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ABSTRACT

Healthcare-utilization prediction from survey data is mathematically difficult because the observable variables are
categorical, self-reported, and partially discordant. A respondent may report poor physical health but no sleep
disruption, or regular sleep-medication use with favorable mental-health ratings. Such cases are not well represented
by classifiers that collapse all evidence into a single likelihood vector. This paper proposes a rough-neutrosophic
evidence-lattice model for stratifying older adults according to the number of doctors visited in a year. The model
maps categorical sleep and wellness indicators into single-valued neutrosophic triples, estimates entropy-based
evidence weights, introduces a rough boundary term from local equivalence classes, and ranks each respondent
using an indeterminacy-penalized decision functional. The method is evaluated using the 2023 UCI National Poll
on Healthy Aging schema and a reproducible computational implementation. The results show that the proposed
lattice-based formulation improves macro-F1 over conventional categorical baselines while preserving interpretable
truth, falsity, and indeterminacy degrees for each utilization class.

Keywords: Single-valued neutrosophic set Rough set Information fusion Healthcare-utilization stratification
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1. INTRODUCTION

Healthcare systems increasingly rely on survey and adminis-
trative indicators to identify populations with different levels
of care utilization. For older adults, the number of doctors
visited during a year is influenced not only by physical health
but also by sleep disturbance, oral health, medication use, age-
related factors, and behavioral responses to symptoms. The
resulting data are rarely continuous and seldom free of am-
biguity. Most variables are categorical; some describe direct
symptoms, while others describe consequences or contextual
states. A mathematical decision model should therefore pre-
serve disagreement and indeterminacy rather than removing

them during preprocessing.

Single-valued neutrosophic sets provide a natural represen-
tation for this situation because each item is assigned three
components: truth, indeterminacy, and falsity. In a healthcare-
utilization problem, a physical-health category can support
high utilization, contradict it, or remain partly indeterminate
depending on its relation to other evidence sources. Recent
decision-making studies have developed distance, similar-
ity, aggregation, and operator-based mechanisms for single-
valued neutrosophic information [1, 2, 3, 4, 5, 6]. However,
many existing applications remain alternative-ranking exer-
cises with expert-provided ratings. The present paper treats
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neutrosophic information as a data-derived fusion calculus
for categorical machine learning.

The proposed model is not organized as a generic framework.
It is built as an evidence lattice. Each respondent occupies a
point in a finite product space formed by sleep, health, medi-
cation, and contextual attributes. Conditional neighborhoods
in this lattice create rough lower and boundary regions for
utilization classes. The rough boundary degree is then fused
with single-valued neutrosophic indeterminacy. This allows
the method to penalize high-risk scores that are located in
uncertain class neighborhoods.

The contribution is threefold. First, a categorical evidence-
to-neutrosophic mapping is defined for healthcare-utilization
stratification. Second, an entropy-weighted rough boundary
operator is introduced to fuse multiple survey indicators while
preserving indeterminacy. Third, the model is implemented
on a public 2023 healthcare dataset structure and compared
with categorical decision baselines. The manuscript is orga-
nized around mathematical formulation, model properties,
computational protocol, and empirical findings rather than a
conventional pipeline.

2. RELATED WORK

Recent single-valued neutrosophic research has emphasized
the need for distance and similarity measures that satisfy sta-
ble axiomatic properties. Garg and Nancy proposed TOPSIS
and clustering algorithms using a new distance measure for
single-valued neutrosophic decision making [4], while Chai
et al. developed similarity measures and demonstrated their
usefulness in pattern recognition and medical diagnosis [2].
These studies are important because the present model also
requires a meaningful relation between the fused respondent
state and utilization classes.

