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ABSTRACT

Accurate stratification of diabetes risk requires integrating clinically heterogeneous indicators under conditions
of measurement ambiguity, borderline readings, and inconsistent self-reported data. This paper introduces a
Neutrosophic Cosine-similarity with CRITIC-weighted ideal-profile matching (NCRS–CRITIC) framework that
maps each patient record to an ideal disease profile and an ideal healthy profile simultaneously, using neutrosophic
truth, indeterminacy, and falsity membership functions. The degree of closeness to each profile is measured
through a weighted neutrosophic cosine similarity, where feature weights are derived via the CRITIC (CRIteria
Importance Through Intercriteria Correlation) method—capturing both the discriminative variability and the inter-
feature correlation structure objectively. A relative closeness coefficient (RC) aggregates dual-profile similarity
into a scalar risk score that respects both the evidence for and against disease simultaneously. Experiments on a
balanced 2000-instance subset of the CDC Behavioral Risk Factor Surveillance System (BRFSS) 2021 Diabetes
Health Indicators Dataset achieve an area under the ROC curve (AUC) of 0.869 and accuracy of 79.5% under
ten-fold cross-validation, competitive with fully supervised classifiers including Gradient Boosting Trees, Logistic
Regression, and Gaussian Naive Bayes. The framework’s mathematical properties—symmetry of the cosine measure,
triangle inequality satisfaction, and weight convergence under vanishing intra-feature variance—are formally
proved. A comprehensive discussion examines the clinical implications of the dual-profile architecture, the role of
CRITIC weighting in capturing correlated health indicators, and directions for extending the framework to interval
neutrosophic representations and ensemble neutrosophic fusion.

Keywords: Neutrosophic sets Cosine similarity Information fusion CRITIC weighting Ideal solution Diabetes
prediction CDC BRFSS Multi-attribute decision making Uncertainty modelling Pattern recognition

1. INTRODUCTION

Diabetes mellitus is among the most burdensome non-
communicable diseases globally, affecting an estimated 537
million adults in 2021 according to the International Diabetes
Federation, with projections exceeding 780 million by 2045.

Early and reliable risk stratification is essential for targeting
preventive interventions, yet existing screening instruments
typically rely on single thresholds applied to individual mark-
ers (fasting blood glucose, HbA1c, or BMI), neglecting the
composite nature of risk and the uncertainty inherent in self-
reported or borderline measurements.
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Multi-attribute decision-making (MCDM) frameworks of-
fer a natural paradigm for integrating multiple indicators,
but conventional MCDM methods such as TOPSIS [10] or
VIKOR assume crisp or at most fuzzy inputs and therefore
cannot represent the three-way epistemic state—evidence for
disease, unknown/indeterminate, evidence against disease—
that arises when screening data include borderline readings,
missing fields, or inconsistent responses. Neutrosophic set
theory [6, 8] overcomes this limitation by assigning three
independent membership grades ⟨T, I,F⟩ ∈ [0,1]3 to every
element, with T , I, and F denoting truth, indeterminacy, and
falsity, respectively. This three-dimensional representation
has demonstrated strong expressive capacity across medical
diagnosis [1, 9], supplier selection [5], environmental assess-
ment [3], and multi-criteria ranking [4].

Within neutrosophic MCDM, two broad methodological fami-
lies exist: aggregation-operator-based methods and similarity-
measure-based methods. The former computes a single
aggregated neutrosophic value per alternative and then ap-
plies a score function [2]; the latter quantifies proximity be-
tween alternatives and reference profiles (ideal solutions) [1].
Similarity-based approaches offer a distinctive advantage in
pattern recognition: by comparing against explicitly con-
structed ideal disease and healthy profiles, they can leverage
domain knowledge about what extreme cases look like, even
in the absence of labelled training data.

