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Abstract. Current technological developments, particularly in the fields of Artificial Intelligence and
Natural Language Processing (NLP), have significantly improved question-answering systems. This
technology can be utilized in the fields of education and religion, particularly in the study of hadith. One
challenge in hadith learning is the large number of reference sources contained in the Kutubut Tis'ah (nine
main hadith books), making it time-consuming for users to find relevant answers. Therefore, a system
capable of providing fast, accurate, and appropriate answers based on the hadith text is needed. This research
aims to develop an artificial intelligence-based chatbot, called kutubBot, to answer questions related to
Kutubut Tis'ah. This system employs a Transformer-based Question Answering approach to comprehend
user questions and provide relevant answers based on the hadith corpus. The research stages included data
collection from nine hadith books, text preprocessing, model training, and performance evaluation using
accuracy, precision, recall, and F1-score metrics. Test results showed that KutubBot achieved good results,
with an 97.8% accuracy, 90.3% average precision, 93.45% recall, and an Fl-score of 91.86%. These
evaluation values indicate that the system has a high level of accuracy and completeness in providing
answers that are contextually relevant to the hadith.

1 Introduction

The rapid development of information technology has
transformed how people access information. The
abundance of digital data and documents across various
media is now overwhelming, requiring users to rely on
systems that provide information quickly, accurately,
and tailored to their needs [1][2]. One innovation
emerging from this need is the Question Answering
Chatbot (QA Chatbot) system [3]. This type of chatbot
is designed to answer user questions using artificial
intelligence automatically [4][5].

The Question Answering Chatbot system is a
development of the fields of Information Retrieval and
Natural Language Processing (NLP) [6][7]. The system
not only searches for relevant documents but also
understands the user's intent and generates contextually
relevant answers [8]. One type of document that is
particularly appealing as a basis for developing a QA
system is the Hadith [9][10].

The Hadith is the second source of Islamic law after
the Quran, containing the sayings, deeds, and decrees of
the Prophet Muhammad (peace be upon him) [11]. Each
Hadith consists of a sanad (chain of narrators) and matan
(content) [12]. The large number of hadith books, each
with its own categories, structure, and language, makes
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searching for and studying Hadith a challenge for the
general public [13]. To simplify this process, a question-
answering chatbot is needed that can provide direct
answers to questions about Hadith, rather than simply
displaying hadith texts containing specific keywords
[13].

Previous research in the field of digital Hadith has
generally focused on hadith search systems using term-
weighted information retrieval approaches such as Term
Frequency—Inverse Document Frequency (TF-IDF) and
its developments, such as TF-IDF-Inverse Class
Frequency (TF-IDF-ICF) and TF-IDF-Inverse Class
Space Density Frequency (TF-IDF-ICSsF) [14][15].
This approach calculates the weight of each word and
determines the similarity between the query and the
document [16]. While effective at finding relevant text,
this approach has limitations because it can only
perform keyword matching, not understand the context
of the question or the semantic meaning of the sentence
[17].

Recent developments in NLP have introduced
transformer models, such as BERT (Bidirectional
Encoder  Representations  from  Transformers),
RoBERTa, DistilBERT, and GPT, which can deeply
understand sentence context through attention
mechanisms [18][19]. Transformer-based models have
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proven superior in various natural language
understanding tasks, including question answering [20].
Several previous studies have demonstrated the
superiority of this approach [21]. BERT successfully
improved accuracy in QA tasks on the SQuAD
(Stanford Question Answering Dataset) dataset
[22][23]. Furthermore, research applying transformer
models to religious texts has shown that these models
can better understand semantic context than keyword-
based methods [24]. In Indonesia, a BERT-based
Islamic chatbot is being developed to answer questions
about the Quran and Hadith with high accuracy [25].

Based on these studies, this study proposes the
development of a transformer model-based Question
Answering Chatbot to answer questions about hadith,
called KutuBot (Kutubut Tis'ah Chatbot). This chatbot
is designed to understand the user's natural language and
provide answers sourced from nine main hadith books
(Kutubut Tis'ah). This system works by using a pre-
trained transformer model, which is then fine-tuned on
a hadith dataset that has undergone preprocessing steps,
such as text cleaning, tokenization, lemmatization, and
annotation, to strengthen understanding of the hadith
context.

Unlike conventional hadith search systems, the
transformer-based Question Answering Chatbot not
only displays hadith containing question keywords but
is also capable of extracting specific answers from the
hadith text based on semantic understanding. This
system is integrated into a web-based platform that
enables users to ask questions in natural language and
receive relevant, concise, and contextually relevant
answers.

