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Abstract−The development of the automotive industry in Indonesia is increasing, especially in automobiles. Due to the increasing 

number of car brands in Indonesia, it is difficult for users to decide which car suits their functional requirements. Therefore, to 

overcome this problem, we propose a ontology-based Conversational Recommender System (CRS) using Collaborative Filtering. 

CRS as a framework aims to have users interact with the system so that the system obtains information related to users functional 

requirements, ontology-based aims to organize domain knowledge with specific concepts, and Collaborative Filtering improve the 

accuracy of recommender products in developing recommender systems. The evaluation results include system performance with 

85.39% accuracy and user satisfaction getting positive feedback from various factors. This shows that the car recommender system 

is effective and efficient in providing recommendations according to the functional requirements of users. 

Keywords: Recommender System; Ontology; Conversational Recommender System; Collaborative Filtering; Knowledge-based 

Recommender System 

1. INTRODUCTION 

In recent years, the automotive industry in Indonesia has experienced significant growth, driven by increased traffic 

density, rising purchasing power among users, and overall economic development. As cars have become essential for 

Indonesians in their daily activities, the multitude of available car brands has made it challenging for users to navigate 

and choose a vehicle that aligns with their functional requirements. To address this challenge, the development of a 

recommender system for cars based on functional requirements has become crucial. 

A recommender system for cars based on functional requirements aims to predict user preferences by 

leveraging information obtained from various sources [1], [2]. Past research, such as the work by Prabowol et al. [1], 

utilized item-based Collaborative Filtering to recommend cars based on specifications, employing a ranking pattern 

and attributes matching approach. Similarly, Boteju and Munangsihe [2] employed a Neural Network Model to 

provide personalized recommendations by collecting data from users and vehicle sellers. However, despite these 

efforts, many users still struggle to grasp the intricacies of car specifications, necessitating a more user-friendly 

approach. Prasetyo et al. [3] discuss the use of Item-Based Collaborative Filtering to suggest smartphone accessories 

to customers. This approach focuses on item relationships to provide accurate recommendations. The authors present 

a methodology to prove the system's effectiveness, highlighting potential benefits such as increased sales and 

improved customer satisfaction. 

In response to this need, we propose an ontology-based Conversational Recommender System (CRS) and 

Collaborative Filtering. CRS is a framework to assist users in understanding and selecting cars based on their 

functional requirements [4]. The CRS incorporates two navigation strategies, i.e., Navigation By Asking (NBA) and 

Navigation By Proposing (NBP) [5]. NBA involves presenting users with repetitive questions to gather information, 

ultimately leading to tailored recommendations. On the other hand, NBP collects user feedback on the recommended 

products, further refining the suggestions. The integration of ontology into the CRS framework aims to organize 

domain knowledge with specific concepts, enhancing the accuracy of recommendations to align with user functional 

requirements [6], [7]. The ontology model comprises three classes, functional requirements, products, and 

specifications [5], creating a structured and hierarchical recommender system. 

Building on the foundation laid by previous studies, Theosaksomo and Widyantoro [8] developed a chatbot 

using a CRS to provide accurate recommendations, our proposed CRS framework emphasizes user interaction to 

gather information related to functional requirements. This study draws inspiration from various research efforts, 

including Kun Zhou et al. [9], who focused on recommending high-quality products through interactive conversations, 

and Bouihi and Bahaj [10], who developed a recommender system for e-learning applications based on the semantic 

web. Furthermore, the potential applications of Conversational Recommender Systems expand beyond the automotive 

industry. Cordero et al. [11] explored the use of CRS in medical diagnosis using Fuzzy Rules, demonstrating the 

effectiveness of CRS in telemedicine. Additionally, Aziz et al. [12] employed an Ontology-based knowledge modeling 

framework to identify hazards in the process industry, showcasing the versatility of ontology in diverse domains. 

Hawalah [13] leveraged ontology to classify Arabic texts, illustrating the utility of ontology in information 

categorization. Chen et al. [14] presented a sophisticated model for diagnosing and treating diabetes based on 

ontology, emphasizing its role in providing a shared vocabulary for specific domains. 
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In this context, we proposed ontology-based CRS not only addresses the specific requirements of users in the 

automotive industry but also aligns with broader trends in leveraging conversational systems and ontology in various 

domains. The positive evaluation results from Baizal et al. [15] further reinforce the effectiveness of CRS in enhancing 

recommendation accuracy, query refinement, and user satisfaction. 

2.RESEARCH METHODOLOGY 

2.1 Research Stages 

During user interaction, the system will ask questions regarding their functional requirements to provide personalized 

car recommendations. The system will repeat the questions several times to ensure accuracy, and once the functional 

requirements have been established, the system will offer car recommendations and detailed explanations. The system 

has been designed to include three modules. 

