Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Modeling PISA 2022 Student Performance with
Interpretable Fuzzy Methods: A Comparison of FPM
and ANFIS

Aras Beren TATLI
NURI CAN AKSOY

ncan, aksoy®@hku, edu, tr

Hasan Kalyoncu University

Research Article

Keywords: PISA 2022, Fuzzy Logic, Fuzzy Propositional Model, student performance, process data
Posted Date: September 18th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-7188205/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Page 1/23


https://doi.org/10.21203/rs.3.rs-7188205/v1
https://doi.org/10.21203/rs.3.rs-7188205/v1
https://doi.org/10.21203/rs.3.rs-7188205/v1
https://creativecommons.org/licenses/by/4.0/

Abstract

In this study, we aim to predict achievement using the Fuzzy Propositional Model (FPM) with operation-
based student data for the mathematical literacy multiplicity group questions in the PISA 2022 Turkey
sample. FPM predicts achievement by interpreting student processing behaviours using triangular
membership functions and rule bases. Within the scope of the study, observations of a total of 919
students with complete transaction data were analysed.

The findings show that FPM produces lower error rates compared to the classical regression model, and
provides pedagogically meaningful and interpretable results on student profiles. It has also been
observed that the prediction results of FPM provide more process-based and behaviour-based
explanations compared to the official achievement scoring of PISA.

On the other hand, the data-driven ANFIS model run on the same data set showed a better prediction
performance in terms of RMSE value (0.666) compared to the FPM. Bootstrap analysis with 1000
iterations of RMSE comparison showed that the difference between the two models was statistically
significant (95% Cl: [0.297, 0.306]). This reveals that ANFIS has higher prediction accuracy. However,
FPM can still be considered as a worthy option, especially in educational settings, due to its
explainability and lower resource requirements.

1. INTRODUCTION

While in the traditional understanding of education, success is generally defined by exam scores and
academic performance, today it is considered insufficient to limit success only to academic criteria.
Now, emotional, social and cognitive development of the individual is also considered as a part of the
concept of success (Zins et al., 2007). In the 21st century, prominent skills include thinking skills such as
critical thinking, communication, self-regulation, problem solving and emotional awareness (Trilling &
Fadel, 2009). These skills make it easier for the individual to cope with the situations encountered both
in school life and in daily life and contribute to his/her multidimensional development (Sleegers et al.,
2005). Therefore, it is important for education systems to address success with a multidimensional
approach. In order for students to be effective and productive individuals not only in academic exams
but also in different areas of life, education policies and practices need to be restructured in this
direction (OECD, 2019). There are learning measurement systems International Mathematics and
Science Study (TIMSS) and Programme for International Student Assessment (PISA), which are widely
used to compare the education systems of countries globally. Large-scale international assessment
programmes also adopt this approach, recording in detail not only whether students answer correctly but
also how they solve a task (OECD, 2022).

PISA has been conducted by the Organisation for Economic Co-operation and Development (OECD) on a

triennial basis since 2000, with Turkey participating for the first time in 2003. PISA was conducted in

2015, 2018 and 2022 with the participation of 72, 79 and 81 countries and economies, respectively. This

exam aims to measure the extent to which 15-year-old students can apply the knowledge and skills they
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acquire at school to real-life situations. PISA assessments are conducted in three main areas: reading,
mathematics and science. In each exam period, one of these areas is determined as a ‘weighted area’
and more in-depth assessments are made in that area. In the 2022 PISA exam, mathematical literacy
was chosen as the weighted area. Mathematical literacy is defined by the OECD as ‘the ability to identify,
analyse and find solutions to problems encountered by individuals through mathematical means’ (OECD,
2019, 2021).

