
Media Jurnal Informatika  

Vol. 17, No. 2, December 2025 

p-issn : 2088-2114, e-issn : 2477-2542 

   

317 

 

 
A Solution Recommendation System Based on Application 
Constraint History Using Cosine Similarity and Gemini AI 

Ahmad Sidik Rudini a,1,*, Novi Dian Nathasia b,2, Cian Ramadhona Hassolthine c,3, Anang Aris 

Widodo d,4 

a Program Studi PJJ Informatika, Universitas Siber Asia, Jalan R.M. Harsono No. 1, RT 09/RW 04, Ragunan, Pasar Minggu, Jakarta Selatan 12550, DKI 

Jakarta, Indonesia 
b Program Studi Sistem Informasi, Fakultas Teknologi Komunikasi dan Informatika, Universitas Nasional, Jl. Sawo Manila No.61, Pejaten, Pasar Minggu, 

Jakarta Selatan 12520, DKI Jakarta, Indonesia 

c Program Studi PJJ Informatika, Universitas Siber Asia, Jalan R.M. Harsono No. 1, RT 09/RW 04, Ragunan, Pasar Minggu, Jakarta Selatan 12550, DKI 

Jakarta, Indonesia 
d Fakultas Teknologi Informasi, Program Studi Teknik Informatika, Universitas Merdeka Pasuruan, Jalan Ir Juanda No. 68, Pasuruan, Indonesia 
1 sidikrudini16@gmail.com *; 2  novidian@civitas.unas.ac.id ; 3 cianhassolthine@lecturer.unsia.ac.id ; 4 anang@unmerpas.ac.id  

 

1. Introduction 
Software systems have become an inseparable part of the industrial sector in the modern era. Most 

companies rely on applications as primary tools to support their business operational processes. With high 

dependence on applications, the occurrence of issues or disruptions has the potential to hinder operational 

continuity. Therefore, rapid and accurate handling of every issue is crucial to ensure business processes remain 

efficient. 

One effective approach to managing various application issues is leveraging experience from 

previously encountered similar issues. Solutions applied to past issues can serve as references for addressing 

current problems. In this context, content-based recommendation systems emerge as a relevant method. 

Cosine similarity is an algorithm frequently used in content-based recommendation systems to measure 

the similarity between two vectors by calculating the angle between them. This method is commonly applied 

in unsupervised learning techniques [1]. A popular way to convert text into vectors is by using Term 

Frequency–Inverse Document Frequency (TF–IDF). For example, research by Lukman Heryawan et al. [2] 

utilized cosine similarity with TF–IDF weighting to build an effective medical document search model. 

Previous studies have demonstrated the application of cosine similarity in various contexts. R.A. Purba 

[3] employed cosine similarity to detect plagiarism in undergraduate theses, where accuracy depended on word 
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count and spelling consistency. Testing on 30 documents showed a maximum similarity value of 41%. 

Indriyanto I. [4] also applied cosine similarity to detect plagiarism in Information Systems theses in Indonesia, 

demonstrating the method’s effectiveness for Indonesian texts. Furthermore, Rika Rosnelly [5] used cosine 

similarity to assess the similarity of essay answers, incorporating stemming using the Nazief–Adriani 

algorithm prior to TF–IDF vectorization. 

Based on this background, the present study implements cosine similarity with TF–IDF weighting to 

identify issues similar to currently occurring ones, using issue titles and descriptions as references. Prior to 

vectorization, titles and descriptions are summarized using Google’s Gemini Large Language Model (LLM) to 

remove irrelevant text that could adversely affect similarity calculations. 

In this study, cosine similarity and TF–IDF are applied to find similar issues based on the current 

issue’s title and description. Before vectorization, titles and descriptions are summarized using Google Gemini 

LLM to remove irrelevant text and improve similarity calculation accuracy. This approach is expected to help 

support teams handle application issues more effectively and efficiently. 

This research is limited to ticket report data from users recorded in a ticket management system, with a 

training dataset covering October 2024 to January 2025. The system is implemented as an additional feature in 

the existing application. The study aims to summarize issue descriptions to understand problems, identify 

similar issues by calculating the similarity between current and past issue descriptions, and use solutions from 

similar issues as references for support teams in handling new issues. This research is expected to benefit IT 

support teams in finding solutions more quickly, help companies improve efficiency in application issue 

handling, and provide a foundation for future research. The method applied uses cosine similarity to compute 

similarity on TF–IDF–weighted vectors of summarized issue descriptions, with summaries generated using 

Gemini AI to optimize similarity calculations. 

2. Method  
One of the important factors in information system development is how system developers understand 

the existing system and its associated problems. Therefore, a systematic data collection process using 

appropriate techniques is required to obtain a clear and comprehensive understanding of the system to be 

developed. The data collection techniques employed in this study are illustrated in the following figure. 

