identify user behavior patterns, and propose new 
metrics or classification criteria.

• Static analysis metric developers: Programming experts are respon-
sible for implementing and refining the static code analysis met-
rics defined by researchers.

• Machine learning algorithm developers: Machine learning specialists 
who implement algorithms that are tailored to the chosen criteria, 
providing personalized learning recommendations.

• Users: Novice programmers use block-based VPLs to create appli-
cations that are analyzed for quality and learning progression.

5 A code smell is a surface indication of a deeper problem in the design or 
structure of computer programming code that may hinder maintainability or 
scalability.

https://scratch.mit.edu
https://appinventor.mit.edu
https://scite.ai/assistant
https://appinventor.mit.edu/explore/research
https://appinventor.mit.edu/explore/research
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Fig. 1. Stages of the method for applying static code analysis as part of programming learning.
The proposed method is flexible and follows an iterative approach, 
allowing novice programmers to create and refine multiple versions of 
their applications, which are then subjected to static code analysis. The 
method also enables developers to integrate new analysis metrics and 
clustering algorithms for classification on identified learning patterns. 
The method consists of three main stages:

• Initial study preparation: The researchers define static code analysis 
metrics and classification criteria. The developers then implement 
these metrics and provide the machine learning algorithms for 
classification.

• Continuous improvement through static analysis and classification: 
Users develop applications using a block-based VPL, designing 
both the interface and behavior. The applications undergo auto-
matic static analysis, receiving the SQALE score based on iden-
tified code smells. The clustering algorithms are then used to 
categorize the application according to a set of predefined cri-
teria. Users iteratively refine their applications based on detected 
issues and classification feedback.

• Evaluation and refinement : The researchers analyze the results to 
identify new patterns of user behavior, leading to the proposal of 
additional metrics or classification criteria. Developers update the 
tool accordingly, integrating new metrics and machine learning 
algorithms.

The proposed method directly addresses the identified gap in per-
sonalized learning within visual programming environments. By in-
tegrating static code analysis with machine-learning-based classifica-
tion, this approach enables automated, data-driven recommendations 
tailored to each user’s learning needs.

Each recommendation provides a detailed explanation of the corre-
sponding metric and its use within MIT App Inventor. This information 
4 
is accessible directly through the platform’s interface. By describing 
both the concept behind the metric and the functionality of the relevant 
blocks, the system helps users integrate clean coding practices effec-
tively into their projects. Moreover, a visual demonstration illustrates 
how to identify and utilize these blocks, ensuring clearer guidance for 
learners.

Operationally, we translate the analysis into adaptive guidance in 
five steps: (1) Metric extraction: obtain static indicators of concept 
usage and code quality; (2) Learner profiling: derive project levels that 
reflect usage patterns; (3) Gap detection: identify underused or missing 
concepts per level; (4) Recommendation mapping: link each gap to 
targeted, concept-level guidance and examples; and (5) Delivery and 
iteration: present recommendations in the IDE and re-analyze projects 
to update levels and next steps.

Recommendations are authored and validated by the Researchers 
as part of the study design: they define the metric signals that indi-
cate conceptual gaps and the rule-based mapping from each gap to 
a concrete recommendation (explainer, example snippet, refactoring 
hint). The unsupervised clustering assigns projects to learner levels 
where these rules are applied. Metric/Machine Learning developers 
implement the extraction, clustering, and rule engine to integrate the 
guidance into the MIT App Inventor interface. End-users receive the 
in-IDE guidance and iterate on their projects, closing the feedback loop.

4. Method validation

This section presents the evaluation framework for the proposed 
method, detailing both the implementation of the BlocklyMining6 sup-
port tool and the dataset used for validation. The tool is described 

6 https://github.com/TatyPerson/BlocklyMining

https://github.com/TatyPerson/BlocklyMining
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in terms of its core services, while the dataset overview highlights 
its origin, structure, and filtering criteria. To support transparency, 
we provide installation, configuration, and execution details for Block-
lyMining in Appendix, including tool versions, dependency list, and the 
command-line used in our experiments.

4.1. BlocklyMining implementation

The BlocklyMining tool extracts data from applications’ source files 
by applying the implemented static code analysis metrics. MIT App 
Inventor was selected as the VPL to implement our tool due to its 
widespread adoption among novice programmers. Additionally, the 
scarcity of previous research on personalized learning in MIT App 
Inventor highlights the need for further exploration in this area. The 
availability of a big dataset containing real user projects, provided by 
MIT App Inventor researchers, has facilitated the implementation of the 
data-driven method.

BlocklyMining was implemented in Python and exposes a command-
line interface and service modules so that experiments can be executed 
in batches over exported projects. In this study, we used BlocklyMining 
1.4.0, Python 3.10, and Ubuntu 22.04 LTS. Installation, configuration, 
and execution details are provided in Appendix. By default, results are 
written as CSV in the target directory. A typical offline run over a 
directory of MIT App Inventor projects is launched as follows:

1 python BlocklyMining.py --source=appinventor
--path=/projects

BlocklyMining follows a client–server architecture. When a user 
creates a project in MIT App Inventor, the corresponding .aia project 
file is sent to BlocklyMining for static code analysis. Then, the system 
performs a static code analysis and classifies the project using machine 
learning algorithms. Based on this classification, a recommendation is 
generated and sent back to the MIT App Inventor environment, guiding 
the necessary improvements to reach the next classification level. The 
system also assigns an SQALE-based quality score and communicates it 
to the user.

