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Abstract: The increasing dominance of Android devices has driven a surge in demand for skilled mobile programmers, 

prompting educational institutions to incorporate mobile programming courses into their curricula. This trend, 

combined with the rise of self-learning platforms, highlights the need for innovative educational technologies that 

enhance programming instruction. While automated assessment systems have improved the grading process in 
programming education, there remains a gap in mobile programming education, particularly due to the complexities of 
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assessing Android applications. To address this, an innovative framework for Android application development is 

proposed, leveraging automated grading and assistance mechanisms. The framework employs a Test-Driven 

Development (TDD) approach, providing structured guidance and immediate feedback through automated testing tools 

including JUnit and Robolectric. A study involving 125 students revealed high engagement and success in basic topics, 

though challenges persisted in more complex areas, indicating a need for ongoing refinement and additional 

instructional support to elevate the learning experience in mobile application development. 

 

Index Terms: Android Applications, Self-Learning, Learning Assistance, Assignment Grading, Automated Testing. 

 

 

1. Introduction 

The popularity of smartphones, particularly those that use the Android operating system, has revolutionized the 

digital environment and markedly impacted the development of mobile applications, with Android devices representing 

approximately 72.04% of the global market share of mobile operating systems in the fourth quarter of 2024 [1]. The 

widespread adoption has resulted in a significant increase in the demand for proficient mobile programmers [2], leading 

many universities and professional institutions to incorporate mobile programming courses into their IT curriculum to 

provide students with vital development abilities. The increasing interest in mobile application development among 

professionals and hobbyists has generated a significant need for accessible self-learning platforms that support the 

acquisition and improvement of programming skills outside of conventional educational systems [3]. The convergence 

of Android's market supremacy, the increased demand for mobile developers, the integration of mobile programming 
into formal education, and the rise of self-directed learning underscore the imperative for innovative and user-friendly 

platforms that proficiently facilitate the education and skill enhancement of prospective mobile application developers 

[4]. 

Educational technology and automated systems have significantly transformed computer programming education, 

particularly through advancements in automated assessment, feedback generation, and learning analytics [5]. 

Automated assessment platforms have streamlined grading processes, allowing for more practical coding exercises, yet 

challenges such as the quality of feedback and potential biases from predetermined test cases remain. Techniques like 

program repair for automated feedback have demonstrated effectiveness in addressing common misconceptions [6, 7]. 

Learning analytics is becoming increasingly vital for understanding student behavior, informing instructional design, 

and creating more adaptive learning environments[8]. Automated grading systems are essential for efficient assessment 

in programming courses, delivering immediate feedback that aids learning, but often lack the depth needed for 
comprehensive feedback[9, 10]. Thus, there is a pressing need for an integrated approach that combines automated 

assessments with comprehensive assistance to foster deeper learning, enhance feedback quality, and improve 

educational outcomes. 

Recent advancements in programming education have been driven by adaptive learning platforms, hands-on 

experiences, and online adaptability [11]. The integration of automated learning assistance and grading has further 

improved the effectiveness of programming education by providing personalized support and immediate feedback [12]. 

However, a critical gap remains in mobile programming education, as current platforms lack sophisticated automated 

features available in general programming environments that underscore the need for self-learning systems. Assessing 

mobile programming assignments, particularly for Android applications, is complex due to their interactive nature, 

requiring proficiency in programming languages such as Java or Kotlin, XML for layout, and Gradle for build 

management [13, 14]. Transforming an Android project into an executable application involves intricate steps that make 
manual grading labor-intensive and time-consuming. Teachers must also evaluate individual components and their 

integrations, complicating the assessment process. Educational frameworks such as MOOCs and LMS, while valuable, 

lack the essential automated assistance and classification features that enhance self-learning experiences [15, 16]. 

This paper introduces automated assistance and grading mechanisms within an innovative learning framework for 

Android application development. The framework emphasizes a computer-assisted learning approach that prioritizes 

hands-on programming practice, enhanced by the Test-Driven Development (TDD) methodology [17]. This model 

equips students with comprehensive learning materials that outline coding and application development processes, 

featuring structured guidance and test suites to verify code correctness. By integrating TDD, the framework allows 

automated code verification, providing students with immediate feedback through an iterative process that fosters skill 

improvement. Upon completing their assignments, students submit their projects, which are evaluated by an automated 

grading system that reflects results from the associated test suites, thus promoting independent learning and efficient 

performance assessment. Additionally, the framework outlines a robust automated testing strategy that includes unit 
testing, integration testing, and user interface testing, utilizing tools such as JUnit and Robolectric to validate code 

functionality and user experience. The code verification model ensures the robustness of the software through a 

structured process, where tests assess various components of the application, providing constructive feedback on failure. 
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The automated assistance mechanism utilizes JUnit-based testing, where tests are organized in structured classes 

with methods marked by the '@Test' annotation, allowing students to run various assertions to validate code 

correctness. If an assertion fails, informative feedback helps to identify discrepancies. Robolectric complements this by 

simulating an Android environment to test components and user interface behaviors using standard assertions. Together, 

these frameworks provide immediate feedback, enabling students to efficiently address issues and improve software 
reliability. The grading system employs a weighted average, which accounts for multiple test case outcomes, each 

assigned a weight based on its significance. This structured approach enhances student learning through tailored 

feedback while the validator program validates submitted Android projects, executes integrated test suites, and 

calculates overall grades from test results. 

The evaluation involved 125 students from two mobile programming classes across two university programs, 

focusing on five learning topics: Basic Application, Advanced Widgets, Multiple Activities, Multimedia Resources, and 

Basic Data Storage. A total of 625 submissions were collected and validated in two weeks through a fully automated 

system, demonstrating seamless processing with only minimal discrepancies during assessment, thus highlighting the 

robustness and reliability of the validator program. Students received immediate and detailed feedback based on the 

execution of the test suite using JUnit and Robolectric, allowing iterative learning and significant improvements in 

foundational topics that are evidenced by high average grades (e.g. 99.86% for Basic Application). Student feedback 
was largely positive, with only a small percentage reporting technical issues such as IDE performance problems and 

version discrepancies. The system significantly reduced teacher workload by automating functional checks that 

traditionally required over 30 hours of manual effort, while also supporting targeted interventions based on common 

errors identified through test results. Despite its success, areas for improvement were identified, particularly in more 

complex topics like Multimedia Resources and Data Storage, where students requested clearer guidance and 

multilingual support. Overall, the framework proves effective in promoting self-directed learning and efficient 

assessment, though future work should include longitudinal studies to assess long-term concept retention and controlled 

comparisons with traditional grading methods. 

The rest of this paper is organized to systematically present the design, implementation, and evaluation of the 

proposed automated assistance and grading framework. Section 2 provides a comprehensive review of related work in 

educational technology, automated grading systems, and challenges specific to mobile programming education. Section 

3 details the design of the learning framework, including the integration of Test-Driven Development (TDD), automated 
testing strategies, and the code verification model. Section 4 outlines the mechanisms of automated assistance and 

grading, describing the validator program, test case design, and feedback generation process. Section 5 presents the 

evaluation results, including student performance metrics, feedback analysis, and technical outcomes. Section 6 

discusses the findings, limitations, scalability, and future improvements of the framework. Finally, Section 7 concludes 

the paper by summarizing the contributions and emphasizing the potential impact of the framework on mobile 

programming education.    

