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Abstract. The increasing use of artificial intelligence (AI) in mental health
prediction highlights the need for models that are both accurate and explainable. This
paper proposes an explainable hybrid Al framework that integrates the K-Nearest Neigh-
bors (KNN) classifier with fuzzy rough set (FRS) rule induction to provide transparent,
human-readable explanations of predictions. The framework combines the predictive
strength of KNN with the interpretability of FRS-generated fuzzy linguistic rules,
enabling clear post hoc reasoning without sacrificing accuracy. A large-scale mental
health dataset is utilized, comprising behavioral, psychological, and lifestyle attributes,
with “coping struggles” as the target variable. The FRS-based rule induction process
is formally described using fuzzy similarity relations, lower and upper approximations,
and a tunable soft matching mechanism. FExperimental results show that the hybrid model
achieves 94.5% accuracy, 87.7% precision, 100% recall, and 93.4% F1-score, while pro-
ducing high-coverage rules that closely align with the KNN predictions. Compared to
a traditional fuzzy inference system (FIS), the proposed framework demonstrates supe-
rior scalability and fidelity in high-dimensional settings. These findings illustrate the
potential of combining statistical learning and symbolic reasoning through FRS to de-
velop interpretable, scalable, and trustworthy Al tools for mental health screening and
decision support, addressing an underexplored area in the existing literature.

Keywords: explainable artificial intelligence; fuzzy rough sets; interpretable machine
learning; mental health prediction; rule induction

1. Introduction

The global prevalence of mental health disorders, including depression, anxiety, and
stress-related conditions, has escalated in recent years, posing significant challenges
to healthcare systems. These conditions affect millions worldwide and necessitate
timely, accurate assessment tools to facilitate early intervention and personalized
care. Artificial intelligence (AI) has emerged as a promising avenue for enhancing

341



342 Rustam

mental health diagnostics and treatment planning, offering capabilities to analyze
complex datasets and identify patterns beyond traditional analytical methods [1,2].

A major challenge, however, lies in the opacity of many AI models—often re-
ferred to as “black-box” systems—which provide predictions without transparent
reasoning pathways. This limits clinician trust and hinders adoption, especially in
mental health contexts where understanding the rationale behind a decision is cru-
cial [3,4]. Explainable Artificial Intelligence (XAI) seeks to address this issue by
making AT decisions interpretable to humans, thereby enhancing clinical applica-
bility, patient acceptance, and trust [5,6].

Among XAI methodologies, fuzzy logic stands out for its ability to handle un-
certainty and mimic human reasoning [7,8]. Its capability to represent subjective
mental health indicators such as “feeling down” or “experiencing stress” through
fuzzy sets has been widely demonstrated. Recent advances in fuzzy clustering have
also improved robustness in handling incomplete and noisy data [9], further sup-
porting its applicability to mental health prediction.

Previous work has applied fuzzy inference systems (FIS) for depression assess-
ment [10,11] and decision support in educational and clinical settings [12,13]. More
recently, hybrid models combining fuzzy logic with modern AI methods have been
proposed to integrate symbolic reasoning with statistical learning, enhancing both
accuracy and interpretability [14,15]. However, most fuzzy systems rely on manu-
ally constructed rules, which are time-consuming to develop and difficult to scale in
high-dimensional spaces. Data-driven rule induction techniques such as fuzzy rough
sets (FRS) offer a promising alternative [16,17].

Despite these advances, there remains a lack of benchmarking of fuzzy logic-
based approaches against high-performing machine learning models on large-scale
mental health datasets, particularly with explicit evaluation of rule-level fidelity
and coverage. Addressing these gaps, this paper introduces a hybrid explainable Al
framework that integrates the predictive power of K-Nearest Neighbors (KNN) with
FRS-based rule induction, alongside a transparent FIS baseline for comparison.

