
Abstract

Objectives: In this study, we demonstrate a novel deterministic Coefficient of Intensity that
will help to identifymore significant key factor among core factors. This paper defines the de-
terministic core Factor Intensity measure as a probabilistic Bernoulli process.By applying the
Bayesian inference,we derive the posterior Beta distributions and derived the significance
thresholds for statistically verifying the intensity of Core Factors .
Study design: Probabilistic modeling and Bayesian inference applied to topological approx-
imation spaces.
Place and Duration of Study: Department of Mathematics, University of Kota.
Methodology: Anovel deterministic Coefficient of Intensity is derived fromnano-topological
boundary expansions. To overcome point-estimate vulnerabilities in small datasets, this
measure is mapped to a Beta-Binomial conjugate model. Statistical hazard intensity is evalu-
ated through Joint Posterior Dominance (computed via Monte Carlo integration) and Interval
Displacement (using the Inverse Regularized Beta Function).
Results: Applied to a clinical Dengue fever dataset (N = 15), the unifiedmodel demonstrates
that while classical methods identify both Fever and Low Platelets as structurally ”core” at-
tributes, Bayesian topology strictly separates them. Fever fails to penetrate the strict 95%
hypothesis threshold due to natural baseline variance overlap, rendering it a secondary indi-
cator. In contrast, Low Platelets incites massive structural boundary displacement, achieving
97.8% strict dominance probability (BF ≈ 44.87) and unequivocally surpassing the baseline’s
95% credible interval.
Conclusion: The proposed Bayesian-Topological model successfully resolves the structural
blindness of classical rough set measures. By mathematically filtering out natural sample
variance, it proves definitively that Low Platelets is the highly significant driving hazard in
Dengue diagnostics. This framework provides a transparent, computationally efficient, and
mathematically verifiedmechanism to rank hazard intensity for clinical decision support and
Machine Learning expert systems.

Keywords: Nano Topology; Core Factors; Bayesian Inference; Joint Probability; Hazard Dis-
placement; Credible Intervals; Machine Learning.

1 Introduction

Thivagar and Richard [12, pp. 79-84] introduced a nano topological space with respect to a
subset X of an universe which is defined in terms of lower and upper approximations of X.
Thivagar and Richard [13, pp. 1-5] subsequently modeled Nutrition via Nano topology.
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Jayalakshmi and Janaki [5, pp. 5894-5899] identified the risk factors for the cause of heart
attack through the concept ofNano topology. R. Jeevitha,M. Sangeeta, S. Kannaki, andD. Vidhya
[6, pp. 975-978] published their work observing the vital factors of dengue fever. In this article,
authors find core factors as Fever and Low Platelets for Dengue Fever through nano topology
via reduction of attributes. However, identifying core factors is only the first step; assessing
their relative severity and statistical significance requires advanced mathematical metrics.

In this article, a distinct approach in nano topology is used to measure the intensity of core
attributes. Medical diagnosis often relies on identifying “core factors” or symptoms that indi-
cate the presence of a disease. Recent advances introduced Nano-Topological spaces, utilizing
lower and upper approximations tomodel clinical datasets. In this paper, we propose determin-
istic equations to calculate Intensity Factors (IA(X)) for hazards like Dengue fever [6, p. 976].
Because purely deterministic measures suffer from point-estimate vulnerabilities in small sam-
ple sizes, we map the Intensity Factor as a sequence of Bernoulli trials. We construct robust
Bayesian posterior distributions to definitively rank factor significance, integrating the predic-
tive rigor of machine learning and probabilistic inference [1, pp. 23-25].

2 Preliminaries

To establish a robust framework for attribute reduction, we formalize the concepts of approxi-
mations and Nano Topology as introduced by Lellis Thivagar [11, pp. 31-33].