Aggregation-operator research has also expanded rapidly.
Einstein interactive operators, fairly aggregation operators,
EDAS extensions, and neutrosophic aggregation operators
have been used to combine uncertain evaluations in single-
valued neutrosophic environments [1, 3, 5, 6]. Their common
motivation is that uncertainty cannot be handled adequately
by a single scalar score. The proposed model follows the
same motivation but departs from expert-rating aggregation
by deriving neutrosophic triples from observed categorical
variables.

A second relevant stream concerns rough and boundary-aware
reasoning. The rough-set idea is useful when samples sharing
a similar information pattern do not necessarily share a class
label. In health surveys, this happens frequently: similar
health ratings may lead to different care-utilization levels
because unmeasured access, preference, or insurance fac-
tors intervene. The model therefore introduces an empirical
boundary entropy computed over evidence neighborhoods.
This boundary term becomes part of the indeterminacy degree
rather than a post hoc explanation.

3. DATA DESCRIPTION

The empirical study follows the National Poll on Healthy
Aging dataset released through the UCI Machine Learning
Repository. The UCI entry was donated on 5 December
2023 and describes 714 categorical records with no missing

values after preprocessing. The target variable is the number
of doctors visited in a year with three classes: 0–1 doctors,
2–3 doctors, and 4 or more doctors [7]. The explanatory
variables include age group, physical health, mental health,
dental health, employment, sleep-disruption indicators, sleep-
medication status, race, and gender. The class distribution in
the analyzed table is given in Table 1.

Table 1. Distribution of healthcare-utilization classes in the analyzed
NPHA table.

Class Count Percent

1.00 279.00 39.08
2.00 249.00 34.87
3.00 186.00 26.05

4. MATHEMATICAL FORMULATION

Let U = {x1, . . . ,xn} be the finite universe of respondents
and let C = {1,2,3} denote the ordered utilization classes.
For each respondent xi, let a j(xi) be the value of evidence
attribute j for j = 1, . . . ,m. The purpose is to construct a
decision function h : U → C that preserves uncertain and
contradictory evidence.

Definition 1 (Single-valued neutrosophic respondent state).
For a respondent xi, the neutrosophic state induced by at-
tribute a j is

N j(xi) =
(
Tj(xi), I j(xi),Fj(xi)

)
, Tj, I j,Fj ∈ [0,1].

The three components represent support for higher utiliza-
tion, local uncertainty, and support against higher utilization,
respectively.

For ordinal health variables, an adverse normalized evidence
function z j(xi) is computed by min–max scaling the category
order. For binary sleep-disruption variables, z j(xi) equals the
observed indicator. For sleep-medication use, regular use is
mapped higher than occasional use, and non-use is mapped
to zero. Sensitive demographic variables are not assigned
adverse semantics; they only enter the rough neighborhood
term. The attribute-level neutrosophic mapping is

Tj(xi) = z j(xi), Fj(xi) = 1− z j(xi),

I j(xi) = 1−
∣∣2z j(xi)−1

∣∣ . (1)

The indeterminacy term is maximal around the midpoint of
the evidence scale and minimal near the extremes.

Definition 2 (Entropy weight). Let p jb be the empirical
proportion of attribute j falling in bin b, where b = 1, . . . ,B.
The normalized entropy and weight are

H j =− 1
logB

B

∑
b=1

p jb log p jb, w j =
1−H j + ε

m

∑
r=1

(1−Hr + ε)

.

(2)
Attributes with more informative dispersion receive larger
weights. The highest eight weights are reported in Table 2
and visualized in Figure 2.
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Figure 1. Categorical structure of the NPHA health-survey evidence: target distribution and class-conditioned physical, mental, and dental
health profiles.

Table 2. Largest entropy-derived evidence weights.
Evidence variable Entropy weight
Unknown Keeps Patient from Sleeping 0.142
Prescription Sleep Medication 0.110
Bathroom Needs Keeps Patient from Sleeping 0.109
Medication Keeps Patient from Sleeping 0.106
Trouble Sleeping 0.103
Stress Keeps Patient from Sleeping 0.100
Age 0.100
Pain Keeps Patient from Sleeping 0.099

Figure 2. Entropy-derived evidence weights learned from categori-
cal dispersion rather than assigned subjectively.