The main contribution of this study lies in the design and evaluation of a
transparent fuzzy inference system (FIS) using expert-defined rules based on core
psychological indicators, and in the development of a hybrid explainable AT frame-
work that combines the predictive strength of the K-Nearest Neighbors (KNN)
classifier with the interpretability of fuzzy rough set (FRS) rule induction. The
proposed framework not only achieves strong predictive performance, as measured
by standard classification metrics such as accuracy, precision, recall, and Fl-score,
but also provides linguistically interpretable explanations through compact rule sets
whose fidelity and coverage with respect to the underlying classifier are explicitly
evaluated. By leveraging the theoretical rigor of FRS for automated, data-driven
rule induction, the framework overcomes the scalability limitations of manually con-
structed fuzzy systems, enabling its application to multi-feature, high-dimensional
mental health datasets while preserving interpretability for real-world decision sup-
port.
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2. Related Work

AT adoption in mental health aims to improve diagnostic accuracy, treatment per-
sonalization, and early intervention [18,19]. Fuzzy logic and XAI have emerged as
key approaches for addressing the inherent uncertainty of mental health assessment
[20,21].

Fuzzy logic offers a mathematical framework for handling imprecision, making
it effective for modeling subjective indicators. Studies have demonstrated its use
in depression assessment with interpretable reasoning [22,23] and in decision sup-
port for various populations [24,25]. In parallel, XAI methods have been applied
to mental health prediction from wearables, questionnaires, and social media data,
enabling actionable insights [26,27,28,29,30,31,32].

Hybrid systems integrating fuzzy logic with Al combine the adaptability of ma-
chine learning with the transparency of rule-based models [33,34]. These have proven
valuable in domains where interpretability is essential [35,36], with automated rule
extraction reducing reliance on manual rule design [37,38]. Rough set theory and
association rule mining have also supported interpretable healthcare models [39].

FRS is a particularly promising yet underutilized tool for explainability, of-
fering a principled way to handle vagueness in rule extraction while maintaining
consistency with observed data [40]. FRS-based approaches can produce concise,
human-readable rules that approximate complex classifiers [16,41,42]—a key advan-
tage in mental health, where symptom patterns are often overlapping and context-
dependent.

Challenges remain in ensuring generalizability across contexts [43,44,45] and
integrating XAI into clinical workflows [46,47]. Nonetheless, combining fuzzy logic
and XAI aligns with responsible AT goals [48,49,50,51]. This study addresses the
underexplored integration of high-performing ML with FRS-based explainability,
aiming to achieve both scalability and interpretability for mental health screening
and intervention.

3. Dataset and Proposed Methodology
3.1. Owverview of the Proposed Hybrid Explainable AI Framework

The main objective of this study is to develop a hybrid explainable AI frame-
work that integrates the predictive strength of the K-Nearest Neighbors (KNN)
classifier with the interpretability of fuzzy rough set (FRS) rule induction. This ar-
chitecture maintains high classification performance while generating transparent,
human-readable explanations in the form of fuzzy linguistic rules.

The framework consists of three main components:

(1) Predictive Core (KNN): Trained on a curated subset of features from
the dataset to maximize predictive accuracy for the target variable Coping
Struggles.

(2) FRS Rule Induction Layer: Extracts a compact set of interpretable fuzzy
if-then rules that approximate the decision boundaries of the KNN model.

(3) Explainability Metrics: Uses coverage and fidelity to evaluate how well the
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extracted rules explain the underlying KNN predictions.

The proposed framework is a novel hybrid model that explicitly integrates a
high-performing predictive component with a transparent explanation layer. The
predictive core employs the K-Nearest Neighbors (KNN) classifier, selected based
on its superior accuracy in baseline evaluations. The explainability layer is con-
structed using a mathematically grounded Fuzzy Rough Set (FRS) rule induction
process, which follows a systematic pipeline: computing fuzzy similarity relations
between instances, constructing lower and upper approximations, and generating
fuzzy if-then rules that are both interpretable and clinically meaningful. Each rule
is evaluated using quantitative metrics such as support and confidence, ensuring
that only reliable patterns are retained. The quality of the generated explanations
is further assessed using coverage and fidelity metrics, which measure the proportion
of instances explained by the rules and the degree of agreement with the predictive
core, respectively. A tunable soft matching threshold is incorporated to balance the
trade-off between interpretability and predictive precision. This explicit integration
of KNN with FRS rule induction results in a well-defined architecture that goes
beyond a simple combination of existing methods, providing a coherent and repro-
ducible hybrid model capable of delivering high predictive performance while main-
taining transparent and mathematically traceable explanations for mental health
prediction.