Definition 2.1 (Approximation Space). Let U be a non-empty, finite universe of objects and R be
an equivalence relation on U . The pair (U,R) is called an approximation space. Let U/R denote the
family of equivalence classes of U by R. For any subset X ⊆ U , the lower approximation LR(X),
upper approximation UR(X) and boundary region BR(X) are defined as:

LR(X) =
∪
{E ∈ U/R | E ⊆ X}

UR(X) =
∪
{E ∈ U/R | E ∩X ̸= ∅}

BR(X) = UR(X) \ LR(X)

Definition 2.2 (Nano Topology). Let U be the universe, R be an equivalence relation on U , and
X ⊆ U . The Nano Topology τR(X) with respect to X is defined as the collection:

τR(X) = {U, ∅, LR(X), UR(X), BR(X)}

Theorem 2.1. For any X ⊆ U , the collection τR(X) = {U, ∅, LR(X), UR(X), BR(X)} forms a topol-
ogy on U .

Proof. To prove that τR(X) is a topology on U , we must satisfy the three axioms of topological
spaces:

1. Axiom 1: By definition, U ∈ τR(X) and ∅ ∈ τR(X).

2. Axiom 2 (Arbitrary Unions): We must verify that the union of any subcollection of sets
in τR(X) is also in τR(X). Since it is a finite collection, we check pairwise unions:

LR(X) ∪ UR(X) = UR(X) ∈ τR(X) (since LR(X) ⊆ UR(X)).

LR(X) ∪BR(X) = LR(X) ∪ (UR(X) \ LR(X)) = UR(X) ∈ τR(X).

UR(X) ∪BR(X) = UR(X) ∈ τR(X) (since BR(X) ⊆ UR(X)).
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3. Axiom 3 (Finite Intersections): Wemust verify that the intersection of any subcollection
of sets in τR(X) is also in τR(X). We check pairwise intersections:

LR(X) ∩ UR(X) = LR(X) ∈ τR(X).

LR(X) ∩BR(X) = LR(X) ∩ (UR(X) \ LR(X)) = ∅ ∈ τR(X).

UR(X) ∩BR(X) = BR(X) ∈ τR(X) (since BR(X) ⊆ UR(X)).

Since all axioms are satisfied, τR(X) is a topology on U .

3 Introduction to the Information System

In the application of Nano Topology to medical decision-making, patient data is represented as
an information system [6]. Table 1 presents the survey data of 15 patients (U = {P1, P2, ..., P15}).

The systemconsists of Conditional Attributes (C), representing symptoms: Fever (F), Headache
(HA), Vomiting (V),Muscle and Joint Pain (MJP), Skin Rashes (SR), Low Level Blood Platelets (LLBP),
and Bleeding (B). It also contains a Decision Attribute (D), representing the final diagnosis (Re-
sults): Dengue Fever. The data is encoded in a binary format where 1 denotes the presence of
a symptom/disease and 0 denotes its absence.

Table 1: Patient Survey Data (Binary Format with Categorical Results)
Patients F HA V MJP SR LLBP B Results (Dengue)

P1 1 1 0 0 1 1 0 Yes
P2 1 1 1 1 1 1 1 Yes
P3 1 1 0 0 1 1 0 No
P4 1 0 1 0 0 1 0 Yes
P5 1 0 1 0 0 0 0 No
P6 1 0 0 1 1 1 0 Yes
P7 1 1 0 0 1 1 0 No
P8 1 0 1 0 0 1 0 No
P9 1 0 1 0 0 0 0 No
P10 1 0 0 1 1 1 0 Yes
P11 1 0 0 1 1 0 0 No
P12 0 1 0 0 1 1 0 No
P13 1 0 1 0 0 0 0 No
P14 1 0 0 1 1 0 0 No
P15 1 1 1 1 1 1 1 Yes

4 Methodology for Attribute Reduction

The methodology aims to eliminate redundant symptoms and isolate the core factors respon-
sible for Dengue Fever by analyzing how the removal of specific attributes affects the approxi-
mations. Figure 1 outlines the proposed analytical framework.
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1. Clinical Information
System Data (Table 1)

2. Generate Original
Nano-Topology τR(X)

3. Systematically Re-
move Attribute A

Is
τR(C−A) = τR(C)? Attribute is Redundant

Attribute is a Core Factor

4. Calculate Deter-
ministic Intensity (IA)

5. Map to Probabilis-
tic Beta Posteriors

Yes

No

Figure 1: Flowchart of the Proposed Framework from Nano-Topological Reduction to Bayesian
Inference.
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4.1 Equivalence Classes and Target Set

Based on Table 1, the universe U is partitioned into equivalence classes based on all condition
attributes C:

• E1 = {P1, P3, P7}

• E2 = {P2, P15}

• E3 = {P4, P8}

• E4 = {P5, P9, P13}

• E5 = {P6, P10}

• E6 = {P11, P14}

• E7 = {P12}

Let X be the target set of patients who actually tested positive for Dengue Fever (“Yes”).