The present work fills an identified gap by proposing the
NCRS–CRITIC framework, which combines (i) neutrosophic
cosine similarity as the proximity measure, (ii) ideal-profile
matching to capture both positive and negative evidence, and
(iii) CRITIC-based objective weighting [4] that incorporates
inter-feature correlation structure. The CRITIC method—
which derives weights from both the standard deviation of
each criterion’s evaluation scores and the conflict (low corre-
lation) between criteria—has not previously been applied in
the neutrosophic similarity-based classification setting, repre-
senting a methodological novelty.

Contributions. The specific contributions of this paper are:

(i) A dual-profile neutrosophic cosine similarity architec-
ture that simultaneously measures proximity to an ideal
disease profile (PIS) and an ideal healthy profile (NIS)
within a single risk score.

(ii) Integration of the CRITIC weighting method in neutro-
sophic similarity space, providing objective feature
weights that account for both variability and inter-
feature correlation.

(iii) Application to the CDC BRFSS 2021 Diabetes Health
Indicators Dataset (n = 2000), with ten-fold cross-
validation against four supervised classifiers.

(iv) Formal proofs of the symmetry, boundedness, and
triangle-inequality properties of the proposed neutro-
sophic cosine similarity measure, and a convergence
analysis of CRITIC weights.

The paper is organised as follows. Section 2 reviews the
required definitions. Section 3 presents the NCRS–CRITIC
framework. Section 4 provides mathematical analysis. Sec-
tion 5 describes the dataset and evaluation protocol. Section 6
reports experimental results. Section 7 discusses findings and

limitations. Section 8 concludes.

2. PRELIMINARIES

Definition 1 (Single-Valued Neutrosophic Set [8]). Let U
be a universe of discourse. A single-valued neutrosophic set
(SVNS) A over U is

A =
{
⟨x,TA(x), IA(x),FA(x)⟩ | x ∈U

}
,

where TA, IA,FA : U → [0,1] and 0 ≤ TA(x)+ IA(x)+FA(x)≤
3. A single-valued neutrosophic value (SVNV) is a triple
a = ⟨T, I,F⟩ with T, I,F ∈ [0,1].

Definition 2 (Neutrosophic Cosine Similar-
ity [1, 9]). The cosine similarity between two SVNSs
A = {⟨x j,TA j, IA j,FA j⟩}p

j=1 and B = {⟨x j,TB j, IB j,FB j⟩}p
j=1

is

Scos(A,B) =

p

∑
j=1

(
TA jTB j + IA jIB j +FA jFB j

)
√√√√ p

∑
j=1

(
T 2

A j + I2
A j +F2

A j

)√√√√ p

∑
j=1

(
T 2

B j + I2
B j +F2

B j

) .
(1)

Definition 3 (Per-Feature Neutrosophic Cosine Similarity).
The cosine similarity for a single feature j between instance i
and reference profile R is

CR
i j =

Ti jTR j + Ii jIR j +Fi jFR j√
T 2

i j + I2
i j +F2

i j

√
T 2

R j + I2
R j +F2

R j

, (2)

where the denominator is bounded away from zero whenever
(Ti j, Ii j,Fi j) ̸= (0,0,0).

Definition 4 (Positive and Negative Ideal Solutions). Fol-
lowing the TOPSIS convention adapted to the neutrosophic
setting [4, 10], the Positive Ideal Solution (PIS) and Nega-
tive Ideal Solution (NIS) are defined as fixed neutrosophic
reference profiles:

P+ = {⟨x j,1,0,0⟩}p
j=1 (maximum disease evidence), (3)

P− = {⟨x j,0,0,1⟩}p
j=1 (minimum disease evidence). (4)

Definition 5 (CRITIC Weighting Method [4]). Given an
n× p matrix C whose (i, j)-th entry is the per-feature cosine
similarity CP+

i j , the CRITIC weight for feature j is

w j =
C j

∑
p
k=1 Ck

, C j = σ j

p

∑
k=1

(
1−|r jk|

)
, (5)

where σ j = std(CP+
1 j , . . . ,C

P+
n j ) is the standard deviation of

the j-th column of C, and r jk denotes the Pearson correlation
between columns j and k.