3.2. Dataset and Preprocessing

This study uses a curated version of the “Mental Health in Tech Survey” dataset,
consisting of 10,000 records with 17 categorical attributes describing demographic,
behavioral, and mental health-related factors.

3.2.1. Dataset Structure

The attributes are grouped as follows:

e Demographic: gender, country, occupation, self-employed.

e Mental health status/history: family history, treatment, mental health history,
coping struggles, mood swings.

e Behavioral and lifestyle: days indoors, growing stress, changes habits, work
interest, social weakness.

e Healthcare access and preferences: mental health interview, care options.

3.2.2. Target Variable

The target variable Coping Struggles is binary (Yes/No) and indicates whether a
respondent experiences challenges in coping with psychological, social, or emotional
pressures. It is clinically meaningful, well-distributed, and suitable for fuzzy rule-
based inference.
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3.2.3. Data Quality and Transformation

The dataset is complete for core predictive features, with only 249 missing values
in the self-employed attribute, handled via imputation or exclusion. For fuzzy
modeling, categorical responses are mapped to a 0-10 numeric scale to define in-
terpretable membership functions. A subset of seven features was selected based
on clinical relevance and predictive contribution: Growing Stress, Mood Swings, So-
cial Weakness, Changes Habits, Mental Health History, Work Interest, and Days
Indoors.

3.3. Predictive Core: K-Nearest Neighbors (KNN)

KNN is chosen as the predictive core based on baseline comparisons with Logistic
Regression, Naive Bayes, and Support Vector Machine. It classifies instances based
on the majority label among nearest neighbors in the feature space, making it well-
suited for the dataset’s distribution.

3.4. FRS Rule Induction Layer

The FRS layer extracts rules that approximate the KNN classifier’s decision func-
tion.

Fuzzy Indiscernibility Relation

For attribute a € A with fuzzy partition {T},T2,-.- ,TF}, the fuzzy similarity
between x; and x; is:

Ro(wiyey) = _max  min (g, (@), iy (@) (3.1)
3i=1,2,-, a a

The overall relation over A is:

Ra(xi,xj) = min Rq (x5, ;). (3.2)
acA

Fuzzy Lower and Upper Approximations

For decision class d with membership:

(@) = {1 if D(z) = d, (33)

0 otherwise,

the lower and upper approximations are:

pexo(@) = inf max (1= Ra(z,y), nx (), (3.4)

IR (@) = sup min (Ra(z,y), px(y)) - (3.5)
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Rule Construction and Matching

A fuzzy rule is:

IF )\ (ais T,) THEN D =d, (3.6)
a€ER’
with degree of matching:
MCond(x) = ;reuRn, KT, (.’t), (37)
and consequent match:
1 if D(z) =d,
—d(z) = 3.8
#p=a(@) {0 otherwise. (3:8)

Rule Support and Confidence

Support:
Supp(r) =3 pcond(x) - pp—a(z), (3.9)
zeU
Confidence:
Supp(r)
Conf(r) = =s=————>+—. 3.10
1) > zev Hcond(w) (3.10)

3.5. Explainability Metrics

Coverage:
Test on >0
Coverage = [ € Tes |T’L:3(;t| a() }| (3.11)
Fidelity:
Test on >0 D = drule

Hz € Test | pcona(z) = 0}

Coverage measures the proportion of test instances to which at least one fuzzy
rule applies. Fidelity measures agreement between rule-based predictions and the
KNN classifier among covered instances.

3.6. Baseline Explainable Model: Fuzzy Inference System (FIS)

For comparison, a baseline FIS was built using three variables: Growing Stress,
Mood Swings, and Social Weakness. The output Coping Struggles is defined over
[0,10] with triangular membership functions:

0 ifx<aorz>c,
rT—a .
p(z;a,b,c) = — ifa<xz<b, (3.13)
S fb<z<e
c—b

Out of 33 = 27 possible rules, seven clinically relevant ones were selected to prioritize
detection of high-risk cases. The FIS serves as a transparent benchmark but exhibits
scalability issues in high-dimensional settings.
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4. Results and Discussion

This section presents and discusses the experimental results obtained from multiple
evaluation scenarios designed to assess both predictive performance and explain-
ability. The analysis proceeds in stages. First, we establish baseline performance
using conventional machine learning models, including Logistic Regression, Naive
Bayes, Support Vector Machine, and K-Nearest Neighbor. Second, we evaluate a
baseline Fuzzy Inference System (FIS) as an inherently interpretable model. Third,
we introduce and analyze the proposed Hybrid Explainability Framework, which
combines a high-performing KNN model with Fuzzy Rough Set (FRS)-based rule
induction to provide interpretable explanations of model predictions.