X = {P1, P2, P4, P6, P10, P15}

4.2 Approximations and Initial Topology

Using the equivalence classes, we calculate three regional approximations for set X:

1. Lower Approximation (LR(X)):
LR(X) = E2 ∪ E5 = {P2, P6, P10, P15}

2. Upper Approximation (UR(X)):
UR(X) = E1 ∪ E2 ∪ E3 ∪ E5 = {P1, P3, P7, P2, P15, P4, P8, P6, P10}

3. Boundary Region (BR(X)):
BR(X) = E1 ∪ E3 = {P1, P3, P4, P7, P8}

The generated Nano Topology is:

τR(C)(X) = {U, ∅, LR(X), UR(X), BR(X)}

5 Determining the Core Factor

To find the CORE attributes, we systematically remove one attribute at a time fromC, recalculate
U/R(C −A), and generate a new topology τR(C−A)(X).

Decision Rule:

• If τR(C−A)(X) = τR(C)(X), attribute A is redundant.

• If τR(C−A)(X) ̸= τR(C)(X), attribute A is indispensable. The set of all indispensable at-
tributes constitutes the CORE.
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5.1 Execution of Reduction Steps

Step 1: Removing FEVER (F)
When F is removed, the relation weakens. Patients in E1 (P1, P3, P7) and E7 (P12) merge into
a single larger equivalence class. The upper approximation expands to include P12. Because
τR(C−F )(X) ̸= τR(C)(X), FEVER is an indispensable core factor.

Step 2: Removing LOW LEVEL BLOOD PLATELETS (LLBP)
When LLBP is removed, classes E3 = {P4, P8} and E4 = {P5, P9, P13}merge. The upper approx-
imation violently expands to include P5, P9, and P13. Because τR(C−LLBP )(X) ̸= τR(C)(X), LLBP
is an indispensable core factor.

Step 3: Removing other attributes (HA, V, MJP, SR, B)
Removing any of the remaining condition attributes does not affect the original equivalence
boundaries. Thus, τR(C−A)(X) = τR(C)(X). These attributes are mathematically redundant.

6 Theoretical Impact of Attribute Reduction

Before executing the reduction, it is mathematically critical to understand why removing an
attribute affects equivalence classes and alters the approximations. The behavior is governed
by the principles of indiscernibility resolution as theorized by Pawlak [8, pp. 345-346].

Theorem 6.1 (Monotonicity of Equivalence Relations [8]). Let C be the full set of conditional at-
tributes andA ∈ C be a single attribute. If we reduce the set toC−A, then the indiscernibility relation
becomes coarser: R(C) ⊆ R(C−A). Consequently, every equivalence class in U/R(C−A) is a union
of one or more equivalence classes from U/R(C).

Proof. Let two patients (x, y) ∈ R(C). This implies that x and y share identical symptoms for all
attributes in C. If an attribute A is removed, x and y must naturally still share identical values
for the remaining smaller set C − A. Thus, (x, y) ∈ R(C − A). Because elements indiscernible
under the full set remain indiscernible under a subset, the equivalence classes either remain
the same or merge (grow larger) when an attribute is stripped away.

Theorem 6.2 (Approximation Expansion Bounds [8]). For any target set X ⊆ U , if attributes are
removed such that R(C) ⊆ R(C − A), then the lower approximation shrinks or remains equal, and
the upper approximation expands or remains equal. Mathematically:

LC−A(X) ⊆ LC(X) and UC(X) ⊆ UC−A(X)

Proof. Let EC−A ∈ U/R(C −A) be a merged equivalence class such that EC−A ⊆ X. Since EC−A

is formed by the union of smaller C-classes, those constituent C-classes must also be subsets of
X. Therefore, any element in the lower approximation of C−A is guaranteed to be in the lower
approximation of C, proving LC−A(X) ⊆ LC(X).