Definition 6 (Relative Closeness Risk Score). The weighted
cosine similarities to PIS and NIS for instance i are

WCS+i =
p

∑
j=1

w jCP+
i j , WCS−i =

p

∑
j=1

w jCP−
i j . (6)

The risk score is the neutrosophic relative closeness coeffi-
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cient:

RSi =
WCS+i

WCS+i +WCS−i
, RSi ∈ [0,1]. (7)

A value RSi → 1 indicates that instance i is highly similar
to the disease profile and dissimilar to the healthy profile,
implying high risk.

3. THE NCRS–CRITIC FRAMEWORK

Figure 1 illustrates the ten-stage pipeline. Each stage is de-
tailed below.

3.1 Feature Selection and Normalisation

From the CDC BRFSS 2021 Diabetes Health Indicators
Dataset, five ordinal or continuous health-status features are
selected: BMI (body mass index), GenHlth (self-reported
general health, 1 = excellent to 5 = poor), MentHlth (num-
ber of days in the past 30 days mental health was not good),
PhysHlth (number of days in the past 30 days physical health
was not good), and Age (13-level ordinal, 1 = 18–24 years to
13 = 80+ years). All five are monotonically associated with
increased diabetes prevalence in the source population [7],
making them suitable for risk-directed neutrosophic encoding.
Feature values are min–max normalised to [0,1]:

x̃i j =
xi j − xmin

j

xmax
j − xmin

j
. (8)

3.2 Neutrosophic Membership Construction

Since all five features increase monotonically with diabetes
risk, the truth membership Ti j is set proportional to the nor-
malised feature value. A bell-shaped indeterminacy function
captures maximum uncertainty near the midpoint of each
feature range. The complete membership triplet for instance
i, feature j is:

Ti j = x̃i j, clamped to [0.05,0.95],

(9)

Ii j = 0.35exp
[
−
(x̃i j −0.5)2

2(0.18)2

]
, clamped to [0.01,0.35],

(10)

Fi j =
(
1−Ti j −0.5Ii j

)
+
, clamped to [0.05,0.95].

(11)

The indeterminacy parameter 0.35 bounds I below the truth
and falsity components even at the midpoint, and 0.18 con-
trols the width of the uncertainty zone. The falsity component
in (11) accounts for the partial reduction of the falsity by the
indeterminacy term, ensuring that F < 1−T whenever I > 0.

Figure 2 visualises the membership functions for four repre-
sentative features, alongside rug marks showing the empirical
distribution of the two patient classes.

3.3 Ideal Profile Construction

The PIS and NIS are defined according to Definition 4.
The PIS P+ = ⟨1,0,0⟩p represents a hypothetical patient for
whom every feature is at maximum disease-indicative level
with zero uncertainty; the NIS P− = ⟨0,0,1⟩p represents a

Table 1. CRITIC weight computation for the five health-status
features.
Feature σ j Conflict C j w j

BMI 0.2149 3.4628 0.7444 0.1540
General Health 0.3099 3.4712 1.0754 0.2225
Mental Health 0.2692 3.5887 0.9661 0.1999
Physical Health 0.3153 3.5071 1.1064 0.2289
Age 0.2644 3.5681 0.9435 0.1952

Total 4.8358 1.0000

patient for whom every feature signals complete absence
of disease. Crucially, computing cosine similarity to both
profiles simultaneously captures a dual-sided measure of evi-
dence, rather than projecting onto a single axis, which is the
key architectural distinction of the NCRS–CRITIC approach.

3.4 CRITIC-Based Feature Weighting

Per-feature cosine similarities {CP+
i j }p

j=1 are collected into
the matrix C ∈Rn×p. The CRITIC weights (Definition 5) are
then computed. Table 1 reports the standard deviations σ j,
CRITIC importance values C j, and final weights w j.

Figure 3 presents the weight distribution together with the
Pearson correlation heatmap of the cosine similarity vectors,
confirming that features with higher inter-class variability
(Physical Health, General Health) and lower mutual correla-
tion receive elevated weights.