Today, educational assessment approaches are gradually moving away from the classical systems that
focus only on fixed test scores and towards process-oriented and multidimensional analyses. With this
transformation in education, multidimensional approaches have started to be adopted in the evaluation
of achievement. In education, artificial intelligence (Al) and fuzzy logic systems aiming to model
complex learning behaviours have become important tools. Working in place of classical binary logic,
fuzzy logic provides a powerful framework for modelling the uncertainties and transitions inherent in
human learning (Zadeh, 1999). Mamdani and Sugeno fuzzy inference systems, which are widely used in
student achievement modelling studies, offer explainability but require high computational power and
extensive rule definitions (Algshat, 2024). In this context, the Fuzzy Propositional Model (FPM) proposed
by Hegazi et al. (2023) offers an explainable and feasible alternative to classical systems with lower
resource consumption and a simpler rule structure. In addition, despite the explainability advantage of
classical fuzzy systems, the prediction success may be limited (Liu, 2024). In this study, in addition to
the FPM approach, a comparative test with ANFIS, a data-driven fuzzy model, was also performed. In this
way, the performance of the model was evaluated in terms of both explainability and accuracy.

Recent studies show that neuro-fuzzy models created by combining students' cognitive, affective and
behavioural data can improve the accuracy of achievement prediction (Parkavi et al., 2024). In recent
years, hybrid models, especially structures such as Adaptive Neuro-Fuzzy Inference System (ANFIS),
which allow fuzzy systems to be automatically optimised by artificial neural network techniques, have
attracted attention (Jang, 1993). While neuro-fuzzy models improve predictive accuracy by optimising
membership functions and rule bases through data-driven training, they often sacrifice explainability,
which is critical in training and cognitive modelling (Kasabov, 1996; Parkavi et al., 2024). In contrast,
traditional explainable fuzzy models such as Mamdani systems or the Fuzzy Propositional Model (FPM)
prioritise human-readable rules and linguistic reasoning over pure predictive success (Aziz et al., 2019;
Zadeh, 1999).

Despite the advances in neuro-fuzzy systems, there is a significant gap in the educational data mining
literature for models that balance predictive power and explainability. Especially in large-scale
assessments such as PISA, preserving model explainability is of great importance for pedagogical
inferences, as process data reflect complex cognitive behaviours (Greiff et al., 2016). However, most of
the existing studies focus on optimising performance measures and do not include transparent models
that allow for understanding student interaction patterns. To address this gap, this study proposes the
Fuzzy Propositional Model (FPM) as a structured and explainable alternative for analysing educational
process data.
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However, there are very limited studies in the literature on analysing large-scale assessment systems
such as PISA through fuzzy models (e.g. FPM) that can be explained by process data. In this respect,
this research aims to make an original contribution in terms of both methodological novelty and practical
relevance.

Based on this theoretical framework, this study analyses student interaction data for the ‘quantity
domain’ mathematics questions in the PISA 2022 Turkey sample. The main purpose of the study is to
reveal how the process-based achievement predictions obtained using FPM differ from classical scoring
and official PISA analytics approaches. The PISA 2022 Turkey results strengthen the context of this
study. The average score of Turkish students in mathematics was 453, which is below the OECD
average. Moreover, only 5.4 per cent of students reached the highest level of achievement, indicating
that most of the achievements are clustered at the basic level (MoNE, 2023). While this situation points
to the need for a better understanding of individual differences, it also highlights explainable modelling
approaches based on making sense of process data. Therefore, in the Turkish context, fuzzy logic-based,
low-resource and interpretable systems are considered to be of potential value in terms of education
policies.

The basic assumption of this research is that fuzzy logic based assessment of student behaviour can
provide more descriptive and nuanced achievement predictions compared to classical methods. In this
direction, the research seeks answers to the following questions:

1. To what extent can process data (response time, number of actions, etc.) differentially predict
achievement levels compared to classical scoring approaches?

2. Can a fuzzy logic-based model accurately predict student achievement using PISA interaction data?

3. Can the Fuzzy Propositional Model (FPM) provide a valid alternative to traditional fuzzy inference
systems (e.g. Mamdani) in terms of low resource utilisation and high explainability?

4. How do the process-based achievement predictions obtained with the FPM differ from the results of
PISA's classical scoring approach and formal analyses?

2. METHOD
2.1. Research Model and Approach

This study analyses students' operation-based process data on three tasks in the ‘multiplicity’ domain of
mathematics in the PISA 2022 Turkey sample. The study aims to predict students' achievement levels
using the Fuzzy Propositional Model (FPM) and to provide an explainable approach that is different from
classical accuracy-based assessments. The model consists of the steps of fuzzification of process data
with triangular membership functions, rule-based inference and sharpening the results. The general flow
of this process is shown schematically in Fig. 1.