2. Contextual Review 

This section presents an overview of how advancements in educational technology and automated systems have 

transformed programming education through improved assessment methods, feedback mechanisms, and learning 
analytics, while also addressing the existing gaps in mobile programming education and emphasizing the need for 

further development of automated learning tools and frameworks. 

2.1. Educational Technology and Automated Systems in Programming Education 

Educational technology and automated systems have significantly advanced computer programming education in 

recent years, particularly in automated assessment, feedback generation, and learning analytics. Automated assessment 

systems such as Online Judge (OJ) platforms have streamlined the grading process and allowed students to engage in 

more practical coding exercises [18]. However, challenges persist with respect to feedback quality and potential unfair 

grading due to the reliance on predefined test cases [19, 20]. Automated feedback generation techniques, such as 

program repair, have shown promise in providing constructive feedback and addressing common misconceptions [21]. 

Integration of Git log analysis into these systems allows tracking student progress over time, offering insights into 

individual learning trajectories [22]. 
Learning analytics has emerged as a crucial tool for understanding student behavior and performance in 

programming courses. By analyzing data from automated assessment tools and learning management systems, 

educators can gain valuable insights to inform instructional design and tailor teaching methods to student needs [23, 24]. 

The combination of learning analytics with automated assessment systems has the potential to create more responsive 

and adaptive learning environments, ultimately improving educational outcomes in programming education [7]. 

However, concerns remain regarding the implementation and effectiveness of these automated systems, including 

potential biases in assessment and the need for human judgment to evaluate complex programming tasks [25, 26]. 

While the integration of educational technology and automated systems in computer programming education offers 

numerous opportunities, it also presents challenges that require ongoing research and refinement. The effectiveness of 
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these tools depends on thoughtful design and continuous improvement to ensure alignment with pedagogical best 

practices. Future research should focus on optimizing automated systems to deliver automated assistance and support 

personalized learning experiences [6], thereby maximizing their impact on programming education. As these 

technologies continue to evolve, their potential to enhance the efficiency of assessment, provide valuable feedback, and 

support adaptive learning experiences in programming education remains significant. 

2.2. Grading in Programming Courses 

Automated grading systems have become a cornerstone of programming education, offering efficient and timely 

evaluations of student submissions by compiling code, executing it against predefined test cases, and comparing outputs 

to expected results [20]. These systems provide immediate feedback, crucial for learning in programming contexts, and 

reduce grading time [27]. Additionally, cloud-based tools for tracking coding activities have emerged as a method to 

ensure fair evaluations and detect potential academic dishonesty [28, 29]. The effectiveness of these systems is 
influenced by the type of feedback they provide, with research indicating that feedback generation tools vary 

significantly in their adaptability and the types of feedback offered [27, 30]. This variation is particularly important in 

programming education, where understanding underlying concepts is crucial for student success.  

While automated grading systems offer numerous advantages, concerns have been raised about the depth and 

quality of feedback they provide. Some systems may fail to provide comprehensive feedback that addresses common 

misconceptions among students, leading researchers to advocate hybrid approaches that combine automated 

assessments with human oversight [31, 32]. The implications of mandatory assignments on student performance have 

also been examined, with findings suggesting that while such assignments can enhance learning outcomes, the resources 

spent on grading could potentially be better utilized for providing formative feedback [31]. This highlights the need for 

a balanced approach that prioritizes both assessment and meaningful feedback to foster deeper learning. As grading 

mechanisms in programming courses become increasingly reliant on automated systems, technological advancements 
should continue to explore the integration of grading automation and personalized feedback to enhance student learning 

outcomes. The effectiveness of these systems depends on the quality of feedback provided and the integration of human 

oversight to address the complexities of programming education. 

2.3. Comparison with Existing Platforms 

The landscape of mobile programming education is evolving alongside the growth of Massive Open Online 

Courses (MOOCs)[33] and innovative digital platforms [34]. Although platforms dedicated to mobile programming 

education remain limited, several existing MOOCs have adapted to encompass the needs of learners in this space. Both 

traditional and online educational platforms have demonstrated gaps in automated assistance and assignment grading, 

which are crucial for enhancing the learning experience. 

Traditional MOOCs, such as Coursera and edX, primarily focus on a broad array of topics, often providing in-

depth courses in programming languages. However, they have not fully integrated advanced automated assistance or 
grading systems tailored to individual learning paths. Research highlights that while MOOCs can effectively widen 

participation in education, their current grading mechanisms often lack the nuance needed for programming tasks, 

which may involve complex logic and coding challenges that automated systems struggle to accurately evaluate [35, 36]. 

Furthermore, solutions like "Codeboard," which allow programming directly in browsers, have been identified as 

promising yet underutilized tools that can enhance learners' engagement through interactive practices [37]. These 

platforms require more robust frameworks to provide feedback that is critical in programming education, which 

traditionally benefits from immediate and iterative feedback cycles. 

Moreover, the exploration of platforms dedicated to mobile programming reveals a significant gap in providing 

comprehensive support for learners. A study by Zancanaro et al. indicates that the evaluation of existing MOOC 

platforms often overlooks essential features necessary for effective programming instruction [38]. For example, many 

courses that claim to teach fundamental programming skills do not adequately address the demand for mobile-specific 

content [39]. This is corroborated by the investigation of platforms such as Sololearn, which was selected primarily for 
its focused mobile programming offerings but still falls short when compared against more established educational 

resources [39]. In summary, while the integration of mobile programming education within the continuing evolution of 

MOOCs is progressing, significant gaps remain in the areas of automated assistance and assignment evaluation. The 

landscape requires innovative solutions that not only enhance platform interactivity but also ensure effective evaluation 

methodologies to benefit diverse learner needs in programming education. 

2.4. Research Significance 

The transformation of programming education has been significantly influenced by recent advancements in 

learning platforms that introduce adaptive learning[9], hands-on experiences [40], and online adaptability [41], leading 

to improved problem-solving skills and motivation. The integration of automated learning assistance and grading has 

further increased the effectiveness and efficiency of programming education by providing personalized assistance 

support and immediate feedback. Despite these improvements and the rise of mobile devices, a critical gap remains in 
mobile programming education, as existing platforms for mobile application development lack the sophisticated 
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automated features found in general programming environments. This gap underscores the urgent need for 

comprehensive self-learning systems in mobile programming that incorporate these advanced tools, addressing the 

demand for skilled mobile developers while maximizing the benefits of automated learning technologies.  

Assessing mobile programming assignments, particularly for Android applications, presents significant complexity 

due to the inherently interactive nature of these applications, which incorporate numerous user interface (UI) and user 

experience (UX) components. An Android project requires proficiency in multiple programming languages, such as 

Java or Kotlin for programming logic, XML for layout designs, and Gradle for project build management [42]. The 

process of transforming an Android project into an executable application involves several intricate steps, starting with 

the Android Asset Packaging Tool (AAPT) which packages the compiled resources, followed by the Java compiler that 

compiles the source code into bytecode, and then the DEX compiler that converts the bytecode into Dalvik bytecode for 

execution on the Android runtime [43]. Finally, the APK builder packages everything into an Android Application 
Package (APK) file. This multistep compilation and packaging process requires considerable time, often taking teachers 

at least 20 minutes for each submission to manually build and verify the project [44]. Moreover, the teacher must check 

individual application components and evaluate their integration and interaction within the overall application, leading 

to a manual assessment process that is not only labor-intensive, but also time-consuming and challenging. Such 

complexities substantially hinder the efficiency of grading in mobile programming classes, making it difficult for 

educators to provide timely and effective feedback to students. 