With this approach, the transformer-based Question
Answering Chatbot is expected to improve the
efficiency of searches for hadith information and
support digital-based Islamic learning. Furthermore, this
research contributes to the development of Natural
Language Processing (NLP) technology for the
Indonesian language, particularly for religious texts
with complex structures and meanings.

2 Method

2.1 Research approach

This research uses a quantitative experimental approach
based on systems development research (SDR) to build
and test the performance of the KutuBot chatbot, which
can answer hadith questions from the Kutubut Tis'ah
book using a transformer-based question answering
approach.

This research focuses on developing an Inverse
Hadith Space Density Frequency (IHSsF) term
weighting algorithm, integrated into a semantic retrieval
system, to increase the relevance of hadith answers
before the transformer model processes them.

2.2 Research data

The dataset used consists of 63,000 question-answer
pairs from nine main hadith books (Kutubut Tis'ah),
namely:

- Sahih Bukhari

- Sahih Muslim

- Sunan Abu Dawud

- Sunan Tirmidhi

- Sunan Nasa'i

- Sunan Ibn Majah

- Musnad Ahmad

- Muwatta Malik

- Sunan Darimi

Each hadith is accompanied by metadata, including
book name, chapter, and thematic category, to support
the space-based term weighting process.

2.3 Research stages

The research stages included:

- Data collection and cleaning (data collection &
preprocessing)

- Designing the IHSsF term weighting algorithm

- Implementing a transformer-based question answering
system

- Testing and evaluating system performance

The general flowchart of the research can be described

as follows:

Question Input — Preprocessing — IHSs;F Weighting

— Relevant Hadith Selection — Transformer QA

Model — Answers.

2.4 Data preprocessing

Before weighting, the hadith texts and user queries

undergo several pre-processing stages:

- Case Folding: Converting the entire text to lowercase.

- Tokenization: Breaking the text into individual words.

- Stopword Removal: Removing common words that
carry no semantic significance.

- Stemming/Lemmatization: Returning words to their
base form.

- Normalization: Standardizing
transliteration (e.g., prayer — prayer).

The result of this stage is a clean corpus of hadith texts

ready for term weighting.

Arabic-Latin

2.5 ICSsF and IHSsF term weighting concept

2.5.1 Term Frequency (TF)

Term frequency (TF) assumes each term has a
proportional importance to the number of times it
appears in the document [26]. Term frequency (TF) is
the simplest method for weighting terms. Term
frequency is the frequency with which a term appears in
the document in question [27]. The greater the number
of times a term appears (higher TF) in the document, the
greater its weight, or the greater its suitability value [28].
Term Frequency (TF) has several formulas that can be
used:
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- Binary TF, which only considers whether a term is
present in a document. If present, it is given a value of
one (1); otherwise, it is given a value of zero (0).

- Raw TF, which assigns a TF value based on the
number of occurrences of a term in the document. For
example, if a term appears five (5) times, it has a value
of five (5).

- Logarithmic TF, which avoids the dominance of
documents containing few terms in the query but with
high frequency. Logarithmic TF is visualized in the
equation (1).

TF = {1 + loglO (ft,d)' ft,d >0 )
0, fta=0

where the value of f; ; is the frequency of term (2) in
document (d). So if a term or terms are present in a
document 5 times, then the weight obtained is 1 + log(5)
= 1.699. But if the term is not present in the document,
the weight is zero (0).

2.5.2 Inverse Document Frequency (IDF)

Inverse Document Frequency (IDF) considers the
occurrence of terms in a document collection [29]. The
IDF function assigns the lowest score to terms that
appear in many documents in the document space D =
dy, dy,. . ., d,. The background to this weighting is that
terms that rarely appear in a document collection are
highly valuable [30]. The importance of each term is
assumed to be inversely proportional to the number of
documents containing the term [31]. IDF is visualized in
Equations (2) and (3).

dfiey = Z deey @

where df;, is the frequency of documents containing
term i, d.,is the document containing term i.

. D
ldf = lOg % 3

where, idfis the inverse of document frequency (d f(ti)),
D is the total number of documents.
Then IDF combined with TF is visualized in equation

(4).

D
Wrrapr(t,ap = thea; X (log df(t-)) @

where, Wresipr(t,aj) is the weight of term 7 in document
J» tfe,a;18 the number of term 7 in document j, D is the
total number of documents, and df,,, is the total number
of documents containing term i.

