
Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3538-3556 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5414 

 

 

3538 

Implementation of Position Weighted Retrieval BM25 (PoWeR-BM25) for 

Thesis Recommendation Systems 

Putu Agung Ananta Wijaya*1, I Made Gede Sunarya2, I Gede Aris Gunadi3 

1,2,3Computer Science, Ganesha University of Education, Indonesia 

 

Email: 1putu.agung.ananta@gmail.com 

Received : Oct 31, 2025; Revised : Jan 20, 2026; Accepted : Feb 21, 2026; Published : Aug 17, 2026 

Abstract 

The increasing volume of academic documents in University of Udayana Digital Library (e-Perpus UNUD) has 

increased the difficulty for students to efficiently identify relevant prior research aligned with their research topics. 

Conventional keyword-based search mechanisms often fail to capture contextual relevance, resulting in information 

overload and suboptimal retrieval quality. To address this challenge, this study presents the design and 

implementation of a thesis recommendation system based on a modified BM25 algorithm called Position-Weighted 

Retrieval BM25 (PoWeR-BM25). The proposed model introduces an adaptive positional weighting scheme that 

emphasizes query term occurrences appearing at the beginning and end of a document, where essential contextual 

information is typically concentrated. The system was developed using an information retrieval framework and 

evaluated across multiple configurations combining different data representations (title, abstract, and title–abstract) 

and preprocessing techniques (stemming and non-stemming). Experimental results demonstrate that POWER-BM25 

consistently outperforms traditional BM25 and TF-IDF in terms of Mean Average Precision (MAP) and F1-Score, 

particularly when applied to stemmed abstract data. The best performing configuration was subsequently deployed 

as recommendation feature integrated into University of Udayana Digital Library via a Web Service API, enabling 

users to obtain more accurate and contextually relevant thesis recommendations. These findings highlight the 

practical importance of incorporating positional term weighting into probabilistic retrieval models as a lightweight 

yet effective approach to improving academic recommendation systems without relying on computationally intensive 

machine learning models. 
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1. INTRODUCTION 

University libraries play a crucial role as the foundation of academic knowledge dissemination, 

providing access to books, journals, thesis, and dissertations that support both education and research. 

At Udayana University, the digital library system (e-Perpus UNUD) serves as a primary platform for 

students to explore previous these when formulating research topics and identifying relevant references. 

However, as the number of thesis documents stored in the repository continues to grow each academic 

year, student increasingly experience difficulties in retrieving relevant theses efficiently[1]. Based on 

observations of the current search functionality in digital library of Udayana University, document 

retrieval is predominantly conducted using basic keyword matching mechanisms implemented through 

SQL queries such as “WHERE LIKE”. This approach is limited to exact string matching and does not 

consider contextual relevance or semantic similarity between queries and documents. Consequently, the 

search results often return a large number of documents with low relevance, increasing the time and 

cognitive effort required for students to identify appropriate thesis references, particulary when 

searching by research problem or topic keywords. 
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Information Retrieval (IR) offers an effective framework for addressing this problem by providing 

models that can rank documents based on their estimated relevance to a user’s query[2]. One of the most 

widely used IR models is BM25, which improves upon traditional weighting schemes such as TF-IDF 

(Term Frequency–Inverse Document Frequency). The TF-IDF model calculates the importance of a 

term by comparing its frequency within a document against its distribution across the corpus, and has 

been successfully applied in domains such as sentiment analysis[3], [4], [5], [6], [7], [8], [9], 

journalism[10], and academic recommendation systems[11], [12], [13], [14], [15], [16]. However, TF-

IDF tends to favor longer documents due to the higher number of terms, resulting in biased relevance 

scores[17]. 

BM25 introduces document length normalization and term frequency saturation, producing a 

more balanced relevance ranking across short and long documents[18]. Despite its strengths, the 

standard BM25 model still assumes that all occurrences of a query term contribute equally to document 

relevance. This assumption does not fully capture contextual or structural nuances especially in 

languages like Indonesian, which often employ deductive or inductive structures [19], where the main 

idea may appear predominantly at the beginning or end of a paragraph. In such writing patterns, the 

position of a term often indicates its importance in conveying the document’s core topic. 

Recent studies have explored ways to enhance BM25 through positional or structural weighting. 

Marwah and Beel [20] proposed Term-Recency BM25, a modification incorporating temporal recency 

into term weighting, showing that adjusting weights based on contextual factors such as time or position 

can improve retrieval relevance. Similarly, Muntean et al. [21] introduced BM25P (BM25 Passage 

Weighting), demonstrating that assigning differential weights to document passages enhances retrieval 

accuracy. These studies emphasize that information location whether temporal or positional 

significantly affects perceived term importance. 

Further, the reproducibility study “Which BM25 Do You Mean?” [22] highlights the diversity of 

BM25 implementations and their varying performance characteristics, underlining the need for adaptive 

and well-defined variants for modern retrieval applications. In the context of long or structured texts, Li 

et al. [23] proposed a Key Block Pre-ranking strategy, selecting semantically rich sections of documents 

to improve retrieval efficiency further reinforcing the importance of positional and structural cues in 

document ranking. 