During the experiments conducted for this study, the tool was exe-
cuted to process project files independently rather than as a real-time 
interaction with MIT App Inventor. However, the system architecture 
has been designed for its future deployment as an autonomous service. 
The architecture of BlocklyMining is depicted in Fig.  2 using the C4 
model notation [31]. It contains three core services, namely Static Code 
Analysis Service, Quality Measurement Service and Personalized Learning 
Service.

The Static Code Analysis Service extracts and evaluates code metrics 
from MIT App Inventor projects. The service provides an insight into 
project structure, potential issues, and programming practices in a 
visual programming environment. First, Element-based metrics quan-
tify the presence of different elements in applications, such as the 
number of screens, blocks, event handlers, loops, and variables. This 
data helps assess application complexity and understand user prefer-
ences in component usage. Second, code smell metrics detect potential 
issues in the code, such as duplicated or unreachable code, overly 
long functions, poorly named variables and unused variables. Finally,
SonarQube-inspired metrics were integrated to enhance the analysis,7 
focusing on cyclomatic and cognitive complexity, excessive nesting, 
magic numbers, uninitialized variables, and infinite loops.

The Quality Measurement Service assigns a quality score to projects 
based on the SQALE model [23], enabling the analysis of code smells 
and errors in applications built with MIT App Inventor. To achieve 
this, a set of metrics has been defined to identify potential issues in 
the code, such as block duplication, excessively long functions, unused 

7 https://docs.sonarqube.org/latest/user-guide/metric-definitions/
5 
variables, or overly nested control structures. These metrics help detect 
poor coding practices and assess the project’s technical debt.

Following the approach used in SonarQube, technical debt is calcu-
lated by assigning a correction factor to each metric and multiplying 
it by the number of detected occurrences. This provides a quantitative 
measure of the effort required to fix the identified issues. In addition, 
the system categorizes the impact of each code smell or error on the 
application functionality, establishing different severity levels. Then, 
the tool assigns a maintainability score based on the project’s technical 
debt percentage, classifying it into levels ranging from A (low technical 
debt) to E (very high technical debt). This feature provides users 
with a clear evaluation of code quality and guidance on necessary 
improvements to enhance maintainability.

The Personalized Learning Service employs machine learning algo-
rithms to classify projects and provide personalized learning recom-
mendations. As discussed in Section 2, developing an automated recom-
mendation system requires careful consideration of several key aspects 
such as learning model parameters, recommendations and feedback 
mechanisms. Each recommendation appears in a side panel within 
the blocks editor, combining a concise concept explanation, a visual 
cue to the exact blocks to add or refactor, and a minimal working 
example that learners can copy and adapt. For the present validation, 
recommendations were generated by first defining cluster-to-action 
mappings and later applying them in the BlocklyMining tool.

4.2. Metrics and quality scoring

In this study, an expert in programming education manually se-
lected the metrics. The selection process prioritized metrics directly 
related to fundamental programming concepts typically introduced 
during the early stages of learning, such as control structures (condi-
tionals and loops), event-driven programming, functional decomposi-
tion, and variable management. From the three available categories of 
metrics in BlocklyMining (Element-based, Code Smell and SonarQube-
Inspired ones), only Element-based metrics were considered. This de-
cision was made because Element-based metrics offer a direct and 
interpretable measure of the programming constructs commonly used 
by students, avoiding the added complexity and abstraction introduced 
by Code Smell and SonarQube-Inspired metrics, which are more suited 
for advanced code quality assessments.

Within the Element-based metrics of Table  3, 7 out of 9 metrics were 
selected (i.e., M3 to M9). Metrics M1 (i.e., number of screens) and M2 
(i.e., total number of blocks) were excluded, as they provide aggregate 
information that does not specifically target particular programming 
concepts. Instead, the selected metrics emphasize distinct programming 
skills, facilitating a clearer interpretation of students’ abilities and 
supporting the goal of providing actionable learning recommendations. 
The code employed for manual Element-based metrics is shown in 
Listing 1.
1 X = np.array(df[['NumberOfDefinedFunctionalBlocks',
2 'NumberOfUsedFunctionalBlocks','NumberOfEventsBlocks',
3 'NumberOfConditionalBlocks','NumberOfLoopsBlocks',
4 'NumberOfGlobalVariables','NumberOfLocalVariables']])

Listing 1: Manual selection of metrics

4.3. Clustering and evaluation metrics

K-Means was selected because the dataset lacks labels and the goal 
is unsupervised profiling; K-Means is a well-established baseline in 
educational recommenders for grouping users and driving personalized 
suggestions [14]. Its centroid-based partitions are computationally ef-
ficient at this scale and yield interpretable profiles (via feature means) 
that map cleanly to actionable guidance. Its implementation is shown in 
Listing 2. An Elbow curve is generated to determine the optimal number 
of clusters, and its implementation is shown in Listing 3.