 

Figure 1. General System Overview 

The general system design is depicted in Figure 1, with each module serving a unique purpose. The user 

preference model module serves as a vital link between the ontology and the system, enabling the generation of 

questions related to users' functional requirements. This module plays a crucial role in facilitating the development of 

personalized recommendations for each user. In contrast, the recommendation module aims to suggest products that 

meet users functional requirements based on their personalized questions. Additionally, the module provides users 

with comprehensive explanations of the recommended product characteristics, benefits, and drawbacks to enable them 

to make informed decisions. The user interface module serves as the primary point of interaction between the system 

and its users. It is responsible for displaying personalized questions based on user preferences and presenting 

recommendation results clearly and easily. By utilizing this module, the system can provide highly personalized 

product recommendations tailored to the user specific requirements and interests. With its user-friendly interface and 

intuitive design, this system offers a seamless and effective solution for anyone seeking personalized product 

recommendations [4]. 

Our proposed mechanism for interacting with the Customer Relationship System (CRS) is designed to provide 

a personalized experience to the user. This is done by engaging them in dialogue through a series of questions aimed 

at better understanding their needs and functional requirements. The system will ask questions regarding user 

preferences may influence their product selection. Once users provide their feedback, the system will analyze the data 

and recommend products that best suit their functional requirement. The system will consider the user's functional 

requirements factors . The system will also provide an explanation of the recommended items, including their features, 

advantages and disadvantages. This information will enable users to make informed decisions when selecting 

products. Next, the system will collect data about the user's functional requirements and use it to improve future 

recommendations. The system will analyze user data to identify trends and patterns in their preferences, which will 

help further personalize recommendations. The system will also track users' previous purchases, feedback and reviews 

to understand their preferences better. For a better understanding of this interaction, see Figure 2, which depicts the 

communication between the user and the system. The figure shows how the user and the system communicate through 

a series of questions and responses, leading to personalized product recommendations. 
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Figure 2. Interaction procedure between user and system 

Figure 2 presents a comprehensive depiction of the interaction procedure that takes place between the user and 

the system. It includes each step involved in the journey, from the beginning to the end, with a detailed explanation 

of each action. When the user initiates the interaction, the system prompts them with a series of questions that are 

relevant to the functional requirements. The user is then given the flexibility to select. The user is offered a range of 

functional requirements to choose from, based on their individual preferences and requirements. These requirements 

are designed to cater to the user specific requirements and ensure that their experience is tailored to their liking. By 

providing this flexibility, the user can customize their experience to match their unique preferences, resulting in a 

more satisfying and efficient interaction. After making a choice, the system will carefully examine the information 

provided to ensure that it meets the user requirements. Overall this process is designed to be seamless and user-

friendly, ensuring that the user requirements are met efficiently and effectively. 

If the information collected is not enough, the system continues the interaction. If the information provided is 

sufficient, the system directly provides car product recommendations and an explanation. After that, the user selects 

the recommended car. However, if the user chooses more than one product or does not choose, the system again 

provides several functional requirement questions to be more specific about the recommended product. After that, the 

user gives a rating to the recommended product . 

2.2 Car Ontology 

Widyantoro et al. [4] designed the ontology to have three main classes, functional requirements, products, and 

specifications. SubClassOf and InstanceOf connect each hierarchical class entity to produce interactions based on 

functional requirements. Figure 3 showing the specification hierarchy serves as a guide to ensure that functional 

requirements are accurately matched with their corresponding products. This hierarchy sorts product specifications 

based on quality levels, ensuring each product meets its intended use. To illustrate, when it comes to transmission 

specifications, the scale divides them into two distinct categories. automatic and manual types. This helps to ensure 

that the appropriate transmission is chosen, depending on the product's specific requirements [16], [17].  

Figure 4 presents the product hierarchy is a system that simplifies the process of selecting a car that meets the 

unique functional requirements of each user. This system categorizes car product specifications into several distinct 

categories, each with its distinctive attributes. For instance, SUVs are designed for off-road exploration, while LCGCs 

are ideal for transporting children to school.  

Figure 5 presents the functional requirements hierarchy primary purpose is to describe user's functional 

requirements and demands regarding cars. In this hierarchy, various subclasses are interrelated and form a complex 

structure. In this hierarchy, questions and explanations relate to specific classes and subclasses. 