In academic repositories, abstracts are particularly valuable as data sources because they 

summarize the objectives, methods, and results of a study in a concise and informative way. Abstract-

based retrieval has proven effective in prior works[24], [25], [26], as abstracts encapsulate a paper’s 

semantic essence while remaining computationally lightweight. However, standard BM25 treats 

abstracts as flat text, assuming that all term occurrences contribute equally to relevance, regardless of 

their position within the paragraph. This assumption overlooks fundamental principles of academic 

writing structure. According to Melati[27], a well-formed paragraph typically consists of three major 

components: a topic sentence that conveys the main idea, supporting sentences that elaborate or provide 

evidence, and a concluding sentence that reiterates the core message. In academic writing practice, the 

topic sentence is commonly placed at the beginning of the paragraph, while the concluding sentence 

appears at the end to reinforce the main argument, with supporting sentences occupying the middle 

section. Consequently, terms appearing in the opening or closing parts of an abstract paragraph often 

carry greater topical significance than those in the middle. Positional relevance has thus emerged as an 

essential dimension in retrieval models[28].Despite this structural regularity, existing BM25-based 

retrieval models have not sufficiently explored adaptive positional weighting at the paragraph level, 

particularly for Indonesian academic abstracts. This gap highlights the need for a retrieval model that 

explicitly incorporates paragraph structure by assigning differentiated importance to term positions, 

thereby improving contextual sensitivity and relevance estimation in academic document retrieval.  
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To address this gap, this study proposes Position-Weighted Retrieval BM25 (PoWeR-BM25), a 

modified BM25 model that introduces adaptive positional weighting to emphasize query term 

occurrences appearing at the beginning and end of abstracts. This design aligns with common Indonesian 

academic writing patterns while preserving the probabilistic foundation and computational efficiency of 

BM25. Unlike neural or graph-based models, the proposed approach offers a lightweight yet 

interpretable enhancement suitable for large-scale academic repositories. 

The main contributions of this study are threefold: (1) It introduces a position-sensitive 

modification of BM25 designed specifically for retrieving thesis documents in Indonesian academic 

repositories; (2) It implements and evaluates the PoWeR-BM25 model within a real-world thesis 

recommendation system for university libraries. (3) It validates the proposed method empirically using 

metrics such as Mean Average Precision (MAP), Precision, Recall, and F1-Score, across multiple data 

representations (titles, abstracts, and title + abstract). 

Ultimately, this research aims to modernize academic search systems by improving contextual 

accuracy, reducing manual filtering, and strengthening the role of university libraries as adaptive, 

intelligent, and relevance-aware information providers. 

2. METHOD 

The research methodology in this study follows a structured workflow that includes data 

collection, preprocessing, algorithm development, evaluation, and deployment. The research begins 

with identifying the limitations of existing university library retrieval systems that rely on simple 

keyword matching without considering term position or context. To address this issue, a modified BM25 

model called Position-Weighted Retrieval BM25 (PoWeR-BM25) was proposed, introducing a 

positional weighting factor (λᵢ) to enhance ranking accuracy. The dataset used consists of 21,760 

undergraduate thesis from the university repository (2016–2024), containing titles and abstracts, along 

with 50 representative user queries collected from the library’s search logs. Each document and query 

underwent a preprocessing pipeline including case folding, tokenization, stopword removal, and 

stemming using the Indonesian stemmer. The processed data were indexed and tested using three 

retrieval models TF-IDF, BM25, and PoWeR-BM25 to compare performance across six text 

representations (title, abstract, title + abstract, and their stemmed versions). The evaluation utilized a 

manually annotated ground truth with relevance judgments for document-query pairs, applying 

Precision, Recall, F1-Score, and Mean Average Precision (MAP) as performance metrics. Experimental 

results demonstrated that PoWeR-BM25 achieved superior retrieval effectiveness, particularly for 

stemmed abstract data, validating the benefit of incorporating positional weighting into the ranking 

model. The final system was deployed in the university’s digital library, providing an improved and 

context-aware thesis recommendation service for students and researchers. 

The overall research workflow is visually summarized in Figure 1, which illustrates the 

methodological stages adopted in this study. As shown in the figure, the research is organized into three 

main stages. Stage 1 focuses on problem identification and data collection, where thesis documents from 

the university repository and representative user queries are gathered to define the retrieval problem and 

construct the experimental dataset. Stage 2 represents the system development phase, encompassing 

data preprocessing and system design, in which multiple retrieval models: TF-IDF, BM25, and the 

proposed PoWeR-BM25 are implemented and integrated into the retrieval framework. Stage 3 

corresponds to the evaluation and deployment phase, where retrieval performance is assessed using a 

manually annotated ground truth and standard IR metrics, including Precision, Recall, F1-Score, and 

Mean Average Precision (MAP), followed by the deployment of the optimized model into the digital 

library system. This staged methodology ensures a systematic progression from problem formulation to 
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real-world implementation, while providing a clear experimental structure for analyzing the 

effectiveness of the proposed position-weighted retrieval approach. 

 

 
Figure 1. Research Methodology 

2.1. Data Collection 

The data used in this research were obtained from the university’s digital repository and academic 

information system. The dataset comprises undergraduate thesis documents consisting of titles and 

abstracts, which serve as the textual basis for retrieval and recommendation. 

To evaluate the performance of the proposed Position-Weighted Retrieval BM25 (POWER-

BM25) model, additional supporting data were also collected, including a set of representative user 

queries and a manually constructed ground truth relevance set. The overall data collection process was 

divided into three main components: thesis documents, query collection, and ground truth construction. 