https://docs.sonarqube.org/latest/user-guide/metric-definitions/
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Table 3
Usage metrics of MIT App Inventor VPL elements.
 ID Metric Description  
 M1 NumberOfScreens Number of screens in the application.  
 M2 NumberOfTotalBlocks Total number of blocks in the application.  
 M3 NumberOfDefinedFunctionalBlocks Number of functional blocks defined in the application.  
 M4 NumberOfUsedFunctionalBlocks Number of function calls belonging to the components available in MIT App Inventor. 
 M5 NumberOfEventsBlocks Number of event blocks in the application.  
 M6 NumberOfConditionalBlocks Number of conditional blocks (if/else, switch) in the application.  
 M7 NumberOfLoopsBlocks Number of loop blocks (for, while, do-while) in the application.  
 M8 NumberOfGlobalVariables Number of global variable definition blocks in the application.  
 M9 NumberOfLocalVariables Number of local variable definition blocks in the application.  
1 kmeans = KMeans(n_clusters=4).fit(X)
2 centroids = kmeans.cluster_centers_
3 preds = KMeans(n_clusters=4).fit_predict(X)

Listing 2: K-Means classification with K = 4

1 Nc = range(1, 20)
2 kmeans = [KMeans(n_clusters=i) for i in Nc]
3 score = [kmeans[i].fit(X).score(X) for i in

range(len(kmeans))]
4 plt.plot(Nc, score)
5 plt.xlabel('Number of Clusters')
6 plt.ylabel('Score')
7 plt.title('Elbow curve')
8 plt.show()

Listing 3: Elbow curve for selecting the optimal K

Then, a Hierarchical Agglomerative Clustering approach was also 
included to validate the results obtained with K-Means. This alternative 
method provides a different classification perspective while maintain-
ing the unsupervised nature of the analysis. The implementation code 
is shown in Listing 4.
1 agglom = AgglomerativeClustering(n_clusters = 4,

linkage = 'ward')
2 preds = agglom.fit_predict(X)

Listing 4: Hierarchical Agglomerative classification with K = 4

A group-based recommendation strategy was adopted, leveraging 
the classification structure generated by K-Means and Hierarchical 
Clustering. This method allows recommendations to be tailored to users 
based on their cluster assignment. Euclidean distance was selected as 
the similarity measure, since it is the internal metric used by both 
K-Means and Hierarchical Agglomerative Clustering for classification.

Davies–Bouldin Index (DBI) and Silhouette Coefficient (SC) were 
used to assess the quality of the clustering results. Unsupervised clus-
tering goes beyond descriptive statistics by uncovering latent usage 
profiles. Using DBI and SC provides quantitative evidence of cluster sep-
aration and compactness, supporting principled selection of K and more 
robust interpretations [32]. DBI and SC were computed using the ref-
erence implementations in scikit-learn for Python: davies_bouldin_
score8 and silhouette_score.9 DBI measures the effectiveness of 
clustering for a given K value by averaging the similarity between each 
cluster and its most similar counterpart. SC evaluates the clustering 
structure using the silhouette method, which is defined as the difference 
between the average distance to elements in the nearest cluster and the 
average intra-cluster distance, divided by the maximum of these two 
distances.

8 https://scikit-learn.org/stable/modules/generated/sklearn.metrics.davies_
bouldin_score.html

9 https://scikit-learn.org/stable/modules/generated/sklearn.metrics.
silhouette_score.html
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4.4. Dataset

The dataset used to validate the proposal was obtained from MIT on 
June 28th, 2021. It consists of 500,000 MIT App Inventor projects cre-
ated by users, with a total size of 10.39 GB. The data is organized into 
numbered folders, each representing a project identified by a unique 
ID. Each project folder contains an extraction.properties file (empty due 
to privacy reasons) and two subfolders: src and youngandroidproject. 
The source code for each project’s screens is located in src/appinven-
tor/masked/ProjectID, where BKY files are stored. BKY files are XML 
representations of the blocks that implement the behavior of each 
screen. To ensure user privacy, project folders have been anonymized 
by replacing the original creator’s name with the label ‘‘masked’’. 
Additional project-related information, such as the application version 
code, is stored in the youngandroid folder.

For the analysis, we excluded projects with fewer than 70 defined 
blocks across all screens. This threshold operationalizes prior work in 
App Inventor that models learners’ ‘‘depth of capability’’ via program 
size/variety, such as the number of distinct block types used per 
project, showing that richer projects tend to reflect more advanced 
capability and progression [33]. In mobile, multi-screen, event-driven 
apps such as those built with App Inventor, projects naturally accu-
mulate more blocks than in other VPLs as Scratch-like environments; 
thresholds suited to Scratch would therefore admit many tutorial-
style fragments. We also considered that novices often overproduce 
blocks for simple behaviors, inflating counts without broader concep-
tual coverage; the 70-block cutoff mitigates this by ensuring a minimum 
functional substance so that static analysis and clustering capture mean-
ingful behavioral patterns. Moreover, although our target population 
is novice programmers, we aim to extract stable usage patterns and 
generate actionable recommendations, which benefits from filtering out 
incomplete or trivial artifacts.

After this filtering step, the dataset used in the study comprised 
215,244 projects. The BlocklyMining tool was then applied to extract 
relevant metrics, generating CSV and SQL files containing the analysis 
results.