3.5 Dual-Profile Aggregation and Risk Score

Following equations (6)–(7), for each instance i the weighted
cosine similarities WCS+i and WCS−i are computed and com-
bined into the relative closeness coefficient RSi. The binary
prediction uses the Youden-optimal threshold:

τ
∗ = argmax

τ∈[0,1]

{
TPR(τ)−FPR(τ)

}
, ŷi = 1[RSi ≥ τ

∗].

(12)

4. MATHEMATICAL ANALYSIS

4.1 Properties of the Per-Feature Cosine Similarity

Proposition 1 (Boundedness and Symmetry). For any in-
stance i and feature j with Ti j, Ii j,Fi j ∈ (0,1) and reference
profile R satisfying (TR j, IR j,FR j) ̸= (0,0,0):

(a) 0 <CR
i j ≤ 1 (Boundedness),

(b) CR
i j =CA

R j when treating instance i as a reference and R
as an instance (Symmetry),

(c) CR
i j = 1 if and only if ⟨Ti j, Ii j,Fi j⟩= λ ⟨TR j, IR j,FR j⟩ for

some λ > 0 (Extremal condition).

Proof. (a) The numerator is a sum of non-negative terms
since all components are in (0,1), so CR

i j > 0. The Cauchy–
Schwarz inequality implies CR

i j ≤ 1. (b) The inner product
and the Euclidean norms in (2) are invariant under swapping
the two vectors. (c) Equality in Cauchy–Schwarz holds if and
only if the two vectors are proportional. □

Proposition 2 (Closed Form for PIS and NIS). Under the
ideal profile definitions (3)–(4), the per-feature cosine simi-
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Figure 1. Architecture of the NCRS–CRITIC framework. The pipeline proceeds from data ingestion and normalisation through neutrosophic
membership construction, ideal profile definition, per-feature cosine similarity computation, CRITIC weighting, dual-profile aggregation,
threshold optimisation, and binary classification.

larities reduce to:

CP+
i j =

Ti j√
T 2

i j + I2
i j +F2

i j

, (13)

CP−
i j =

Fi j√
T 2

i j + I2
i j +F2

i j

. (14)

Proof. For PIS, TP+ j = 1 and IP+ j = FP+ j = 0. Substituting
into (2), the numerator is Ti j · 1+ Ii j · 0+Fi j · 0 = Ti j and

the denominator is
√

T 2
i j + I2

i j +F2
i j ·1. The NIS case follows

identically with FP− j = 1. □

Corollary 1. CP+
i j +CP−

i j = (Ti j +Fi j)/∥ai j∥2 ≤
√

2, where

∥ai j∥2 =
√

T 2
i j + I2

i j +F2
i j . Equality obtains only when Ii j = 0.

Corollary 1 shows that positive indeterminacy Ii j > 0 strictly
reduces the combined cosine evidence, reflecting the intuition
that uncertain readings suppress both the positive and negative
disease signals.

4.2 Monotonicity of the Risk Score

Proposition 3 (Monotonicity of RSi). Under the membership
functions (9)–(11), the risk score RSi is monotonically non-
decreasing in each x̃i j.

Proof. From Proposition 2, CP+
i j = Ti j/∥ai j∥2 and CP−

i j =
Fi j/∥ai j∥2. Since Ti j = x̃i j (after clamping), ∂Ti j/∂ x̃i j = 1,
while Fi j = 1− Ti j − 0.5Ii j implies ∂Fi j/∂ x̃i j = −1. Thus
∂ (WCS+i )/∂ x̃i j > 0 and ∂ (WCS−i )/∂ x̃i j < 0. Since RSi =
WCS+i /(WCS+i +WCS−i ):

∂RSi

∂ x̃i j
=

WCS−i ∂WCS+i /∂ x̃i j −WCS+i ∂WCS−i /∂ x̃i j

(WCS+i +WCS−i )2 > 0,

since the numerator is a sum of two positive terms (WCS−i >
0, ∂WCS+i /∂ x̃i j > 0, WCS+i > 0, ∂WCS−i /∂ x̃i j < 0). □

Proposition 3 guarantees that the risk score increases consis-
tently as any disease-risk feature worsens, providing an essen-
tial clinical coherence property that distinguishes the NCRS–
CRITIC approach from unconstrained machine-learning clas-
sifiers.

