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Abstract. The increasing adoption of Artificial Intelligence (Al) in education has created a
growing demand for automated and reliable assessment systems. Existing Bloom’s Taxonomy
(BT) question classification approaches commonly rely on TF-IDF-based weighting schemes,
which assign static term weights and often fail to capture the varying thematic importance of
terms across cognitive levels. To address this limitation, this study proposes a novel Fuzzy
Thematic Feature and Part-of-Speech Inverse Document Frequency (FTFPOS-IDF) weighting
scheme that integrates fuzzy rule-based reasoning with Natural Language Processing (NLP) to
dynamically assign thematic weights according to Bloom’s Taxonomy relevance. The proposed
framework combines Machine Learning (ML) and Deep Learning (DL) classifiers with Chi-
Square feature selection to reduce irrelevant features and improve classification performance.
Experimental results demonstrate that FTFPOS-IDF consistently outperforms conventional TF-
IDF variants across multiple classification models. The highest performance was achieved by
the Multilayer Perceptron (MLP) classifier with an accuracy of 86.7%. These findings indicate
that fuzzy rule-based thematic weighting can effectively enhance Bloom’s Taxonomy question
classification and support scalable, reliable, and sustainable digital assessment systems in
educational environments.
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1. Introduction

Artificial Intelligence (AI) has become one of the most influential technologies in modern education due
to its ability to automate processes, personalize learning experiences, and improve decision-making
accuracy [1]. Al combines adaptive behavior, sensors, and intelligent computing capabilities to support
human interaction with computational systems and improve the effectiveness of various tasks [2]. Al
technologies have been widely adopted in educational environments to support learning resources,
intelligent tutoring systems, teaching assistance, and assessment activities [1]-[4]. The integration of Al
into education enables greater automation, personalization, and accuracy in learning and evaluation
processes, thereby supporting more effective educational outcomes [5-6]. One important application of
Al in education is the automatic evaluation of assessment questions, where questions can be categorized
and assessed according to students’ cognitive abilities and learning objectives [4]. Application of Al in
handling text case questions using Natural Language Processing (NLP) [7-8]. NLP techniques can
comprehensively analyze text questions to distinguish the cognitive level in the questions, thereby
improving quality and equality in evaluation [9].

One of the cognitive comprehension classification techniques can be accommodated by Bloom
Taxonomy (BT) [10]. BT functions as a hierarchical framework that includes various learning
frameworks ranging from remembering capacity to capacity to create incremental learning processes
[11]. This BT, like in Figure 1, has six cognitive levels: remembering, understanding, applying,
analyzing, evaluating, and creating [12].
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Figure 1. Revised bloom’s taxonomy

Several studies on the use of Al, especially in BT, have the potential to increase the effectiveness of
educational evaluation significantly. Patil research automatically generates different types of questions
through various NLP workflow activities [13]. Using a benchmarking approach that uses Bloom's
Taxonomy, the generated questions are validated for accuracy, ensuring that the questions align with
educational goals and target the desired level of cognitive complexity. In addition, Gani conducted
research to determine the best pre-trained word embedding method through the Convolutional Artificial
Neural Network (CNN) model as the best word embedding method. In this study, CNNs were used as a
substitute for Recurrent Neural Networks (RNNs) because extracting relevant features from the data is
more important than the learning sequence in the classification of exam questions [14]. Another study
by Volari¢ introduced the Design and Delivery Model of Knowledge (KDDM) for a smart tutoring
system using fuzzy [15]. KDDM associates student stereotypes with BT levels and provides a reference
point for cybernetic models [15]. Another researcher, Sun, created the Fuzzy Decision Support System
(BTF-DSS) [16]. Using a fuzzy logic decision support system, the BTF-DSS model provides teachers
with the knowledge and expertise for effective teaching with the fuzzy model, enabling a proper teaching
and learning experience [16].