 

 

 

 

Fig. 1. Research Method 

 

2.1 Observation Technique 

Observation is one of the techniques commonly used in the data collection process to understand 

existing systems. According to Ramadhani, observation techniques can produce data with a high level of 

accuracy and reliability [6]. This technique is carried out by directly observing the research object, allowing 

the operational processes of the existing system to be clearly identified and understood. In this study, 

observations were conducted in the service management division, particularly within the support services 

department, which routinely handles issues arising from the managed applications. This data collection 

technique was carried out over a period of one month during the research process. 

2.2 Studi Literature 

At this stage, the authors conducted a literature review by searching for journals and articles related to 

the research object or the methods employed in the present study. This technique was used to understand 

previous studies and how related topics have been investigated by other researchers [7]. 

2.3 System Development Method 

The system development method employed in this study is Rapid Application Development (RAD). 

RAD is a system development approach that emphasizes rapid development and short development cycles 

[7]. This method consists of several stages, which are illustrated in the following figure. 
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Fig. 2. Stages of the Rapid Application Development Method 

2.3.1 Requirement Planning 

The system development process begins with an analysis of initial requirements, which involves data 

collection and processing activities. The collected data are then analyzed to identify the requirements that 

serve as the foundation for the development process. This stage provides a comprehensive overview of the 

mechanisms required for developing an application issue-handling recommendation system [9]. 

2.3.2 User Design 

The next stage involves designing the system to be developed. The outcome of this stage serves as a 

workflow reference that plays a crucial role in determining how the system will operate [9]. By producing a 

well-structured design, developers can implement a system that functions effectively and meets user 

requirements identified in the previous analysis stage [10]. This stage includes the design of the database 

schema, flowchart logic, and user interface layout. 

2.3.3 Construction 

The subsequent stage is the construction phase. At this stage, the system designed in the previous 

phase is implemented by developing program code in accordance with the defined requirements and models 

[8]. During this phase, the cosine similarity method with Term Frequency–Inverse Document Frequency 

(TF–IDF) weighting and support from Gemini AI is implemented to develop a recommendation system 

capable of identifying similar issues based on the currently reported issue. 

2.3.4 Cutover 

After the system has been fully developed, the next stage is testing, which aims to reduce the risk of 

errors within the system [8]. In this stage, User Acceptance Testing (UAT) is conducted to evaluate the 

extent to which the developed system meets user requirements and expectations [11], [20]. 

3. Results and Discussion 

 To achieve the results and discussion, this study undertakes several important processes, including : 

3.1 Requirement Planning Stage  

 The first stage in developing the issue recommendation system is requirement planning. The authors 

planned the system requirements by conducting observations of the currently used system. Based on the 

observations, the proposed system will be developed as a REST API that can be integrated with the existing 

system. The system will be implemented using the Python programming language with the Flask framework. 

Python was chosen not only because of its widespread use in the field of machine learning but also due to its 

extensive library support for machine learning processes, such as Scikit-learn [12]. 

3.2 User Design Stage 

At this stage, the authors begin designing the system to be implemented, including the following aspects: 

• Database Design Stage 
Since this system will be implemented as an additional module within the existing system, the authors 
retained the use of the current database with only minor modifications. 
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Fig. 3. Basis Data Design 

The modification involved adding a new table to store training data, named trained_issue_description. 
The table structure is presented in Table 1 below. 

Table 1. Structure of the trained_issue_description Table 

No Column Name Data Tipe Description 

1 id Serial Primary Key 

2 app_id Int Foreign Key 

3 no_ticket Varchar(255)  

4 description Text  

 

As shown in Table 1, the trained_issue_description table consists of four columns. The app_id column 
is used to relate this table to the one containing the master data of applications. This linkage is useful 
for pre-filtering the training data to be used, ensuring that the process of identifying similar issues is 
focused and does not extend to unrelated applications. 

• Flowchart Logic Design Stage 
Flowcharts are used as representations of system process flows, illustrating the sequence of activities 
and decisions within a program in a structured manner [13]. In the system design stage, this study 
implements two main flowcharts: the data training process flowchart and the similar issue search 
(similarity search) process flowchart. The data training process flowchart describes the mechanism for 
processing resolved issue data as training data. This data is periodically processed through a monthly 
training scheme to maintain model consistency and currency. The training stages include data 
selection, preprocessing, and storing the vectorized results in the database. The detailed training 
process flow is shown in Figure 4. 
The flowchart of the similar issue search process illustrates the system’s computational workflow for 
generating relevant issue recommendations. The process begins with the collection of new issue data 
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from users, after which the system filters the training data based on application relevance. The selected 
training data then undergoes vectorization. The new issue is summarized using Gemini AI to produce 
a more concise and informative text representation, which is subsequently converted into a vector 
form. The system calculates similarity scores between the new issue vector and the training data 
vectors using a similarity measurement method. Based on these calculations, the system presents the 
three issues with the highest similarity scores as the output. The process flow is shown in Figure 5. 
 