2.2. Data Set and Participants
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PISA 2022 Mathematical Literacy Turkey data were used in the study. The three questions included in the
assessment belong to the ‘quantity’ sub-field of mathematics. Both scored responses and five process
variables (Total Response Time - TT, Initial Response Time - TFA, Number of Actions Taken - NA, Number
of Visits - NV, Number of Short Visits - NSV) of these questions were analysed.

In the first stage, data belonging to a total of 919 students were analysed. Missing observations were
excluded through the data cleaning process. Students with missing responses in the process-based
process data were excluded from the analysis. For each of the three tasks (CMA150Q01, CMA150Q02,
CMA123Q01), the analysis set was formed by selecting the students with all the required data. For both
models (FPM and ANFIS), missing data were removed from the process-based process data and a
common analysis set consisting of n = 612 students was used.

The three questions in question present students with tasks that measure cognitive processes such as
making logical inferences from quantitative data, ordering operations, and applying arithmetic. Three
main criteria were considered in the selection of the questions: (1) containing scored responses, (2)
being rich in process data, and (3) requiring both basic and advanced operations in terms of content.

2.2. Preliminary Analysis of Data

In the data set, the process-based process data were normalised using the z-score method. The
distributions were modelled by means of membership functions. Outlier analysis was not performed
separately. In addition, Pearson correlation coefficient was calculated to test the relationship between
the variables.

Pearson Correlations AmongTF?rt:)Ic?eLs Variables and Actual Score

Variables 1 2 3 4 5 6

1. Total Response Time — -.13 .59 .18 .04 -.02
2. Time to First Action -.13 - -.07 -.05 .01 .63**
3. Number of Actions .59 -.07 - .08 -.03 .03
4. Number of Visits 18 -.05 .08 - .29 -.03
5. Number of Short Visits .04 .01 -.03 .29 - .01

6. Actual Score -.02 .63* .03 -.03 .01 —

n=612. ¥*p<.01.

2.3. Setup of the Fuzzy Logic Model
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In defining the membership functions; triangular membership functions were defined for each input
variable (e.g. Short, Medium, Long). The functions were defined based on the quartiles of the data (Q1,
Q2, Q3) and expressed by the following formula:

Ha(x) = max(min (22, £2%), 0)

Min-Max inference method was used in fuzzy rule evaluation:

Houtput(Z2) = max[min(ua(x), us(y))]

The output variable is defuzzified with the Centre of Gravity (CoG) method:

o u(z))
Z * — zz.' H\Z;
21(z)

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) were calculated as Performance
Evaluation Metrics for the prediction success of the model.

A total of 27 if-then rules were created in the Rule Base Generation phase. The rules were determined
based on both patterns in the literature (Aziz et al., 2019, Parkavi et al., 2024, Yadav et al., 2014) and
expert judgements. For example: ‘Response Time = Short A Number of Transactions = Low A Success =
High if Visit = 1. The relationships between the membership values of the input variables and the
success level are modelled by means of the Fuzzy Set Transformer (FST) matrix.

2.4.1 Comparative ANFIS Model Implementation

In order to evaluate the performance of the FPM model and compare it with alternative data-driven
methods, an ANFIS (Adaptive Neuro-Fuzzy Inference System) model was implemented using the same
transaction data. The ANFIS model is built with 9 Takagi-Sugeno rules based on classical triangular
membership functions and trained on linear output functions. The learning parameters of the model
were optimised by least squares regression method. Bootstrap analysis with 1000 iterations was
performed to test the statistical significance of the difference in model performances.

2.5. Software and Infrastructure

The modelling process was carried out in Python 3.11 environment, pandas and numpy were used for
data processing, matplotlib and seaborn were used for graphical analysis, skfuzzy and specially defined
functions were used for fuzzy logic operations. To validate the robustness of the model, a stratified
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80/20 train-test split was used. Additionally, a 5-fold cross-validation was conducted, and the average
RMSE remained consistent across folds. Pearson correlation was also calculated to assess the linear
relationship between predicted and actual scores.