Although previous studies demonstrate the effectiveness of Al, Machine Learning (ML), Deep
Learning (DL), and fuzzy logic in educational applications, several limitations remain. Existing Bloom’s
Taxonomy classification approaches generally focus on classification algorithms, intelligent tutoring
systems, question generation, or decision-support mechanisms, while relatively limited attention has

02603035-02



been given to optimizing feature representation through dynamic thematic term weighting. Most text
classification approaches still rely on conventional term weighting methods such as TF-IDF and its
variants, including ETF-IDF and ETFPOS-IDF [30]. Although these methods improve feature
representation by incorporating thematic information and part-of-speech characteristics, they generally
employ static weighting mechanisms that may not adequately represent the varying importance of
thematic terms across different Bloom’s Taxonomy cognitive levels. Consequently, semantically
important terms that strongly characterize specific cognitive domains may receive similar weights to
less relevant terms, potentially reducing classification effectiveness.

To address these limitations, this study proposes a novel Fuzzy Thematic Feature and Part-of-Speech
Inverse Document Frequency (FTFPOS-IDF) weighting scheme for Bloom’s Taxonomy question
classification. The proposed approach extends previous thematic weighting methods by incorporating
fuzzy rule-based reasoning to dynamically determine thematic term importance according to Bloom’s
Taxonomy relevance. Unlike conventional weighting approaches that employ fixed weighting values,
the proposed method utilizes fuzzy logic to provide a more flexible representation of cognitive-level
characteristics contained in assessment questions. Furthermore, thematic weighting is integrated with
part-of-speech information and optimized using Chi-Square feature selection to eliminate irrelevant
features and improve classification performance [17].

2. Methods

21 Dataset

This study uses the Bloom’s Taxonomy question dataset introduced by Yahya et al. [18] and
subsequently adopted by several studies on educational text classification [18-21]. The dataset presents
a challenging classification task because several questions exhibit similar linguistic structures while
representing different cognitive levels [12]. Consequently, semantic and thematic information plays an
important role in distinguishing among Bloom’s Taxonomy categories. Figure 2 illustrates the
distribution of the dataset used in this study. Although the dataset size is relatively modest compared
with large-scale NLP datasets, it has been extensively utilized as a benchmark dataset in previous
Bloom’s Taxonomy classification studies [18-21]. Furthermore, feature engineering techniques and
feature selection methods are employed to improve feature representation and reduce overfitting during
model training.

Yahya Bloom’s Taxonomy dataset

Remembering Understanding  Applying Analyzing

Domain

Evaluating Creating

Figure 2. Yahya Dataset Visualization.

2.2, Datapreprocessing

The preprocessing stage aims to transform raw question texts into structured representations suitable for
machine learning and deep learning models. The preprocessing pipeline consists of case folding, stop-
word removal, and lemmatization, following commonly adopted procedures in previous studies [12]
[22]. After text normalization, thematic term identification is performed. Thematic terms refer to words
that semantically represent Bloom’s Taxonomy cognitive domains [17] . Unlike conventional TF-IDF-
based approaches, this study introduces fuzzy rule-based thematic weighting to dynamically assign
importance scores according to thematic relevance and linguistic characteristics. Furthermore, Chi-
Square feature selection is applied to eliminate irrelevant features and retain the most discriminative
terms for classification.
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2.3.  Classification Modeling
This study uses two models, namely the ML (SVM, NB) and DL (ANN, MLP) algorithms. Illustrate the
schematic of the proposed model presented in Figure 3.
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Figure 3. Phases of the suggested question classification framework
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The scheme proposed in this study distinguishes the types of words in the question text, determines
thematic words, and gives weight using the fuzzy membership function with fuzzy membership, as
shown in Figure 4. The weighting values were assigned according to expert knowledge and Bloom’s
Taxonomy relevance. Thematic terms receive a weight of 9 because they strongly indicate cognitive-
domain characteristics. Verbs receive a weight of 7 because Bloom’s Taxonomy classification is
commonly associated with action verbs. Nouns and adjectives receive a weight of 5 because they
contribute contextual information, while other words receive a weight of 3 as they generally provide
limited discriminative value. This weighting hierarchy follows the assumption that cognitive-domain
indicators should contribute more strongly to feature representation than general linguistic terms [17].
FTFPOS-IDF is discussed in equation formula (1).

wl,if tis Thematic
w2,if tisVerb
w3, if t is Noun or Adjective
w4, otherwise

Where: w1 is thematic=9, w2 is Verb =7, w3 is Noun or Adjective=5, dan w4 is other=3.