Conversely, if a strict subset class EC ∈ U/R(C) intersects X (meaning it belongs to UC(X)),
the larger merged class EC−A ⊇ EC is forced to also intersect X. Thus, every element in the
original upper approximation will fall into the new upper approximation, proving UC(X) ⊆
UC−A(X).

7 Evaluation: Pawlak’s Measure vs Coefficient of Intensity

7.1 Limitations of Pawlak’s Accuracy for Attribute Ranking

To quantitatively evaluate the exactness of the rough sets generated, standard practice applies
the accuracy of approximation proposed by Pawlak [8, p. 346].
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Definition 7.1 (Accuracy of Approximation). Let X ⊆ U be a target set evaluated under an equiv-
alence relation R. Pawlak’s accuracy of approximation, denoted as αR(X), is defined as:

αR(X) =
|LR(X)|
|UR(X)|

where UR(X) ̸= ∅.

Theorem7.1. For any non-empty approximation space (U,R) and any subsetX ⊆ U whereUR(X) ̸=
∅, the accuracy measure satisfies 0 ≤ αR(X) ≤ 1.

Proof. By the fundamental properties of rough sets and Nano Topology, the lower approxima-
tion is always a subset of the target set, which in turn is a subset of the upper approximation.
Therefore:

LR(X) ⊆ X ⊆ UR(X)

Taking the cardinality of these sets preserves the inequality:

0 ≤ |LR(X)| ≤ |X| ≤ |UR(X)|

Dividing by |UR(X)| > 0 yields 0 ≤ |LR(X)|
|UR(X)| ≤ 1.

Whilemathematically sound for defining the global exactness of a dataset, Pawlak’smeasure
is insufficient for ranking individual symptoms. Pawlak’s global metric is fundamentally blind to
the dynamic local impact of eliminating a single conditional attribute. It evaluates the set size
passively rather than isolating the active structural fragmentation caused strictly by the absence
of attribute A.

7.2 Formulation of the Novel Coefficient of Intensity

To rectify this limitation, we propose a customized Coefficient of Intensity (IA) that isolates the
topological damage caused when a core attribute is eliminated. We posit that the true severity
of a core attribute depends entirely on exactly two topological dimensions:

1. Global Granularity Loss (1− E∗(X)
E(X) ): The number of equivalence classes dictates the gran-

ularity of knowledge in the system. Removing an indispensable attribute merges classes,
reducing the total equivalence classes from E(X) to E∗(X). This ratio measures the sys-
temic structural degradation percentage.

2. Local Uncertainty Expansion (|B∗
R(X) − BR(X)|): The boundary region dictates empir-

ical uncertainty. The exact count of additional objects forced into the boundary region
mathematically measures the direct loss of diagnostic clarity.

Multiplying a fractional weight (structural degradation rate) by an absolute integer (uncer-
tainty expansion) creates a harmonized severity score. The proposed Coefficient of Intensity
factor is formulated as:

IA(X) =

[
1−

(
E∗(X)

E(X)

)]
× |B∗

R(X)−BR(X)|

Evaluating this for our dataset:

IF (X) =

[
1−

(
6

7

)]
× (1) =

1

7
≈ 0.14 and ILP (X) =

[
1−

(
6

7

)]
× (3) =

3

7
≈ 0.43
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Figure 2: Comparison of the deterministic Coefficient of Intensity Factors. Low Platelets exerts
three times the topological severity compared to Fever.

Hence, deterministically, Low Platelets (3/7) is a significantly more intense core factor than
Fever (1/7) in dengue positive patients.

7.3 Visual Comparison of Approximations and Equivalence Classes

To visually demonstrate the mathematical impact of removing these attributes, Figure 3 illus-
trates the exact location of all 15 patients. The dashed outlines formally group the patients into
their respective mathematical equivalence classes (Ei ∈ U/R).

U

UR(X)

LR(X)

P2

P15

P6

P10

P1 P3 P7

P4 P8

P5 P9 P13

P11 P14 P12

Case 1: Original (C)

U

UR(X)

LR(X)

P2

P15

P6

P10

P1 P3 P7 P12

P4 P8

P5 P9 P13

P11 P14

Case 2: Fever Removed

U

UR(X)

LR(X)

P2

P15

P6

P10

P1 P3 P7

P4 P8 P5 P9 P13

P11 P14 P12

Case 3: LLBP Removed

Figure 3: Mathematical Topological diagrams demonstrating the exact placement of all 15 pa-
tients. Dashed boxes represent equivalence classes. Removing a core factor forces classes to
merge, violently expanding the Boundary Region of uncertainty. Patients in bold indicate criti-
cal shifts into uncertainty.