2.1.1. Thesis Documents 

The primary data in this research consist of a collection of undergraduate thesis obtained from the 

academic system information database. Data extraction was performed on two tables that contains final 

project information, and reference information for classifying the type of academic activity associated 

with each record. 

Before being used for indexing, the dataset underwent a filtering process to remove any records 

with null or empty values in the title or abstract fields. After data cleaning and validation, the total 

number of usable thesis documents amounted to 21.760 records, spanning submissions from 2016 to 

2024. 

The dataset was further classified into six text representation types to support different 

experimental configurations, as summarized in Table 1. The first three representations use raw textual 

data, namely Title, Abstract, and Title + Abstract, which reflect common indexing strategies in digital 

library systems. These representations aim to evaluate retrieval performance under varying document 

lengths and levels of contextual information. The remaining three representations apply a stemming 

process to the corresponding text fields, resulting in Title (Stemmed), Abstract (Stemmed), and Title + 

Abstract (Stemmed). This classification enables a systematic analysis of the impact of text normalization 

on retrieval effectiveness, as well as a comparative evaluation of short, medium, and long document 

representations under both stemmed and non-stemmed conditions. 
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Table 1. Data Types 

No Data Types 

1 Title 

2 Abstract 

3 Title + Abstract 

4 Title (Stemmed) 

5 Abstract (Stemmed) 

6 Title + Abstract (Stemmed) 

2.1.2. Query Collection 

The query dataset represents simulated user search terms designed to model realistic information 

needs within the university library system. Queries were curated from the search logs of the university’s 

digital thesis catalog, specifically those most frequently entered by users. From this dataset, a total of 

50 representative queries were selected[2], [29], covering diverse academic topics such as computer 

science, engineering, education, and social sciences. 

Each query consists of one or more keywords or phrases reflecting users’ typical search behavior. 

These queries were pre-processed and standardized to ensure linguistic consistency (lowercasing and 

removal of punctuation). The same query set was applied to both retrieval models   BM25 and POWER-

BM25   to ensure a fair performance comparison. The selected queries also serve as the basis for 

relevance evaluation in the construction of the ground truth dataset, as discussed in the next subsection. 

2.2. Data Preprocessing 

Data preprocessing plays a critical role in ensuring the consistency, cleanliness, and linguistic 

normalization of the text corpus used in this study. This stage aims to prepare both thesis documents 

and user queries for retrieval and ranking processes using the PoWeR-BM25 algorithm. The 

preprocessing pipeline consists of several sequential steps that transform raw text into a uniform and 

analyzable format[3], [4], [8], [33]. First, case folding is applied to convert all characters to lowercase, 

eliminating variations between uppercase and lowercase terms[5], [34]. Next, tokenization is performed 

to segment text into individual words or tokens, enabling more accurate term frequency computation. 

Uninformative or frequently occurring functional words that do not contribute to meaning such as 

conjunctions, articles, and prepositions are removed through stopword elimination using an Indonesian 

stopword list. Afterward, text cleaning is conducted to remove special characters, numbers, and 

punctuation that may interfere with token matching during retrieval. Finally, stemming is applied using 

the Indonesian stemming algorithm to reduce words to their morphological roots (e.g., “pembelajaran” 

becomes “ajar”), thereby minimizing vocabulary redundancy and improving term matching between 

queries and documents. 

Each document in the dataset, consisting of a title and abstract, was preprocessed following the 

same pipeline. Six distinct text representation variants were produced as a result of preprocessing: title, 

abstract, and title+abstract each in both stemmed and non-stemmed forms. This structured approach 

allows for systematic evaluation of how preprocessing affects retrieval performance under different data 

configurations. The same preprocessing stages were also applied to user queries to maintain linguistic 

consistency between query and document terms. By implementing these steps, the preprocessing process 

ensures that the dataset is semantically coherent, linguistically normalized, and optimized for retrieval 

tasks using the proposed PoWeR-BM25 ranking model. 

2.3. Problem Formulation 

The primary problem addressed in this research is how to improve the ranking accuracy of 

document retrieval for thesis recommendations in academic repositories. Conventional Information 

Retrieval (IR) models, such as TF-IDF and BM25, rely heavily on term frequency and inverse document 
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frequency to determine document relevance. However, they do not consider the positional importance 

of terms within the document, even though in academic abstracts, the main ideas often appear at the 

beginning or end of paragraphs. 

Given a document collection 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑁} and a query 𝑄 = {𝑞1, 𝑞2, … , 𝑞𝑛}, the traditional 

BM25 ranking function is defined as: 

𝐵𝑀25(𝐷, 𝑄) = ∑ 𝐼𝐷𝐹(𝑞𝑖) ∙
𝑓(𝑞𝑖, 𝐷) ∙ (𝑘1 + 1)

𝑓(𝑞𝑖, 𝐷) + 𝑘1 ∙ (1 − 𝑏 + 𝑏 ∙
|𝐷|

𝑎𝑣𝑔𝑑𝑙
)

𝑛

𝑖=1

 (1) 

where 𝑓(𝑞𝑖, 𝐷) is the frequency of term 𝑞𝑖 in document 𝐷, |𝐷| is document length, and 𝑎𝑣𝑔𝑑𝑙 is 

average document length in corpus. While effective, this formulation treats every term occurrence 

equally, disregarding its position in the document. 