2.2.3 Performance Evaluation

The evaluation of this study on BT Category domains used the Confusion Matrix (precision,
accuracy, recall, specificity, and fl-score) and K-Fold. Evaluation using formula equations [23-24]:
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In addition to classification performance metrics, a one-way ANOVA test was conducted to
determine whether the observed performance differences among weighting schemes were statistically
significant. A significance level of a = 0.05 was adopted in this study. The formula for the F-statistic

test is:
SSB
df,
df,y
Where:
SSB = Sum of Squares Between, dfB = Degree of Freedom Between Groups, SSW = Sum of Squares

Within, dfW = Degree of Freedom in Groups
3. Results and Discussion

The results and analysis are presented in this section in tables and graphs of the application of the
proposed method (FTFPOS-IDF). Processing uses ML models (SVM, NB) and DL (ANN, MLP).
Parameters such as accuracy, precision, recall, F1 score, k-fold, and specificity are used to evaluate
performance. In this evaluation, it can be seen how well the proposed algorithm and the comparator
algorithm handle the data and evaluate performance.

Table 1. SVM algorithm performance

Model Precision Recall F1-Score Accuracy K-Fold Specificity
TF-IDF [25] 0.749 0.746 0.742 0.742 0.730 0.948
ETF-IDF [19] 0.785 0.742 0.746 0.742 0.693 0.990
ETFPOS-IDF [20] 0.756 0.723 0.729 0.733 0.707 0.990
FTFPOS-IDF 0.819 0.802 0.799 0.800 0.798 0.990

Table 1 shows the performance of the SVM classifier using different weighting schemes. The
proposed FTFPOS-IDF achieved the highest performance across all evaluation metrics, with an
accuracy of 0.800 and precision of 0.819. Compared with ETFPOS-IDF, the proposed method improved
accuracy by 0.067. This improvement indicates that fuzzy thematic weighting provides a more
informative representation of Bloom’s Taxonomy-related terms than conventional static weighting
approaches. By dynamically emphasizing thematic and linguistic features, the proposed method enables
SVM to generate more discriminative decision boundaries and improve classification effectiveness.

Table 2. NB algorithm performance

Model Precision Recall F1-Score Accuracy K-Fold Specificity
TF-IDF 0.692 0.682 0.667 0.675 0.625 0.979
ETF-IDF 0.779 0.747 0.743 0.742 0.767 0.990
ETFPOS-IDF 0.776 0.746 0.737 0.742 0.718 1.000
FTFPOS-IDF 0.821 0.811 0.799 0.800 0.780 1.000

Similar results were observed for the Naive Bayes classifier, as shown in Table 2. The proposed
FTFPOS-IDF achieved the highest accuracy (0.800), outperforming ETFPOS-IDF (0.742) and TF-IDF

02603035-05



(0.675). Since Naive Bayes relies heavily on term probability distributions, emphasizing cognitively
relevant thematic words improves class separability and reduces ambiguity among Bloom’s Taxonomy
categories. The perfect specificity value (1.000) further indicates the capability of the model to correctly
identify negative cases..

Table 3. ANN algorithm performance

Model Precision Recall F1-Score Accuracy K-Fold Specificity
TF-IDF 0.662 0.652 0.648 0.650 0.672 0.906
ETF-IDF 0.822 0.803 0.808 0.808 0.777 0.917
ETFPOS-IDF 0.846 0.839 0.841 0.842 0.810 0.958
FTFPOS-IDF 0.857 0.854 0.854 0.858 0.828 0.969

The ANN evaluation results in Table 3 demonstrate that FTFPOS-IDF consistently outperformed all
comparison methods. The proposed method achieved an accuracy of 0.858, representing an
improvement of 0.016 compared with ETFPOS-IDF and 0.208 compared with TF-IDF. These findings
suggest that fuzzy thematic weighting generates richer feature representations that can be effectively
learned by neural network models. The improvement also indicates that incorporating thematic
relevance and linguistic information contributes positively to Bloom’s Taxonomy classification.