 

Fig.4. Data Training Process Flowchart 

 

Fig. 5. Similar Issue Search Process Flowchart 

 

• User Interface Design Stage 
At this stage, features were added to the system interface without altering the main structure of the 
existing system. The added feature includes a “Check Similarity” button in the issue detail menu 
(Figure 6). This button functions to trigger the similar issue search process, using the currently 
displayed issue as the search input. The system then processes the data and presents the search results 
in a modal window (Figure 7). The modal displays the title and summary of the current issue, as well 
as a list of other issues with similarity scores. During testing, the system identified only one similar 
issue. 

 

Fig. 6. Check Similarity” on the Issue Detail Menu 
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Fig. 7. Modal Window for Similar Issue Search Results 

3.3 Construction Stage 
At this stage, the previously developed system design is implemented into program code, resulting in a 

functionally operable system. The construction process not only realizes the conceptual design into a tangible 
system but also allows for the evaluation of system performance, including functionality, process efficiency, 
and the alignment of outcomes with user requirements. The implementation results serve as the basis for 
analyzing the system’s effectiveness and its impact on performance improvements compared to the previous 
condition. 
The following provides a detailed explanation of the processes involved in the construction stage. 

• Preparing the Gemini API Key 
In the implementation stage, the initial step involves preparing the Gemini Application Programming 
Interface (API) key as an authentication mechanism to access the artificial intelligence services 
provided by Google. The API key functions as an alphanumeric identifier that controls the 
application’s access rights to the API services. An API itself is a communication mechanism that 
enables structured data exchange and integration between systems [14]. 
The Gemini API key is obtained through the Google AI Studio platform by creating an access key 
under the developer account. Once the API key is generated, it is securely stored and kept 
confidential to prevent unauthorized access. In this study, the API key is not stored directly in the 
program code but is placed in an environment variable, following the recommended practice in 
previous research [15], to enhance system security and configuration flexibility. 

 

Fig. 8. Google AI Studio Interface 

 

Fig. 9. API Key Successfully Generated 
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• System Coding 
In the coding stage, the system was developed using the Python programming language with the 
Flask framework as the main structure for the web-based application. In addition to Flask, this study 
utilized several third-party libraries to support system functionality, including SQLAlchemy for 
database management and connectivity, scikit-learn for text weighting using TF–IDF and cosine 
similarity computation, google-generativeai for integration with the Gemini AI API, pandas for data 
processing and manipulation, and python-dotenv for managing environment variables in the 
development environment. The program code structure was organized modularly across several files 
to enhance readability and facilitate system maintenance. The file env_util.py is used to centralize 
environment variable retrieval, while gemini_util.py handles the prompting mechanism to Gemini AI 
during the issue summarization process. The primary database connection is managed through 
db_service.py using SQLAlchemy. 
 

 

Fig. 10. Program Code in the env_util.py File 

The database tables are represented as models, including MstApp, which represents the 
mst_casecategory table as the application master data, and TrainedIssueDescription, which represents 
the trained_issue_description table as storage for training data in the form of summarized resolved 
issues. At the controller layer, MstAppController handles requests for searching applications relevant 
to the reported issues, while SimilarityController manages the main process of identifying similar 
issues using TF–IDF and cosine similarity methods. Text vectorization is performed using 
TfidfVectorizer, and similarity scores are calculated using the cosine_similarity function from the 
scikit-learn library. The routing layer is implemented to connect client requests with the system logic, 
including the endpoints /get-app-ids and /check-similarity, which call their respective controllers. 
System configurations, including database connection settings, are defined in the config.py file, while 
server.py serves as the main entry point when the system is executed. 

 

Fig. 11. Program Code in the env_util.py File 

After all system components were fully implemented, the application was deployed to the server 
using a Docker container, enabling integration with and access by the interface module of the existing 
system. 

• Adjustment of the Existing System Interface Module 
In the interface module of the existing system, minor modifications were made by adding a “Check 
Similarity” button and a modal to display the results of similar issue searches in the issue detail menu. 
These components were integrated with the services developed and deployed in the previous stage. 
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3.4 Cutover Stage 
At this stage, the authors conducted User Acceptance Testing (UAT) by creating a questionnaire consisting 

of five questions. The questionnaire was then completed by selected personnel from the support team, who 
directly tested the newly developed features. 
This stage can be described as follows: 

• Summarizing Issue Descriptions 
One of the objectives in developing the issue-handling recommendation system was to summarize 
issue descriptions. This process is carried out before the system proceeds to the next stage, which is 
the similar issue search. Based on the development conducted, the recommendation system 
successfully achieved this objective by effectively summarizing issue descriptions, as illustrated in 
Figure 11 below. 