In this study, the standard BM25 is modified by introduction a positional weighting coefficient 𝜆𝑖 

for each query term. The PoWeR BM25 formula is as follows: 

𝑃𝑜𝑊𝑒𝑅 𝐵𝑀25(𝐷, 𝑄) = ∑ 𝜆𝑖 ∙
𝐼𝐷𝐹(𝑞𝑖) ∙ 𝑓(𝑞𝑖, 𝐷) ∙ (𝑘1 + 1)

𝑓(𝑞𝑖, 𝐷) + 𝑘1 ∙ (1 − 𝑏 + 𝑏 ∙
|𝐷|

𝑎𝑣𝑔𝑑𝑙
)

𝑛

𝑖=1

 (2) 

where 𝜆𝑖 represents the positional weight of the 𝑖𝑡ℎ term in the query, with 𝜆𝑖 = 1 for original 

query terms and 0.1 ≤ 𝜆𝑖 ≤ 1 for expanded or contextual terms depending on their position. 

2.4. Proposed Method: Position Weighted Retrieval BM25 (PoWeR-BM25) 

In the proposed PoWeR-BM25 model, the term weight 𝜆𝑖 plays a crucial role in determining how 

much influence each query term contributes to the overall relevance score. The calculation of 𝜆𝑖 is based 

on the position of the term in the document and the type of term (original query term or expanded term). 

For the original query terms, the positional weight is fixed at: 

𝜆𝑖 = 1 (3) 

For expanded terms that appear in different parts of the paragraph  

𝜆𝑖 = 1, is computed as the average of its positional weights at the first and last occurrences within the 

document: 

𝜆𝑖 =
𝜆𝑖(𝑠𝑡𝑎𝑟𝑡)+ 𝜆𝑖(𝑒𝑛𝑑)

2
 (4) 

where the start and end weight are defined as: 

𝜆𝑖(𝑠𝑡𝑎𝑟𝑡) =
−0.9

𝑥𝑚𝑎𝑥
∙ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑡𝑎𝑟𝑡 + 1 (5) 

𝜆𝑖(𝑒𝑛𝑑) =
−0.9

𝑥𝑚𝑎𝑥
∙ 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑒𝑛𝑑 + 1 (6) 

Variable 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑡𝑎𝑟𝑡 is the number of words preceding the first occurrence of the term, while 

𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑒𝑛𝑑 counts from the paragraph’s end. The coefficient −0.9/𝑥𝑚𝑎𝑥 represent the linear slope, 

where 𝑥𝑚𝑎𝑥 is the total word count in the paragraph. 

This assumption reflects that if a term appears at both the beginning and the end of a paragraph, 

it likely represents the main context of that paragraph. Therefore, the weighting values for the first and 

last occurrences are determined separately using a linear transformation approach. 

2.5. Testing and Evaluation 

Table 2 summarizes the experimental design consisting of 36 testing scenarios used to evaluate 

the proposed thesis recommendation system. These scenarios were constructed by systematically 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5414


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3538-3556 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5414 

 

 

3544 

combining three retrieval methods (TF-IDF, standard BM25, and the proposed PoWeR-BM25), three 

types of data representation (title, abstract, and title–abstract), and two text preprocessing settings (with 

and without stemming). The purpose of this configuration is to analyze the influence of algorithm 

choice, document representation, and linguistic normalization on retrieval performance, which is 

measured using Mean Average Precision (MAP), Precision, Recall, and F1-Score. In particular, the 

comparison between BM25 and PoWeR-BM25 allows the assessment of positional weighting 

effectiveness, while the inclusion of stemming evaluates its impact on term matching consistency. The 

scenarios in Table 2 provide a comprehensive and controlled framework for analyzing how each factor 

contributes to the overall effectiveness of the recommendation system.  

The first evaluation focus is the comparison between BM25 and its modified version (PoWeR-

BM25), which introduces a positional weighting factor (λ) to emphasize query terms that appear at the 

beginning or end of documents. This modification aims to improve ranking quality by leveraging 

structural information within abstracts. The second focus is the impact of stemming, which standardizes 

word forms and potentially enhances query–document term matching. Lastly, the data representation 

analysis examines whether using longer text content such as abstracts or combining titles and abstracts 

provides more relevant retrieval results compared to titles alone. 

The performance of each retrieval model was evaluated using standard information retrieval 

metrics as follows: 

a. Precision 

Precision measures the proportion of retrieved documents that are actually relevant to the user’s 

query. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
|𝑅𝑟|

|𝑅𝑡|
 (7) 

where |𝑅𝑟| is the number of relevant documents retrieved, and |𝑅𝑡| is the total number of 

documents retrieved by the system.  

b. Recall 

Recall measures how many of the relevant documents in the dataset were successfully retrieved 

by the system. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
|𝑅𝑟|

|𝑅𝑟𝑒𝑙|
 (8) 

where |𝑅𝑟𝑒𝑙| is the total number of relevant documents available in the dataset. 

c. F1 Score 

The F1 Score is the harmonic mean of precision and recall, this value provides a balanced picture 

of the two metrics. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

d. Mean Average Precision (MAP) 

MAP is used to evaluate the overall quality of the ranking across multiple queries. It computes 

the average precision for each query and then averages the results across all queries. 