Despite the widespread adoption of mobile devices and the increasing demand for skilled mobile programmers, 

research on frameworks explicitly designed to support education in the development of mobile applications remains 

limited. Notable examples such as the Android Programming Learning Assistance System (APLAS) [45] and the MIT 

App Inventor [46] provide valuable resources and tools for learners, with APLAS focusing on assisting users in 

mastering the intricacies of Android development through targeted guidance and materials, while MIT App Inventor 
enables users, including those with minimal programming experience, to create mobile applications through a user-

friendly visual interface. However, a significant gap exists in these learning frameworks regarding the integration of 

automated assistance and automatic classification features, which are crucial for improving students' self-learning 

experiences in mobile application development. The absence of such features hinders students' ability to study Android 

application development independently, as automated assistance could guide them in practicing writing mobile 

application code and providing feedback on their work. Furthermore, automated grading systems could offer scores for 

programming assignments, facilitating learning evaluation by teachers.  

3. Design of Learning Framework 

This section explains the design of a learning framework that incorporates a Test-Driven Development (TDD) 
approach, emphasizing hands-on practice, automated testing for code verification, and structured feedback mechanisms 

to enhance students' programming skills and performance assessment. 

3.1. Learning Model 

Defining a clear learning model is essential in the development of a self-learning framework as it establishes the 

pedagogical foundation, guides instructional design, and ensures structured, effective integration of automated tools to 

support student engagement, comprehension, and independent problem-solving in complex subjects like Android 

programming. 

3.1.1. Learning Model Overview 

The proposed learning model for Android programming is based on the computer-assisted learning approach that 

emphasizes hands-on programming practice as a key component of the educational framework [47]. This model is 

designed to provide students with comprehensive learning materials that include guidance on coding and application 
development. A central aspect of this framework is the adoption of the Test-Driven Development (TDD) methodology 

[17], which promotes experiential learning by allowing students to engage with the coding process through structured 

instructions. The learning materials are designed to include guidance that outlines step-by-step procedures for coding, in 

addition to test suites designed to verify the correctness of the student's written code, as shown in Figure 1. 

3.1.2. Integration of Automatic Code Verification 

The integration of TDD within this educational framework enhances the learning experience by incorporating 

automatic code verification, which provides instant feedback as students work through their assignments. As students 

write code in the default Integrated Development Environment (IDE) for Android development, they utilize the bundled 

test suite to assess their work [48], facilitating a proactive learning approach. Upon executing the verification process, 

students receive a detailed checklist that highlights successful outcomes as well as failed test cases. This automated 

assistance mechanism is crucial, as it enables students to identify specific areas that need improvement and offers 

guidance to assist them in refining their code. This iterative process fosters an environment in which students can 
continuously learn and improve their programming skills by tackling practical coding challenges. 
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Fig. 1. The proposed learning model for Android programming. 

Upon completion of their assignments, students submit their Android projects through a web application, which 

leverages an automated grading function to evaluate performance based on the results obtained from the test suite. This 

automated process not only promotes independent learning by encouraging students to take ownership of their 

educational progress but also provides educators with effective tools for assessing student performance. The results 

generated from this automated system provide constructive feedback for both students and teachers, facilitating targeted 
interventions as needed. Ultimately, the combination of hands-on programming practice, TDD methodology, and 

automated feedback systems cultivates an enriching learning environment that equips students with the essential skills 

necessary for successful mobile application development. 

3.1.3. Alignment with Learning Objectives 

In addition to promoting good coding practices, the TDD-based framework aligns with essential learning 

objectives such as writing modular and maintainable code, understanding the Android application lifecycle, and 

mastering UI component validation. These competencies are crucial for developing robust mobile applications and are 

especially beneficial in self-directed learning environments. The structured guidance and automated feedback embedded 

in the framework enhance student engagement and comprehension [49, 50], while also supporting independent 

problem-solving skills. Overall, the integration of TDD into the learning model not only improves code quality but also 

deepens students’ understanding of software development principles, making it a valuable tool for effective Android 
programming education. 

3.2. Automated Testing for Code Verification 

The integration of Test-Driven Development (TDD) in Android application development requires the 

incorporation of automated testing as an essential element for code validation. Android applications, characterized by 

their interactive and user-centric design, require programmers to employ various languages and tools, including Java, 

Kotlin, XML, and Gradle. Due to the complexity of these applications, a strong and thorough testing framework is vital 

to accurately assess their functionality, appearance, and user experience. This framework generally includes three 

specific levels of testing: unit testing, which verifies individual code components; integration testing, which evaluates 

the interaction among various components; and user interface testing, which confirms the application’s intuitiveness and 

accessibility for users. 

In the context of automated testing for Android applications, JUnit and Robolectric emerge as two of the most 

trusted tools to facilitate effective code validation [51]. JUnit provides a structured framework designed specifically for 
unit testing, allowing developers to conduct precise evaluations of isolated segments of code. Conversely, Robolectric 

enhances the integration testing process by simulating real device environments, which is crucial to validate how 

components function in conjunction. This includes assessing integrated elements such as layouts, resources, activity 

lifecycles, and event listeners, as shown in Figure 2. 
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Fig. 2. Unit testing and integration testing for Android applications. 

Within a self-learning model, students engaged in programming via Android Studio can effectively leverage the 

capabilities of both JUnit and Robolectric to gain immediate and constructive feedback on their coding initiatives. 

Automated testing processes can be run on a server, allowing the validation of submitted student code without the need 

for physical device demonstrations. This dynamic fosters an efficient learning environment, as students can iteratively 
refine their code based on the feedback generated from automated tests. Furthermore, the results obtained from these 

testing processes can seamlessly translate into assignment grades, streamlining the assessment framework, and 

supporting a structured approach to learning mobile programming. This integration of automated testing enhances the 

learning experience and prepares students for the complexities of real-world software development. 

3.3. Code Verification Model 

The code verification model is designed to ensure the robustness and functionality of software applications through 

a structured verification process containing:  

 

1. Initiation phase, where the activity is constructed and necessary fields are assigned to establish a foundation 

for subsequent validations. 

2. Validation of components is performed using a combination of integration and unit tests, specifically focusing 
on layout validation, resource validation, activity lifecycle validation, and event listener validation through 

integration testing. In parallel, unit tests are used to assess the functionality of individual Java classes in 

isolation.  

3. If a test fails, an appropriate failure message is displayed, providing constructive feedback that assists students 

in identifying problems and improving their code. 

 

Test cases play a central role in testing by specifying the inputs, expected results, and assertions. By implementing 

test cases, the code can be systematically verified for correctness and reliability. In both JUnit and Robolectric, test 

cases are established as methods marked with the '@Test' annotation and include assertions to verify if the expected 

behavior of a code unit aligns with the actual behavior. The outcomes of executing these test cases include the 

following: 

 

1. Pass: This occurs when the software's actual behavior corresponds to the expected behavior, indicating that 

the functionality being tested is working correctly. 

