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Abstract 

Non-textbook educational resources refer to books designed to enrich readers’ knowledge, insights, and skills, serving 

as complementary materials to formal textbooks. These may include fiction, non-fiction, biographies, self-help books, 

and other supplementary literature. However, the broad range of available non-textbooks targeting diverse 

educational levels often presents challenges for students in selecting materials that are appropriate to their academic 

stage. This study aims to develop a content-based recommendation system capable of recommending non-textbooks 

based on the reader's educational level. The recommendation process employs Term Frequency–Inverse Document 

Frequency (TF-IDF) for feature extraction and Cosine Similarity to calculate semantic similarity between user search 

queries and book content. To improve relevance, a filtering mechanism based on education level is introduced prior 

to feature extraction. Experimental results show that applying this filtering process significantly improves the 

recommendation's performance, yielding an average precision of 100%. In contrast, models without the filtering 

process achieve only 50% precision. These findings highlight the effectiveness of contextual filtering in improving 

the accuracy of non-textbook recommendation systems.    
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1. INTRODUCTION 

The rapid development of information and communication technology has led to increased access 

to non-textbook materials such as fiction, non-fiction, biographies, self-help books, popular literary 

works, and supplementary textbooks in various modern publications [1], [2]. This abundance of choices 

presents new challenges for readers in finding books that aligned with their learning needs and 

educational level. This condition reflects the phenomenon of information overload, where users find it 

difficult to select relevant information due to the sheer volume of content [3], [4].  

Previous studies highlight that the match between reading level and book difficulty is a critical 

factor in determining learning outcomes and reading motivation [5]. For example, Kragler [6] found that 

students often select books above or below their optimal reading level, reducing learning effectiveness. 

The study involved nine 4th-grade students and analyzed their book selection strategies through teacher 

conferences. Similarly, Sewell [7] reported that students often choose books which are not at their 

instructional reading level. Out of 168 books, 107 (63.7%) were not on the students’ reading levels while 

61 (36.3%) were on the students’ reading levels. Prior work in literacy further emphasize that book 

selections aligned with both reading proficiency and interest enhance engagement and motivation [8]. 

These findings collectively reveal the importance of developing structured mechanisms to effectively 

guide students in selecting appropriate non-textbooks. 

At the same time, recommender systems have become one of the main tools for content filtering 

in the education domain [9]. Recommender systems can support learners by matching reading materials 
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with user profiles, learning contexts, and personal preferences [10]. In general, recommender systems 

can be categorized into collaborative filtering, content-based filtering and hybrid systems [11]. 

Collaborative filtering utilizes patterns of interactions between users and items to uncover similarities 

among them, based on the assumption that users who have shared comparable preferences in the past 

are likely to favor similar items in the future [12]. Collaborative filtering suffers from a fundamental 

limitation known as the cold‑start problem. This issue arises when the system lacks sufficient user–item 

interaction data, preventing it from generating meaningful recommendations for new users or for newly 

added items that have not yet received any ratings [13].  

In contrast, content-based filtering offers superior transparency and better handling of new items 

by focusing on the inherent properties and descriptive features of items, aligning these characteristics 

with individual user profiles to generate personalized recommendations even for newly introduced items 

that lack prior ratings [14], [15], [16]. Meanwhile, hybrid recommender systems combining multiple 

recommendation strategies to improve recommendation quality [17].   

Within educational settings, content‑based filtering has been widely adopted due to its 

interpretability and independence from historical user interactions [18], [19]. Researchers across 

different contexts have shown that content-based filtering successfully addresses book discovery 

challenges by comparing user queries with book attributes like titles, abstracts, and genres [20]. 

Ardiansyah et al [21] developed a school library recommendation system using TF-IDF and cosine 

similarity, showing that lexical matching techniques can retrieve relevant materials even when 

behavioral data are limited. Rosidah and Dellia [22], created a vocational school library system using 

similar techniques, obtaining expert validation as “Very Eligible”. Nuipian and J. Chuaykhun [23] also 

employed a similar technique for a book‑recommendation system using data sourced from 

Thai‑language websites and university libraries, reporting an average precision of 70%.  