2.5.3 Inverse Class Frequency (ICF)

Inverse Class Frequency (ICF) is adopted from the IDF
method, namely by using the inverse ratio of the number
of categories to the number of categories containing the
term. In the case of class-oriented indexing, a subset of

documents from the document space D = d;, d,,. . ., d,
is allocated to a particular category. So the more
frequently a term appears in documents in that category,
the closer the term's weight is to 0. The ICF function
provides the lowest score for terms that appear in several
categories in the category space C = Cy, Cs,. . ., C,. The
equation of the ICF can be seen in Equations (5) and (6).

fien = Z C(ty) ©)

where, cf;, is the frequency of the category containing
term i, ¢ is the category containing term i.

in = lOg Cf(t,) ©6)

where, icf is the inverse of class frequency cf(;,), C is the
total number of categories.

Therefore, the numerical representation of a term is
the product of Term Frequency (local parameter), IDF
(global parameter), and ICF (global -category
parameter). The TF x IDF x ICF equation is visualized
in equation (7).

D Cc
Wrrepracrtazen = tra; X <log%> 8 <log0f(z.)> @

where, Wrpapreacr (tyd;er) is the weight of term 7 in
document j, tf;, 4;is the number of term / in document /,
D is the total number of documents, dfi,is the total
number of documents containing term i, C is the total
number of categories, cf,is the total number of
categories containing term i.

2.5.4 Inverse Class Space Density Frequency
(ICSsF)

ICSsF calculates document density in the category space
for each term. Since the ICF assigns the lowest score to
terms that appear in multiple categories, without
considering the category space, the ICSsF calculation is
proposed. This term weighting method is to improve the
classification performance. These identical documents
associated with a certain term may be a subset of a
certain category c_k. Therefore, it is important to
explore the characteristics of the term occurrence in the
document space D = {d,, d,,. . ., d,} and the category
space. In category-oriented indexing, a subset of
documents from the global document space is assigned
to categories ¢ (k = 1, 2, ..., m) based on their topics.
Therefore, the category space is defined as C = {(d;4,
diy,. . ., dip) member of Cy, (dyq, dyy,. . ., dap) member of
Co. .., (A1, Az, - ., dpn) member of Cp,}. ICSOF begins
by calculating the class density (Cs), namely, calculating
documents containing terms in a certain category
crvisualized in equation (8).

Ney )
N,

Ck

Cs(t) =
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where, Cs(t;) is the category density (class density) for
term i, n., (t;) is the number of documents in category
ci that contain term i, N is the total number of
documents in category c.

Then, we continue by calculating the category space
density, which is the sum of the densities of all existing
categories (CSs), visualized in equation (9).

CSs(ty) = Z Cs(t)) ©

where, CS5(t;) is the class space density for term i, Cs(¢;)
is the category density for term i, cis the category (k =
1,2 .., m).

Then the result of the category space density (CSs(t;)) is
inverse according to the previous concept in TF-IDF-
ICF, visualized in equation (10).

ICSsF(t;) = log( (10)

where, ICSsF(t;)is the inverse class space density
frequency for term i, C is the total number of categories,
CSs(t;) is the category space density for term 1.

The next step is to multiply the result of the inverse
category space density for term i (ICSsF(t;)) by TF-IDF,
as in equation (11).

WTF*IDF*ICSSF(ti,dj,ck)

=t x [(log—2— x(zo L) an
tod g dfep g CSs(t)

where, WrpaapFcssF (tyd; e is the weight of term 7 in
document j in category k, tft,q, is the number of term i
in document j, D is the total number of documents,
dfi¢,) is the number of documents containing term i, C is
the total number of categories, CSs(t;) is the density of
the category space with respect to term i.

2.5.5 IHSOF (Inverse Hadith Space Density
Frequency)

This research proposes a development of ICSsF, namely
Inverse Hadith Space Density Frequency (IHS5F).
While ICSsF considers the spatial density of categories
relative to a term, IHSsF focuses more on the spatial
density of Hadith books relative to a term. The spatial
density of Hadith books is calculated to determine the
weight of a term when the rarity of that term is also taken
into account in the total number of Hadith books. The
less frequently a term appears in many Hadith books, the
higher its inverse value. The first step in calculating
THSGSF is to calculate the density of hadith, as in equation

(12).

ny, (&)
Nhl

Hg(t;) = (2

where, Hg(t;) is the density of the book with respect to
term i, np (t;) is the number of hadiths in book I/

containing term i, Ny, is the total number of hadiths in
book [, and h; is the book (I =1, 2, ..., 9).