2. Fail: This occurs when the software's actual behavior differs from the expected behavior, pointing to an error 

that needs to be fixed. 

3. Error: This happens when a test case cannot run due to an issue unrelated to the software being tested. 

 

When a test results in a Fail or Error, it provides a message as feedback, which is used for automated support 

features. 

In Android applications, ensuring the correctness and functionality of the application involves several validation 

processes, including: 
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 UI Layout Validation: Android UI is constructed using XML layouts containing various elements like Buttons 

and EditTexts, each identified by unique numbers and characterized by properties such as width, height, and 

background color. UI layout validation involves checking the completeness and sequence of layout elements, 

followed by verifying the correctness of each property's value. 

 Resource Validation: Resource files separate static values from source code. Key resources to validate in the 

Unit Converter application include strings, colors, string arrays, fonts, images, and drawables. Each resource's 

availability and value correctness must be confirmed. 

 Java Class Validation: Java classes consist of multiple methods, each with specific purposes. Their validity is 

verified through a method structure check (ensuring correct method names and parameters) and functionality 

check (ensuring all test methods pass). 

 Activity Lifecycle Validation: The Activity Lifecycle outlines the states an Activity transitions through, from 

creation to destruction, including stages like onCreate, onStart, and onDestroy. Robolectric can test the proper 

progression through these lifecycle states. 

 Event Listener Validation: Event listeners act as interfaces for UI elements, responding to user interactions. 

Validation involves generating events from UI elements (e.g., simulating button clicks) and comparing the 

resulting values with expected outcomes to ensure correct behavior. 

4. Automated Assistance and Grading Mechanisms 

This section outlines automated assistance and grading mechanisms designed to enhance the verification process 

for student coding assignments in Android programming by using structured testing frameworks, providing detailed 
feedback, and calculating grades based on the weighted importance of various test cases. 

4.1. Code Verification Model 

The automated assistance mechanism within testing frameworks is specifically designed to enhance the 

verification process by comparing actual results with expected results. In this context, tests are organized into specific 

groups with designated methods annotated for execution. When these tests are conducted, a variety of assertion methods 

are employed to assess whether the outputs align with predefined criteria. A test suite exemplifies this approach by 

structuring test files into organized classes, each containing one or more test methods marked with the '@Test' 
annotation, namely test cases, as shown in Figure 3. This framework provides a robust set of assertion methods, such as 

'assertEquals()' and 'assertNotNull()', which allow for a direct comparison between actual results and 

expected results. If an assertion fails, informative messages are generated that provide context regarding the expected 

versus actual values, thereby assisting users in understanding the reasons for failures and guiding necessary corrections. 

 

 

Fig. 3. A set of test files containing test cases. 

Robolectric complements the JUnit framework by creating a simulated environment tailored to test Android-

specific components and behaviors. Using standard JUnit assertions along with additional APIs, Robolectric enables 

interactions with the Android framework and allows for the simulation of various user scenarios. The tests constructed 

in Robolectric resemble those in JUnit, with a focus on verifying the behavior of application elements, such as checking 

that the content in a user interface component is correctly displayed. When assertions fail within Robolectric tests, clear 

messages are provided to inform users of the discrepancies encountered. Together, JUnit and Robolectric enhance the 

effectiveness of the testing process, improving the overall reliability and quality of software applications. By providing 
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immediate feedback and a structured learning process, these frameworks support users in identifying and resolving 

issues efficiently while fostering a more robust development environment. 

Figure 4 displays example results from students' learning processes, illustrating the automatic feedback provided 

for code correction. In this scenario, a student creates XML code to specify the application's UI layout and then runs a 

test code related to UI component validation to confirm the code. An explanation of the feedback's findings is provided 

below: 

 

 Incorrect code was found in the string resource configuration in the file 'string.xml'. The value 'APLAS 

SOCCER BOARD' in the 'app_name' resource should be 'Unit Conv'.  

 The value of an ImageButton property, 'scaleType', is incorrectly coded in the file 'main.xml'. The student 

wrote 'FIT_CENTER' when it should have been 'FIT_END'. 

 The text of a TextView with ID 'mainTitleTxt' still has an incorrect value in the file 'main.xml'. The 

student wrote 'APLAS [FOOTBALL MANAGER]' instead of 'CONVERTER'. 

 

 

Fig. 4. Example of automated assistance on student code. 

4.2. Assignment Grading 

As a learning framework, it is important to accurately assess student performance through automated testing 

methodologies. Traditional grading approaches often rely on simple binary outcomes, such as pass or fail, without 

considering the complexity or significance of individual test cases. This lack of differentiation can lead to misleading 

evaluations of a student's capabilities and understanding. In programming contexts, assessments typically involve a 

variety of test cases that may differ significantly in their relevance and difficulty. The equation presented in Equation 1 

is designed to calculate a weighted average grade based on the results of multiple test cases, where                  
indicates the outcome of the (i)-th test case, valued at 1 for pass and 0 for fail or error. A key feature of this equation is 

the incorporation of weights for each test case, which assigns different levels of importance to individual test cases 

based on their relevance to the overall learning objectives. 

 

       
∑                            

 
   

∑           
 
   

                                                                     (1) 

 

The equation is defined as follows: 

 

1. Numerator: The numerator ∑                            
 
    computes the total weighted score by 

summing the contributions of each test case. Each test case only contributes its weight to the total score if it 

passes; if it fails, its contribution is zero, thereby ensuring that the grade reflects only successful outcomes. 

2. Denominator: The denominator ∑           
 
    calculates the total weight of all test cases, acting as a 

normalization factor. This ensures that the final grade accurately reflects the relative importance of each test 

case in the context of the overall assessment. 

3. Percentage Conversion: The product of the ratio is multiplied by 100 to express the score as a percentage, 

facilitating a clearer interpretation of the student's performance in alignment with traditional grading systems. 
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4.3. Validator Program 

The web-based platform requires the validator program to automatically evaluate student-submitted Android 

projects by executing predefined test suites, generating detailed feedback, and calculating weighted grades, ensuring 

consistent, efficient, and educational assessment that supports both learning and teaching processes. 

4.3.1. Functionalities 

The web-based platform, constructed using the Laravel framework for the server-side, serves as an interactive 

interface for both students and teachers, fostering an environment conducive to collaborative learning and effective 

teaching. Through this platform, students have access to learning materials. Upon completing their assignments, 

students can submit their developed Android applications directly to the server via the web application. The Java-

developed validator program then validates these submissions and generates comprehensive feedback along with 

grades based on predefined criteria. It runs as a background process on Ubuntu Linux operating system and takes a 
structured approach to validate submitted Android projects. Figure 5 explains the process in the validator program, 

which begins with the program acquiring the submitted Android project files, followed by the integration of relevant 

test suites, which involves extracting the project and incorporating the associated test cases designed for validation. 

Once the test suites are integrated, the program executes them via the command prompt by using Gradle as the build 

automation tool, utilizing JUnit and Robolectric to conduct comprehensive testing. To execute integration testing, the 

validator program executes a command such as "./gradlew test --tests org.aplas.BasicApp.Test1" to run the defined test 

cases in the test file "Test1.java". 