Other research also demonstrates the strength of content‑based techniques. Liliana et al. [24] 

achieved impressive precision (91.84%) and recall (97.83%) by aligning user queries with book titles 

and abstracts. Meanwhile, Ridhwanullah et al. [25] further validated the performance of content‑based 

filtering within an informatics book recommendation system, reporting an average precision of 92.5%. 

Collectively, these studies underscore the strong potential of content‑based techniques to deliver highly 

personalized and contextually relevant recommendations across diverse educational domains. 

This study advances prior work by incorporate an education level-based filtering with Term 

Frequency–Inverse Document Frequency (TF-IDF) feature extraction and Cosine Similarity calculation. 

The proposed model is designed to generate book recommendations that are suitable with the user’s 

educational level. By integrating education level as a contextual attribute, the system refines semantic 

relevance between book content and reader profiles, ensuring a more relevant recommendation. 

2. METHOD 

This research consists of several stages, namely data collection, preprocessing and filtering, 

feature extraction, similarity calculation, recommendation, and evaluation. The research experiment was 

conducted using three scenarios, namely (i) CBRS (Content-Based Recommendation System), (ii) 

CBRS with stemming, (iii) CBRS with filtering, as shown in Figure 1. 

2.1. Data Collection 

The first stage involves acquiring the dataset used to build the recommendation system. In the 

context of recommendation systems, data can generally be collected through two primary approaches: 

explicit and implicit methods. Explicit data refers to information intentionally provided by users, such 

as ratings, reviews, or manually stated preferences. In contrast, implicit data is derived indirectly from 
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user behaviors or system interactions and is not consciously provided by users, such as click history, 

browsing duration, or purchase logs [26].  

In this study, the dataset was not obtained from explicit or implicit user interactions, but rather 

sourced from an external, publicly available dataset. The dataset consists of non-textbook educational 

materials retrieved from the SIPLah Kemdikbudristek public API, a government‑provided source that 

offers open access to procurement-related educational resources. The dataset was initially provided in 

CSV format, containing a total of 11,303 records and 18 feature columns, as shown in Figure 2.  

Before proceeding to preprocessing and model development, the dataset underwent a 

comprehensive data cleaning process. Data cleaning is an essential phase in machine learning 

workflows, as inconsistencies, missing values, duplicates, or noise within the data can negatively affect 

model training and lead to inaccurate predictions. Ensuring the dataset’s quality at this stage improves 

the reliability and validity of the resulting recommendation system [27]. 

A comprehensive data cleaning procedure was performed, including the removal of irrelevant and 

incomplete entries, as well as adjustments to data types to ensure uniformity and analytical readiness. 

After the cleaning and transformation stages, the finalized dataset comprised 4,008 validated records 

across 7 relevant feature columns, as illustrated in Figure 3. This refined dataset served as the foundation 

for the subsequent model development and evaluation phases in this study. 

 

 
Figure 1. Research Scenario 

 

 
Figure 2. Initial Data 
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Figure 3. Data after Cleaning 

2.2. Preprocessing and Filtering 

Data preprocessing is crucial for converting raw data into quality data [28]. Preprocessing may 

involve eliminating unwanted or invalid records, removing duplicate entries, and performing text 

normalization to ensure that the resulting dataset is clean, consistent, and ready for subsequent feature 

extraction and model development [29]. The preprocessing in this study includes:  

a. case folding: change all letters in the text to lowercase. 

b. punctuation removal: remove punctuation marks such as periods (.), commas (,), exclamation 

points (!), question marks (?), quotation marks (",') and other symbols from the text. 

c. stopword removal: removing common words that have no specific meaning and do not provide 

important information, such as ‘yang’,’di’,’ke’,’dari’,’dan’, etc. 

d. tokenization (break the text into words) and remove words with less than 2 letters. 

e. stemming: converting words to their basic form by removing affixes (prefixes, infixes, and 

suffixes). 

 

This study used three scenarios as shown in Figure 1. Scenario (i) performed preprocessing steps 

a-d, scenario (ii) performed all preprocessing steps, while scenario (iii) divided the preprocessing steps 

into two, namely preprocessing I and preprocessing II. Preprocessing I only performed case folding. 

After that, keyword filtering was performed based on education level, with details shown in Table 1. 