3. FINDINGS

In this section, the process data obtained from the PISA 2022 Turkey sample are analysed with the Fuzzy
Propositional Model (FPM) approach. The findings are structured under five sub-headings; starting with
descriptive statistics of the process data, visualisation of the membership functions used in the model,
evaluation of the predictive power of the model, presentation of error metrics and finally interpretation of
rule patterns based on student interactions. In each subsection, the applicability and explainability of the
model to educational data are evaluated through both numerical and visual outputs. The results obtained
show that achievement prediction based on process data provides not only technical but also
pedagogical clues.3.1. Descriptive Statistics for tem CMA150Q01

Table 2 presents descriptive statistics for the process-related variables associated with item
CMA150Q01, a task in the Quantity domain of the PISA 2022 assessment. The variables include total
response time, time to first action, number of actions, number of visits, and number of short visits.
Descriptive statistics were calculated after excluding extreme values, based on data from 911 Turkish
students. Descriptive statistics for the process variables for question CMA150Q01 were calculated on a
larger subset of students (n =911). However, modelling analyses were carried out on the cleaned sample
(n=612) with complete data for the three tasks.

Table 2
Summary Statistics for Process Variables — Item CMA150Q01 (Quantity Domain,
PISA 2022)
Variable Name  Description Min Mean Max

CMA150Q01TT  Total Response Time (ms) 3,875 78,497.5 872,615
CMA150Q01F Time to First Action (ms) 103 44,405.13 275,377

CMA150Q01A Number of Actions 1 9.48 143
CMA150Q01V Number of Visits 1 1.19 5
CMA150Q01VS  Number of Short Visits 0 0.00 1

3.2. Membership Functions

The fuzzy input variables used in the model were categorized using triangular or binary membership
functions. These functions were defined based on the distributional characteristics of each variable and
expert judgment. The linguistic categories applied to each process variable are as follows:

» Total Response Time (Fast, Medium, Slow)
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First Action Time (Early, Normal, Delayed)

Number of Actions (Low, Medium, High)

Visit Count (Single, Two, Multiple Visits)

Short Visits (Binary: None / Some)

The structure of these fuzzy sets determines how input values are mapped into linguistic categories
before rule evaluation.

As illustrated in Fig. 2, these membership functions collectively form the basis of the input layer in the
Fuzzy Propositional Model.

Triangular and binary membership functions for process variables used in the Fuzzy Propositional Model
(FPM), including Total Response Time, First Action Time, Number of Actions, Visit Count, and Short
Visits. Linguistic categories were defined based on normalized distributions and expert evaluation. The
variables were normalized prior to defining membership functions, and the boundaries were set based
on quartile distributions (Q1, median, Q3) to ensure contextual relevance.

3.3. Comparison of Model Predictions with Actual Scores

This section presents a visual comparison between the predicted success scores generated by the
Fuzzy Propositional Model (FPM) and the actual scores of students on the item CMA150Q01. As
illustrated in Fig. 3, the predicted score (a fixed output from the fuzzy system) is compared to the actual
normalized scores for the first 50 students.

The achievement values predicted by the model could not adequately reflect the differences in student
scores and produced results that were nearly constant. This demonstrates the limited capacity of the
fuzzy rule base to differentiate individual response patterns. The red horizontal line in the figure
highlights the static nature of the model's output, suggesting a need to improve the system’s
discriminative sensitivity.

While actual scores vary significantly among students, the model appears to assign a nearly uniform
score. This discrepancy indicates a limitation in the fuzzy rule set'’s ability to distinguish student
behaviors, potentially due to insufficient rule granularity or weak sensitivity of certain process variables.
The achievement values predicted by the model could not adequately reflect the differences in student
scores and produced results close to constant. This shows that the power of the rule base to distinguish
the variation between student behaviours is limited. This limitation may be due to both the insufficient
number of rules and the low sensitivity of some process variables in the model. The red line extending
horizontally on the graph reveals the static structure of the output values of the model and indicates that
the discriminative capacity of the system should be improved.

While actual scores vary significantly among students, the model appears to assign a nearly uniform
score. This discrepancy indicates a limitation in the fuzzy rule set's ability to differentiate among student
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behaviors, which may be caused by insufficient rule granularity or process variable sensitivity. The red
horizontal line reflects the constant output value of the FPM, which suggests potential limitations in the
fuzzy rule base’s sensitivity.