 

 

Fig. 5. Workflow of the validator program. 

4.3.2. Technical Process 

Subsequently, the validator program parses the test results to capture each test case result, including passed or 

failed results along with feedback messages, as shown in Figure 6. Data regarding the status of each test case result is 

systematically collected and stored in a MySQL database, ensuring accurate tracking of all testing outcomes. The 
program then consolidates these validation results to calculate an overall grade for each submission of the student. Each 

test case is associated with a specific level category outlined in Table 1, which determines its weight based on the 

complexity and relevance of the test. Using Equation 1, the validator program calculates the student's grade by factoring 

in the weighted contributions of each test case. Finally, the results are presented through a web interface, granting both 

students and teachers access to the validation results and grades, thereby enhancing the educational feedback loop.  

Table 1. Weights for five levels of test cases. 

Code Level Description Weight 

L1 Basic Setting Up the Development Environment and Starting Project: Install Android Studio, configure the 

Android SDK, create a new Android project, and explore the project structure, including Gradle files and 

manifest configuration. 

10 

L2 Elementary Designing UI and Resources with XML: Learn to design user interfaces using XML layouts, implement 

various UI components (TextViews, Buttons, ImageViews), and manage resources using colors, strings, 

and drawable files for a consistent design. 

15 

L3 Intermediate Navigation, Activities, and Events: Understand the Activity lifecycle, implement navigation using Intents, 

create multiple Activities, and manage user interactions by handling events through OnClickListeners and 

other event listeners. 

0.7886 

L4 Proficient Libraries, Basic Data Storage, and Dynamic UI/UX Elements: Explore and integrate third party libraries, 

utilize SQLite databases and SharedPreferences, and create dynamic UI elements such as RecyclerView 

or CardView. 

0.1422 

L5 Advanced API Integration, Third-Party Libraries, and Complex Widget: Integrate APIs for data retrieval using 

libraries, handle JSON parsing, and manage complex UI components and widgets, including custom 

views, animations, and multi-part forms. 

0.1822 
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4.3.3. Handling Incomplete Submissions 

The validator program handles incorrect or incomplete submissions constructively. When students submit Android 

projects that fail one or more test cases, the validator program provides specific feedback indicating which parts of the 

code did not meet expectations. For example, if a required UI component was missing or an event listener was 

incorrectly implemented, students receive targeted messages explaining the issue and suggesting corrective actions. In 

cases where submissions were incomplete (e.g., missing files or unimplemented methods), the system returned 

descriptive error messages rather than simply marking the submission as failed, guiding students toward completion 

before reattempting validation. This approach encourages iterative learning and ensures that students understand their 

mistakes rather than merely receiving a binary pass/fail result.  

 

 

Fig. 6. Gathering passed and failed test cases with message from test results. 

4.4. Design and Validity of Test Cases 

The test cases integrated into the automated grading system were systematically designed to assess students' 

mastery of key Android programming concepts. Each test case was developed using a structured approach grounded in 

educational best practices and Android development standards.  

4.4.1. Design Methodology 

Each test case in the automated grading system corresponds to a specific component of Android application 

development, ensuring comprehensive evaluation across key areas such as UI Layout Validation (checking correct 

XML structure, element IDs, and property values), Resource Validation (verifying proper use of strings, colors, and 

drawables), Java Class Logic (validating method structures, object instantiations, and functional correctness), Activity 

Lifecycle Management (testing transitions through 'onCreate()', 'onStart()', 'onPause()', and 'onDestroy()'), and Event 

Handling (confirming that user interactions produce expected outcomes). These test cases were implemented using 

JUnit for unit-level checks and Robolectric for integration-level behavior simulation, providing a robust framework for 

validating both individual components and their interactions within the application[45]. 

4.4.2. Validity and Alignment with Learning Objectives 

Each test case was carefully aligned with the learning outcomes of the five topics to ensure validity and 

instructional relevance. For example, in Basic Application, test cases assessed setup procedures, UI creation, and basic 

event handling, while in Multimedia Resources, tests focused on audio/video playback, animation triggers, and media 

lifecycle management. This alignment ensured that assessments accurately reflected instructional goals and provided 

students with meaningful, targeted feedback. 

4.4.3. Expert Review and Refinement 

All test cases were reviewed by two experienced Android developers and two university teachers who specialize in 

the education of mobile programming. Their feedback was used to refine test descriptions, adjust complexity levels, and 

eliminate ambiguities. Additionally, during the implementation phase, student performance data and feedback were 

analyzed to identify areas where test cases needed clarification or enhancement. 
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4.4.4. Comprehensive Coverage across Topics 

Table 2 shows the distribution of test cases across topics and complexity levels (L1–L5), demonstrating 

progressive skill development from foundational to advanced levels. This tiered structure ensures that students build 

competence incrementally while being exposed to realistic development challenges. 

5. Evaluation on Implementation Results  

This section evaluates the implementation of the learning framework involving 125 students and analyzes their 

performance and feedback, demonstrating the effectiveness of automated assistance in enhancing self-learning and 

identifying areas for improvement in the complexity of topics covered.  

5.1. Evaluation Setup 

This study evaluates the effectiveness of the proposed learning framework through real-world implementation in 

mobile programming education settings across two institutions.  

5.1.1. Participant Demography 

The implementation was conducted in two mobile programming classes at two universities in Indonesia. It 

involved a total of 125 second-year undergraduate students, comprising 70 students from the Informatics program and 

55 from the Information Systems program, representing two distinct academic pathways within undergraduate computer 

science education. 

All students had successfully completed foundational programming courses, including fundamental algorithms, 

object-oriented programming, and web development, which provided them with basic programming skills necessary to 

engage with mobile application development. These prerequisite courses ensured that students possessed a common 

baseline of knowledge before beginning the mobile programming curriculum. 

5.1.2. Implemented Learning Topics 

The curriculum encompassed five key learning topics derived from previous research: Basic Application, 

Advanced Widgets, Multiple Activities, Multimedia Resources, and Basic Data Storage. Each topic was accompanied 

by related test suites, comprising test cases of varying complexity levels as detailed in Table 2. Students utilized their 

personal computers, which met the minimum hardware requirements to run Android Studio, indicating varied access to 

computing resources, while ensuring a standardized software execution environment. Two weeks were allocated for 

students to complete assignments spanning all five topics. Upon finishing each topic’s assignment, students were 

required to submit their developed Android projects through a provided online web application. Throughout this 

evaluation process, comprehensive data were collected, including solving activity metrics, student feedback on their 

self-learning experiences, and assignment grades.  

Table 2. Technical details of five learning topics for evaluation. 

No 
Learning 

Topic 
Description 

#test 

cases 
L1 L2 L3 L4 L5 

1 Basic 

Activity 

Provides an introduction to Android application development, emphasizing initial 

configuration, user interface design, and event handling through the practical 

assignment of creating the UnitConverter application. 

117 6 61 44 6 0 

2 Advanced 

Widgets 

Focuses on the incorporation of rich widgets to develop interactive features within 

Android applications, illustrated by the assignment to create a game application 

called ColorGame. 

79 4 27 36 9 3 

3 Multiple 

Activities 

Guides students on managing multiple activities within an application using 

Intents and Fragments, demonstrated through the assignment of developing the 

SoccerGame application. 