 

Table 1. Education Level 

Education Level Keyword 

paud paud, tk, taman kanak-kanak 

sd/mi sd, sekolah dasar, mi, elementary 

smp smp, sekolah menengah pertama, junior high school 

sma sma, sekolah menengah atas, senior high school 

smk smk, sekolah menengah kejuruan 

 

If the keywords entered by the user contain any terms listed in Table 1, the system will filter book 

data based on the school_level attribute that corresponds to the detected education level. Subsequently, 

the filtered dataset will proceed to preprocessing II, which involves steps b through d of the 

preprocessing workflow. 

2.3. Feature Extraction 

Feature extraction is the process of transforming text data into numerical representations so that 

it can be used by machine learning algorithms for analysis [30]. This study uses the TF-IDF algorithm 

for feature extraction. TF-IDF is a combination of Term Frequency (TF) and Inverse Document 

Frequency (IDF) [31]. TF represents the weight of a word (t) by the number of its occurrences in a 

document (d) as shown in Equation Kesalahan! Sumber referensi tidak ditemukan.. 

𝑡𝑓𝑡,𝑑 = {
𝑙𝑜𝑔𝑓𝑡,𝑑 , 𝑖𝑓 𝑓𝑡,𝑑 > 0

0, 𝑖𝑓 𝑡ℎ𝑒 𝑤𝑜𝑟𝑑 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑎𝑝𝑝𝑒𝑎𝑟
 (1) 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5425


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3557-3568 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5425 

 

 

3561 

Explanation: 

• tft,d = term frequency 

• ft,d = number of occurrences of word (t) in document (d) 

 

TF only assesses the number of occurrences of a word in a document. The higher the frequency 

of occurrence of a word, the more important that word is considered to be, even though in reality this is 

not the case [32]. IDF was created to reduce the effect of high-frequency words, whereby the more a 

word appears in many documents, the lower its weight [33]. The IDF equation is shown in Equation (2). 

𝑖𝑑𝑓𝑡 = 𝑙𝑜𝑔
𝑁

𝑁𝑡
 (2) 

Explanation: 

• idft  = inverse document frequency 

• N = total number of documents 

• Nt = number of documents containing the word (t) 

 

The complete TF-IDF equation is shown in Equation (3). 

𝑡𝑓𝑖𝑑𝑓𝑡,𝑑 = 𝑡𝑓𝑡𝑑  𝑥 𝑖𝑑𝑓𝑡 (3) 

Explanation: 

• tfidft,d  = word weight 

• tft,d   = term frequency of a word (t) in a document (d) 

• idft  = inverse document frequency on word (t)  

2.4. Similarity Calculation and Recommendations 

The similarity between the keywords entered by the user and the available book data is calculated 

using the cosine similarity algorithm. The concept is that each document (keywords, book data) is 

projected as a vector (TF-IDF of keywords and book data), then the cosine angle between the two vectors 

is calculated [16]. The smaller the angle, the more similar the documents are. The cosine similarity 

equation is shown in Equation (4). 

sim(𝑖1, 𝑖2) = cos(θ) =
𝐴⋅𝐵

||𝐴|| ||𝐵||
=

∑ 𝐴𝑗𝐵𝑗
𝑛
𝑗=1

√∑ 𝐴𝑗
2𝑛

𝑗=1 √∑ 𝐵𝑗
2𝑛

𝑗=1

 (4) 

Explanation: 

• sim(i1,i2) = the similarity value between the user's keywords and the book data, the closer 

the value is to 1, the more similar they are. 

• A, B = TF-IDF vectors of keywords and TF-IDF vectors of book data being 

compared. 

 

Based on the cosine similarity calculation, the similarity value between items is obtained. The 5 

items with the highest similarity values are used as system recommendations. 

2.5. Evaluation 

The evaluation was conducted to measure the performance of the recommendation system [34]. 

In this study, the evaluation was conducted using average precision as the average measure of the 
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accuracy between the information provided by users and the recommendations generated by the system 

[31]. The precision equation is shown in Equation (5). 

Precision =
∑ TPi

l
i=1

∑ (FPi+TPi)l
i=1

∗ 100% (5) 

Explanation: 

• TP = True Positive (recommended items match what users are looking for) 

• FP = False Positive (recommended items do not match what users are looking for) 

 

The closer the average precision value approaches 100%, the better the system's performance in 

producing relevant recommendations. Conversely, a lower average precision value indicates reduced 

accuracy and effectiveness in capturing user relevant results. 