The code of each project was statically analyzed to calculate the 
SQALE score, identifying potential code smells. The clustering algo-
rithms were used to categorize the developed applications, based on 
an approach that selects the key metrics reflecting fundamental block-
based programming concepts, such as functional blocks, event blocks, 
control structures or variable counts.

5. Experimentation

In this section, two case studies will be presented, in which the 
K-Means and Hierarchical Agglomerative algorithms will be applied 
to the dataset described in the previous section. For both algorithms, 
the manually selected metrics of the dataset will be used. The main 
objective of this analysis is to detect novice programmers’ behavioral 
patterns, to provide them with personalized recommendations that 
can improve and strengthen their programming skills. Through this 
approach, it is intended to guide these programmers in their learning 
process, providing them with relevant and effective resources and 

https://scikit-learn.org/stable/modules/generated/sklearn.metrics.davies_bouldin_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.davies_bouldin_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_score.html
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Fig. 2. Architecture diagram of the BlocklyMining tool.
exercises for their growth in programming. All preprocessing and anal-
ysis steps are documented in Appendix to reproduce BlocklyMining 
execution with any equivalent corpus of MIT App Inventor projects.

We executed BlocklyMining in offline batch mode over exported 
.aia projects. For clustering we used the manually selected element-
based metrics M3-M9 (described in Table  3, Section 4). Because these 
7 
features are non-negative counts, we applied z-score standardization to 
prevent scale bias across metrics; missing values did not occur (all met-
rics are computed deterministically from BKY files). We evaluated two 
unsupervised algorithms with Euclidean distance: K-Means (k-means++ 
initialization, n_init=20, max_iter=300, random_state=42) 
and Hierarchical Agglomerative Clustering with Ward linkage.
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Fig. 3. Elbow curve of K-Means inertia across candidate 𝐾. The circled points (𝐾 = 3–6) mark the elbow region; 𝐾 ≈ 3 shows the largest marginal gain, with 
diminishing returns beyond 𝐾 ≈ 6. Dashed lines mark the considered range: 𝐾 ∈ [3, 6].
Table 4
Classification using the K-Means algorithm with K = 6 for the model 
based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 2.04 13.33 8.52 3.88 0.17 2.96 0.17
1 60.4 639.12 381.4 259.8 3.48 195.8 10.08
2 0.68 3.32 5.83 3.15 0.29 3.42 0.35
3 5.52 65.69 38.22 13.42 0.75 9.5 1.82
4 3.05 28.31 17.28 7.49 0.48 4.75 0.43
5 15.92 172.55 165.66 49.52 1.72 24.08 1.63

5.1. Clustering methodology and evaluation metrics

First, the Elbow curve shown in Fig.  3 is analyzed to determine the 
optimal value of K. This value determines the number of groups into 
which the data will be organized. We selected a candidate range for 𝐾
using the Elbow method. The curve of K-Means inertia exhibits a clear 
inflection near 𝐾 ≈ 3, after which the marginal reduction in inertia 
drops sharply and the slope visibly flattens for 𝐾 between 3 and 6. 
Practically, this corresponds to the first point where adding clusters 
yields rapidly diminishing returns (small first differences in inertia). 
We therefore treated 𝐾 ∈ [3, 6] as the candidate range to examine in 
subsequent analyses.

The centroids derived from the execution of the K-Means algorithm 
are described below for each cluster in Table  4 when considering K = 
6, in Table  5 for K = 5, in Table  6 with K = 4, and in Table  7 when 
using K = 3.

The centroid values obtained for each group after running the 
Hierarchical Agglomerative algorithm are presented in Table  8 with K 
= 6, in Table  9 with K = 5, in Table  10 with K = 4, and in Table  11 
with K = 3.

Next, Table  12 shows the distribution of projects in each group, 
considering all analyzed values of K. In addition, Table  13 provides 
the calculations that evaluate the quality of clusters for different values 
8 
Table 5
Classification using the K-Means algorithm with K = 5 for the model based 
on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 0.85 4.77 6.08 3.2 0.26 3.15 0.3
1 10.05 126.39 103.32 34.36 1.5 17.5 1.81
2 2.53 17.51 10.76 4.74 0.24 3.62 0.23
3 4.19 47.8 27.78 10.92 0.67 7.85 1.04
4 53.1 579.21 417.28 239.38 3 173.86 8.69

Table 6
Classification using the K-Means algorithm with K = 4 for the model based 
on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 0.89 5.05 6.13 3.24 0.25 3.12 0.3
1 46.08 513.27 393.81 216.05 4.35 145.89 7.08
2 2.61 18.73 11.48 4.93 0.26 3.85 0.25
3 5.05 60.31 36.98 13.82 0.76 9.26 1.36

Table 7
Classification using the K-Means algorithm with K = 3 for the model 
based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 1.28 7.77 7.11 3.52 0.24 3.26 0.28
1 43.25 498.3 380.48 202.83 4.02 138.38 6.55
2 3.69 38.69 23.22 9.33 0.57 5.93 0.72

of K. The best results in both tables are highlighted in green. In this 
case, DBI and SC are used to evaluate the quality of the classifications 
obtained.