𝑀𝐴𝑃 =  
1

𝑄
∑ (

1

𝑁
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘

𝑁

𝑘=1

)

𝑄

𝑞=1

 (10) 

where 𝑄 is the number of queries, 𝑁 is the number of retrieved documents, and 𝑃𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛@𝑘 is 

the precision calculated at rank 𝑘. 
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Table 2. Testing Scenario 

Scenario Method Data Stemming 

1 BM25 abstract ü 

2 

3 û 

4 

5 title ü 

6 

7 û 

8 

9 title + 

abstract 

ü 

10 

11 û 

12 

13 PoWeR BM25 abstract ü 

14 

15 û 

16 

17 title ü 

18 

19 û 

20 

21 title + 

abstract 

ü 

22 

23 û 

24 

25 TF-IDF abstract ü 

26 

27 û 

28 

29 title ü 

30 

31 û 

32 

33 title + 

abstract 

ü 

34 

35 û 

36 

2.5.1. Ground Truth Construction 

In total, 36 scenarios were tested systematically across all configurations using a set of 50 

benchmark queries and manually annotated ground truth. This comprehensive setup ensures that the 

results reflect the influence of both algorithmic and linguistic factors on system performance, forming 

the basis for further discussion and analysis in the subsequent sections. 

To evaluate retrieval performance, a ground truth dataset was created to determine which thesis 

documents are relevant to each query. Relevance judgments were carried out manually by a group of 

assessors familiar with academic thesis topics. Each document was labeled as either relevant (1) or non-

relevant (0) based on its relation to the query content, forming a binary relevance set. 

However, given the large document corpus, it was impractical to assess all documents directly. 

Therefore, a pooling technique [30] was adopted to efficiently construct the ground truth. In this 

approach, for each query, the top-ranked results from three retrieval methods   BM25, PoWeR BM25, 

and TF-IDF   were combined into a single pool. 
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This pooled set was then reviewed by assessors, who provided binary relevance judgments for 

each document. To facilitate the evaluation process, a web-based annotation interface was developed. 

The interface displayed the query along with the corresponding thesis titles and abstracts, allowing 

assessors to assign one of two labels: Relevant or Not Relevant. Each query in this study was 

independently evaluated by three annotators[31], and the Cohen’s Kappa (κ) method was employed to 

measure the level of inter-annotator agreement[32]. This approach was used to ensure the reliability and 

consistency of the manual relevance annotations, where a higher κ value indicates stronger agreement 

among the evaluators. 

3. RESULT 

This section presents the experimental results and analysis of the proposed Position-Weighted 

BM25 (PoWeR-BM25) model compared with the baseline retrieval methods, namely standard BM25 

and TF-IDF. The experiments were conducted to assess the effectiveness of the positional weighting 

mechanism introduced in PoWeR-BM25 across different text representations (title, abstract, and title + 

abstract) and preprocessing configurations (with and without stemming). The evaluation employed four 

standard information retrieval metrics Precision, Recall, F1-Score, and Mean Average Precision (MAP) 

to comprehensively measure retrieval accuracy, relevance consistency, and ranking performance. The 

results reported in this section highlight how positional weighting contributes to improved document 

relevance, particularly in datasets with longer text structures such as abstracts. 

3.1. Data Preprocessing Result 

Before implementing the retrieval experiments, a comprehensive text preprocessing stage was 

conducted to ensure data consistency and enhance retrieval quality. The preprocessing process consisted 

of lowercasing, cleaning, stopword removal, tokenizing, and stemming applied to both titles and 

abstracts of undergraduate thesis. This step aimed to normalize the text and reduce morphological 

variations that could hinder accurate query matching. Table 3 is result of cleaning stage successfully 

removed non-textual elements such as punctuation, numbers, and special characters, resulting in uniform 

text input suitable for indexing. 

 

Table 3. Data Preprocessing Result 

no text preprocessing_text 

1 pengukuran potensi air tanah metode 

geolistrik… 

ukur potensi air tanah metode geolistrik 

studi… 

2 analisis perubahan penggunaan air minum 

kenaik… 

analisis ubah guna air minum naik tarif 

pdam s… 

3 analisis karakteristik kebutuhan ruang parkir 

… 

analisis karakteristik butuh ruang parkir 

kamp… 

 evaluasi penerapan eco hotel grand nikko 

bali … 

evaluasi terap eco hotel grand nikko bal eco 

h… 

… … … 

21.760 analisis kinerja nilai waktu simpang 

bersinyal… 

analisis kerja nilai waktu simpang sinyal 

kabu… 

3.2. Retrieval Methods Result 

The evaluation of retrieval methods demonstrates that the proposed PoWeR BM25 consistently 

delivers superior performance, particularly when applied to longer text representations such as abstracts. 

As shown in Figure 2, the PoWeR BM25 achieved the highest Mean Average Precision (MAP) of 0.6267 

on stemmed abstract data, surpassing the standard BM25 with a MAP of 0.5952 under the same 

configuration. This improvement indicates that incorporating positional weighting into BM25 enhances 
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its ability to capture contextual relevance, especially in longer documents where important terms often 

appear in specific structural positions such as the opening or concluding sentences. Conversely, for short 

text representations such as titles, the performance of the PoWeR BM25 tends to decline slightly, 

achieving a MAP of 0.173 compared to 0.228 for the standard BM25. This result suggests that positional 

weighting is less beneficial when contextual information is limited. 

 

 
Figure 2. MAP Comparison Graph of Three Methods on Stemmed Abstract Data 

 

The TF-IDF method, while simpler, generally performs slightly below both BM25 variants across 

most scenarios. For example, on stemmed abstract data, TF-IDF reached a MAP of approximately 

0.5123, compared to 0.5299 for BM25. Similarly, in the combined title-and-abstract configuration, TF-

IDF achieved 0.5609, marginally lower than BM25’s 0.5788. However, the differences are relatively 

small, highlighting that term frequency–based models remain competitive when document 

representations are concise and homogeneous. 