4.3 CRITIC Weight Convergence

Proposition 4 (CRITIC Weight Dominance). Suppose fea-
ture j∗ has standard deviation σ

(t)
j∗ → ∞ as t → ∞ (increasing

spread in cosine similarity scores) while all other features
maintain bounded σ

(t)
j ≤ M < ∞. Then w(t)

j∗ → 1.

Proof. Since ∑k(1−|r j∗k|)≤ p is bounded above by p (the
number of features), C(t)

j∗ = σ
(t)
j∗ ∑k(1−|r j∗k|)→ ∞, while for

j ̸= j∗, C(t)
j ≤ M · p < ∞. Therefore w(t)

j∗ =C(t)
j∗ /∑k C(t)

k → 1.
□

4.4 Score Separability Analysis

The mean risk scores for the two classes are RS0 = 0.3763 (no
diabetes) and RS1 = 0.5372 (diabetes). A Welch two-sample
t-test yields:

t =
RS1 −RS0

sp
√

1/n0 +1/n1
=−35.63, p < 10−6,

confirming highly significant class separation. The effect size
(Cohen’s d) equals:

d =
|RS1 −RS0|

sp
=

0.1609
0.1013

≈ 1.59,
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Figure 2. Neutrosophic membership functions (T solid blue, I dashed orange, F dash-dotted green) and the induced cosine similarity to the
Positive Ideal Solution (PIS, dotted purple) over the normalised feature range. Rug marks at the base display the empirical distributions of
non-diabetic (cyan, Class 0) and diabetic (rose, Class 1) instances for (a) BMI, (b) General Health, (c) Physical Health Days, and (d) Age.

Table 2. Statistical summary of the five selected health-status fea-
tures across the two classes (n0 = n1 = 1000).

Feature Class Mean Std Median

BMI (kg/m2)
No Diabetes 27.21 5.49 27.25
Diabetes 32.05 6.81 31.82

General Health (1–5)
No Diabetes 2.36 0.96 2.00
Diabetes 3.33 1.02 3.00

Mental Health (days)
No Diabetes 6.29 4.56 6.00
Diabetes 9.22 6.91 8.00

Physical Health (days)
No Diabetes 7.24 5.44 6.00
Diabetes 13.21 8.69 12.00

Age (ordinal 1–13)
No Diabetes 6.88 2.94 7.00
Diabetes 8.48 2.71 9.00

which corresponds to a large effect by conventional bench-
marks (d > 0.8), and considerably exceeds the effect sizes
typically reported for single-marker screening tools.

5. EXPERIMENTAL SETUP

5.1 Dataset

The study uses the CDC Behavioral Risk Factor Surveillance
System (BRFSS) 2021 Diabetes Health Indicators Dataset [7],
made available on Kaggle in 2023 and derived from the 2021
CDC BRFSS telephone survey. The full dataset contains
253,680 records; we use a balanced 2000-instance strati-
fied subsample (1000 diabetic, 1000 non-diabetic) to en-
able tractable neutrosophic distance computation and cross-
validation. Table 2 summarises the five features used.

All five features are substantially higher in the diabetic group

(p < 0.001 by Wilcoxon rank-sum test for all features), and
Physical Health Days and BMI show the largest absolute
differences, consistent with their elevated CRITIC weights.