The density of categories (Cs) and the density of Hadith
Books (Hs) are very different, Cs calculates how much
the density/occurrence of a term in a particular category
by comparing the number of documents that have the
term for a specific category compared to the total
number of records in a specific category while Hj;
calculates how much the density/occurrence of a term in
a specific Hadith Book by comparing the number of
documents that have the term in a specific Hadith book
compared to the total number of records in a specific
Hadith book. The density of hadiths with respect to term
i is summed to obtain the spatial density of the Hadith
book with respect to term 7, as in equation (13).

HS5(6) = ) Hs(t) &
hy

where, HS5(t;) is the space density of hadith books for
term i, Hg(t;) is the density of hadith books for term 7,
and hyis the 9 hadith books (I =1, 2, ..., 9).

Classroom density (CSs) differs from Hadith space
density (HS;). CSs measures the frequency of
occurrence of a term across all classes, while HS;
measures the frequency of occurrence of a term across
all Hadith books.

Next, the Hadith space density result is inversely
calculated for term i to determine the degree of rarity of
the term within the Hadith space, as shown in equation
(14).

H
IHS§F (t;) = log (m) (14
L

where, IHSsF (t;) is the inverse of the book space density
with respect to term 7, H is the total number of books (9),
and HSs(t;) is the book space density with respect to
term i.

Next, the inverse result is multiplied by TF * IDF
IHSsF to determine the term weight that takes into
account the class space density and also the hadith space
density as in equation (15).

WTF*IDF*ICSBF*IHséF(t,-,d,—,ck,hl)

D
= tfe.qg. X |1
ft,,d, < og df(q-)) a5

x (loy cs;(ti)) x (loy (Hs:(ti))>

where, WrpsiDpFricssFrIHSsF(tidjciohy) 1S the weight of term

i in hadith j in category & in book /, tf; 4, is the number
of term 7 in hadith j, D is the total number of hadiths,
dfi¢, is the number of hadiths containing term i, C is the
total number of categories, CSs(t;) is the density of
category space for term 7, H is the total number of books
(9), and HS5(t;) is the density of category space for term
i. The results of term weighting by considering the
density of category space and density of hadith space
give higher values to rare terms in categories and
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hadiths, and give low values to terms that appear
frequently.

2.5.6 Integration of IHSsF in QA system

The IHSsF weighting results are used to select the most
relevant hadith candidates for the user's question.

Only the Top-N hadiths with the highest scores will
proceed to the next stage: the transformer-based
question-answering model (IndoBERT fine-tuned).

2.6 Transformer-based question answering
model

A transformer-based Question Answering model was
used to extract answers from hadith texts filtered using
THSsF.

The model used was IndoBERT-base with the following
configuration:

- Batch size: 16

- Learning rate: Se-5

- Epochs: 5

- Optimizer: AdamW

- Loss Function: Cross-Entropy

- Validation Split: 10%

This model was trained using data pairs (question,
hadith text, answer) to develop the ability to understand
semantic context and determine the text segment that
best answers the question.

2.7 System evaluation

The evaluation was conducted using two approaches:

- Quantitative Evaluation:
Metrics used included Accuracy, Precision, Recall,
and F1-Score to measure the system's performance in
answering questions correctly.

- Qualitative Evaluation:
Three hadith experts assessed the suitability of the
meaning and accuracy of the chatbot's responses to the
hadith sources.

3 Results and discussion

3.1 System Evaluation

The KutubBot chatbot system was developed using a
two-stage architecture:
- Hadith Retrieval Stage:
Uses IHSsF weighting to determine the most relevant
hadith to the user's question.
- Answer Extraction Stage:
Uses a transformer-based QA model (fine-tuned
IndoBERT) to extract textual answers from selected
hadith.
This process was implemented in Python 3.11 with the
following core libraries:
- Transformers (HuggingFace) for IndoBERT modeling
- FAISS for fast Top-N document search
- Scikit-learn for performance evaluation

The system was tested using 63,000 translated
Indonesian hadith data sets, consisting of 54,000
training data sets and 9,000 test data sets.

3.2 Term weighting results with IHSsF

The term weighting process produces a value that
reflects the word's level of distinctiveness within the
context of the category and the hadith book.

For example, the term "intention" has a high weight in
the worship category in Sahih Bukhari but a low weight
in Musnad Ahmad, due to its higher frequency in that
book. Table 1 compares the average weights of several
terms calculated using ICSsF and THSsF.

Table 1. Average ICSsF and IHSF.