For the hybrid framework, we compare two matching strategies—Crisp Match-
ing and Soft Matching—examining the trade-offs between rule coverage and fidelity,
calculated according to Eq. (3.11) and Eq. (3.12), respectively. The results demon-
strate the strengths and limitations of each approach, providing insights into their
applicability across different practical scenarios.

4.1. Baseline Machine Learning Models

As a foundation for comparison, we first evaluate the classification performance
of several commonly used machine learning (ML) algorithms on the target mental
health dataset. The models examined include Logistic Regression (LR), K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), and Naive Bayes (NB). Each
model was trained and tested using consistent preprocessing and evaluation proto-
cols, and their performance was assessed based on four standard metrics: Accuracy,
Precision, Recall, and F1 Score.

Table 1 summarizes the results. Among the evaluated models, the K-Nearest
Neighbors classifier achieved the highest overall performance, with an impressive ac-
curacy of 98.85%, precision of 98.52%, recall of 99.35%, and F1 score of 98.93%.
These results suggest that KNN is highly effective in capturing the underlying struc-
ture of the data, consistent with the fuzzy similarity aggregation in Eq. (3.2), where
classification depends on proximity relationships among instances.

Support Vector Machine followed with moderate performance, achieving an ac-
curacy of 76.80% and an F1 score of 78.57%. Although SVM exhibited better recall
than precision, it struggled to generalize as effectively as KNN. Logistic Regression
and Naive Bayes showed notably lower accuracy (67.15% and 66.95%, respectively),
with corresponding F1 scores below 70%. These results reflect their limitations in
handling non-linear and potentially overlapping class distributions.

The dominance of KNN in this setting may be attributed to its instance-
based nature, which is conceptually related to the fuzzy indiscernibility relation in
Eq. (3.1), where similarity between objects drives decision-making. However, KNN
lacks inherent interpretability, making it challenging to extract human-readable
justifications for its predictions. This motivates the integration of KNN with inter-
pretable rule-based reasoning from FRS.
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Table 1: Performance of Baseline Machine Learning Models

Model Accuracy Precision Recall F1 Score
Logistic Regression 0.6715 0.6859 0.7105 0.6982
K-Nearest Neighbors 0.9885 0.9852 0.9935 0.9893
Support Vector Machine 0.7680 0.7738 0.7998 0.7856
Naive Bayes 0.6695 0.6925 0.6866 0.6895

4.2. Fuzzy Inference System (Baseline Explainable Model)

To establish a transparent and interpretable baseline for mental health screening, a
fuzzy inference system (FIS) was developed using expert-derived linguistic rules as
in Eq. (3.6) and triangular membership functions defined in Eq. (3.13). Unlike black-
box classifiers, the FIS provides a rule-based reasoning framework that translates
psychological input variables into interpretable if-then statements.

The system was designed to operate based on core psychological indicators, and
its performance is summarized in Table 2. The FIS achieved an accuracy of 52.03%,
precision of 52.88%, recall of 90.91%, and an F1 score of 66.86%.

Table 2: Performance of Fuzzy Inference System (FIS)

Model Accuracy Precision Recall F1 Score

FIS 0.5203 0.5288 0.9091 0.6686

While accuracy and precision are relatively low, the system demonstrates high
recall—reflecting an emphasis on inclusiveness, even at the expense of false posi-
tives. In terms of rule metrics, the expert-crafted rules inherently balance support
(Eq. (3.9)) and confidence (Eq. (3.10)) differently from data-driven models, priori-
tizing coverage of high-risk cases.

However, scaling the FIS to all seven selected features led to rule explosion
per Eq. (3.6), resulting in sparse rule activation and degraded performance. This
limitation motivates adopting a data-driven fuzzy rule induction process to handle
high-dimensional inputs.

