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Abstract—We introduce an interpretable clinical classification
framework that couples Adaptive Neuro-Fuzzy Inference Systems
(ANFIS) with Fuzzy Random Forests (FRF) to achieve high
performance while maintaining transparent decision logic. In the
proposed design, ANFIS learns data-driven Gaussian member-
ship functions and optimizes their mean and sigma parameters,
which are then used to induce a robust FRF ensemble for
decision-making. The end-to-end pipeline follows a leakage-aware
methodology: (i) stratified train–test splitting with skewness-
aware imputation computed strictly from the training set; (ii) Z-
score normalization (zero mean, unit variance) fitted on training
data only; (iii) mutual information–based feature selection via
SelectKBest to obtain a compact, discriminative subset; (iv)
SMOTE class balancing applied exclusively to the training set;
(v) ANFIS-based optimization of Gaussian membership param-
eters; and (vi) FRF construction using ANFIS-optimized fuzzy
partitions to produce interpretable predictions. Experiments on
two UCI benchmarks (Cleveland Heart Disease and Wisconsin
Diagnostic Breast Cancer) show that the ANFIS–FRF framework
achieves AUC values of approximately 0.95 and 0.99, respectively,
matching or exceeding strong baselines such as Random Forest
and XGBoost. Importantly, the model yields a human-readable
rule set, whose interpretability is further examined through an
LLM-assisted evaluation. By decoupling fuzzy feature learning
(ANFIS) from decision logic induction (FRF) and embedding
mutual information-driven feature selection within rigorous pre-
processing, the proposed approach provides an accurate, robust,
and transparently explainable solution for clinical decision sup-
port.

Index Terms—ANFIS, Fuzzy Random Forest, Heart Disease,
Breast Cancer, Explainable AI, Medical Diagnosis, LLM Evalu-
ation.

I. INTRODUCTION

Recent advances in Artificial Intelligence (AI) have in-
creased the use of machine learning methods in various
medical domains [1]. This has also opened many opportunities
to enhance the accuracy and efficiency of diagnosis. Yet
deploying AI in safety-critical clinical workflows remains
challenging due to the requirements for interpretability, au-
ditability, and trustworthiness [2]. Healthcare institutions must
not only obtain accurate predictions but also understand the
reasoning behind them to support clinician oversight, patient
safety, and regulatory compliance [3].

Conventional machine learning, especially Deep Learning
(DL), often operates as a ”black box” that produces out-
puts without a transparent rationale [3], [4]. This opacity is
problematic in medicine, where clinical acceptance hinges on
traceable, human-understandable justifications [3]. Although
explainable AI (XAI) has produced both model-agnostic and

model-specific techniques to mitigate this gap [4], practical
solutions must balance clarity with predictive strength and
robustness to real-world data issues (missingness, imbalance,
noise).

Fuzzy logic-based, model-specific approaches provide lin-
guistic rules that align with clinical reasoning. Adaptive
Neuro-Fuzzy Inference Systems (ANFIS) seem attractive in
this regard, combining neural learning with interpretable rule
bases [5]. However, ANFIS can suffer from the rule explosion,
eroding interpretability and complicating maintenance. At the
other end, classical decision-tree ensembles (e.g., Random For-
est, XGBoost) offer strong accuracy, fast training, and modest
memory usage [6]. Yet they may lack intuitive mapping of
inputs to higher-level clinical concepts [6] and can be unstable
under slight distribution shifts [7].

Fuzzy Random Forest (FRF) classifiers could be the solution
that combines the strengths of ANFIS and classical ensembles.
Proposed by Bonissone et al. [8], they have the robustness
of diverse tree classifiers and the flexibility of fuzzy logic.
Moreover, each fuzzy decision tree bridges the gap between
crisp data and interpretable concepts while achieving strong
performance rates [6]. FRF has also been shown to exhibit no
significant degradation in performance with noisy and imper-
fect datasets [8], which are often prevalent in the healthcare
sector.