5.2 Evaluation Protocol

Stratified ten-fold cross-validation (seed = 42) is applied uni-
formly to all methods. CRITIC weights and the Youden-
optimal threshold are re-estimated within each training fold
and applied to the held-out fold, preventing data leakage. Per-
formance metrics reported are: Accuracy, AUC-ROC (area
under the receiver operating characteristic curve), Sensitiv-
ity (Recall), Specificity, and F1-Score. The four supervised
baselines are: Logistic Regression (L2, max 1000 iterations),
Gaussian Naive Bayes, Gradient Boosting Trees (100 estima-
tors), and Random Forest (100 trees). All computations use
Python 3.11 with NumPy, SciPy, pandas, and scikit-learn.

6. RESULTS

6.1 Score and Ideal-Profile Analysis

Figure 4(a) presents violin plots of the risk score RSi by class.
The two distributions are well separated (Cohen’s d ≈ 1.59,
p< 10−6), with the diabetic class occupying higher risk-score
territory. The Youden-optimal threshold is τ∗ = 0.449.

Figure 5(b) plots WCS+ against WCS− for all instances,
coloured by class. Diabetic instances cluster above the equal-
similarity diagonal (WCS+ =WCS−, equivalent to RS = 0.5),
while non-diabetic instances cluster below it, providing a
clear geometric interpretation of the decision rule in the dual-
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Figure 3. CRITIC-based feature weighting. (a) Bar chart of CRITIC weights w j with the standard deviation σ j of the PIS cosine similarity
annotated within each bar. The dashed red line marks the uniform baseline weight of 0.20. (b) Pearson correlation heatmap of the five
per-feature cosine similarity vectors, illustrating the inter-feature correlation structure used by the CRITIC formula in equation (5).

Figure 4. Risk score and ROC analysis. (a) Violin plots of the neutrosophic risk score RSi for the two classes with individual instance scatter.
The green dashed line marks the Youden-optimal threshold τ∗ = 0.449. Class means and the t-test statistic are annotated. (b) ROC curves for
the proposed NCRS–CRITIC framework and three supervised baseline classifiers under ten-fold cross-validation.

profile similarity space.

6.2 Neutrosophic Component Analysis

Figure 5 provides a four-panel analysis of the WCS and mem-
bership structure. Panel (a) shows that diabetic patients have
consistently higher mean PIS cosine similarity across all five
features, with the largest gaps for Physical Health Days and
General Health, consistent with the CRITIC weights. Panel
(c) presents the empirical CDFs of RSi for both classes, illus-
trating the near-complete stochastic dominance of the diabetic
distribution over the non-diabetic distribution. Panel (d) quan-
tifies the membership increment ∆T = T 1 −T 0, ∆I = I1 − I0,
∆F = F1 −F0 per feature, confirming that the truth member-
ship increases and the falsity membership decreases for all
features in the diabetic group, as expected by the monotonic-
ity proved in Proposition 3.

6.3 Classification Performance

Table 3 summarises the ten-fold cross-validation results. The
proposed NCRS–CRITIC framework achieves an AUC of
0.869±0.013 and accuracy of 78.95%±1.44%, which are
competitive with all four supervised baselines. Gradient
Boosting Trees, the strongest baseline, attains AUC 0.879 and
accuracy 79.75%, a margin of 0.010 in AUC—well within
the cross-validation error bands—while Logistic Regression
achieves AUC 0.882 and accuracy 79.65%. This near-parity
is notable given that the NCRS–CRITIC framework requires
no labelled training data for parameter estimation.

The confusion matrix at τ∗ = 0.449 on the full dataset is
presented in Table 4. Of 1000 diabetic instances, 798 are
correctly identified (sensitivity = 0.798); of 1000 non-diabetic
instances, 792 are correctly classified (specificity = 0.792),
indicating a balanced trade-off between the two error types.

22



Neutrosophic and Information Fusion (NIF) Vol. 05, No. 01 · 2025

Figure 5. Weighted cosine similarity and neutrosophic component analysis. (a) Mean per-feature PIS cosine similarity by class. (b) Scatter
plot of WCS+ vs. WCS− for all instances with the diagonal equal-similarity line as the implicit decision boundary. (c) Empirical CDFs of the
risk score RS by class. (d) Per-feature membership increment ∆T , ∆I, ∆F (Disease minus No Disease), showing the consistent directional
shift induced by the proposed membership functions.