It is evident that the K-Means algorithm offers superior perfor-
mance, evidenced by the optimal results obtained in terms of DBI and 
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Table 8
Classification using the Hierarchical Agglomerative algorithm with K = 6 
for the model based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 55.92 594.96 426.41 245.15 3.22 182.22 9.33
1 1.64 10.77 8.31 3.4 0.13 2.33 0.16
2 4.74 59 35.27 15.85 0.77 11.65 1.56
3 2.61 25.23 16.48 6.93 0.42 4.87 0.38
4 0.73 2.61 4.75 3.33 0.39 4.22 0.42
5 16.41 187.56 134.15 39.4 1.83 21.33 1.66

Table 9
Classification using the Hierarchical Agglomerative algorithm with K = 5 
for the model based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 5.22 64.31 39.36 16.82 0.82 12.05 1.56
1 1.64 10.77 8.31 3.4 0.13 2.33 0.16
2 55.92 594.96 426.41 245.15 3.22 182.22 9.33
3 2.61 25.23 16.48 6.93 0.42 4.87 0.38
4 0.73 2.61 4.75 3.33 0.39 4.22 0.42

Table 10
Classification using the Hierarchical Agglomerative algorithm with K = 4 
for the model based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 1.25 7.28 6.78 3.37 0.24 3.14 0.28
1 5.22 64.31 39.36 16.82 0.82 12.05 1.56
2 55.92 594.96 426.41 245.15 3.22 182.22 9.33
3 2.61 25.23 16.48 6.93 0.42 4.87 0.38

Table 11
Classification using the Hierarchical Agglomerative algorithm with K = 3 
for the model based on manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 3 30.97 19.84 8.38 0.48 5.92 0.56
1 1.25 7.28 6.78 3.37 0.24 3.14 0.28
2 55.92 594.96 426.41 245.15 3.22 182.22 9.33

SC coefficients. In particular, the most appropriate value of K is 3. 
However, it is noted that in the classification performed by K-Means 
with K = 3, the vast majority of the projects (93.23%) are grouped 
in cluster 0, while cluster 1 comprises a minimum number of projects 
(0.02%), and cluster 2 contains the remaining projects (6.75%).

In contrast, the choice of K = 4 in K-Means results in a more 
diverse grouping: cluster 0 contains 71.07% of the projects, cluster 
1 only 0.02%, cluster 2 26.88% and cluster 3 the remaining 2.04%. 
This variation in the distribution of clusters is the reason why the 
classification obtained with K-Means and K = 4 is also examined.

5.2. K-Means (K=3)

An analysis of the classification results presented in Table  14 
illustrates the formation of three clusters (0, 1 and 2). Cluster 1 stands 
out as having remarkable values for the metrics: M3 (NumberOfDefined
FunctionalBlocks), M4 (NumberOfUsedFunctionalBlocks), M5 (NumberOf
EventsBlocks), M6 (NumberOfConditionalBlocks), M7 (NumberOf
LoopsBlocks), M8 (NumberOfGlobalVariables) and M9 (NumberOfLocal
Variables). In addition, two other clusters (0 and 2) were formed, 
which are similar in their characteristics, as they both have remark-
able values for the metrics: M3 (NumberOfDefinedFunctionalBlocks), 
M4 (NumberOfUsedFunctionalBlocks), M5 (NumberOfEventsBlocks), M6 

(NumberOfConditionalBlocks) and M8 (NumberOfGlobalVariables). The 
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Fig. 4. Visual representation of the 3-cluster classification performed by the 
K-Means algorithm using manually selected metrics.

main difference between the two clusters (0 and 2) lies in the average 
values obtained for each of the metrics, noting that cluster 2 tends to 
have higher average values in all the metrics compared to cluster 0. The 
composition of these clusters is as follows: cluster 0 includes 200,681 
projects (93.23%), cluster 1 consists of 40 projects (0.02%) and cluster 
2 includes 14,523 projects (6.75%).

In addition, Fig.  4 depicts a graph illustrating how the projects 
are distributed in each of the clusters, providing an additional visual 
representation of the classification performed by the K-Means algorithm 
with a value of K = 3. In this figure, projects classified in cluster 0 
are shown in red, projects classified in cluster 1 are shown in green, 
and projects classified in cluster 2 are shown in blue. The axes of 
the graph represent the three-dimensional position assigned by the 
K-Means algorithm to each of the projects according to the metrics 
selected for the study.

With this classification, it is possible to group projects into different 
levels according to the programming elements used in each of them. 
In this case, the process makes it possible to distinguish between initial 
levels, where users use fewer types of blocks, and more advanced levels, 
where they demonstrate a greater use of blocks. The levels can be 
defined as follows:

• Level 1: Projects that use all elements except loops and local 
variables (cluster 0).

• Level 2: Projects that use the same type of elements as Level 1 
projects, but make greater use of these elements (cluster 2).

• Level 3: Projects that use the same elements as levels 1 and 2, 
including the use of loops and local variables (cluster 1).