Among all evaluated classifiers, MLP achieved the highest overall performance with an accuracy of
0.867 and specificity of 0.979. Compared with ETFPOS-IDF, the proposed method improved accuracy
from 0.850 to 0.867. This result suggests that the deeper architecture of MLP is better able to exploit the
richer feature representation generated by FTFPOS-IDF. The hidden layers can capture more complex
relationships among thematic and linguistic features, resulting in improved classification performance.
These findings indicate that the proposed weighting scheme becomes increasingly beneficial as model
complexity increases.

Table 4. MLP algorithm performance

Model Precision Recall F1-Score Accuracy K-Fold Specificity
TF-IDF 0.648 0.637 0.629 0.633 0.660 0.896
ETF-IDF 0.812 0.806 0.806 0.808 0.777 0.927
ETFPOS-IDF 0.851 0.851 0.850 0.850 0.803 0.958
FTFPOS-IDF 0.865 0.868 0.864 0.867 0.832 0.979

4. Discussion

Figure 5 summarizes the comparative performance of all weighting schemes across SVM, NB, ANN,
and MLP classifiers. A consistent pattern can be observed where FTFPOS-IDF achieves the highest
accuracy and k-fold stability in every classification model. Compared with ETF-IDF and ETFPOS-IDF,
the proposed approach demonstrates that dynamic fuzzy weighting provides additional discriminative
information beyond static thematic weighting. The performance gains become more apparent in deep
learning models, particularly MLP, suggesting that richer feature representations are more effectively
utilized by deeper neural architectures.
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Figure 5. Comparison of performance between (a) SVM, (b) NB, (c) ANN, (d) MLP algorithms

The first model on the TF-IDF where this model was carried out by several researchers [22], [26],
[27] and was started by Yahya [18]. Other models such as ETF-IDF [19] and ETFPOS-IDF [20] It is a
development of the Yahya model. Based on the evaluation of the four algorithm evaluation models, it is
known that the proposed model (FTFPOS-IDF) consistently outperforms in accuracy and performance
stability using k-fold. Research using thematics can provide optimization in terms of extraction fear with
meaning components that need to be considered in the case of texts, namely thematic understanding [17]
In addition, it uses performance tuning in feature selection [28-29] to provide better grades in
classification using ML and DL techniques.

The superior performance of FTFPOS-IDF can be explained from the perspective of cognitive-
domain representation [12]. Bloom’s Taxonomy categories are commonly characterized by specific
action verbs and thematic concepts that indicate different cognitive processes. Conventional TF-IDF-
based approaches primarily rely on term frequency statistics and may not adequately capture the
cognitive relevance of these terms. In contrast, FTFPOS-IDF incorporates fuzzy rule-based thematic
weighting, allowing cognitively important terms to receive greater contributions during feature
extraction. Consequently, the resulting feature vectors contain richer semantic information, leading to
improved classification performance across both machine learning and deep learning models.
Furthermore, the proposed approach supports scalable and sustainable digital assessment systems by
improving the consistency and reliability of automated question evaluation.

The ANOVA results presented in Table 5 indicate statistically significant differences among the
evaluated weighting schemes. All performance metrics produced p-values below 0.05, confirming that
the observed improvements are not caused by random variation. Therefore, the results provide statistical
evidence that the proposed FTFPOS-IDF weighting scheme contributes significantly to improved
Bloom’s Taxonomy question classification performance across different classifiers.

Table 5. ANOVA Signification Test

Metric F-value P-value Significance
Precision 13.2043 0.000414 T
Recall 7.7419 0.003855 T
F1-Score 8.1996 0.003088 T
Accuracy 7.8678 0.003624 T
K-Fold 7.3944 0.004587 T
5. Conclusion

This study proposes a framework for classifying text questions in BT with proposed terms (FTFPOS-
IDF). This proposal modifies the TF-IDF by using Fuzzy as a weighting parameter with thematic word
priority re-optimized with feature selection. The proposed approach can best perform multiclass
classification for text questions in BT. In addition to having advantages in accuracy, precision, and
recall. This model's F1-score, k-fold, and specificity scores also gave significant results on the ANOVA
test—best performance on DL models with MLP algorithm with 0.867. Further research can use an
approach with more data and increasing layers in the algorithm. Besides that, the increase in specificity
also needs to be considered to be able to be improved further.
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