3. RESULT 

This research was conducted using Windows 11 operating system, Intel Core i3-1315U processor, 

16GB RAM, and 500GB hard disk. The data used in this research has undergone a cleaning process as 

shown in Figure 4. 

 

 
Figure 4. Book Data 

 

The data presented in 

 is subsequently integrated, as illustrated in Figure 5, to undergo preprocessing based on the 

experimental scenarios outlined in Figure 1. 

 

 
Figure 5. Combined Data 

 

These scenarios include: (i) without stemming, (ii) with stemming, and (iii) with filtering applied 

but without stemming. For example, the raw combined text:  
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"empat hewan yang menyehatkan pengayaan smp rama edukasitama..."  

is transformed into a tokenized list after preprocessing:  

['empat', 'hewan', 'menyehatkan', 'pengayaan', 'smp', 'rama', 'edukasitama', ...].  

 

When stemming is applied, the tokens are further reduced to their root forms. Thus, the same text 

after undergoing stemming becomes: 

['empat', 'hewan', 'sehat', 'kaya', 'smp', 'rama', 'edukasitama', ...] 

 

The preprocessing results are shown in Figure 6. 

 

 
Figure 6. Preprocessing Results for Scenario (i), (ii), and (iii) 

 

Next, feature extraction and similarity calculation are performed between the book search 

keywords entered by the user and the existing book data. An example of the feature extraction and 

similarity calculation process is presented in Figure 7. 

 

 
Figure 7. Similarity Calculation Results 

 

Based on the process, the system generates five recommended books that are most relevant to the 

keywords entered by the user. Among these results, Book ID 1453, 1555, and 2882 demonstrate the 

highest similarity scores because their content contains terms that match the user’s query, specifically 

the keywords “matematika” and “smp”. 

When the school_level filtering method is applied, the recommendation results become more 

refined and accurate. This is because the filtering mechanism ensures that only items matching the 

specified school_level, in this case smp are considered during similarity computation. As a 
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consequence, books belonging to other school levels will not appear in the final recommendations, 

thereby increasing the relevance and precision of the output. 

Furthermore, the evaluation process of the system's recommendations was performed by 

conducting tests using 10 different test keywords, which were then input into the system under 3 

experimental scenarios: (i) CBRS, (ii) CBRS with stemming, (iii) CBRS with filtering. The results of 

these evaluations are presented in Table 2, Table 3, and Table 4. Each illustrating the performance and 

relevance of the recommended items generated by the system under the respective preprocessing 

configurations. 

 

Table 2. CBRS 

No Test Data (Keyword) Amount of Relevant Data Precision (%) 

1 buku anak paud 5/5 100 

2 matematika smp 3/5 60 

3 fisika sma 1/5 20 

4 bahasa inggris smk 2/5 40 

5 buku cerita tk 2/5 40 

6 buku cerita sd 0/5 0 

7 buku geografi smp 3/5 60 

8 panduan guru smp 3/5 60 

9 buku pengayaan smp 4/5 80 

10 buku sejarah sma 2/5 40   
Average Precision 50 

 

Table 3. CBRS with stemming 

No Test Data (Keyword) Amount of Relevant Data Precision (%) 

1 buku anak paud 5/5 100 

2 matematika smp 2/5 40 

3 fisika sma 1/5 20 

4 bahasa inggris smk 2/5 40 

5 buku cerita tk 1/5 20 

6 buku cerita sd 0/5 0 

7 buku geografi smp 3/5 60 

8 panduan guru smp 2/5 40 

9 buku pengayaan smp 4/5 80 

10 buku sejarah sma 2/5 40   
Average Precision 44 

 

Table 4. CBRS with filtering 

No Test Data (Keyword) Amount of Relevant Data Precision (%) 

1 buku anak paud 5/5 100 

2 matematika smp 5/5 100 

3 fisika sma 5/5 100 

4 bahasa inggris smk 5/5 100 

5 buku cerita tk 5/5 100 

6 buku cerita sd 5/5 100 

7 buku geografi smp 5/5 100 

8 panduan guru smp 5/5 100 

9 buku pengayaan smp 5/5 100 

10 buku sejarah sma 5/5 100   
Average Precision 100 

 

Based on the evaluation results, the average precision for scenario (i) was 50%, scenario (ii) was 