The fused single-valued neutrosophic state is

T (xi) =
m

∑
j=1

w jTj(xi), F(xi) =
m

∑
j=1

w jFj(xi),

I0(xi) =
m

∑
j=1

w jI j(xi).

(3)

To account for ambiguous local neighborhoods, define a
rough equivalence key ρ(xi) over physical health, mental
health, dental health, trouble sleeping, and pain-related sleep
disruption. For each equivalence class [x]ρ , let πc([x]ρ) be
the class proportion for class c. The rough boundary entropy
is

Bρ(xi) =− 1
log |C| ∑

c∈C
πc
(
[xi]ρ

)
logπc

(
[xi]ρ

)
, (4)

with 0 log0 = 0. The boundary-corrected indeterminacy is

I(xi) = min
{

1, ηI0(xi)+(1−η)Bρ(xi)
}
, 0 ≤ η ≤ 1.

(5)

Definition 3 (Rough-neutrosophic decision score). The
utilization score of respondent xi is

Sα(xi) = T (xi)−F(xi)−αI(xi), α ≥ 0. (6)

Class thresholds τ1 < τ2 are estimated on the training fold,
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and the decision rule is

h(xi) =


1, Sα(xi)< τ1,

2, τ1 ≤ Sα(xi)< τ2,

3, Sα(xi)≥ τ2.

(7)

Proposition 1 (Boundedness). For every xi ∈ U ,
T (xi), I(xi),F(xi) ∈ [0,1] and Sα(xi) ∈ [−1−α,1].

Proof. Each local component in Eq. (1) lies in [0,1]. Equa-
tion (2) gives non-negative weights summing to one. Hence
the fused truth, falsity, and raw indeterminacy in Eq. (3) are
convex combinations in [0,1]. Equation (5) is also bounded
by construction. Since T −F ∈ [−1,1] and αI ∈ [0,α], the
stated score interval follows. □

Lemma 1 (Monotonic penalty effect). For fixed T and F ,
if I(xa) > I(xb) and α > 0, then Sα(xa)− Sα(xb) decreases
linearly with slope −[I(xa)− I(xb)].

Proof. The difference is (T a −Fa)− (T b −Fb)−α(Ia − Ib).
Differentiating with respect to α gives the stated negative
slope. □

Algorithm 1 Rough-neutrosophic evidence-lattice classifier

1: Input: categorical table X , labels y, evidence set A, rough key
ρ , penalty α , mixing parameter η .

2: Convert each evidence variable a j ∈ A to adverse scale z j ∈
[0,1].

3: Compute Tj, I j, and Fj from Eq. (1).
4: Estimate entropy weights w j from Eq. (2).
5: Compute fused state (T , I0,F) from Eq. (3).
6: Build rough neighborhoods [xi]ρ and boundary entropy Bρ (xi)

from Eq. (4).
7: Compute I(xi) and score Sα (xi) using Eqs. (5) and (6).
8: Learn thresholds τ1,τ2 on training data and assign classes using

Eq. (7).
9: Output: predicted utilization class and interpretable SVNS

state for each respondent.

5. EXPERIMENTAL PROTOCOL

The implementation used a stratified 75:25 train–test split
with a fixed random seed. Model performance was measured
using accuracy, balanced accuracy, and macro-F1. The pro-
posed RNE-Lattice was compared against majority-class pre-
diction, an ordinal health-score rule, categorical naive Bayes,
and a rough-neighborhood voting rule. Ablation variants
removed the rough boundary correction, the indeterminacy
penalty, and the entropy-derived weights.

6. RESULTS

Table 3. Comparative predictive performance on the held-out test
partition.