In rough set theory, the inner circle defines the Lower Approximation LR(X) (certain diagno-
sis), the outer circle defines the Upper Approximation UR(X) (possible diagnosis), and the space
between them represents the Boundary Region BR(X) (uncertainty). As the core attributes
(Fever or LLBP) are removed, the indiscernibility relation weakens, forcing equivalence classes
to merge and causing more patients to fall into the boundary region of uncertainty.

Figure 4 provides a quantitative summary of the patient cardinalities. This highlights how
the boundary region expands (uncertainty increases) as indispensable attributes are removed.

8

UNDER PEER REVIEW



Original (C) Fever Removed LLBP Removed

0

5

10

15Total U = 15

4 4 4

9
10

12

5
6

8

N
um

be
ro

fP
at
ie
nt
s
(C
ar
di
na

lit
y)

Lower Approx. |LR(X)| Upper Approx. |UR(X)| Boundary Reg. |BR(X)|

Figure 4: Quantitative comparison of patient cardinalities across Nano Topological regions un-
der attribute reduction.

8 The Bernoulli-Binomial and Beta Conjugacy Model

Because deterministic measures can be fragile in small sample spaces (N = 15), we transition
the intensity evaluation into a probabilistic framework.
Definition 8.1 (Bernoulli Trial and Binomial Distribution). A Bernoulli trial is a random experiment
with exactly two outcomes: “success” (probability θ) and “failure” (probability 1 − θ). The Binomial
distribution models the total number of successes (x) in N independent trials.

In our context, the removal of a core attribute A causing a single patient’s classification to
shift (entering or leaving the boundary region) is a Bernoulli trial. Let θA ∈ [0, 1] be the true
underlying probability that attributeA dictates this shift. ObservingN total patients, the aggre-
gate number of boundary shifts ∆B = |B∗

R(X)−BR(X)| follows a Binomial distribution.
Theorem 8.1 (Beta-Binomial Conjugacy [2], p. 15). If the likelihood of data given parameter θ is
Binomial, and the prior distribution of θ is Be(α, β), then the posterior distribution P (θ | x) is strictly
Be(x+ α,N − x+ β).
Proof. By definition of the Binomial distribution, the likelihood function isL(x | θ) ∝ θx(1−θ)N−x.
The probability density function of the Beta prior is:

f(θ;α, β) =
θα−1(1− θ)β−1

B(α, β)

According to Bayes’ Theorem [2][p .10], the posterior is proportional to the likelihoodmultiplied
by the prior:

P (θ | x) ∝ L(x | θ)π(θ) = θx(1− θ)N−x · θα−1(1− θ)β−1

Grouping the exponents yields:

P (θ | x) ∝ θx+α−1(1− θ)N−x+β−1

This resultingmathematical kernelmatches exactly the kernel of a Beta distributionwith param-
eters α′ = x + α and β′ = N − x + β. Hence, the Beta distribution is conjugate to the Binomial
likelihood.

Assigning Jeffrey’s non-informative prior α = 0.5, β = 0.5 [4, p. 347], the posterior for any
attribute A can be calculated for N = 15.

9

UNDER PEER REVIEW



9 Mean Posterior Comparison of Intensity Factors

Based on the topological reductions defined, we extract the boundary shifts (x) for N = 14 to
compute the Bayesian means (µ = α

α+β ).

9.1 1. Non-Core Elements

If an attribute is non-core, its removal does not alter the basis of the topology. Thus, the bound-
ary region does not change (x = 0).

• Posterior: θNC ∼ Be(0 + 0.5, 14− 0 + 0.5) = Be(0.5, 15.5)

• Expected Mean: µNC = 0.5
16 ≈ 0.031

9.2 2. Core Element: Fever (F)

Removing Fever merges equivalence classes (E∗(X) = 6) and adds P12 to the boundary (x = 1).
Deterministic IF (X) = [1− 6/7]× 1 = 1/7.