 

Figure 3. Specification hierarchy 

 

Figure 4. Product hierarchy 
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Figure 5. Functional requirement hierarchy 

2.3 User Preference Modelling 

It is crucial to model user preferences to create questions and build profile models based on feedback. This is relevant 

for the recommender system, where several interaction cases may arise. 

a. Empty user profile 

This case occurs when the user profile is still empty. The system provides several questions in the form of car 

categories that are still general in nature, the aim is to build a user profile model. 

b. Multiple product selection 

This case occurs when the user still has difficulty deciding which product to choose. To assist users in personalizing 

product choices, the system can use a questioning strategy regarding elements to differentiate between product 

groups. 

c. None of the products selected 

This case occurs when if the user does not select any product. Then, the system looks for other nodes that match 

the user requirements, this allows the system to generate products that have not appeared or been requested. 

d. The recommendations cannot be generated due to the lack of clear and specific requirements defined 

It seems that in some cases, the requirements may still need to be more general. When this happens, the system 

may ask for more specific functional requirements. The questions asked by the system will likely be related to the 

users previous answers, in order to gather more information and clarify any uncertainties. 

2.3 System Overview 

The system presents questions related to functional requirements that can recommend products according to functional 

requirements. Figure 6 shows the user filling in the questions provided by the system. The system presents questions 

repeatedly until the information from the user is fulfilled. The system gives questions covering functional requirements 

such as family car, commercial cars, competitions, and official duties of an agency. The system provides optional 

answers to users to provide information related to their functional requirements. The system then processes the user 

responses to generate product recommendations that match their functional requirements. 

 

Figure 6. Initial user and system interaction 

The user selects questions related to functional requirements. Figure 7 shows that if there are still many 

recommended products, the system presents more specific questions related to functional requirements. 
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Figure 7. Questions to refine the requirement 

Tailoring a car to individual functional requirements, it is important to ask personalized questiones. These 

questions enhance the adjusment process. For example, if a user is looking for car modifications, or if their primary 

use involves providing transportation services, refining these questions allows for the creation of a personalized car 

that precisely fits each user’s requirement and preferences. The system obtains information from the user and displays 

a list of recommendations according to the functional requirements, as shown in Figure 8. Users can select 

recommendation results that match their functional requirements. 

 

Figure 8. List Recommendation 

2.4 Cosine Similarity 

Cosine Similarity is a mathematical function used to measure the similarity between two items. It is a 

commonly used algorithm for computing similarity values in recommender systems, data mining, and information 

retrieval. In contrast to other similarity measures, Adjusted Cosine Similarity takes into account the user rating patterns 

and item biases, which makes it more accurate in determining the similarity between two items [3]. The formula for 

Adjusted Cosine Similarity involves the dot product of the ratings of two items, normalized by the ratings of the users 

who rated both items. This normalization step is crucial because different users may have different rating scales, and 

some users may provide more ratings than others. Therefore, the Adjusted Cosine Similarity is a robust and efficient 

method for calculating the similarity between items in large datasets. 

𝑐𝑜𝑠𝑖𝑚(𝑝, 𝑞) =
𝛴𝑢∈𝑖(𝑅𝑢,𝑝− 𝑅̅𝑢)− (𝑅𝑢,𝑞− 𝑅̅𝑢) 

√𝛴𝑢∈𝑖(𝑅𝑢,𝑝− 𝑅̅𝑢)
2

√𝛴𝑢∈𝑖(𝑅𝑢,𝑞− 𝑅̅𝑢)
2
       (1) 

𝑐𝑜𝑠𝑖𝑚(𝑝, 𝑞) : Similarity measure for item p and q 

𝑢 ∈ 𝑖 : The collection of all users who provided ratings for items p and q 

𝑅𝑢,𝑝 : Rating given by user for item p 

𝑅𝑢,𝑞  : Rating given by user for item q 
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𝑅̅𝑢 : Average rating given by users. 

2.4 Weighted Sum 

Weighted Sum is a method used to predict the rating a user (p) would give to an item (q) based on the average ratings 

of similar items. It is calculated by taking the weighted average of the ratings of similar items that have been rated by 

the user and adjusting it to account for any biases or inconsistencies in their rating behavior [18]. The formula used 

for this calculation is as follows. 