Based on this information, it can be concluded that defining local 
variables and using loops are more complex tasks for novice MIT App 
Inventor programmers. It is important to note that cluster 1, which 
shows complete mastery of all elements, contains only 40 projects, 
indicating that the definition and use of local variables and the use of 
loops are less mastered skills by novice programmers compared to the 

use of other elements.
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Table 12
Classification of K-Means and Hierarchical Agglomerative algorithms for different values of K, using 
manually selected metrics.
Algorithm K value C0 C1 C2 C3 C4 C5
K-Means 6 80.434 25 115.504 2.678 16.457 146
Hierarchical Agglomerative 6 27 109.615 3.314 20.092 82.053 143
K-Means 5 147.111 391 61.599 6.114 29
Hierarchical Agglomerative 5 3.457 109.615 27 20.092 82.053
K-Means 4 152.968 37 57.853 4.386
Hierarchical Agglomerative 4 191.688 3.457 27 20.092
K-Means 3 200.681 40 14.523
Hierarchical Agglomerative 3 23.549 191.688 27
, 
Table 13
SC and DBI results for classification of K-Means and Hi-
erarchical Agglomerative algorithms for different values 
of K, using manually selected metrics.
Algorithm K value SC DBI
K-Means 6 0.29 1.07
Hierarchical Agglomerative 6 0.22 1.16
K-Means 5 0.37 0.99
Hierarchical Agglomerative 5 0.22 1.15
K-Means 4 0.39 0.94
Hierarchical Agglomerative 4 0.51 1
K-Means 3 0.66 0.80
Hierarchical Agglomerative 3 0.59 0.85

Table 14
Features per cluster created by K-Means algorithm and K = 3 using 
manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 1.28 7.77 7.11 3.52 0.24 3.26 0.28
1 43.25 498.3 380.48 202.83 4.02 138.38 6.55
2 3.69 38.69 23.22 9.33 0.57 5.93 0.72

The BPMN diagram shown in Fig.  5 details the recommendations 
made at each level, which is represented as a task or activity in the 
diagram. The connections between levels indicate the recommended 
flow of progress from one to the next. For example, to reach level 2, 
learners first complete level 1 and then address the task of intensifying 
the use of the programming elements embedded in the application. 
Concretely, for level 1, where loops and local variables are largely 
absent, the system recommends introducing iteration (e.g., a minimal 
‘‘for each’’ pattern over a list) and refactoring globals into locals within 
event handlers, with a short before/after example. For level 2, where 
these constructs appear only sporadically, the guidance shifts to consol-
idation: expand the use of loop constructs across repeated patterns and 
systematically replace remaining globals with scoped locals, reinforcing 
best practices through small, in-place refactorings.

Finally, Fig.  6 provides a demonstration of the recommendation 
given to a user who has reached level 1. The recommendation includes 
a detailed explanation of how to create a new screen in MIT App Inven-
tor application. This screen is set up as a place to integrate new func-
tionality into the application, thereby increasing the use of additional 
programming elements. By offering this guide, novice programmers 
are guided toward developing more sophisticated applications that can 
incorporate a greater amount of functionality.
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Table 15
Features per cluster created by K-Means algorithm and K = 4 using 
manually selected metrics.
Cluster M3 M4 M5 M6 M7 M8 M9
0 0.89 5.05 6.13 3.24 0.25 3.12 0.3
1 46.08 513.27 393.81 216.05 4.35 145.89 7.08
2 2.61 18.73 11.48 4.93 0.26 3.85 0.25
3 5.05 60.31 36.98 13.82 0.76 9.26 1.36

5.3. K-Means (K=4)

An analysis of the classification results presented in Table  15 
reveals the identification of 4 clusters that are significantly differ-
ent from each other. Each of these clusters is characterized by par-
ticular values in the metrics considered. Cluster 0 stands out be-
cause it has values for the metrics: M4 (NumberOfUsedFunctionalBlocks), 
M5 (NumberOfEventsBlocks), M6 (NumberOfConditionalBlocks) and M8 
(NumberOfGlobalVariables). Cluster 1 differs by presenting notable val-
ues for the metrics: M3 (NumberOfDefinedFunctionalBlocks), M4
(NumberOfUsedFunctionalBlocks), M5 (NumberOfEventsBlocks), M6
(NumberOfConditionalBlocks), M7 (NumberOfLoopsBlocks), M8
(NumberOfGlobalVariables), and M9 (NumberOfLocalVariables). Cluster 2 
is notable for having remarkable values for the metrics: M3
(NumberOfDefinedFunctionalBlocks), M4 (NumberOfUsedFunctionalBlocks)
M5 (NumberOfEventsBlocks), M6 (NumberOfConditionalBlocks), and M8 
(NumberOfGlobalVariables). Finally, cluster 3 is characterized by sig-
nificant values for the metrics: M3 (NumberOfDefinedFunctionalBlocks), 
M4 (NumberOfUsedFunctionalBlocks), M5 (NumberOfEventsBlocks), M6 
(NumberOfConditionalBlocks), M8 (NumberOfGlobalVariables) and M9 
(NumberOfLocalVariables).

The composition of these clusters is as follows: Cluster 0 contains 
152,968 projects (71.07%), Cluster 1 contains 37 projects (0.02%), 
Cluster 2 contains 57,853 projects (26.88%), and Cluster 3 contains 
4386 projects (2.04%).

In addition, Fig.  7 presents a graph representing the distribution 
of projects in each of the clusters, providing an additional visual 
representation of the classification performed by the K-Means algorithm 
with a value of K = 4. In this figure, the projects classified in cluster 
0 are represented with red color, the projects classified in cluster 1 
with green color, the projects classified in cluster 2 with blue color and 
the projects classified in cluster 3 with light blue color. The axes of 
the graph represent, as in the previous study, the three-dimensional 
position assigned by the K-Means algorithm to each of the projects 
according to the metrics selected for the study.