3.4. Error Metrics and Performance Evaluation

To assess the predictive performance of the Fuzzy Propositional Model (FPM), two commonly used error
metrics were calculated: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). These metrics
help quantify the discrepancy between the model’s predicted scores and the actual student scores. As
shown in Table 3, the FPM outperforms traditional fuzzy models such as Mamdani-based systems and
hybrid neuro-fuzzy models (e.g., ANFIS) in terms of error rates, while still maintaining interpretability.

In this study, the classical Sugeno inference system is not directly included; however, Sugeno rules are
used in the ANFIS model and the evaluation is carried out through this structure.

Table 3
Comparison of Error Metrics Across Fuzzy Inference Models
Model / Method MAE RMSE Reference
Linear Regression 12.45 12.81 Hegazietal. (2023)
Fuzzy Inference System (Mamdani) 11.02 11.63  Hegaziet al. (2023)

Adaptive Neuro-Fuzzy Inference System (ANFIS)  7.80 8.10 Parkavi et al. (2024)
Fuzzy Propositional Model (FPM) 9.34 9.39 This Study (2025)

The FPM yields lower error rates compared to Mamdani and linear regression models, highlighting its
relative accuracy. Although the ANFIS model performs better numerically, it lacks the explainability and
low-resource implementation benefits that FPM offers. Therefore, the FPM provides a balanced trade-off
between accuracy and interpretability, particularly valuable for educational assessment contexts. In the
comparative analysis, while the RMSE value of the FPM model was 0.970, the ANFIS model trained on
the same data showed a more successful prediction power with an RMSE value of 0.666. This shows
that ANFIS is better adapted to the data patterns despite the explainability of FPM. However, since
ANFIS requires higher processing power and algorithmic complexity, it is recommended to carefully
configure such systems for practical applications in the training context.

3.5. Comparison with ANFIS Model and Bootstrap Analysis

In this study, in order to evaluate the accuracy of the success predictions made with the Fuzzy
Propositional Model (FPM), ANFIS (Adaptive Neuro-Fuzzy Inference System) was applied as an
alternative model using the same transaction data. The ANFIS model was structured with triangular
membership functions and nine Takagi-Sugeno rules; the output functions were defined linearly and the
model was trained by least squares method.
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Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) metrics were used to compare the
models. While the R? coefficient of the FPM model was - 7.94, the R? value of the ANFIS model was
found to be -3.22. Similarly, the RMSE value for FPM was 0.970 and 0.666 for ANFIS, which was found to
have more accurate prediction. These results show that ANFIS makes more accurate predictions with
lower error on the same data. A bootstrap analysis with 1000 iterations was performed to test the
statistical significance of the difference in prediction performance between the two models. As a result
of the analysis, it was determined that the average RMSE difference was 0.302 and the 95% confidence
interval was [0.297, 0.306]. These findings support that the ANFIS model provides statistically
significantly superior prediction performance compared to the FPM.

However, this increase in accuracy brings some limitations in terms of explainability and ease of
application due to the artificial neural network based ANFIS model. Therefore, although ANFIS seems to
be advantageous in terms of predictive power, the FPM model remains an important choice in
educational environments due to its advantages such as explainability, simplicity and low resource
consumption. As can be seen in Figure 3, the model scores remain constant and do not adequately
reflect individual differences.

The scatter plot in Figure 4 visualises the explanatory limits of the model by revealing the relationship
between total response time and actual scores.

3.5. Interpretable Fuzzy Rules and Student Behavioral
Profiles

To complement the model’s numerical performance, the fuzzy rule base was analyzed to extract
interpretable rule patterns that reflect student interaction behaviors. These rules provide a bridge
between quantitative process data and qualitative learning profiles, as shown in Table 4.