We therefore propose a hybrid framework offering the
following key contributions:

• ANFIS-guided ensemble learning to define fuzzy clinical
features, used for robust and interpretable decision logic;

• FRF rule extraction through a traversal algorithm, provid-
ing a global view of the model’s decision-making process;

• LIME technique as a model-agnostic explainable AI tool
for instance-level transparency;

• LLM-based explanation is incorporated to translate acti-
vated fuzzy rules, LIME, and ensemble prediction into
concise and clinician-readable rationales.

The remaining part of the paper is structured as follows:
Section II reviews related work on neuro-fuzzy modeling,
fuzzy random forests and ensembles, and interoperability
techniques. Section III provides a detailed description of our
proposed pipeline, including dataset descriptions, preprocess-
ing, and LLM prompts. Section IV discusses the results and
ablations, with interpretability and robustness analyses, and
highlights limitations. Section V concludes the study with
future considerations.



Data Preprocessing

ANFIS guidance

Outputs

Fig. 1. Proposed ANFIS-FRF framework pipeline: A stratified train-test split
is performed first to prevent data leakage. The training data then undergoes
skewness-aware imputation, Z-score normalization, and feature selection using
SelectKBest with Mutual Information. SMOTE is applied only to the training
set to preserve the natural test distribution. ANFIS is trained on the balanced
training data to learn MF values, which are then extracted to construct the
FRF ensemble classifier. The final explanation is generated by prompting the
LLM with the resulting fuzzy rules, LIME diagram, and ensemble prediction.

Note: All the framework code written in Python will be
made available upon request. The datasets used in this study
are publicly available.

II. RELATED WORK

Neuro-fuzzy models are prominent in clinical decision sup-
port because they can learn from data while preserving human-
interpretable rule semantics. Recent studies demonstrate that
carefully designed fuzzy rule-based systems can achieve strong
diagnostic performance on tabular medical benchmarks [9],
and that hybrid fuzzy deep learning architectures can im-
prove accuracy while retaining interpretability components [3].
Moreover, ANFIS has been combined with large language
models (LLMs) in explainable pipelines, where the LLM
performs the main task, and ANFIS provides a reliability or
verification layer [5]. These directions motivate using ANFIS
not only as an end classifier but also as a learnable module
for producing clinically meaningful fuzzy representations that
can be transferred to downstream models.

Ensemble methods remain strong baselines for medical
tabular classification, and fuzzy extensions aim to improve
robustness under uncertainty and noise. Fuzzy Random Forest
(FRF) has been applied to heart disease prediction with
preprocessing and balancing strategies, illustrating the value of
fuzzy partitions inside tree ensembles [7]. Other variants inject
fuzzy uncertainty into the split criterion or tree induction,
such as fuzzy-entropy–guided forests [10] and intuitionistic
fuzzy decision tree ensembles [6]. However, existing fuzzy-
ensemble approaches rely on predefined membership functions
or heuristic fuzzy partitions, which raises the question of
how to learn data-driven fuzzy partitions while keeping the
ensemble rule logic interpretable.

In clinical settings, explanations are needed at both the
model level (global logic) and the instance level (why this
patient was classified this way). Rule-based explanations from
fuzzy systems offer transparent decision logic, while model-
agnostic approaches (e.g., LIME and SHAP) provide feature-
attribution views for arbitrary predictors [4]. Local explana-
tion methods have been emphasized as particularly important
in healthcare, where clinicians’ trust depends on case-level
reasoning [2]. More recently, LLMs have been explored as
interfaces for translating model outputs into clinician-readable
narratives, but their stochasticity and evaluation remain active
concerns [11], [12]. These works implicitly show the potential
in combining explicit fuzzy rules with model-agnostic ap-
proaches and controlled LLM-generated summaries to deliver
explanations that are both structured and accessible.