113 8 28 52 17 8 

4 Multimedia 

Resources 

Focuses on the integration of various multimedia elements, including video, 

audio, and animations, through the assignment to develop the AnimalTour 

application, enhancing user interactivity. 

135 6 24 40 41 24 

5 Basic Data 

Storage 

Guides students on implementing persistent data storage techniques using local 

storage and shared preferences, as exemplified by the assignment to create the 

MyShop application. 

161 10 27 44 58 22 

 

Each learning topic is accompanied by a package of learning materials that facilitates self-learning. This package 

includes learning guidance in the form of PDF files that provide students with clear and organized information on 

specific topics relevant to the topic. Supplemental files related to application requirements, such as images, icons, and 

fonts, are provided to support students in their assignments. Furthermore, a test suite is included, consisting of five 

Java-based test files that represent the defined test cases for various grading levels, as detailed in Table 1. Students are 

instructed to use the learning guidance to study the material and write their code, incorporating the supplemental files 
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where necessary. After completing their assignments, students can utilize the test suite to verify their code, receiving 

automated assistance for correcting errors until they successfully pass all defined test cases. 

5.2. Students' Progress Results 

The 125 students completed and submitted their assignments in five different learning topics, with submission 

times reflecting a diverse range of levels of engagement. The fastest completion occurred in five days, while the longest 

submissions were submitted on the final day of the two-week assignment period. Table 3 presents the validation results, 

highlighting important metrics for each learning topic, including the total number of submissions, the fastest completion 

times, the average completion times, and the longest completion times. Each of the five topics recorded 125 

submissions, showing full-class participation. The Advanced Widgets topic had the fastest submission time of 30 

minutes, while Basic Activity and Multiple Activities had the quickest average times of 64.72 and 71.55 minutes, 

respectively. In contrast, both Multimedia Resources and Multiple Activities demonstrated the highest maximum 
completion time of 180 minutes, indicating that these topics were more complex and potentially challenging for 

students. Overall, the data suggest that while students performed well in the basic topics, the more advanced topics 

required additional time and effort, highlighting the varying complexities inherent in the curriculum.  

Table 3. Students’ progress in solving assignments on five learning topics. 

Learning Topic 
Number of 

Submissions 
Fastest Average Longest 

Basic Activity 125 35 minutes 64.72 minutes 140 minutes 

Advanced Widgets 125 30 minutes 69.19 minutes 160 minutes 

Multiple Activities 125 35 minutes 71.55 minutes 180 minutes 

Multimedia Resources 125 40 minutes 70.36 minutes 180 minutes 

Basic Data Storage 125 30 minutes 64.48 minutes 150 minutes 

5.3. Feedback on Automated Assistance Function for Self-learning 

Feedback collected from 94 students, totaling 181 responses, offers insightful reflections on their experiences with 

the learning framework designed for mobile application development. Among the responses, 136 (approximately 

75.14%) were categorized as positive, highlighting the effectiveness of automated assistance in enhancing the learning 

experience. Students indicated that this support was particularly beneficial in addressing challenges encountered during 
assignments, deepening their understanding of Android programming, and facilitating the verification of code 

correctness. They also found validation and grading results to be informative, expressing enthusiasm for studying 

mobile programming, especially appreciating the Multimedia Resources topic as the most engaging. Meanwhile, 38 

responses (approximately 20.99%) provided suggestive feedback that focused on avenues for improvement, such as the 

need for multilingual instructions, better-automated information for common mistakes, and the inclusion of multimedia 

resources in learning materials. Only seven responses (approximately 3.87%) were classified as negative, mainly related 

to technical issues, including performance problems during code compilation and version discrepancies between 

Android Studio and Gradle.  

This feedback strongly demonstrates the effectiveness and crucial role of the automated assistance function within 

the learning framework, particularly in supporting self-learning in mobile application development, which presents 

varying levels of complexity. As presented in Table 4, the overwhelmingly positive feedback is further reinforced by 
the fact that all 125 students successfully completed assignments across the five learning topics, demonstrating the 

framework's capability to facilitate mastery of both fundamental and complex programming concepts. The use of 

automated assistance helped students navigate the challenges of more complex topics and bolstered their confidence and 

engagement in the learning process. The integration of automated feedback mechanisms within the framework proves 

essential in cultivating independent learning, illustrating that such support significantly enhances students' ability to 

tackle diverse programming tasks effectively. In general, the results underscore the importance of automated assistance 

in modern education, particularly in equipping students with the necessary skills for success in the rapidly evolving 

field of mobile application development. 

Table 4. Summary of students’ feedback in solving assignments. 

Positive Feedback Suggestive Feedback Constructive Feedback 

 Helpfulness of automated assistance; 

 Challenges faced in solving assignments; 

 Support for studying Android programming; 

 Ease of checking code correctness; 

 Informative validation and grading results; 

 Simplicity in solving assignments; 

 Most interesting topic: Multimedia Resources; 

 Increased enthusiasm for mobile programming. 

 Need for multilingual support in learning 

instructions; 

 Automated assistance to warn about common 

mistakes; 

 Request for multimedia resources in materials; 

 Instruction on using versions and system 

updates; 

 Suggestions for a cloud-based environment. 

 Technical issues with PC 

performance during compilation; 

 Incompatibility between versions of 

Android Studio and Gradle. 
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5.4. Students Grading Results 

In the evaluation, a total of 625 submissions were collected from all students, each representing completed 

Android projects resulting from assignments across five distinct learning topics. The projects were submitted to an 

online server that facilitated the validation process, ensuring that each submission was subject to a thorough evaluation 

by the validator program. Impressively, the validation results indicated a seamless process with only minor 

discrepancies encountered during the assessment, highlighting the robustness of the evaluation framework. This 

seamless validation process reflects the efficiency and reliability of the integrated educational framework, which plays a 

critical role in providing precise feedback about students' understanding and application of programming skills. 

The performance results for the five learning topics are detailed in Table 5, which highlights the notable 

achievements of the students. The average grades were high, with Basic Application (99.86) and Advanced Widgets 

(99.67) demonstrating exceptional comprehension of core programming principles. Despite this success, scores on more 
complex topics like Multimedia Resources (92.13) and Basic Data Storage (91.86) revealed areas of difficulty, as 

reflected in their lower minimum scores (78.22 and 79.16, respectively). Additionally, the lack of perfect scores in 

Multimedia Resources points to the intrinsic challenges of the topic, marking it as an area that may require enhanced 

instructional focus.  

Table 5. Students’ grading results on five learning topics. 

Learning Topic 
Basic 

Application 

Advanced 

Widgets 

Multiple 

Activities 

Multimedia 

Resources 

Basic Data 

Storage 

Student Number 125 125 125 125 125 

Grading Average 99.86 99.67 98.16 92.13 91.86 

Grading Median Score 100 100 100 100 100 

Maximum Grade 100 100 100 100 100 

Minimum Grade 96.34 95.53 80.52 78.22 79.16 

Students with Score 100 117 (93.6%) 113(90.4%) 97(77.6%) 0(0%) 34(27.2%) 

Students with Score 95- 99.99 8(6.4%) 9(7.2%) 12(9.6%) 46(36.8%) 7(5.6%) 

Students with Score 90-94.99 0(0%) 3(2.40%) 9(7.20%) 43(34.4%) 43(34.4%) 

Students with Score 80-89.99 0(0%) 0(0%) 7(5.6%) 30(24%) 34(27.2%) 

Students with Score less than 80 0(0%) 0(0%) 0(0%) 6(4.8%) 7(5.6%) 

 

Applying statistical methods to the data reveals critical insights into student performance variations across learning 

topics. The high percentages of perfect scores in Basic Application (93.6%) and Advanced Widgets (90.4%) 

demonstrate the effectiveness of the educational framework in facilitating comprehension of fundamental topics. 