𝐴(𝑝, 𝑞) = 𝑅̅𝑞 +  
∑ (𝑅𝑝,𝑖− 𝑅̅𝑖)𝑛

𝑖=1 × 𝑐𝑜𝑠𝑖𝑚(𝑖,𝑞)

∑ | 𝑐𝑜𝑠𝑖𝑚(𝑖,𝑞)|𝑛
𝑖=1  

        (2) 

𝐴(𝑝, 𝑞) : Estimated rating for item q based on preferences of user p 

𝑅̅𝑞  : Average rating attributed to item q 

𝑅𝑝,𝑖 : The rating given by user p to item i 

𝑅̅𝑖 : Average rating value for item i 

𝑐𝑜𝑠𝑖𝑚(𝑖, 𝑞) : Similarity measure for item i and q 

2.4 Mean Absolute Error 

The calculation of recommendation accuracy, although not the primary focus of a recommender system, is essential 

in evaluating its performance and comprehending the accuracy of the recommendations [19]. The accuracy calculation 

procedure aims to identify any errors that may arise in the recommender system. The approach employed for this 

calculation involves the Mean Absolute Error (MAE), a widely accepted method in the field that is described in the 

following equation. 

𝑀𝐴𝐸 =  
∑ |𝐴𝑢,𝑝− 𝑅𝑢,𝑝|𝑛

𝑖=1

𝑁 
          (3) 

𝑀𝐴𝐸 : Mean Absolute Error Value 

𝐴𝑢,𝑝 : Estimated rating for item p based on preferences of user u 

𝑅𝑢,𝑝 : The specific rating provided by user u for item p 

𝑁  : The total user count 

3. RESULT AND DISCUSSION 

The evaluation considers the system's performance in providing recommendations and user satisfaction [14]. We 

involved 89 participants, including those with knowledge of car specifications. 

 

Figure 9. Participants who are familiar with car specifications 

 According to the data represented in Figure 9, participants have been categorized into three groups based on 

their familiarity with car specifications. The first group, which consists of 14 individuals, is categorized as Familiar 

with car specifications. The second group, comprising two individuals, is labeled as Average in their familiarity with 

car specifications. The final group, which has a significant majority of 73 individuals, has been categorized as 

Unfamiliar with car specifications. These findings suggest that a large proportion of the participants in this study lack 

knowledge about car specifications. After getting participants, we evaluated the results for system performance in 

recommending cars and user satisfaction in using the recommender system. 
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3.1 Matrix representation for the implementation of item-based 

The accuracy of recommendations generated by a recommender system is a critical aspect to evaluate the system's 

performance. While not the primary focus of the system, accurately assessing the quality of recommendations is 

essential. The primary goal of the accuracy calculation procedure is to identify and quantify any errors that may arise 

in the system. The Mean Absolute Error (MAE) approach is used by researchers to calculate the accuracy of 

recommendations [20]. To conduct the MAE approach experiments, data entered by five users and five products with 

varying rating magnitudes are utilized. This approach helps researchers to understand the accuracy of the 

recommendations and identify areas for improvement. The system will search for products in the same category as 

those rated by users, which are not included in the recommendation process. This will create a table similar to Table 

1. 

C1 : HRV 1.5 L S CVT 

C2 : Civic RS 1.5 L 

C3 : BRV S MT 

C4 : Raize 1.0 Turbo G CV 

C5 : Xpander GLS CVT 

Table 1. The user’s appraisal rating to the product 

 U1 U2 U3 U4 U5 

C1 4 3 5 2 1 

C2 0 5 2 1 1 

C3 3 2 2 2 5 

C4 4 3 5 4 4 

C5 2 1 0 3 5 

Table 2 is a comprehensive representation of the outcomes of the adjusted cosine similarity calculation, which 

is based on the sim(P1, P2) formula. This calculation has been performed for every product, and the results have been 

presented in a clear and organized manner in the table. By reviewing the information in the table, one can gain a 

deeper understanding of how the adjusted cosine similarity calculation works and how it can be used to compare 

various products in a systematic and effective manner. 

Table 2. Comparing different products using a similarity matrix 

 C1 C2 C3 C4 C5 

C1 1 0.08 -0.42 -0.71 -0.53 

C2 0.08 1 -0.29 -0.52 -0.54 

C3 -0.42 -0.29 1 0.33 0.62 

C4 -0.71 -0.52 0.33 1 0.26 

C5 -0.53 -0.54 0.62 0.26 1 

Table 3 shows the method used to estimate product prediction values based on user preferences. We used the 

Adjusted Weighted Sum formula to calculate these values, which factor in the weight of each user's input. The 

resulting values indicate the likelihood of a product being preferred by a user. Please refer to the table for more 

information on the calculation process. 

Table 3. Result of prediction 

 U1 U2 U3 U4 U5 

C1 2.85 3.44 3.75 2.66 1.30 

C2 1.10 3.67 2.28 1.46 0.50 

C3 2.68 1.55 1.91 2.36 4.49 

C4 3.67 2.43 2.32 3.84 4.75 

C5 2.82 1.38 2.19 2.91 4.61 

To complete the process, we need to calculate the Mean Absolute Error (MAE). This involves finding the 

average of the absolute errors, which is the difference between the actual rating value and the predicted rating value. 