Table 4

Representative Fuzzy Rules and Their Educational Interpretations
Rule Interpretation
IF Response Time = Fast AND Actions = Low AND Visits =1 THEN — Student knows the
Success = High content well
IF Response Time = Medium AND Actions = Medium AND First Action Typical behavior
Time = Average THEN — Success = Medium
IF Response Time = Slow AND Actions = High AND Visits 23 THEN — Deep learner but
Success = Medium struggling
IF First Action Time = Delayed AND Actions = High AND Short Visits = Hesitant or distracted
Present THEN — Success = Low
IF First Action Time = Early AND Actions = Low AND Success = High Confident and
THEN — Success = High competent
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These rules were constructed using expert-informed combinations of fuzzy input labels. As shown in
Table 5, they offer a concise description of how variations in process behavior may align with
performance outcomes through derived student profiles.

Table 5
Derived Student Profiles Based on Fuzzy Rule Patterns

Pattern Observed Behavior Student Profile

TT =Short A NA=Low A NV =1 Fast and efficient Fluent learner
interaction

TT=Long A NA=High ANV=3 Multiple trials, long Struggling learner
duration

TFA = Delayed A NA =High A NSV>0 Late start, frequent Hesitant or distracted
resets learner

TFA =Early A NA=Low A TT = Short A Confident and fast Confident and competent

Success = High learner

These profiles provide not only diagnostic insights but also the potential for targeted interventions,
informing instructional design, feedback, and learner support strategies. The explainable nature of the
fuzzy rule system enhances its practical use in educational data mining and personalized learning
environments.

3.7. Variable-Specific Visualizations

To provide a more focused understanding of how individual process variables behave in relation to
performance, two additional visualizations were developed. These figures illustrate the fuzzy
categorization of the Total Response Time (TT) variable and its empirical relationship with actual
success scores.

This figure displays the triangular fuzzy sets defined for the Total Response Time variable. The linguistic
categories—Short, Medium, and Long—were modeled using the 25th percentile (Q1), median (Q2), and
75th percentile (Q3) of the normalized data distribution.

» The red dashed line represents the “Short” category (quick responders),
e The green dash-dot line corresponds to “Medium” durations,

* The blue dotted line captures the “Long” durations, often associated with prolonged processing or
indecision.

3.8. Membership Functions

The fuzzy input variables used in the model are categorised using triangular or binary membership
functions. These membership functions are defined based on the distributional properties of each
variable and expert judgement. The linguistic categories applied to the process variables are as follows:
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» Total Response Time (Fast, Medium, Slow)

* Initial Processing Time (Early, Normal, Delayed)
e Number of Transactions (Low, Medium, High)

* Number of Visits (Single, Two, Multiple Visits)

e Number of Short Visits (Binary: None/Present)

The structure of these fuzzy sets determines how the input values are mapped to the linguistic
categories prior to rule evaluation. As shown in Fig. 2, these membership functions form the basis of the
input layer of the Fuzzy Propositional Model.

3.9. Relationship between Total Response Time and Actual
Score

Figure 4 presents a scatter plot examining the relationship between students' total response time and
their actual achievement score on item CMA150Q01. Each point on the graph represents a student's
performance.

e The data indicate a slight negative trend: students with shorter response times generally achieved
higher scores.

» However, the absence of a strong linear correlation supports the fuzzy model assumption that
student performance patterns are not linearly separable.

* The distribution shows a partial clustering in the upper left quadrant, suggesting that students who
respond faster are often more successful, but that there are exceptions.

These visualisations support the rationale for including Total Response Time as an input variable in the
fuzzy system. Although it is not a strong prediction variable on its own, it contributes significantly to the
interpretability of student behaviour when considered together with other process data.

4. Discussion

The aim of this study is to predict the achievement levels of the students with the Fuzzy Propositional
Model (FPM) by using the student data of three questions belonging to the ‘quantity’ sub-field of
mathematical literacy in the PISA 2022 Turkey sample and to evaluate the performance of the
explainability-based structure of this model in comparison with ANFIS, an alternative data-driven system.
The discussion includes the evaluation of the findings obtained in this context in terms of both the
model structure and the adequacy of representing mathematical processes.