 

Fig. 12. Issue Title and Description 

The description was successfully condensed, as shown in Figure 13 below. 

 

Fig. 13. Issue Title and Description 

• Identifying Similar Issues 
The next expected outcome is that the system can identify similar issues to derive solutions as 
recommendations for handling the currently reported issue. This process represents the main feature 
implemented in the issue-handling recommendation system. Based on the conducted experiments, the 
developed system successfully identified similar issues corresponding to the current issue, as shown 
in Figure 13 above. 
In Figure 13, an example of a similar issue was identified: the inability to click on ordering. Based on 
cosine similarity calculations, this issue has a similarity score of 71% with the currently reported 
issue. The solution for the similar issue involved adjusting the in_dkk data in the ppkb table, and this 
solution was also applied to the current issue. This is illustrated in Figure 14 below, where the 
solution used to address the current issue closely matches the solution for the similar issue. 
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Fig. 14. Current Issue Resolution Results 

• User Acceptance Testing 
To evaluate the extent to which the developed system meets user requirements, the authors conducted 
testing using the User Acceptance Testing (UAT) method [11]. A UAT questionnaire consisting of 
five items was created using a Likert scale. The Likert scale is a psychometric scale commonly used 
to measure the perceptions or attitudes of a group of individuals [16]. While the Likert scale is 
generally presented in five categories, other forms exist, ranging from simple “Yes” or “No” options 
to multiple-choice formats [17]. In this study, a three-point Likert scale was used, with values ranging 
from 1 to 3 [16], as shown in the following table. 

Table 2. Questionnaire Assessment Categories 

Answer Value 

Agree 3 

Neutral 2 

Disagree 1 

 

In this testing, there were 30 respondents providing assessments, in accordance with the minimum number of 
respondents suggested in the study [18]. The results of the testing on the developed application issue-handling 
recommendation system are presented in Table 3 below. 

Table 3. Questionnaire Results 

Answer 

Respondent Answers 

Agree Neutral Disagree Mean Standard 
Deviation 

Acceptance 
Percentage 

Is the "Check Similar Issue" 
feature easy to use ? 

26 4 0 2.87 0.34 86.7% 

Does the "Check Similar 
Issue" feature help you 
search for information? 

25 5 0 2.83 

 

0.38 83.3% 

Does the "Check Similar 
Issue" feature make your 
work easier? 

22 7 1 2.73 0.48 73.3% 

Are the results of the similar 
issue search consistent with 
the expected outcomes? 

20 9 1 2.63 0.48 66.7% 

Do you agree with using the 
"Check Similar Issue" 
feature? 

28 2 0 2.93 0.26 93.3% 
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• Analysis 

Based on the implementation results of the developed system, the research objectives were 
successfully achieved, including summarizing issue descriptions and identifying similar issues to 
assist the support team in handling reported problems. According to the conducted experiments, the 
system was able to summarize issue descriptions and identify similar issues effectively. The authors 
also compared the handling of the identified similar issues with the solutions applied to the issue used 
as a test case, and the recommended solutions closely matched those implemented for the actual 
issue. Furthermore, the authors conducted a detailed analysis of user acceptance based on the 
questionnaire results presented in Table 4.2 above. The calculation of acceptance percentages was 
performed using the Likert scale method [19] as follows: 

✓ Acceptance Percentage =  

✓ Acceptance Percentage =  

✓ Acceptance Percentage = 93.1% 

The analysis results indicate that user acceptance of the developed application issue-handling 
recommendation system is very high, with a score of 93.1%. The majority of users agreed with each 
item in the questionnaire, demonstrating that the developed system effectively assists users in finding 
similar issues, thereby facilitating their work. 

4. Conclusion 

Based on the implementation and testing results, it can be concluded that the developed application issue-
handling recommendation system is capable of supporting the speed and accuracy of issue resolution in 
operational environments dependent on applications. The system utilizes the cosine similarity algorithm with 
TF–IDF weighting to identify similar issues based on descriptions summarized using Gemini AI, allowing 
solutions from previous issues to serve as references for current issue handling. Testing results demonstrate 
that the system can effectively perform issue description summarization and similar issue search based on the 
trained dataset. Furthermore, user acceptance of the system is very high, as evidenced by a User Acceptance 
Test score of 93.1% from 30 respondents, indicating that the system is suitable for implementation to enhance 
the performance of the support team. 
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