III. PROPOSED METHODOLOGY

The proposed methodology uses a leakage-aware pipeline in
which ANFIS learns data-driven Gaussian membership func-
tions (MFs) and exports their parameters to a Fuzzy Random
Forest (FRF) to enable interpretable rule-based classification.
The overall architecture is shown in Fig. 1.

A. Datasets
We evaluate on two UCI datasets (Table I). Cleveland

Heart Disease has 303 records and 13 input features (plus the
target): age, sex, cp, trestbps, chol, fbs, restecg, thalach, exang,
oldpeak, slope, ca, thal [13]. Following common practice,
we convert the original 5-level target to binary classification
(disease present vs. not present) [7]. We do not need to apply
categorical encodings, as it has already been handled by UCI
[13]. Wisconsin Diagnostic Breast Cancer (WDBC) has 569
records and 30 real-valued input features grouped as mean,
standard error, and worst measurements for: radius, texture,
perimeter, area, smoothness, compactness, concavity, concave
points, symmetry, fractal dimension [14].

B. Data split and preprocessing
We use a stratified 80/20 train–test split, and all prepro-

cessing steps are fit on the training split only and then applied
to the test split. For Cleveland, missing values are imputed
via a skewness-aware strategy [15]: mean if |skew| ≤ 0.5,
median if skew > 0.5, otherwise mode. Features are stan-
dardized using Z-score normalization (fit on train only) [7].
To limit ANFIS rule growth, we apply SelectKBest with
mutual information and retain the top-k predictors (Cleveland:
k = 7, WDBC: k = 8). Finally, SMOTE (Synthetic Minority
Oversampling Technique) is applied only on the training set
to address class imbalance [7], [10].

C. ANFIS for fuzzy feature learning
In our framework, ANFIS is used as a supervised fuzzy

feature learning module: it learns Gaussian MFs per selected
feature and exports the MF parameters (µ, σ) for FRF con-
struction. We use three Gaussian MFs per feature:

µf,j(xf ) = exp

(
− (xf − µf,j)

2

2σ2
f,j

)
, (1)



TABLE I
INFORMATION ON UCI DATASETS.

Dataset name Number of records Features number Number of classes Missing value present

Cleveland Heart Disease [13] 303 13 5 (2) Yes
Wisconsin Diagnostic Breast Cancer [14] 569 30 2 No

with σf,j clamped to σf,j ← max(σf,j , σmin) to avoid
degenerate partitions.
Rule firing. Let d be the number of selected features, R =
Md the number of rules, and r index an MF-choice vector
(j1, . . . , jd). The (unnormalized) firing strength is computed
using a product t-norm:

ϕr(x) =

d∏
f=1

µf,jf (xf ), (2)

and normalized as ϕ̄r(x) = ϕr(x)/
(∑R

r′=1 ϕr′(x) + ϵ
)

. We
use TSK-style consequents with bias-augmented input x′ =
[x; 1]:

o(x) =

R∑
r=1

ϕ̄r(x)
(
x′⊤Ar

)
, (3)

where Ar are learned consequent parameters and the model
is trained with cross-entropy loss. We trained ANFIS for 200
epochs with a learning rate of 0.005. After training, we export
the learned MF parameters mf_params=(µf,j , σf,j) as fixed
fuzzy partitions for the FRF.

D. Fuzzy Random Forest using ANFIS MFs

FRF represents an ensemble of fuzzy decision trees using
bootstrap samples and random feature subsets [6], [7]. Our
implementation trains an ensemble of 15 fuzzy decision trees
with a max depth of 8 for each tree. In contrast to standard
FRF, our fuzzy partitions are not hand-crafted: each split
uses membership degrees computed from ANFIS-exported
mf_params (Eq. 1).
Fuzzy entropy and information gain. At a node, each
training sample xi has weight wi ≥ 0, and there are C
classes. Define weighted class masses Sc =

∑
i:yi=c wi and

S =
∑

i wi, then pc = Sc/(S + ϵ). Fuzzy entropy is:

H(w, y) = −
C−1∑
c=0

pc log2(pc + ϵ). (4)

For the candidate split feature f , let (Mf )i,j = µf,j(xi,f )
be the membership matrix using Eq. 1. For branch j, define
child weights w

(j)
i = wi(Mf )i,j and Wj =

∑
i w

(j)
i . The

fuzzy information gain is:

Gf = H(w, y)−
M∑
j=1

Wj

W + ϵ
H(w(j), y), (5)

where W =
∑

i wi. Trees vote by averaging predicted class
probabilities across the ensemble.

Algorithm 1 FRF rule extraction (tree traversal) and scoring
1: Input: forest M = {Ti}Ni=1, threshold τ , (optional)

sample x
2: Initialize map RuleScore← ∅
3: for all trees Ti in M do
4: DFS(Ti.root, [ ], 1/N )
5: end for
6: R ← list of unique rules built from RuleScore
7: if x is provided then
8: Score each r ∈ R via s(x); filter scores < τ ; sort

descending
9: end if

10: return R (ranked if x is provided)
11:
12: function DFS(node, path, treeWeight)
13: if node is leaf then
14: A ← Simplify(path), c ← DominantClass(node),

w ← treeWeight× Confidence(node)
15: if |A| > 0 then
16: RuleScore[(A, c)] += w
17: end if
18: return
19: end if
20: for all children (j,child) of node do
21: DFS(child, path ∪[(node.featureIdx, j)],

treeWeight)
22: end for
23: end function

E. Rule extraction and scoring

For global interpretability, we traverse each fuzzy tree and
extract root-to-leaf decision paths as IF–THEN rules, then
merge identical rules across trees (see Algorithm 1). For a
path antecedent set A ending in a leaf with class distribution
q, define the consequent c⋆ = argmaxc qc and confidence
Conf = qc⋆ . With uniform tree weight 1/N , the rule weight
is:

w =
1

N
Conf. (6)

For a patient x, the rule activation is:

α(x) =
∏

(f,j)∈A

µf,j(xf ), (7)

and the patient-specific rule score is s(x) = wα(x), used to
rank rules for instance-level explanations. We prune the weak
rules that score less than 0.05.



F. LIME and LLM prompting

Alongside rule-based explanations, we use LIME to provide
instance-level feature attributions for individual predictions
[4]. To produce clinician-readable narratives, we prompt an
LLM (Google’s Gemini 2.5 Flash [16]) with (i) the top-ranked
extracted rules and (ii) the LIME explanation for the same
case, instructing it to focus on clinical meaning rather than
ML jargon.

You are a clinical AI assistant interpreting ML model predictions
for medical professionals. Explain which features most influenced
the prediction using the provided patient data: [*dataset row after
all preprocessing steps*] (feature, normalized value).
Reference these explanations: [*filenames for LIME and Fuzzy
rules (if ANFIS-FRF)*].
Focus on clinical relevance rather than data science jargon.
Explain the impact of high-importance features in relation to their
normalized values. Be concise and avoid headings.
Start your response exactly with: ’LLM explanation is as follows:’
(without quotes).

To reduce stochasticity, we use self-consistency by gen-
erating multiple candidate responses and selecting the most
consistent [17].

IV. RESULTS AND DISCUSSION

This section evaluates ANFIS-FRF against Random For-
est (RF) and XGBoost in terms of predictive performance
and explainability. We report both a stratified 80/20 holdout
evaluation and a stratified 10-fold cross-validation (CV). Ex-
plainability is analyzed using fuzzy rule extraction, LIME,
and clinician-oriented LLM narratives; explanation quality is
additionally scored using an LLM-as-a-Judge (LaaJ) protocol.

Due to space constraints, the confusion matrices, LIME di-
agrams, and LLM outputs are included only for the Cleveland
dataset.