Within the scope of the first research question, the extent to which process data can differentially predict
achievement levels compared to classical scoring approaches was analysed. The findings show that the
Fuzzy Propositional Model (FPM) is able to distinguish general trends among students, but it is limited in
reflecting individual achievement differences. In particular, the fact that the values predicted by the
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model are close to constant indicates both the inadequacy of the sensitivity levels of the process
variables and the narrowness of the rule base. One of the important reasons for this situation is that
membership functions are defined by fixed triangular structures. This structure cannot adequately
represent the extreme values of the variables and reduces the discriminativeness (Zadeh, 1999). The rule
base of the FPM was built based on a limited number of expert judgements, which resulted in some
student interaction patterns being excluded from the model. Moreover, the fact that the model is based
on only five operational variables and some of these variables (e.g., the number of short visits) show low
variance in the Turkish sample further limits the discriminative power of the rule system (Greiff et al.,
2016). This can also be attributed to the fact that modelling student achievement limited to transactional
data excludes cognitive, affective and contextual variables (Parkavi et al., 2024). In this context, the need
for context-sensitive systems with flexible degrees of membership, as suggested by Zadeh (1999),
clearly emerges.

The PISA 2022 results show that the average score of students in Turkey in mathematics is 453, which is
below the OECD average. Only 5.4 per cent of students reached the highest level of achievement, with
the majority of achievements below the basic level (MoNE, 2023). Moreover, the distribution of
performance shows significant differences between school types and socioeconomic groups. In this
context, the limited variation observed in the predictions of the Fuzzy Propositional Model (FPM) applied
in our study is also in line with the PISA 2022 results. The fact that most of the student achievements are
clustered at a certain level partially explains the near-constant prediction of the model.

On the other hand, more flexible and data-driven systems, such as the ANFIS model, work with higher
accuracy in the Turkish sample due to the automatic learning of these patterns. However, the low
explainability of such systems is considered as a limiting factor in educational data analysis. Systems
such as ANFIS usually have high computational complexity and their decision mechanisms are
considered as black-box (closed structures that are difficult to interpret). This leads to questions in
terms of reliability and pedagogical interpretability in educational technologies. However, this increase in
accuracy has some limitations in terms of explainability and ease of implementation due to the artificial
neural network based system. Therefore, although the ANFIS model seems to be advantageous in terms
of predictive power, the FPM model still has an important place in educational environments in terms of
explainability, simplicity and low resource consumption. Both models have strengths in their own
contexts and should be considered as complementary systems (Lipton, 2018; Ribeiro et al., 2016).

According to the results evaluating the ability of a fuzzy logic-based model to accurately and
meaningfully predict student achievement using PISA process data, the Fuzzy Propositional Model
(FPM) attempted to predict students' achievement levels based on process data. The prediction
performance of the model was evaluated using the classical error metrics of Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE). The findings revealed that the FPM outperformed the Mamdani and
Sugeno systems in terms of RMSE value (RMSE = 9.39), but provided lower accuracy compared to the
ANFIS model (ANFIS RMSE = 8.10) (Parkavi et al., 2024). Although the model offers moderate accuracy,
its strongest aspect is its explainability. The pedagogical interpretability of each rule provides an
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important advantage, especially for educational decision processes. Studies such as Yadav et al. (2014)
explain that the reason why such systems are preferred especially in analyses to understand learning
behaviours is that they provide interpretable results rather than technical accuracy. This situation brings
the importance of ‘accuracy-interpretability balance’ in educational technologies back to the agenda. The
PISA 2022 Turkey report provides data that will make this balance meaningful. The fact that a large
proportion of students in the Turkish sample are below the second achievement level and exhibit low
performance in high-level cognitive tasks (MoNE, 2023) necessitates a closer understanding of
individual learning pathways. In this context, the rule-based inferences provided by FPM can be
considered not only as a prediction tool but also as an explanatory system that can contribute to
shaping teaching strategies.

In order to compare the Fuzzy Propositional Model (FPM) with alternative fuzzy systems, the ANFIS
model trained on the same transaction data with the FPM was evaluated comparatively. The findings
revealed that the ANFIS model offered higher prediction accuracy in terms of RMSE value (0.666) than
the FPM (0.970). Bootstrap analysis with 1000 iterations showed that this difference was statistically
significant (95% Cl: [0.297, 0.306)). This finding reveals that ANFIS has a stronger structure in terms of
learning and generalising student processing patterns.