Term ICSsF | IHSsF | Perubahan Bobot (%)
intention 0.254 | 0.392 +54.3%
zakat 0317 | 0.426 +34.4%
jihad 0.281 | 0.401 +42.7%
buy and sell | 0.239 | 0.358 +49.8%
fast 0.266 | 0.377 +41.7%

The increased weighting of the IHSsF method
indicates that the model places greater emphasis on
words specific to the book's context, rather than simply
on thematic categories. This is important because hadith
discussing the same topic in different books often use
varying terms.

3.3 Document selection results (Retrieval
stage)

The system was tested to select the Top 10 most relevant
hadiths from 1,000 random test questions.

Table 2 shows the success rate (recall @ 10) in finding
relevant hadiths.

Table 2. Success Rate (Recall@10).

Weighting Recall@10 | Precision@10 Mean
Method Time
(ms)
TF-IDF 0.81 0.78 14.3
ICSsF 0.87 0.84 17.9
IHSsF 0.93 0.89 19.2

The IHSsF method provided a +6% recall
improvement compared to ICSsF and +12% compared
to TF-IDF. This indicates that the added "hadith space"
dimension improved the relevance of the hadiths found
prior to the answer extraction process.

3.4 Question answering stage results

The second stage involved fine-tuning the IndoBERT
QA model using the Top-N results from the IHSsF stage.
The model was tested on 9,000 test datasets (63,000
total datasets x 15%). Table 3 shows the quantitative
evaluation results.
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Table 3. Success Rate (Recall@10).

Retrieval Accuracy | Precision | Recall F1-
Method + (%) (%) (%) Score
QA (%)
TF-IDF + 89.42 82.33 83.10 | 82.71
Transformer
QA
ICSsF + 94.05 86.90 90.12 | 88.48
Transformer
QA
IHSsF + 97.81 90.32 93.45 | 91.86
Transformer
QA

The combination of IHSsF + Transformer QA
yielded significant improvements across all metrics
compared to the previous method. Accuracy increased
by 3.76% over ICSsF and 8.39% over TF-IDF. The
highest Recall and F1-Score demonstrate the system's
ability to find and extract the correct answers according
to the context of the hadith. This improvement is due to
IHS;sF's more selective weighting of important terms in
each hadith book, resulting in more relevant and
contextual documents passed to the QA model.

3.5 Qualitative evaluation

Three hadith experts assessed 100 random answers from
the chatbot based on three aspects:

- The relevance of the hadith's meaning to the question.
- The accuracy of the source text and hadith number.

- The clarity of the answer in the Indonesian context.
The assessment results are presented in Table 4.

Table 3. Assessment results.

Assessment Aspect Average Score (0-100)
Appropriateness of Meaning 95
Accuracy of Source 93
Clarity of Language 96
Average Total 94.6

The KutubBot chatbot, using the combination of
IHSsF and the Transformer QA model, produces
answers that are not only technically accurate but also
well-understood by general users. The context of the
hadith is maintained, and the system is able to
automatically provide biblical source references.

4 Conclusion

This research has successfully developed a
Transformer-based Question Answering Chatbot
system that automatically, relevantly, and contextually
answers hadith-related questions. This system utilizes
the Bidirectional Encoder Representations from
Transformers (BERT) architecture combined with a new
term weighting method, namely Inverse Hadith Space
Density Frequency (IHSsF). The IHSsF concept is an
extension of Inverse Class Space Density Frequency
(ICSsF) by adding the dimension of hadith space
density, so that the weight of each term is not only
influenced by its appearance in a particular category, but
also by its distribution among various hadith books.

Using a dataset of 63,000 hadiths from nine major
books (Kutub al-Tis‘ah), the system was successfully
trained and tested with excellent results. Test results
showed that KutubBot achieved good results, with an
97.8% accuracy, 90.3% average precision, 93.45%
recall, and an Fl-score of 91.86%. These values
represent a significant improvement over the TF-IDF
and ICS;sF-based models used for comparison.

Qualitative testing results also show that the system
not only provides lexically relevant answers but also
understands the semantic context of user questions. For
example, the system can distinguish similar meanings
across hadiths from different books and still provide
answers appropriate to the question's context. Thus,
applying a Transformer enriched with THSsF weighting
can significantly improve semantic understanding and
answer relevance.

Overall, this research demonstrates that a
combination of a term-weighted statistical approach and
a Transformer-based deep learning approach can
produce a more adaptive, accurate, and relevant hadith
question-and-answer system within the context of
Islamic scholarship. These results are expected to
contribute significantly to the development of Natural
Language Processing (NLP) technology for religious
texts, particularly in the fields of hadith studies and
digital Islamic legal sources.
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