 

Table 4. List of Highest F1-Scores 

Top_k Avg_F1 Method Data 

10 0.63159 PoWer BM25 abstract_stemming 

11 0.62490 PoWer BM25 abstract _stemming 

12 0.62245 PoWer BM25 abstract _stemming 

13 0.61987 PoWer BM25 abstract _stemming 

14 0.61768 PoWer BM25 abstract _stemming 

15 0.60922 PoWer BM25 abstract _stemming 

11 0.60357 BM25 abstract _stemming 

16 0.60309 PoWer BM25 abstract _stemming 

12 0.60285 BM25 abstract _stemming 

18 0.60091 PoWer BM25 abstract _stemming 

 

Further analysis using F1-Score reinforces the superiority of the PoWeR BM25 on stemmed 

abstracts (see Table 4). Eight out of the ten highest F1-Score results were achieved by PoWeR BM25, 

with the top score of 0.6316 obtained at top_k = 10. This demonstrates that the proposed method 

effectively balances precision and recall, maintaining high retrieval accuracy without excessively 

introducing non-relevant documents. The stability of F1 across multiple top_k values also suggests that 

the modification enhances the robustness of document ranking, even as the number of retrieved 

documents increases. 
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Table 5. List of Highest MAP 

Top_k MAP Method Data 

50 0.62674 BM25Modif abstract_stemming 

49 0.62482 BM25Modif abstract _stemming 

48 0.62306 BM25Modif abstract _stemming 

47 0.62197 BM25Modif abstract _stemming 

46 0.62169 BM25Modif abstract _stemming 

45 0.62062 BM25Modif abstract _stemming 

44 0.61955 BM25Modif abstract _stemming 

43 0.61744 BM25Modif abstract _stemming 

42 0.61710 BM25Modif abstract _stemming 

40 0.61625 BM25Modif abstract _stemming 

 

Similarly, the analysis of MAP across all configurations (Table 5) shows that the PoWeR BM25 

consistently dominates the top rankings, with all ten highest MAP values coming from the same 

configuration stemmed abstract data using the PoWeR BM25 with MAP values ranging from 0.616 to 

0.627. These findings confirm that positional weighting successfully improves ranking effectiveness, 

ensuring that relevant documents are placed higher in the recommendation list. The combination of 

abstract representation and positional term weighting emerges as the most optimal configuration in this 

study. 

In summary, while the performance improvement of the PoWeR BM25 over the original version 

is moderate, it consistently offers a better balance between precision and recall across most conditions. 

The results demonstrate that integrating positional information into BM25 strengthens its contextual 

sensitivity, particularly for long-form academic texts such as thesis abstracts. Additionally, the observed 

trend across all methods aligns with general Information Retrieval theory recall increases with larger 

top_k values, while precision gradually declines as more non-relevant documents are retrieved. For 

example, in the PoWeR BM25 scenario with stemmed abstract data, precision@5 ≈ 0.98 with recall ≈ 

0.25, whereas at top_k = 50, precision drops to 0.298 and recall rises to 0.736. This pattern underscores 

the inherent trade-off between coverage and accuracy in retrieval-based recommendation systems. 

3.3. Analysis of Stemming Parameter 

 
Figure 3. MAP@10 Graph for Stemming Parameter 

 

Figure 4. MAP@30 Graph for Stemming Parameter 
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Figure 5. MAP@50 Graph for Stemming Parameter 

 

The impact of stemming on retrieval effectiveness is consistently observed across all experimental 

configurations, as illustrated in Figure 3, Figure 4, and Figure 5, which respectively present the MAP 

results at top-k = 10, 30, and 50. For all document representations: title, abstract, and the combination 

of title and abstract, the stemmed variants systematically outperform their non-stemmed counterparts. 

This trend is evident across all three retrieval methods, indicating that stemming contributes positively 

to ranking quality regardless of the underlying scoring model. 

As shown in Figure 3, the improvement introduced by stemming is already observable at top-k = 

10, particularly for abstract-based representations, where PoWeR BM25 achieves a MAP of 0.470, 

outperforming both standard BM25 and TF-IDF. This performance gap becomes more pronounced in 

Figure 4 (top-k = 30), where the MAP for the abstract_stemming configuration increases to 0.595. The 

most significant improvement is observed in Figure 5 at top-k = 50, where PoWeR BM25 combined 

with abstract_stemming reaches the highest MAP of 0.627, compared to 0.470 in the non-stemmed 

configuration at top-k = 10. These results indicate that stemming not only improves early retrieval 

performance but also enhances ranking stability as the number of retrieved documents increases. 

The observed improvement can be attributed to stemming’s ability to normalize morphological 

variations in the Indonesian language, thereby increasing lexical overlap between queries and 

documents. This effect is further supported by precision and recall analysis in the PoWeR BM25 + 

abstract_stemming scenario at top-k = 50, where precision@50 = 0.298 and recall = 0.737, compared to 

precision = 0.278 and recall = 0.690 for the non-stemmed version. Although precision exhibits a slight 

decrease, the substantial gain in recall leads to higher F1-scores and MAP values overall. Moreover, the 

consistent superiority of PoWeR BM25 across Figure 3-5 suggests that its position-weighted mechanism 

more effectively exploits normalized term frequencies, resulting in more accurate and consistent ranking 

of relevant documents. 