4.3. Proposed Hybrid Explainability Framework (KNN + FRS
Ezxplain)
The hybrid framework integrates KNN’s predictive performance with FRS-based
interpretable rules. Using fuzzy lower and upper approximations (Eq. (3.4) and
Eq. (3.5)), the FRS layer approximates KNN’s decision regions. Rule activation
follows Eq. (3.7), with rule quality assessed via Eq. (3.9) and Eq. (3.10).
The framework achieved accuracy of 94.5%, precision of 87.7%, recall of
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100%, and an F1 score of 93.4% (Table 3), outperforming all baselines and pre-
serving interpretability.

Table 3: Performance of Proposed Hybrid Explainability Framework (KNN + FRS
Explain)

Model Accuracy Precision Recall F1 Score

KNN + FRS Explain 0.9450 0.8770 1.0000 0.9340

In addition to predictive performance, the framework extracted ten high-
coverage, linguistically interpretable rules using the procedure in Eq. (3.6)—(3.10).
These rules are shown in Table 4.

Table 4: Top 10 Extracted Fuzzy Rough Set Rules (FRS)

Conclusion (Coping Struggles)

SysZzzzazz
FEFFFEEEF%

4.4. Rule Coverage and Fidelity: Crisp vs Soft Matching

Coverage and fidelity are computed using Eq. (3.11) and Eq. (3.12). In crisp match-
ing (6 = 0), antecedents must fully satisfy the membership conditions in Eq. (3.7).
In soft matching, partial satisfaction is allowed when pcona(z) > 6.

Table 5: Crisp vs Soft Matching Summary: Rule Coverage and Fidelity

Matching Type Coverage (%) Fidelity (%)

Crisp 85.12 71.20
Soft 6§ =0.1 85.12 71.20
Soft 6 = 0.2 58.68 54.93
Soft 6 = 0.3 58.68 54.93
Soft 0 = 0.4 11.57 100.00
Soft 6 = 0.5 11.57 100.00
Soft 6 = 0.6 6.06 100.00
Soft § = 0.7 0.00 0.00

Soft 6 = 0.8 0.00 0.00

Soft 6§ = 0.9 0.00 0.00
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Lower 6 increases the denominator in Eq. (3.12), raising coverage but potentially
reducing agreement. Higher 6 yields high agreement but reduced explanatory reach,
reflecting the precision—coverage trade-off in interpretable models.

Novelty and Contribution

The novelty lies in combining symbolic reasoning from FRS (Eq. (3.6)—(3.10)) with
statistical classification (KNN), decoupling prediction from explanation. This mod-
ular approach maintains accuracy while generating rules aligned with the base
model’s decision boundaries.

Comparative Insights

Compared to the standalone FIS using Eq. (3.13), the hybrid approach scales to
seven features without rule explosion. Against black-box ML models, it offers trans-
parency via rules computed per Eq. (3.7)—(3.10), validated by coverage and fidelity
in Eq. (3.11)—(3.12).

5. Conclusion

This paper introduces a well-defined hybrid explainable AI framework that inte-
grates the predictive capability of the K-Nearest Neighbors (KNN) classifier with the
interpretability of fuzzy rough set (FRS) rule induction for mental health prediction.
Unlike a conventional fuzzy inference system (FIS), the proposed framework is
architecturally composed of two distinct but integrated layers: a predictive core,
implemented via KNN to achieve high baseline accuracy on the Coping Struggles
classification task, and an explainability layer, formulated through fuzzy similarity
relations, lower and upper approximations, fuzzy if-then rule construction, and rule
quality measures. Experimental evaluation on a large-scale mental health dataset
demonstrates that the hybrid model achieves 94.5% accuracy, 87.7% precision,
100% recall, and 93.4% F1l-score, while maintaining strong rule coverage and fi-
delity under both crisp and soft matching schemes. The extracted fuzzy rules are
semantically coherent, clinically interpretable, and exhibit high agreement with the
KNN predictions. By decoupling the learning and explanation layers mathemati-
cally yet integrating them functionally, the proposed architecture mitigates the rule
explosion problem commonly faced by traditional FIS in high-dimensional spaces,
while preserving interpretability. These results confirm that fuzzy rough set the-
ory provides a principled mathematical foundation for generating faithful, human-
readable explanations of statistical learning models. The framework offers a scalable
and trustworthy solution for Al-based clinical decision support, bridging the gap
between predictive performance and interpretability in real-world mental health
applications.
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