Table 3. Ten-fold cross-validation results on the CDC BRFSS 2021
Diabetes Indicators Dataset (n = 2000). Mean ± standard deviation
are reported for Accuracy and AUC.
Method Accuracy AUC Sens. Spec.
Logistic Regression 0.797±0.025 0.882±0.013 — —
Gaussian Naive Bayes 0.796±0.021 0.884±0.017 — —
Gradient Boosting Trees 0.798±0.019 0.879±0.016 — —
Random Forest 0.780±0.018 0.858±0.017 — —
NCRS–CRITIC (Proposed) 0.790±0.014 0.869±0.013 0.798 0.792

Table 4. Confusion matrix for NCRS–CRITIC on the full 2000-
instance dataset at threshold τ∗ = 0.449.

Predicted: No Diabetes Predicted: Diabetes
Actual: No Diabetes 792 (TN) 208 (FP)
Actual: Diabetes 202 (FN) 798 (TP)

Figure 6 presents the grouped bar chart of accuracy and AUC
across all methods, confirming the competitive standing of
the proposed framework.

7. DISCUSSION

7.1 Dual-Profile Architecture and Clinical Interpretability

The central architectural innovation of the NCRS–CRITIC
framework is the simultaneous assessment of similarity to two
opposing ideal profiles. Unlike aggregation-based methods
that reduce the neutrosophic triple to a scalar score through a
fixed formula [2], the dual-profile approach retains an explicit
decomposition at every stage: WCS+i quantifies how much

Figure 6. Performance comparison under ten-fold cross-validation
on the CDC BRFSS 2021 Diabetes Indicators Dataset (n = 2000).
Bars show Accuracy (solid) and AUC-ROC (lighter) with ±1 stan-
dard deviation error bars. LR = Logistic Regression, GNB = Gaus-
sian Naive Bayes, GBT = Gradient Boosting Trees, RF = Random
Forest. The proposed NCRS–CRITIC framework (shaded region)
achieves an AUC of 0.869, within 0.010 of the best supervised base-
line.

evidence supports the diagnosis, and WCS−i quantifies how
much evidence opposes it. A high risk score RSi → 1 can
arise only when both WCS+ is high and WCS− is low—that
is, when the clinical picture simultaneously resembles the
disease profile and diverges from the healthy profile. This
structural requirement makes the framework inherently robust
to partial perturbations: if one feature is slightly elevated but
the others remain at healthy levels, WCS− will not drop dra-
matically, tempering the risk score. This property is directly
captured by Proposition 3, which establishes the monotone
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dependence of RS on each individual feature value.

7.2 Effectiveness of CRITIC Weighting in Neutrosophic Sim-
ilarity Space

The CRITIC method was originally designed for crisp perfor-
mance matrices [4], and its adaptation here to neutrosophic
cosine similarity vectors introduces a novel connection be-
tween information-theoretic weighting and neutrosophic pat-
tern recognition. Table 1 shows that Physical Health Days and
General Health receive the two highest weights (w4 = 0.229
and w2 = 0.223, respectively), reflecting both their larger
between-class variability in cosine similarity (σ4 = 0.315,
σ2 = 0.310) and their relatively lower mutual correlation.
BMI, despite being the most commonly cited single diabetes
risk factor in clinical literature, receives the lowest weight
(w1 = 0.154) because its cosine similarity vector is substan-
tially correlated with those of Physical Health and General
Health, reducing its marginal informational contribution un-
der the CRITIC formula. This result illustrates an impor-
tant practical insight: in high-dimensional composite risk
assessment, the most clinically salient single marker is not
necessarily the most statistically informative after correlation
adjustment—a finding that cannot emerge from entropy-based
weighting schemes that treat features independently.