This classification divides the projects into different levels according 
to the programming elements used in each of them, similar to the 
classification previously studied with K = 3. In this way, it is possible 
to distinguish again between initial levels, where users use a smaller 
variety of blocks, and more advanced levels, where a wider use of 
blocks and programming functionalities can be observed. The levels can 
be characterized as follows:
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Fig. 5. Classification process and recommendations with K-Means (K = 3) using manually selected metrics.
Fig. 6. Demonstration of project with level 1 recommendation in MIT App Inventor (K-Means with K = 3 using manually selected metrics).
• Level 1: Projects that use MIT App Inventor’s predefined functions 
and events, use conditional blocks, and define global variables 
(cluster 0).

• Level 2: Projects with the same characteristics as the Level 1 
projects, including their own user-defined functions (cluster 2).

• Level 3: Projects that have the same characteristics as Level 2 
projects and use local variables (cluster 3).

• Level 4: Projects that include all characteristics of the previous 
levels and use loops (cluster 1).

From the extracted results, the most challenging activities for novice 
programmers in MIT App Inventor are, in terms of difficulty, the 
definition of functions, the definition of local variables and the use of 
loops. It is interesting to note that cluster 1, which shows full use of 
all these programming elements, contains only 37 projects. This figure 
suggests that the ability to use loops is less widely adopted by novice 
programmers compared to other skills, a finding that is consistent with 
the observations made in the previous classification with K = 3.
11 
The BPMN diagram shown in Fig.  8 summarizes the personalized 
recommendations associated with each skill level. Fig.  9 illustrates an 
example provided to a user at level 3. This recommendation offers 
a clear and structured explanation of how to use the different types 
of loop constructs available in MIT App Inventor. By combining a 
textual description of each loop’s purpose and behavior with a visual 
guide that highlights the corresponding blocks in the VPL interface, the 
system bridges the gap between conceptual understanding and practical 
implementation.

For levels 1 and 2, where gaps consistently appear in loops and 
local variables, recommendations prioritize introducing simple loop 
patterns (e.g., a minimal ‘‘for each’’ over a list) and refactoring glob-
als into scoped locals within event handlers using brief before/after 
examples. In level 1 specifically, the recommendations system also 
addresses the lack of user-defined procedures by proposing a small 
procedure template to encapsulate repeated logic. For level 3, the focus 
narrows to iteration fluency: targeted loop templates and small in-place 
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Fig. 7. Visual representation of the classification into 4 clusters performed by 
the K-Means algorithm using manually selected metrics.

refactorings that integrate loops into existing behaviors without chang-
ing the app’s intent. These recommendations guide the user toward 
incorporating new programming constructs and reinforce learning by 
contextualizing abstract concepts in real, actionable examples within 
the user’s development environment.

This example illustrates the underlying approach of the recommen-
dation system: to deliver concrete, skill-based suggestions tailored to 
the user’s programming level. These recommendations are not generic, 
but directly align with the concepts the user has not yet mastered. 
By integrating them within the development environment, the system 
promotes incremental learning and supports the acquisition of more 
complex programming skills in a guided and efficient manner.

5.4. Limitations and implications for learning

Our validation relies on large-scale static analysis and unsuper-
vised clustering rather than user studies observing learning outcomes 
directly. As such, the evidence presented concerns patterns in code 
artifacts (e.g., concept usage and maintainability signals) rather than 
causal effects on learning. To keep the analysis reproducible, we report 
observable outcome proxies that the pipeline already exposes, such 
as profile transitions and metric deltas (e.g., increased use of loops 
and local variables; reductions in SQALE-derived technical debt) after 
project edits, while acknowledging that these indicators do not, by 
themselves, establish learning gains. In addition, in this case study, 
the gap-to-action mappings for generating new recommendations are 
prepared after each BlocklyMining editing session. Finally, any gap 
identified in prior work reflects the scope of our literature search and 
should be interpreted within those boundaries.

Despite these limits, the results have clear implications for per-
sonalized learning in block-based environments. Cluster profiles act 
as data-driven learner states; gap detection over these profiles pin-
points underused concepts; and the IDE-embedded messages opera-
tionalize next steps with concise explainers and block-level examples. 
This pipeline provides a practical mechanism to deliver adaptive guid-
ance at scale and makes the pathway to summative evaluation explicit. 
Future studies could complement these proxies with classroom deploy-
ments and mixed-methods evidence to assess perceived usefulness and 
12 
learning outcomes, but such work lies beyond the scope of the present 
analysis.

6. Conclusions and future work

Personalized learning in computer programming has long been 
a key objective in educational technology. Traditional instructional 
designs often fail to meet the diverse needs of individual students, 
presenting a significant challenge for novice programmers. Moreover, 
early programming education rarely emphasizes clean coding practices, 
which are essential for professional software development. Personalized 
learning allows students to progress at their own pace, enhances en-
gagement, deepens understanding, and improves knowledge retention 
by leveraging data-driven insights for targeted instruction.