Table 4 displays the errors in ascending order for each sortie. 

Table 4. Displays the outcomes for the Mean Absolute Error (MAE). 

Recommendation from (n) Recommender products MAE 

Recommendation 1 C4 0.43 

Recommendation 2 C5 0.50 

Recommendation 3 C3 0.55 

Recommendation 4 C2 0.73 

Recommendation 5 C1 0.76 
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3.2 Evaluation of system recommendation results 

When assessing the effectiveness of a recommender system, it is essential to measure its success rate accurately. One 

standard method of doing so is by evaluating the accuracy of the recommendations, which can be achieved by tracking 

the percentage of successful interactions. An interaction is successful when the user can select the recommended car 

in the CRS, indicating that the system has provided a satisfactory recommendation. This approach helps ensure the 

recommender system works as intended and provides users value. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛
       (4) 

Figure 10 shows that 85.39% successfully recommend products that match the functional requirements of 

users. Meanwhile, 14.61% still needed products that fit their functional requirements. 

 

Figure 10. Evaluation of system recommendation results 

The system is designed to deliver results with exceptional accuracy and efficiency. CRS as a framework 

seamlessly to provide users with reliable recommendations and valuable insights. This level of precision ensures that 

users can trust the system's outputs and make informed decisions based on the recommendations. The system's ability 

to enhance decision-making processes and improve overall user experience is a testament to its effectiveness and 

reliability. With its user-friendly interface and intuitive design, the system boasts a smooth and seamless user 

experience, making it a go-to tool for users seeking reliable and efficient results. 

3.3 Evaluation of user sastifaction results 

We conduct an evaluation of user satisfaction alongside system performance by using questionnaires. The aim of this 

evaluation is to analyze the impact of product functionality on how users perceive the system. We examine several 

factors in detail, including ease of use (EOU), informativeness (INF), perceived efficiency (PE), ease of understanding 

(EOU), perceived quality of recommendation (PRQ), and trust (TR).  

Ease of use (EOU) measures how easy it is for users to operate the system and perform tasks without 

encountering any difficulty. Informativeness (INF) evaluates how informative the system is in terms of providing 

users with relevant and useful information. Perceived efficiency (PE) measures the user's perception of the system's 

speed and responsiveness in performing tasks. Ease of understanding (EOU) examines how well users can 

comprehend the system's interface and functionality. Perceived quality of recommendation (PRQ) evaluates how well 

the system's recommendations match the user's requirements and preferences. Trust (TR) measures the user's 

confidence in the system's recommendations, accuracy, and reliability. You can find the detailed questions related to 

each of these factors in Table 5. 

Table 5. Question description 

ID Factors Information 

US1 PE I am currently able to locate the product with ease 

US2 INF I find it easy to obtain product information. 

US3 TR I have selected a product in the system that I plan to purchase someday. 

US4 TR If I intended to purchase a vehicle, I would utilize this system. 

US5 ETU I am unable to locate a product that matches my specific requirements 

US6 ETU I didn't encounter any difficulties when using this system. 

US7 EOU The questions provided are easily comprehensible 
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ID Factors Information 

US8 EOU I have comprehended the question that was asked without any confusion 

US9 PRQ I am satisfied with the product choices I made. 

US10 PRQ I am not satisfied with the interaction system provided. 

Figure 11 shows that users felt assisted by the car recommender system using this ontology-based CRS 

framework. US5 and US10 show that some users have difficulty finding products that match their functional 

requirements and less engaging interactions. 

 

Figure 11. Evaluation of user satisfaction results 

4. CONCLUSION 

The evaluation report for the car recommender system shows that it has performed exceptionally well, achieving an 

accuracy rate of 85.39%. The system has been put through a series of rigorous tests to ensure that it provides users 

with recommendations that suit their functional needs. The results of the evaluation indicate that the system is highly 

effective in providing recommendations that are relevant and useful to users. Users have expressed their satisfaction 

with the system's performance, citing its efficiency and effectiveness in providing personalized recommendations. Car 

recommender systems have become a reliable tool for users who are looking to buy. The system provides users with 

a comprehensive list of recommendations based on their specific requirements, making it easier for them to make an 

informed decision. Collaborative Filtering is a technique that is used to improve the accuracy of the designed 

recommender system. It helps to identify patterns in user behavior and preferences, which are then used to generate 

more accurate recommendations. This technique has been proven to be highly effective in improving the system's 

performance and ensuring that users receive recommendations that are tailored to their needs. 
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