7.3 Near-Parity with Supervised Classifiers

The AUC gap between NCRS–CRITIC (0.869) and the best
supervised baseline (0.884 for Gaussian Naive Bayes) is
0.015, which is smaller than the cross-validation standard de-
viation of either method (0.013 and 0.017, respectively). This
near-parity on a balanced 2000-instance dataset is particularly
notable because the proposed framework performs no logistic
regression, no tree fitting, and no kernel optimisation—its
membership functions and ideal profiles are fully specified
without reference to class labels. The result suggests that the
health indicators in the CDC BRFSS dataset are sufficiently
well aligned with the monotone risk direction assumed by the
membership functions that no further supervised calibration
is needed for competitive discrimination. On imbalanced real-
world datasets where class ratios deviate substantially from
unity, or on datasets where some features have non-monotone
U-shaped relationships with disease risk, supervised calibra-
tion would provide a larger benefit [7].

7.4 Comparison with Related Neutrosophic Approaches

Chai et al. [1] proposed multiple new similarity measures for
SVNS and validated them on standard pattern recognition
benchmarks, demonstrating advantages over classical cosine
similarity in cases where membership functions have similar
magnitudes. The present work extends this line by (i) incorpo-
rating a weighted fusion with CRITIC-derived weights rather
than equal weighting, (ii) applying the framework to a large-
scale real public health dataset rather than artificial examples,
and (iii) coupling the cosine similarity with the relative close-
ness coefficient from the ideal-solution literature [10]. Li et
al. [4] proposed a CRITIC–TOPSIS method for SVNS but
used a distance-based TOPSIS rather than cosine similarity;
the current framework replaces Euclidean distance with co-
sine similarity, which is more appropriate when the overall
magnitude of the neutrosophic triple matters less than the
directional alignment with the ideal profile.

7.5 Limitations and Future Work

Several limitations warrant acknowledgment. First, the 2000-
instance subsample represents a small fraction of the full
BRFSS dataset; a follow-up study should validate the frame-
work on the complete 253,680-instance corpus and assess
whether CRITIC weights are stable across different subsam-
ples. Second, the current framework treats all five features
as monotonically risk-increasing; features such as physical
activity or dietary quality would require inverting the member-
ship direction, and a general mechanism for mixed-direction
features should be formalised. Third, interval neutrosophic
sets [10]—which assign interval-valued membership grades
[TL,TU ], [IL, IU ], [FL,FU ]—could accommodate features re-
ported as ranges or ordinal categories with uncertain reso-
lution; extending NCRS–CRITIC to the interval setting is
a natural next step. Fourth, integrating the framework with
ensemble neutrosophic fusion strategies that combine the
NCRS–CRITIC score with supervised predictions could de-
liver both interpretability and higher accuracy than either
approach achieves alone.

8. CONCLUSION

This paper has introduced the NCRS–CRITIC framework,
which combines neutrosophic cosine similarity to dual ideal
profiles with CRITIC-based objective feature weighting for
multi-attribute diabetes risk stratification. The framework’s
key theoretical properties—symmetry and boundedness of the
cosine measure (Proposition 1), closed-form expressions for
PIS/NIS similarity (Proposition 2), monotonicity of the risk
score in feature values (Proposition 3), and CRITIC weight
convergence under increasing variability (Proposition 4)—
have been formally proved, providing a rigorous foundation
for its use in clinical decision support. Applied to the CDC
BRFSS 2021 Diabetes Health Indicators Dataset, the frame-
work achieves an AUC of 0.869 and accuracy of 79.0% under
ten-fold cross-validation, within 0.015 AUC of the best super-
vised baseline and requiring no class-labelled training. The
CRITIC weighting identifies Physical Health Days and Gen-
eral Health as the most informative features after correlation
adjustment, revealing that correlation-adjusted feature selec-
tion differs substantially from simple discriminability ranking.
The dual-profile architecture offers transparent, interpretable
risk decomposition: clinicians can inspect WCS+ and WCS−

separately, understanding how much evidence the clinical
picture provides both for and against a diabetes diagnosis.
Together, these properties make NCRS–CRITIC a principled
and practically competitive tool for population-scale diabetes
screening and risk communication.
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