A. Heart Disease Cleveland Evaluation

Fig. 2. Cleveland ANFIS-FRF Confusion Matrix.

Fig. 3. Cleveland XGBoost Confusion Matrix.

1) Holdout performance (80/20): Table II compares hold-
out performance under the same preprocessing setup. ANFIS-
FRF attains the best overall results on Cleveland, achieving
0.89 Accuracy, 0.85 Specificity, and 0.93 Recall, which yields
an F1-score of 0.89 and a Precision of 0.84. It also improves
NPV (0.93), MCC (0.77), and AUC (0.95) relative to RF and
XGBoost. The corresponding confusion matrices are shown in
Fig. 2 and Fig. 3.

TABLE II
HOLDOUT COMPARISON FOR CLEVELAND.

Metrics RF XGBoost *ANFIS-FRF

Accuracy 0.80 0.85 0.89
Specificity 0.76 0.81 0.85
Recall 0.86 0.89 0.93
F-1 score 0.80 0.85 0.89
Precision 0.75 0.81 0.84
NPV 0.86 0.90 0.93
MCC 0.61 0.71 0.77
AUC 0.90 0.92 0.95

2) 10-fold cross-validation: To assess robustness beyond a
single split, we performed a stratified 10-fold CV. In each fold,
imputation (if applicable), standardization, feature selection,
and SMOTE were fit on the training partition only and applied
to the validation partition to avoid leakage. As shown in
Table III, RF and XGBoost achieve similar mean accuracy
(≈0.79), while ANFIS-FRF attains the highest mean AUC
(0.87), indicating stable ranking performance across folds.

TABLE III
10-FOLD CV FOR CLEVELAND (MEAN ± STD).

Model Accuracy Precision Recall F1-macro AUC

RF 0.79 ± 0.05 0.79 ± 0.06 0.78 ± 0.05 0.79 ± 0.06 0.86 ± 0.05
XGBoost 0.79 ± 0.06 0.80 ± 0.06 0.79 ± 0.06 0.79 ± 0.06 0.86 ± 0.05
*ANFIS-FRF 0.77 ± 0.06 0.78 ± 0.06 0.77 ± 0.07 0.77 ± 0.07 0.87 ± 0.05



3) Local explainability (LIME) and LLM narrative: The
LIME diagrams are in the format shown in Fig. 4 (example for
ANFIS-FRF). We also generate clinician-oriented narratives
using the LLM prompt described in Section III-F; for brevity,
we report one representative explanation per model.

Fig. 4. Cleveland ANFIS-FRF LIME diagram.

The most consistent LLM-generated explanation from
LIME and Fuzzy Rule interpretations of ANFIS-FRF is as
follows:

ANFIS-FRF LLM explanation is as follows:
The prediction is ’No Disease’ (confidence: 67.2%), with strong
consensus (80% of decision trees agreeing). The most influential
features are:

1. thalach (29.0%): Normalized value 1.415, classified as
’HIGH’, strongly supports ’No Disease’ and suggests better
cardiovascular fitness.

2. exang (25.2%): Normalized value -0.696, classified as
’MEDIUM’, supports ’No Disease’; little or no exercise-induced
angina argues against obstructive coronary artery disease.

3. thal (21.1%): Normalized value -0.883, classified as ’LOW’,
supports ’No Disease’; this may indicate normal stress-test blood
flow and no defect.

4. slope (17.3%): Normalized value -0.958, classified as
’LOW’, supports ’No Disease’; in this context, ’LOW’ appears
favorable.

5. oldpeak (7.5%): Normalized value -0.8916, classified as
’MEDIUM’, supports ’No Disease’ and suggests minimal ST
depression.

The most consistent XGBoost LLM explanation is as fol-
lows:

XGBoost LLM explanation is as follows:
The prediction is ’No Disease’ and is influenced by the following
features:

1. thalach: Most positive influence (1.42); a higher exercise
heart rate is associated with the predicted outcome.