However, a notable decrease in perfect scores in Multiple Activities (77.6%) and the absence of such scores in 

Multimedia Resources highlight areas that posed significant learning challenges. The increasing standard deviation 

from Basic Application (0.59) to Basic Data Storage (7.01) further underscores the variance in student performance, 

with greater disparities observed in more advanced topics. These findings support the hypothesis that immediate, 

structured feedback enhances learning outcomes, particularly in foundational topics.  

The evaluation results affirm the effectiveness of the self-learning framework augmented by automated assistance 

functions. The high average grades and smooth validation process underscore the framework's capacity to support 

independent learning of students in the development of mobile applications. Figure 7 illustrates an example of a 
student's result, showing a score of 96.56 in Basic Application, displaying detailed validation results and highlighting 

both successful and failed components. This capability for immediate feedback supports students in understanding and 

correcting errors, facilitating mastery of programming skills.  

 

 

Fig. 7. Verification results on a student’s web interface with final score. 
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Although foundational topics demonstrated successful outcomes, challenges in more complex subjects underscore 

the need for ongoing improvements in the educational framework. By refining instructional strategies and strengthening 

resources, educators can further optimize student engagement and achievement, ensuring that learners are well-

equipped to tackle the intricacies of mobile programming. 

5.5. Technical Issues 

During the implementation phase, students reported several technical issues, particularly related to development 

environment setup and compatibility. The most frequently mentioned problems included performance delays during 

code compilation, version mismatches between Android Studio and Gradle, and environment-specific errors affecting 

test execution on different operating systems. To address these concerns, we implemented a multistep resolution process:  

 

 Technical problems were gathered through structured feedback forms and categorized based on severity and 
frequency.  

 Common issues were traced back to differences in local development environments, outdated dependency 

versions, or missing configuration files.  

 Standardized build.gradle templates were provided to ensure consistency, and a troubleshooting guide was 

added to the learning materials. Additionally, teacher-led support sessions were held for students experiencing 

persistent issues.  

 Minor adjustments were made to the validator program to improve its tolerance for slight variations in file 

structure and build tools, reducing false negatives due to environmental inconsistencies. 

6. Discussion on Evaluation Results  

This section discusses the framework's scalability, effectiveness in improving student performance and 

engagement through automated assistance and grading, limitations related to sample size and generalizability, accuracy 

of the automated grading system, challenges such as the need for multilingual support, and recommendations for future 

improvements. 

6.1. System Overview and Scalability  

The proposed framework demonstrates scalability and adaptability through its modular design and structured 

curriculum. Implemented with 125 students across two university programs, the system successfully validated 625 

Android project submissions with only minimal discrepancies, indicating robustness in handling moderate-scale class 

sizes. Built on a Laravel-based web interface and a Java-developed validator program running on Ubuntu Linux, the 

backend infrastructure supports parallel execution of test cases, minimizing bottlenecks during peak submission times. 

This architecture enables horizontal scaling via cloud deployment or containerization tools like Docker[52], [53], 
making it suitable for larger deployments such as MOOCs or institutional-wide implementations. Additionally, the 

curriculum follows a progressive structure aligned with formal departmental syllabi, ranging from foundational topics 

like Basic Application and Advanced Widgets to complex areas such as Multimedia Resources and Basic Data Storage, 

which incorporate advanced programming concepts including database integration, service interaction, and 

asynchronous task handling. The modular structure allows for easy extension with additional modules and ensures 

compatibility with various instructional models[54].  

6.2. Curriculum Structure and Flexibility 

The framework's curriculum is designed to follow a modular structure that ensures flexibility and compatibility 

with various instructional models. It progresses from basic to advanced topics, including database integration, service 

interaction, and asynchronous task handling as key concepts in modern mobile application development. Teachers can 

customize the system by defining new practical assignments and corresponding test cases, ensuring adaptability across 
different course structures and teaching objectives. The system is currently deployed online and has been used by 

students from two universities, providing a solid foundation for future expansion. However, successful large-scale 

deployment will require enhancements in infrastructure and performance tuning to support increased traffic and usage.  

6.3. Impact on Student Performance and Engagement 

The proposed framework has shown measurable improvements in student performance and engagement, with high 

average grades (especially in foundational topics) and positive student feedback indicating enhanced comprehension 

and problem-solving skills. The success of 625 validated submissions, including 93.6% perfect scores in the Basic 

Application topic, supports the effectiveness of timely, targeted automated feedback in promoting learning outcomes. 

While no direct comparison was made with traditional grading systems due to practical constraints, future studies 

should conduct controlled experiments for quantitative validation. Although the framework emphasizes automated 

feedback to support self-directed learning, it also enables teachers to provide finalized evaluations and personalized 
insights post-submission through a web-based interface, including annotations, written comments, or mini-review 
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sessions. Teachers can also deliver group-level interventions based on recurring errors identified through test results, 

creating a hybrid model that combines immediate automated responses with meaningful teacher interaction[55, 56], 

thereby enhancing the overall learning experience in mobile application development. 

6.4. Limitations and Generalizability 

It is important to note that the current study involved 125 students from two mobile programming classes across 

two university programs. While this sample size allows for an in-depth analysis of student engagement, learning 

outcomes, and feedback related to the automated assistance system, it is relatively modest and may limit the 

generalizability of the findings to more diverse student populations. The study was primarily focused on evaluating the 

functionality and pedagogical effectiveness of the proposed framework within a specific educational context. Future 

work should aim to replicate and extend these findings by implementing the framework across multiple institutions and 

student demographics to validate its broader applicability and effectiveness. 

6.5. Automated Assistance and Grading Mechanisms 

The automated assistance function, which includes automated testing and immediate feedback mechanisms, is a 

critical component of the framework's success. This feature has significantly enhanced students' understanding of 

Android application development by allowing them to quickly identify and address errors in their code. The ability to 

iterate on assignments without significant delays has fostered improved confidence and programming competence. 

Moreover, the automated grading process has revolutionized the feedback system for both students and teachers. 

Students benefit from timely evaluations that enable informed adjustments to their work, while teachers are relieved of 

the burden of manual grading, allowing them to focus more on pedagogical strategies and student engagement. The 

seamless validation of submissions through the validator program has dramatically reduced assessment time compared 

to traditional manual processes, creating a more responsive and efficient educational environment[42, 57]. 

6.6. Accuracy and Reliability of Automated Grading 

The accuracy of the automated grading system was evaluated by comparing test suite results with manual 

assessments conducted by teachers. Out of 625 total submissions, only five cases were flagged for potential 

inaccuracies—three due to overly strict test conditions and two due to unexpected edge cases not covered by the initial 

test suites. Upon review, these instances were resolved by refining the corresponding test cases to better align with the 

implementation styles and learning objectives of the students. As a result, the overall rate of false positives and false 

negatives was minimal, reinforcing the system’s reliability. However, we acknowledge the importance of further 

improving test case robustness and expanding coverage to include a wider variety of coding approaches.  