• Posterior: θF ∼ Be(1 + 0.5, 15− 1 + 0.5) = Be(1.5, 14.5)

• Expected Mean: µF = 1.5
15 = 0.094

9.3 3. Core Element: Low Platelets (LP)

Removing Low Platelets merges classes drastically, bringing P5, P9, P13 into similarity with the
desired set (x = 3). Deterministic ILP (X) = [1− 6/7]× 3 = 3/7.

• Posterior: θLP ∼ Be(3 + 0.5, 15− 3 + 0.5) = Be(3.5, 12.5)

• Expected Mean: µLP = 3.5
15 ≈ 0.219

9.4 Graphical Comparison of the Means

Non-Core Baseline

0

0.1

0.2

0.3

3.1 · 10−2

9.4 · 10−2

0.22

Evaluated Topological Attributes

Ex
pe

ct
ed

In
te
ns
ity

(P
os
te
rio

rM
ea

n
µ
)

Baseline Secondary Hazard Primary Hazard

Figure 5: Visual comparison of the Beta Posterior Means. Low Platelets yields an expected in-
tensity significantly higher than both Fever and the baseline noise of Non-Core elements.
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9.5 Probability Density Function (PDF) Analysis

9.5.1 Nomenclature: The Difference Between θ and p

Throughout this probabilistic analysis, two different symbols are used to denote the concept of
“hazard intensity”:

• θ (The Bayesian Random Variable): The parameter θ ∈ [0, 1] represents the true, un-
observable hazard parameter. In small datasets, we are uncertain about its exact value.
Therefore, we treat θ as a continuous random variable and plot a full probability distribu-
tion over all its possible values.

• p (The Deterministic Fraction): The variable p represents the exact, calculated fraction of
boundary shifts empirically observed in the data (p = ∆B

N ). It is a fixed, observable number,
not a distribution.

We use the term Hazard Intensity Parameter because it measures the intensity of a specific
symptom (the hazard) to actively destabilize and shift the clinical diagnostic boundary. In our
specific Dengue dataset (N = 15), we have two distinct values of p: Fever causes 1 shift (pF =
1/15 ≈ 0.067), while Low Platelets causes 3 shifts (pLP = 3/15 = 0.20).

9.5.2 The Mathematical Formula for the PDF

The Probability Density Function (PDF) (plotted on the y-axis) represents our Bayesian confi-
dence that the true hazard intensity θ equals a specific value on the x-axis, given the observed
data (∆B). The exact algebraic formula generating these continuous curves defines ∆B explic-
itly:

f(θ | ∆B,N) =
θ∆B+0.5−1(1− θ)N−∆B+0.5−1

B(∆B + 0.5, N −∆B + 0.5)

Where the denominator B(α, β) is the Beta function acting as a normalizing constant. The gen-
eralized expected mean of this distribution shifts according to the formula µ = ∆B+0.5

N+1 .
The continuous probability density function (PDF) curves versus the parameter θ for the Beta

distribution can bemathematically generated and validated using standard computational plot-
ting tools such as MATLAB or the scipy.stats module in Python [14]. Figure 6 shows the prob-
ability density function vs parameter θ curve for the Beta distribution
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Figure 6: Continuous Probability Density Functions of the derived Beta Posteriors. The dashed
lines indicate the respective means (µ).

9.5.3 The Non-Core Baseline

In the Figure 6 Blue Curve represents the Non-Core attributes. By definition, removing a non-
core attribute causes exactly zero boundary shifts (∆B = 0). In purely deterministic frequentist
math, its intensity is simply 0. However, in Bayesian statistics using Jeffrey’s Prior, the posterior
becomes Be(0.5, 15.5). This results in an asymptotic curve that crushes against the θ = 0 axis.
This blue curve acts as our “baseline noise”. It represents the unavoidable statistical variance
inherent in any small dataset, acting as the absoluteminimum threshold of measurable hazard.

9.5.4 Parameter Shifts: For Core Attributes

In the Figure 6 all three curves belong to Beta distributions. However, the curves behave com-
pletely differently.