2. cp: Positive influence (0.87); the chest pain type or severity
may support the predicted outcome.

3. slope: Most negative influence (-0.96); the exercise ST slope
is associated with a decreased likelihood of the predicted outcome.

4. oldpeak: Negative influence (-0.89); exercise-induced ST de-
pression is associated with a decreased likelihood of the predicted
outcome.

5. thal: Negative influence (-0.88); a heart blood flow or wall
motion characteristic is associated with a decreased likelihood of
the predicted outcome.

6. exang: Negative influence (-0.70); exercise-induced angina is
associated with a decreased likelihood of the predicted outcome.

7. ca: Negative influence (-0.69); the number of major vessels

colored by fluoroscopy is associated with a decreased likelihood
of the predicted outcome.

4) LLM-based evaluation (Cleveland): To quantify expla-
nation usefulness, we apply the LaaJ protocol that scores
explanations on four criteria (completeness, coherency, faith-
fulness, and domain plausibility) using a 1–5 scale (higher
is better). For this protocol, we used a different instance of
Gemini 2.5 Flash to avoid biased judging. Table IV reports
the judge scores for the Cleveland case. Note that these scores
are illustrative rather than evidentiary: they may not match
human clinicians’ assessment of explanation quality in clinical
practice.

Overall, ANFIS-FRF scores higher on coherency and do-
main plausibility, reflecting clearer clinical framing and tighter
linkage between the model outputs and the final narrative.

TABLE IV
CLEVELAND EXPLANATIONS ASSESSED BY LLM

Criterion ANFIS-FRF XGBoost

Completeness 4 4
Coherency 5 4
Faithfulness 4 4
Domain Plausibility 5 4

B. WDBC Evaluation

1) Holdout performance (80/20): Table V reports holdout
performance on WDBC. RF achieves the best overall results,
while ANFIS-FRF remains competitive: it matches XGBoost
in AUC (0.99) and maintains high Recall (0.96) and Precision
(0.96), with MCC=0.89.

TABLE V
HOLDOUT COMPARISON FOR WDBC.

Metrics RF XGBoost *ANFIS-FRF

Accuracy 0.96 0.95 0.95
Specificity 0.95 0.93 0.93
Recall 0.97 0.96 0.96
F-1 score 0.96 0.95 0.95
Precision 0.97 0.96 0.96
NPV 0.95 0.93 0.93
MCC 0.92 0.89 0.89
AUC 0.98 0.99 0.99

2) 10-fold cross-validation: We also performed a stratified
10-fold CV on WDBC. Compared with RF and XGBoost,
ANFIS-FRF showed a lower mean accuracy and substantially
higher fold-to-fold variance, while still maintaining strong
AUC, indicating that class ranking remained good even when
the final decision boundary was unstable. This variance seems
to be primarily from the sensitivity of the ANFIS membership
learning stage to fold composition under the current model
capacity, rather than from a complete loss of separability. In



particular, the combination of the selected feature dimension-
ality and three membership functions per feature induces a
large fuzzy rule space, which can make the learned partitions
fold-dependent on a dataset of this size. The CV results
should be interpreted as evidence that the present ANFIS-
FRF configuration is not yet robust on WDBC, and that a
smaller membership-function count and a stronger per-fold
ANFIS training procedure are needed to improve stability.

TABLE VI
10-FOLD CV FOR WDBC (MEAN ± STD).

Model Accuracy Precision Recall F1-macro AUC

RF 0.94 ± 0.03 0.94 ± 0.03 0.93 ± 0.04 0.93 ± 0.04 0.97 ± 0.03
XGBoost 0.94 ± 0.03 0.93 ± 0.03 0.93 ± 0.04 0.93 ± 0.03 0.98 ± 0.03
*ANFIS-FRF 0.86 ± 0.11 0.88 ± 0.07 0.88 ± 0.09 0.86 ± 0.11 0.98 ± 0.02

3) LLM-based evaluation (WDBC): For a representative
malignancy prediction, the LaaJ scores are reported in Ta-
ble VII. ANFIS-FRF scores higher on completeness and co-
herency, while XGBoost attains higher faithfulness in this case,
consistent with a more direct attribution-style explanation.
As mentioned before, these scores are illustrative rather than
definitive.