6.7. Challenges and Areas for Improvement 

Among the feedback provided by students, the need for multilingual support was frequently mentioned, 

particularly from non-native English speakers who encountered challenges understanding technical terms and 

instructions. To address this concern, we are planning a structured implementation of multilingual support through a 
two-phase approach. In the first phase, the localized versions of the user interface and core learning materials into 

Bahasa Indonesian and Japanese will be introduced, leveraging resource bundles for efficient language switching. In the 

second phase, automatic translation services[58], such as Google Translate API or Microsoft Azure Cognitive Services, 

will be used, integrated with manual quality checks to ensure accuracy and pedagogical effectiveness[59]. 

Integrating Test-Driven Development (TDD) into the learning framework has proven to be a key factor in 

enhancing student learning outcomes. Students who followed the TDD workflow consistently demonstrated higher 

accuracy in code implementation[60], particularly in foundational topics where understanding structure and logic was 

critical. For instance, 93.6% of students achieved perfect scores in the Basic Application topic, indicating strong 

mastery of core concepts through TDD-guided practice. TDD also supports higher-order learning goals such as 

problem-solving, debugging, and writing clean, testable code—skills highly valued in real-world software development. 

Student feedback further reinforced that the step-by-step testing process helped them stay focused, understand 

expectations, and build confidence in their coding abilities. These findings suggest that TDD not only improves 
technical proficiency but also reinforces metacognitive strategies such as reflection and error correction[61]. 

6.8. Cost-Benefit Analysis 

The implementation of the proposed automated assistance and grading framework in mobile programming 

education presents numerous advantages over traditional manual assessment methods. Primarily, the framework offers 

significant time and effort savings, which enhances both student autonomy and learning outcomes. In conventional 

teaching methodologies, the preparation and execution of projects such as Android applications are labor intensive, 

requiring students and teachers to invest substantial time configuring environments, managing dependencies, and 

performing manual iterative tests. In contrast, the automated system minimizes these challenges through locally 

executed test suites, streamlining the verification process and reducing workload. This transition from manual to 

automated assessments also alleviates the burden on teachers, who traditionally are tasked with conducting detailed 
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manual functional checks across numerous student submissions. With the automation of these checks, teachers can 

focus more on teaching and less on repetitive verification, thereby improving the overall quality of instruction. 

Furthermore, the automated system supports independent learning by integrating Test-Driven Development (TDD) 

principles and providing immediate feedback. These features are crucial for fostering self-directed learning and critical 

problem-solving skills, which are key components in software development. Students benefit from rapid feedback, 

which mitigates the delays typical in traditional systems that can hinder learning momentum[62]. The automated 

grading system provides students with immediate insights into their performance, allowing them to adjust their learning 

strategies in real-time. From an instructional perspective, teachers gain access to comprehensive analytics, enabling the 

identification of common errors and areas for improvement across classes, thus enhancing instructional focus. Although 

developing test suites requires initial efforts, the long-term benefits include improved scalability and effectiveness, 

particularly suited for expansive educational settings such as MOOCs[63]. Ultimately, while automated tools 
dramatically increase efficiency and learning effectiveness, they are best complemented by qualitative, human-provided 

feedback to address creative and nuanced aspects of learning. This supports a balanced, hybrid educational model. 

6.9. Future Work and Recommendations 

While the current implementation demonstrates measurable improvements in student performance and engagement 

in the short term, further investigation into the long-term retention of programming concepts taught through the 

framework is needed. Due to logistical constraints, our evaluation focused on immediate outcomes such as assignment 

completion, test scores, and student feedback during the course. However, the iterative nature of the Test-Driven 

Development (TDD) methodology, in which students repeatedly refine their code based on targeted feedback, suggests 

a positive impact on conceptual understanding and long-term learning. To validate this hypothesis, future studies should 

include follow-up assessments conducted weeks or months after course completion, or track student performance in 

advanced programming courses where prior knowledge is applied. Such longitudinal analysis will provide critical 
insights into the framework’s effectiveness in fostering long-lasting skill acquisition and mastery of Android 

programming fundamentals. Additionally, future enhancements are planned to include automated environment detection, 

dynamic dependency resolution, and real-time error suggestions within the IDE, all aimed at minimizing technical 

barriers and improving the overall learning experience. Furthermore, the framework should continue to evolve to meet 

emerging educational needs by incorporating multilingual instruction and clearer guidance on common coding pitfalls. 

Automating various aspects of the learning process significantly reduces the complexities associated with these courses, 

ultimately equipping students with the knowledge and tools necessary for success in the rapidly evolving field of mobile 

development.  

7. Conclusion  

This study demonstrated the effectiveness of an innovative learning framework for Android programming that 

incorporates automated assistance and grading mechanisms. It integrates a Test-Driven Development (TDD) approach, 

which has proven effective in enhancing students' programming skills and their engagement in mobile application 

development. Automated testing strategies utilizing tools such as JUnit and Robolectric enable effective validation of 

code functionality and UI behavior, ensuring that students develop robust applications while promoting independent 

learning and efficient assessment. By emphasizing hands-on practice, automated testing, and structured feedback, the 

framework addresses the challenges students face in comprehending complex programming concepts. The successful 

implementation of this system across various learning topics facilitated full participation and high average grades 

among the 125 students. Moreover, student feedback highlighted the significance of the automated assistance feature, 

which facilitated a deeper understanding of the subject matter by allowing learners to identify and rectify code errors 

efficiently. 
The evaluation of the proposed automated assistance and grading framework involved 125 students from two 

mobile programming classes across two universities, focusing on five learning topics: Basic Application, Advanced 

Widgets, Multiple Activities, Multimedia Resources, and Basic Data Storage. A total of 625 submissions were collected 

and validated through a fully automated system, with only minor discrepancies encountered during assessment, 

demonstrating the robustness and reliability of the validator program. Students received immediate feedback based on 

test suite execution using JUnit and Robolectric, enabling iterative learning and significant improvements in 

foundational topics, as evidenced by high average grades such as 99.86 for Basic Application. Student feedback was 

largely positive, with only a small percentage reporting technical issues related to IDE performance and version 

compatibility. The system also significantly reduced teacher workload by automating functional checks that 

traditionally required more than 30 hours of manual effort, while allowing targeted interventions based on recurring 

errors identified through test results. 

Despite overall success, areas for improvement were identified, particularly in more complex topics such as 
Multimedia Resources and Basic Data Storage, where lower minimum scores indicated greater difficulty for students. 

Some learners requested clearer instructional guidance, multilingual support, and better explanations for common 

coding mistakes. Technical inconsistencies due to local development environments were addressed through 
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standardized build templates and validator adjustments to reduce false negatives and false positives. Future work 

includes longitudinal studies to assess long-term concept retention, refinement of test case design to accommodate 

diverse coding approaches, and comparative analyses with traditional grading systems. Expanding the framework using 

cloud-based or containerized solutions is also recommended to enhance scalability and accessibility in diverse 

educational settings. 
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