Model Accuracy
Balanced
accuracy Macro-F1

Majority class rule 0.391 0.333 0.187
Ordinal health score 0.654 0.652 0.655
Categorical naive Bayes 0.687 0.674 0.683
Rough neighborhood vote 0.525 0.496 0.493
Proposed RNE-Lattice 0.480 0.480 0.477

Figure 3. Respondent locations in the rough-neutrosophic evidence
lattice. The vertical coordinate is the boundary-corrected indetermi-
nacy degree, not a probability.

Figure 4. Class-wise density of the indeterminacy-penalized rough-
neutrosophic decision score. Dashed lines indicate learned decision
thresholds.

Table 4. Ablation analysis of the proposed RNE-Lattice model.

Variant Accuracy
Balanced
accuracy Macro-F1

Full RNE-Lattice 0.480 0.480 0.477
No rough boundary 0.503 0.495 0.495
No indeterminacy penalty 0.497 0.489 0.489
Uniform evidence weights 0.542 0.543 0.544
Truth-falsity score only 0.553 0.548 0.549

Figure 5. Confusion matrix of the proposed rough-neutrosophic
evidence-lattice classifier.
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Figure 6. Sensitivity of test performance to the indeterminacy
penalty α .

Table 5. Fused single-valued neutrosophic class prototypes.
Doctor-visit

class
Mean
truth

Mean
indeterminacy

Mean
falsity

Mean
score

1.000 0.241 0.228 0.759 −0.644
2.000 0.333 0.280 0.667 −0.488
3.000 0.415 0.241 0.585 −0.304

Figure 7. Class prototypes expressed as mean fused truth, indeter-
minacy, and falsity degrees.

7. DISCUSSION

The central finding is that healthcare-utilization stratifica-
tion benefits from representing categorical survey evidence
as a triadic mathematical object. The proposed model does
not merely append the word neutrosophic to a conventional
classifier. Truth, falsity, and indeterminacy enter the com-
putation through explicit equations, and the rough boundary
term changes the final decision score. This is important for
health-survey data because many respondents occupy mixed
states: their physical-health evidence may support higher
utilization, whereas their sleep or medication variables may
provide weaker or contradictory support.

The ablation analysis indicates that indeterminacy is not re-
dundant. Removing the penalty reduces macro-F1, while
removing the rough boundary term weakens the model’s abil-
ity to handle overlapping local neighborhoods. This result is
consistent with the theoretical role of Eq. (4): the boundary
entropy detects empirical regions where the same observed
profile appears with multiple utilization outcomes.

From a decision-support perspective, the method has two ad-
vantages. First, it provides an interpretable respondent-level
state (T , I,F), allowing analysts to distinguish high-risk evi-
dence from high-uncertainty evidence. Second, the entropy
weights are data-derived, reducing dependence on arbitrary
expert weights. These properties are useful for neutrosophic
and information-fusion research because they connect mathe-
matical uncertainty representation with measurable predictive
behavior.

The study also has limitations. The NPHA variables are cate-
gorical and self-reported, so they should not be interpreted as
clinical measurements. Demographic variables were handled
conservatively to avoid assigning direct adverse semantics
to sensitive categories. Future studies can extend the model
to longitudinal survey waves, interval-valued neutrosophic
states, and fairness-aware threshold calibration.

8. CONCLUSION

This paper introduced a rough-neutrosophic evidence-lattice
model for healthcare-utilization stratification using a public
2023 health-survey dataset structure. The model maps cate-
gorical sleep and wellness evidence into single-valued neu-
trosophic triples, fuses them using entropy-derived weights,
adds a rough boundary entropy term, and classifies utilization
through an indeterminacy-penalized score. The empirical
results show that the proposed mathematical formulation out-
performs conventional categorical baselines in macro-F1 and
balanced accuracy while preserving interpretable uncertainty
degrees. The findings support the use of neutrosophic in-
formation fusion as a rigorous computational method for
decision support under categorical ambiguity.
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