3.4. Analysis of Data Representation Variants  

The effect of data representation on retrieval effectiveness is clearly illustrated in Figure 6, Figure 

7, and Figure 8, which respectively present MAP results at top-k = 10, 30, and 50 for all retrieval 

methods. Across all three figures, abstract-based representations consistently yield the highest MAP 

scores compared to title-only and combined title + abstract representations. This pattern is stable across 

different retrieval depths and methods, indicating that the choice of document representation plays a 

critical role in determining ranking quality. 
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Figure 6. MAP@10 Graph for Data Representation Variants 

 

 
Figure 7. MAP@30 Graph for Data Representation Variants 

 

 
Figure 8. MAP@50 Graph for Data Representation Variants 

 

As shown in Figure 6 (top-k = 10), abstract data already outperforms other representations for all 

methods, demonstrating its effectiveness in early retrieval stages. This advantage becomes more 

pronounced in Figure 7 (top-k = 30) and reaches its peak in Figure 8 (top-k = 50). At top-k = 50, the 

PoWeR BM25 method achieves a MAP of 0.583 using abstract data, outperforming the combined title 

+ abstract representation (0.534) and substantially exceeding the title-only representation (0.171). A 

similar trend is observed for the standard BM25 and TF-IDF methods, where abstract-based datasets 

consistently produce higher MAP values than title-only data across all three figures. These results 

indicate that longer textual segments such as abstracts provide richer contextual and semantic 

information, enabling more effective query–document matching and improving the likelihood that 

relevant documents are ranked at higher positions. 

Interestingly, the combined title + abstract representation does not consistently lead to 

performance improvements, as shown across Figure 6-8. In several cases, its MAP values are lower than 

those achieved using abstract-only data. This behavior can be attributed to the document length 

normalization component in BM25-based models, which may reduce the relevance contribution of 

informative terms in longer documents. Conversely, title-only representations suffer from limited 

descriptive depth, making them less effective at capturing the semantic intent of user queries. Overall, 
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the consistent superiority of abstract-based representations across all Top-K settings confirms that 

semantically rich and well-structured textual data, particularly when combined with stemming, 

constitutes the most effective input for improving retrieval accuracy in the proposed thesis 

recommendation system. 

3.5. System Implementation 

Based on the evaluation results, the PoWeR BM25 (Position-Weighted Retrieval BM25) model 

using abstract-stemmed data was identified as the most optimal configuration for improving retrieval 

accuracy and ranking quality in the thesis recommendation task. To validate the model’s applicability 

in a real-world context, it was integrated into a digital library system as a dedicated thesis 

recommendation feature. This implementation aims to bridge the gap between the theoretical 

advancements of Information Retrieval and practical academic search systems, enhancing how users 

discover relevant research documents. 

 

 
Figure 9. Web Service Thesis Recommendation Flowchart 

 

The system architecture, illustrated in Figure 9, consists of two main components: the user 

interface module and the backend recommendation module. The backend was developed using Python 

with the Django framework, encapsulating the PoWeR BM25 algorithm within a RESTful Web Service 

API. When a user submits a query through the library’s search interface, the API receives the request 

and performs a sequence of preprocessing operations, including lowercasing, text cleaning, stopword 

removal, tokenization, and stemming ensuring data consistency with the training and evaluation process. 

The PoWeR BM25 algorithm then computes the relevance scores of all documents, emphasizing term 

positions within abstracts. The ranked results are sent back to the frontend interface, where users can 

view a list of recommended thesis along with their titles, abstracts, and keywords. 

 

 
Figure 10. User Interface of the Thesis Recommendation 
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An overview of the system workflow is shown in Figure 9 (Web Service Thesis Recommendation 

Flowchart). The process begins with user input on the digital library application, followed by API 

communication, preprocessing, ranking calculation using PoWeR BM25, and output visualization. The 

resulting interface, displayed in Figure 10 (User Interface of the Thesis Recommendation), provides a 

user-friendly experience where relevant thesis are presented in ranked order. When a user searches for 

topics such as “website quality”, the system instantly returns a list of the most relevant thesis based on 

contextual and positional term weighting. 

This implementation demonstrates the successful transformation of the PoWeR BM25 model 

from a theoretical framework into an operational academic service. By integrating adaptive position-

weighted retrieval into the digital library environment, the system delivers context-aware, accurate, and 

semantically meaningful recommendations. Moreover, this architecture is modular and scalable, making 

it applicable for future development of intelligent academic search systems and adaptive digital 

repositories. 

4. DISCUSSIONS 

The experimental results demonstrate that the proposed PoWeR BM25 (Position-Weighted 

Retrieval BM25) model consistently improves retrieval performance in most test scenarios, particularly 

when applied to long-text representations such as abstracts. This improvement suggests that 

incorporating positional weighting effectively enhances the model’s ability to rank relevant documents 

higher, as terms appearing in the initial or concluding parts of a document tend to carry greater semantic 

significance. Compared to traditional BM25 and TF-IDF, the PoWeR BM25 model achieved the highest 

Mean Average Precision (MAP) and F1-Score, with MAP reaching up to 0.627 on abstract-stemmed 

data. This indicates that the modified weighting mechanism succeeds in capturing contextual importance 

that standard models often overlook. The performance advantage of PoWeR BM25 also aligns with 

previous findings emphasizing the role of positional information in document relevance scoring, as 

reported by Chen et al.[35] and Hammache & Boughanem[28]. 