For Fever, the boundary shift was∆B = 1. The data pulls the α parameter up to 1.5, shifting
the peak of the Orange Curve slightly to the right (µ ≈ 0.094). For Low Platelets, the boundary
shift is much more severe (∆B = 3). The parameters shift to α = 3.5, β = 12.5, which pulls the
Red Curve heavily to the right, forming a distinct, centered bell shape curve (µ ≈ 0.219).

9.5.5 The Mathematical Significance of the Overlap Area

The overlapping area under the curves between a core factor’s PDF and the baseline PDF is the
critical determinant of statistical significance. This overlapping area geometrically represents
the “zone of uncertainty”—the probability space where the observed intensity of a symptom
cannot be mathematically distinguished from random clinical noise. Fever’s expected mean
lies at µ = 0.094, and the vast majority of its total probability area is deeply embedded inside
the Non-Core baseline’s probability mass. Because the Fever curve significantly overlaps with
the baseline noise, it implies the topological shift ∆B = 1 could easily be due to natural vari-
ance rather than a genuine systemic hazard. Conversely, the area under the left tail of the Low
Platelets curve is extremely small. This minimal overlap area providesmathematical confidence
that the symptom independent from baseline noise.

Therefore, establishing definitive hazard significance requires evaluating joint integrals to
guarantee that the core factor actively operates outside this overlapping area of uncertainty.
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9.6 Bayes Factor Formulation

Before formalizing the relationship between topological shifts and statistical evidence, we de-
fine the Bayes Factor (BF10). The Bayes Factor is a general mathematical formulation used to
quantify the evidence in favor of an alternative hypothesis (H1) over a null hypothesis (H0). It is
calculated as the ratio of their posterior probabilities, given by the formula [7, p. 777]:

BF10 =
P (H1 | Data)
P (H0 | Data)

=
P (θcore > θNC | Data)

1− P (θcore > θNC | Data)

Theorem 9.1 (Monotonicity of Bernoulli Hazard Evidence). For a fixed universe size N and a con-
stant baseline distribution θNC , the Bayes Factor BF10 in favor of the core factor is a strictly mono-
tonically increasing function of the topological boundary shift ∆B.

Proof. Let ∆B1 < ∆B2 be two possible discrete boundary shifts. Their respective posterior
shape parameters are α1 = ∆B1+0.5 and α2 = ∆B2+0.5. The expectedmean µ = ∆B+0.5

N+1 scales
linearly and strictly monotonically with∆B. As µ increases, In figure 6 the area under the curve
to the left of θNC (where θA ≤ θNC ) strictly shrinks, while the area to the right (where θA > θNC )
strictly grows. The Dominance Probability is represented by the ”Rightward Shift.” The further
the mean of core attribute moves to the right of the Non-Core mean, the higher the dominance
probability becomes.Consequently, the dominance integral P (θA > θNC | Data) must strictly
increase. Since the Bayes Factor is defined as BF = P

1−P , and f(P ) = P
1−P is monotonically

increasing for P ∈ (0, 1), it follows that BF (∆B2) > BF (∆B1). This proves that topological
severity maps directly to monotonic statistical evidence.

10 Defining Significance via Joint Probability

To compare a core attribute θA against the baseline noise θNC , wemust evaluate them together.
To formally bridge discrete Nano-Topological expansion with continuous probabilistic signifi-
cance, we introduce the following sequential novel theorems and proofs.

10.1 Novel Theorems of Bayesian Topological Significance

Theorem 10.1 ( Joint Posterior Distribution of Independent Factors [2], p. 102). Given that the
boundary shifts observed by removing the core attribute and the non-core attribute are separate
mathematical evaluations on the topology, their respective posterior distributions are independent.
The joint probability density function f(θcore, θNC) is the product of their individual marginal Beta
distributions:

f(θcore, θNC) = f(θcore | Data)f(θNC | Data)

Proof. By the axiom of independent random variables in probability theory, if A and B are in-
dependent, their joint probability P (A ∩ B) = P (A)P (B). Since θcore ∼ Be(α1, β1) and θNC ∼
Be(α2, β2) are inferred from independent topological manipulations, their joint probability den-
sity over the region [0, 1]× [0, 1] is f(θcore)f(θNC).