TABLE VII
WDBC EXPLANATIONS ASSESSED BY LLM

Criterion ANFIS-FRF XGBoost

Completeness 5 4
Coherency 5 4
Faithfulness 4 5
Domain Plausibility 5 5

C. Studies Comparison

As summarized in Table VIII, ANFIS-FRF achieves com-
petitive performance on both datasets while additionally
emphasizing interpretability (fuzzy rules), local explanation
(LIME), and clinician-oriented narratives (LLM). Compared to
prior work, we consistently report clinically relevant summary
metrics such as specificity, MCC, and AUC in addition to
accuracy.

In Table IX, our proposition is also the only study that si-
multaneously supports multiple datasets, data balancing, inter-
pretability, LIME-based local explanations, and LLM-assisted
explanations, which collectively strengthen its suitability for
decision-support settings.

D. Limitations

While ANFIS-FRF demonstrates promising accuracy–
interpretability tradeoffs on two UCI medical benchmarks,
several limitations should be considered when interpreting the
findings. First, the experimental validation is limited to two
datasets (Cleveland Heart Disease and Wisconsin Diagnostic
Breast Cancer), which are relatively small and may not capture
the full heterogeneity, noise patterns, and dataset shift encoun-
tered in real clinical settings. Second, although the pipeline is

designed to reduce information leakage by fitting preprocess-
ing transformations on training data only, oversampling-based
balancing can still alter the effective decision boundary and
does not necessarily reflect real-world prevalence.

Third, the current hyperparameter configuration (e.g., mem-
bership function count, ANFIS training settings, and FRF
depth/ensemble size) was selected empirically, and systematic
sensitivity analyses and ablation studies remain to be con-
ducted. Fourth, the explanation stack combines rule extrac-
tion, LIME, and LLM-generated clinician-facing narratives,
but both generation and LLM-assisted explanation evaluation
introduce potential subjectivity and depend on the chosen
LLM (Gemini 2.5 Flash in this study). Finally, scalability
remains a practical concern because ANFIS-induced fuzzy rule
bases can grow rapidly with the number of selected features
and membership functions, potentially limiting straightforward
extension to higher-dimensional clinical datasets without ad-
ditional pruning or structural constraints.

V. CONCLUSION AND FUTURE WORK

This paper proposes ANFIS-FRF, a hybrid clinical clas-
sification framework that separates fuzzy feature learning
from decision-logic induction by training ANFIS to learn
Gaussian membership functions and transferring these learned
partitions to a Fuzzy Random Forest classifier. The pipeline
enforces leakage-aware preprocessing through stratified split-
ting, training-only fitting of imputation/standardization/feature
selection, and SMOTE applied exclusively to training data to
support clinically valid evaluation. Across Cleveland Heart
Disease and Wisconsin Diagnostic Breast Cancer, ANFIS-
FRF achieved strong discriminative performance (AUC ap-
proximately 0.95 and 0.99, respectively), remaining compet-
itive with Random Forest and XGBoost while preserving an
explicit, human-readable fuzzy rule set. To support clinician-
facing transparency, we complemented rule-based reasoning
with LIME explanations and LLM-generated narratives using
Gemini 2.5 Flash.

Future work will prioritize external clinical validation on
larger, multi-institutional datasets to assess robustness un-
der dataset shift and real deployment constraints. Additional
directions include broader ablations and sensitivity studies,
improved rule-growth control via pruning or constrained fuzzy
partitions, and more rigorous explanation evaluation incorpo-
rating clinician studies alongside multiple independent judging
protocols.
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