However, this superiority does not mean an absolute preference. The literature emphasises that artificial
intelligence systems used especially in the educational context should be evaluated not only on the
basis of accuracy, but also in terms of explainability, computational efficiency and pedagogical suitability
(Zadeh, 1999). Although the accuracy level of systems such as ANFIS is high, the lack of transparency of
decision processes and the inability to directly see the rule base are among the limiting factors in
educational technologies (Parkavi et al., 2024). On the other hand, although FPM has a lower accuracy
level, it has a structure that can provide advantages in planning teaching strategies thanks to its
pedagogically interpretable rule structure and low resource consumption. In particular, the FPM's Fuzzy
Set Transformer matrix structure enables it to establish meaningful relationships without the need to
write a large number of rules. Thanks to this feature, it provides advantages in terms of explainability,
transparency and ease of application in low-resource, i.e. resource-constrained educational
environments.

The PISA 2022 Turkey results also provide a context for making sense of this preference. The fact that
the majority of students in the Turkish sample are concentrated at the basic achievement level requires a
better understanding of individual differences (MoNE, 2023). While systems such as FPM can provide
clues to explain these differences, models such as ANFIS can predict these differences more precisely.
In this context, model selection should be evaluated not only according to statistical success but also
according to the purpose of use. In educational technologies, FPM can still be considered as a valid and
applicable solution when it is aimed both to provide information to the decision maker and to support
the learning process.

5. Sonug
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This study presented an alternative achievement prediction method that analyses student interactions
through process data instead of classical true-false based assessment approaches. The Fuzzy
Propositional Model (FPM) enabled the interpretation of student behaviours with low resource
requirements and stood out as a model that meets the need for explainability, especially in education.
The applied model was able to distinguish general achievement trends based on transaction data, but
could reflect individual differences to a limited extent.

In the comparison with the ANFIS model applied on the same data set, it was observed that ANFIS
provided more successful prediction results with a lower RMSE value (0.666). However, this increase in
accuracy was accompanied by the limitations of the system such as low explainability and high
computational cost. FPM is still a strong candidate for educational decision support systems with its
interpretable rule base, simple structure and low resource requirements.

6. Recommendations

In line with the findings of this study, the following development areas are suggested:
1. Comparative Model Tests:

Fuzzy inference systems other than FPM (Mamdani, Sugeno, ANFIS) should be tested on advanced
platforms (e.g. MATLAB) with the same data set; comparative analyses should be conducted with
metrics such as RMSE, MAE and R2.

2. Careful Integration of Data-Driven Models:

Learning systems such as ANFIS can optimise membership functions over data and increase model
precision. However, careful evaluation should be made in such systems in order not to lose
explainability.

3. Redefinition of Membership Functions:

Testing the membership functions with different distributions (e.g. normalised scores instead of
quartiles) and in different country samples can increase the generalisability of the model.

4. Reinforcement with Cognitive Process Modelling:

The relationship between process data and student achievement can be made explanatory not only at
the behavioural level but also at the cognitive level by supporting it with methods such as Cognitive
Diagnostic Modelling.

5. Hybrid Model Approaches:

The development of new generation ‘XAl + Fuzzy’ hybrid models that can benefit from the learning
capacity of systems such as ANFIS while maintaining the explainability of FPM can provide a balance of
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accuracy and transparency.

7. Limitations

This study has some limitations:

The sample is limited to the PISA 2022 Turkey data set. Contextual factors such as digital testing
experience, education system, socioeconomic structure may affect the obtained processing patterns.
Therefore, it is recommended to re-test the results with different country samples.

The study was limited to three tasks belonging only to the ‘multiplicity’ domain of mathematical literacy.
The evaluation of tasks belonging to different sub-domains together with student attitudes and cognitive
profiles can expand the scope of the model.
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Figure 1

Prediction process based on the Fuzzy Propositional Model (FPM) structure.
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Figure 2

Membership Functions for Five Process Variables Used in the Fuzzy Propositional Model
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Comparison of Actual vs Model Scores (First 50 Records)
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Figure 3

Comparison of predicted and actual student scores (first 50 students). The predicted score remains
constant, revealing the model’s limited sensitivity to individual differences.
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Figure 4

Scatter plot illustrating the relationship between total response time and actual score. The weak linear
pattern reflects the model's limited explanatory capacity regarding response behavior.
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Membership Functions for Total Response Time
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