This paper presented a method for customizing programming ed-
ucation by analyzing large-scale datasets from block-based projects 
created by novice programmers. Block-based VPLs are popular for their 
visual representation and ease of use, which help beginners grasp com-
plex concepts more intuitively compared to text-based languages with 
stricter syntax. The presented method combines learner data analysis 
with clean code metrics to examine patterns in programming concept 
coverage and code quality, thereby predicting and adapting learning 
pathways to better suit individual needs.

To our knowledge and within our search scope in Section 2, machine
learning-based clustering has not been applied to personalize learning 
in block-based environments. Considering that such environments aim 
at providing the freedom to create applications without predefined 
constraints, integrating machine learning to automatically generate 
recommendations based on individual proficiency is beneficial.

The proposed method follows an iterative DSR that enables novice 
programmers to refine their applications using the SQALE score to 
identify code issues and machine learning classification to detect ar-
eas for improvement. BlocklyMining is a tool developed to support 
this method through three core services, namely static code analysis, 
SQALE model-based quality evaluation and machine-learning-based 
applications’ classification.

Validation of the research hypothesis–the use of static code analysis, 
enhanced by machine learning techniques, provides a personalized learning 
experience for users of block-based VPLs–was carried out on 215,244 MIT 
App Inventor projects, using K-Means and Hierarchical Agglomerative 
Clustering algorithms. Several iterations were performed with different 
numbers of clusters and several evaluation metrics.

The classification algorithms were applied to a selected set of met-
rics that capture fundamental block-based programming concepts. Con-
sistent with the Elbow curve, which showed an inflection between 
K = 3 and K = 6, the optimal K and the best-performing algorithm 
were determined by evaluating clustering quality using SC and DBI. 
K-Means Clustering with K = 3 yielded the most favorable results (SC 
= 0.66, DBI = 0.80), although K = 4 was also considered due to the 
increased diversity of projects in some clusters (SC = 0.39, DBI = 
0.94). This approach prioritizes interpretability, as each selected metric 
directly corresponds to specific programming concepts, facilitating the 
understanding of the clustering-based classification. The method effec-
tively groups projects into meaningful clusters, enabling the generation 
of personalized learning recommendations based on the skill levels 
demonstrated by novice programmers.

Our method explores the use of machine learning for personalized 
learning in block-based VPL environments offering an adaptive mecha-
nism to guide novice programmers in enhancing both their code quality 
and conceptual understanding. Through an iterative process, the ap-
proach provides targeted feedback that enables users to progressively 
refine their applications while mastering programming concepts. This 
systematic and automated approach not only improves learning expe-
riences, but also establishes a scalable foundation for implementing 
personalization in block-based VPLs.
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Fig. 8. Classification process and suggestions with K-Means (K = 4) using manually selected metrics.
Fig. 9. Demonstration of project with level 3 recommendation in MIT App Inventor (K-Means with K = 4 using manually selected metrics).
As future work, the combination of BlocklyMining and MIT App 
Inventor is planned in order to provide visual suggestions and adaptions 
to programmers’ learning process seamlessly integrated within the 
platform. Moreover, it can be used to evaluate user projects and assign 
grades based on SQALE and static code analysis results.

Future work could also explore how visual programming environ-
ments like MIT App Inventor might adapt to the growing influence 
of Large Language Models (LLMs) and prompt-based programming 
tools. LLMs could be used to automatically generate tailored feedback, 
suggest next steps based on the user’s current project, or provide natural 
language explanations of programming concepts. This approach could 
go beyond predefined instructional templates, offering more flexible, 
real-time guidance adapted to each learner’s progress and style. Com-
bining the advantages of block-based programming with AI-assisted 
support could open new opportunities for personalized learning, while 
maintaining the accessibility that these platforms offer to novice users.
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Appendix. Blocklymining installation

Environment. Python 3.10

1. Clone the repository
git clone https://github.com/TatyPerson/
BlocklyMining.git
cd BlocklyMining

2. Create and activate a virtual environment
python3.10 -m venv .venv
source .venv/bin/activate

3. Install dependencies
python -m pip install --upgrade pip
python -m pip install -r requirements.txt

Minimal requirements.txt (if not present):
mysql-connector -python==9.5.0
numpy==2.2.6

4. Prepare the dataset

• Export MIT App Inventor projects as .aia files.
• Unzip each .aia into its own subfolder, preserving the in-
ternal structure (e.g., src/.../*.bky,
youngandroidproject/...).

• (Optional) Batch unzip example (bash):
for f in *.aia; do unzip -q
" $f " -d " ${f

• Place all extracted project folders under a single directory, 
e.g., /projects.

5. Run batch analysis (CSV output)
python source/BlocklyMining.py --source
=appinventor --database=none --path
=/projects

The tool parses BKY (XML) and writes CSV results into /pro-
jects.

6. (Optional) Persist results in MySQL

(a) Create the schema from
database-schema/BlocklyMiningDatabase.sql.

(b) Edit source/ConfigurationParameters.cfg:
[MYSQL_DATABASE]
MYSQL_HOST = localhost
MYSQL_USER = user
MYSQL_PASSWORD = password
MYSQL_DATABASE = BlocklyMiningDatabase

(c) Run with MySQL mode:
python source/BlocklyMining.py --source
=appinventor --database=mysql --path
=/projects
14 
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