44%, and scenario (iii) was 100%. 
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4. DISCUSSIONS 

Several studies have implemented content-based recommendation systems using TF-IDF feature 

extraction and cosine similarity calculation, producing varied performance depending on the 

characteristics of the datasets used. Nuipian and J. Chuaykhun [23] applied this approach to a book 

recommendation system using data sourced from Thai language website and university libraries, 

reporting average precision of 70%. Liliana et al. [24] applied the approach for books published by PNJ 

Press and got average precision of 91.84%. Meanwhile, Ridhwanullah et al. [25] employed the similar 

method on the library dataset of STMIK Sinar Nusantara and achieved an average precision of 92.5%.  

Unlike these previous studies, this study utilizes a public dataset obtained from the SIPLah 

Kemdikbudristek API and introduces educational level filtering mechanism prior to TF-IDF feature 

extraction and cosine similarity calculation. This additional filtering step plays a crucial role in 

improving the contextual relevance of recommendations, particularly within heterogeneous datasets 

containing multiple educational levels. A detailed comparative summary of previous studies and the 

three experimental scenarios used in this work is presented in Table 5.  

 

Table 5. Comparative Study 

Study Dataset Methods 

Results 

(Aveage 

Precision) 

Nuipian and J. 

Chuaykhun [23] 

Thai language website and 

university libraries 

Lemmatization + TF-IDF + 

Cosine Similarity 

70% 

Liliana et al. [24] PNJ Press Book TF-IDF + Cosine Similarity 91.84% 

Ridhwanullah et.al 

[25] 

STMIK Sinar Nusantara 

library 

Stemming + TF-IDF + 

Cosine Similarity 

92.5% 

This Study 

(Scenario i) 

SIPLah Kemdikbudristek TF-IDF + Cosine Similarity 50% 

This Study 

(Scenario ii) 

Same as above Stemming + TF-IDF + 

Cosine Similarity 

44% 

This Study 

(Scenario iii) 

Same as above Educational Level Filtering + 

TF-IDF + Cosine Similarity 

100% 

 

The comparison results show that under the same family of methods, our unfiltered scenarios 

attain 50% (no stemming) and 44% (with stemming), whereas the context‑aware filtering scenario 

reaches 100%. This pattern indicates that in domains where audience/level alignment is pivotal, a 

lightweight metadata filter can materially improve precision beyond what lexical matching alone can 

deliver. Building on this evidence, we contribute an effective, low‑complexity pipeline for educational 

context matching that is interpretable, computationally light, and easy to deploy in resource‑constrained 

environments. Moreover, the same context‑aware filtering principle naturally generalizes to other 

content‑based domains. 

5. CONCLUSION 

This study evaluates three scenarios of a content‑based recommendation system employing 

TF‑IDF feature extraction and cosine similarity computation, implemented on a heterogeneous public 

dataset retrieved from the SIPLah Kemdikbudristek. The results demonstrate a clear performance 

distinction: the unfiltered scenarios achieve average precision scores of 50% (without stemming) and 

44% (with stemming), while the context‑aware educational‑level filtering scenario reaches 100%. These 

findings confirm that lightweight metadata filtering plays a decisive role in enhancing contextual 

relevance within domains where user‑level alignment is critical. In contrast, stemming introduces lexical 

simplification that reduces semantic specificity, leading to diminished precision for this dataset. 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5425


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3557-3568 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5425 

 

 

3566 

Beyond improving system‑level performance, this work advances the field of Informatics and 

Computer Science by providing empirical evidence that integrating simple domain‑aligned metadata 

constraints can significantly strengthen feature interpretability and recommendation accuracy, 

surpassing what purely lexical similarity methods typically achieve. The proposed pipeline contributes 

a low‑complexity, easily deployable approach suitable for environments with limited computational 

resources, and the underlying principle of context‑aware filtering generalizes naturally to other 

content‑based recommendation tasks operating over heterogeneous or multi‑level datasets. 

Future research should broaden the evaluation by incorporating more diverse datasets and usage 

scenarios to assess the robustness of the proposed approach. Further work may also explore combining 

metadata‑based filtering with richer semantic representations such as word embeddings, subword 

models, or transformer‑based encoders to achieve deeper contextual understanding and improve the 

system’s adaptability across varying contexts. 
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