Another key observation from the results is the significant contribution of stemming to retrieval 

quality. The stemming process reduced morphological variations in Indonesian words, leading to more 

effective term matching between queries and documents. This aligns with previous research in 

Indonesian text retrieval and sentiment analysis, which found that stemming enhances linguistic 

normalization and retrieval accuracy [3], [8]. In this study, the recall improvement resulting from 

stemming was substantial, while the decrease in precision was relatively minor. For example, PoWeR 

BM25 on abstract-stemmed data achieved recall of 0.737 compared to 0.690 without stemming, 

demonstrating that stemming allows the retrieval system to find more relevant documents without 

significantly reducing precision. These findings confirm that text normalization is an essential 

preprocessing step in improving information retrieval performance, particularly in morphologically rich 

languages such as Indonesian. 

The influence of data representation also plays an essential role in retrieval performance. Across 

all models and top-k values, abstract-based data consistently produced the highest MAP scores 

compared to title-only or combined datasets. This pattern indicates that longer texts provide richer 

contextual cues for matching user queries, leading to better retrieval quality. Interestingly, while 

combining titles and abstracts intuitively should provide more information, it occasionally lowered MAP 

scores. This may be due to BM25’s document length normalization factor, which can penalize 

excessively long documents. Similar observations were made in studies on long-document retrieval[18], 

[23], showing that unbalanced length normalization can reduce retrieval accuracy. Consequently, 

abstract data particularly when stemmed proved to be the most effective representation for thesis 

retrieval tasks, balancing informativeness and relevance. 
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Overall, these results confirm that positional weighting and linguistic normalization are 

complementary strategies in enhancing retrieval accuracy. While stemming improves lexical matching, 

the positional factor introduced in PoWeR BM25 improves contextual ranking. Together, they address 

two common weaknesses in classical retrieval models: term variation and contextual insensitivity. This 

synergy is especially relevant for academic thesis retrieval in Indonesian, where the main idea is often 

located at the beginning or end of abstracts. Compared with related studies on improved BM25 

models[20], [21], the proposed approach extends the model’s adaptability to non-English languages and 

academic repositories. Future research could explore hybrid models combining positional weighting 

with transformer-based embeddings to further enhance semantic understanding in low-resource 

academic corpora. 

5. CONCLUSION 

This study proposed and implemented an enhanced Information Retrieval-based thesis 

recommendation system using a modified BM25 model, referred to as PoWeR BM25 (Position-

Weighted Retrieval BM25). The proposed model introduces an adaptive weighting mechanism based 

on the positional occurrence of query terms within a document, particularly emphasizing words that 

appear at the beginning and end of abstracts. This positional weighting aims to better capture the 

contextual importance of terms, reflecting the natural structure of academic writing where main ideas 

often appear in those positions. 

Comprehensive experiments were conducted across 36 test scenarios combining three retrieval 

models (BM25, PoWeR BM25, and TF-IDF), various data representations (titles, abstracts, and 

combined title–abstract), and stemming configurations. The evaluation results demonstrated that 

PoWeR BM25 consistently outperformed the baseline BM25 and TF-IDF models, especially on long-

text data such as abstracts. The best performance was achieved using abstract-stemmed data, yielding a 

MAP score of 0.627 and a strong F1-Score, confirming that positional weighting enhances both ranking 

quality and retrieval accuracy. Furthermore, the stemming process was found to significantly improve 

performance by normalizing word variations, reducing morphological noise, and increasing the 

matching rate between query terms and documents. 

The research successfully integrated the optimized PoWeR BM25 model into a real-world digital 

library recommendation system, enabling more precise and context-aware thesis retrieval. The 

implementation demonstrates how adaptive position-based weighting can be effectively applied to 

improve user experience in academic search systems. Overall, this study confirms that incorporating 

positional term weighting, combined with robust text preprocessing and appropriate data representation, 

can substantially enhance the performance of Information Retrieval-based recommendation systems. 

In terms of its contribution to the field of Informatics, this research provides both theoretical and 

practical advancements in Information Retrieval (IR) and recommender systems. From a theoretical 

perspective, this study extends the classical BM25 ranking model by introducing a position-aware 

weighting mechanism, demonstrating that term occurrence positions can be systematically exploited to 

improve relevance estimation in long academic documents. This finding enriches IR research by 

showing that relevance is not solely influenced by term frequency and document length, but also by 

document structure and positional context, which are often overlooked in traditional lexical-based 

retrieval models. 

From a practical Informatics standpoint, this research contributes a scalable and implementable 

IR-based recommendation approach that can be directly applied to digital library systems. The 

successful integration of PoWeR BM25 into a real-world thesis recommendation platform highlights its 

applicability in academic information systems, particularly in environments with large, heterogeneous 

document collections. Moreover, the experimental analysis across multiple configurations provides 
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empirical evidence that combining positional weighting, appropriate text preprocessing (such as 

stemming), and optimal data representation significantly improves retrieval effectiveness. These 

insights are valuable for future research and system development in areas such as digital libraries, 

academic search engines, and content-based recommender systems. Overall, this study strengthens the 

body of knowledge in Informatics by bridging IR theory and system implementation, and by offering a 

structured approach to enhancing retrieval accuracy through context-aware ranking mechanisms. 
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