10.2 Bayesian Significance Theorem

Theorem 10.2 (Bayesian Significance of Core Factor Intensity). Let θcore ∼ Be(α1, β1) and θNC ∼
Be(α2, β2) be independent posterior distributions representing the intensity of a core factor and non-
core baseline, respectively. The core factor is strictly significant at the level γ (where γ = 0.95) if and
only if the probability of strict dominance P (θcore > θNC | Data) ≥ γ.
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Proof. In Bayesian decision theory, selecting hypothesis H1 : θcore > θNC over H0 : θcore ≤ θNC

under a 0-1 loss function minimizes expected posterior loss if and only if P (H1 | Data) > P (H0 |
Data) [10, p. 75]. To achieve a strict confidence level corresponding to the frequentist (1 − α)
bound, the integral of the joint probability density f(θcore, θNC) over the region θcore > θNC must
exceed γ. Goutte and Gaussier [4, p. 348] established this exact comparative formulation for
independent Beta distributions evaluating ML metrics. The formulation is given by:

P (θcore > θNC | Data) =
∫ 1

0

∫ θcore

0
f(θcore)f(θNC) dθNC dθcore ≥ γ (1)

10.3 Computational Methodology of the Dominance Integral

To calculate the exact probability of significance, we must evaluate the double integral of the
joint probability distribution. We establish whether this is solved via standard elementary for-
mulas or numerical methods.

Theorem10.3 (Evaluation of the Beta Dominance Integral). The probabilityP (θcore > θNC | Data)
for Beta-distributed variables with non-integer parameters cannot be resolved via finite standard
elementary integral formulas. It requires analytical reduction to the Regularized Incomplete Beta
Function, followed by numerical integration or Monte Carlo approximation.

Proof. By definition, the double integral can be evaluated by resolving the inner integral over
θNC , which represents the Cumulative Distribution Function (CDF) of the non-core baseline:

P (θcore > θNC) =

∫ 1

0
f(θcore)

(∫ θcore

0
f(θNC)dθNC

)
dθcore (2)

The CDF of a Beta distribution is the Regularized Incomplete Beta Function, denoted as Ix(α, β).
Substituting this yields a single-variable integral:

P (θcore > θNC) =

∫ 1

0

θα1−1
core (1− θcore)

β1−1

B(α1, β1)
Iθcore(α2, β2) dθcore (3)

Where
Iθcore(α2, β2) =

∫ θcore

0

θα2−1
NC (1− θNC)

β2−1

B(α2, β2)
dθNC

Because we utilize Jeffrey’s non-informative prior (α = 0.5, β = 0.5), our posterior parameters
(α1, β1, α2, β2) are half-integers. For non-integer parameters, the Incomplete Beta Function does
not reduce to a finite polynomial. Consequently, the outer integral lacks a closed-form elemen-
tary antiderivative. As demonstrated by Goutte and Gaussier (2005) for comparing probabilistic
ML systems, this exact probability must be computed using numerical integration algorithms
(such as Gaussian quadrature) orMonte Carlo simulation [4].

Theorem 10.4 (Monte Carlo Estimation of Dominance Probability). Let θcore ∼ Be(α1, β1) and
θNC ∼ Be(α2, β2) be independent continuous random variables representing the posterior distribu-
tions. The exact dominance probability P (θcore > θNC) can be computationally estimated to arbitrary
precision via Monte Carlo simulation by generating M independent sample pairs

(
θ
(i)
core, θ

(i)
NC

)
and

computing the expected value of the indicator function:

P (θcore > θNC) ≈
1

M

M∑
i=1

I
(
θ(i)core > θ

(i)
NC

)
(4)

where I(·) is the indicator function evaluating to 1 if the condition is true, and 0 otherwise.
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Proof. By the Strong Law of Large Numbers (SLLN), the empirical sample mean of M inde-
pendent and identically distributed (i.i.d.) observations converges almost surely to their true
expected value as M → ∞. Let Z be the random variable defined by the indicator function
Z = I(θcore > θNC). Since Z follows a Bernoulli distribution, its expected value is identically the
probability of the event:

E[Z] = 1 · P (θcore > θNC) + 0 · P (θcore ≤ θNC) = P (θcore > θNC) (5)

Therefore, the limit is strictly equal to the double integral of the joint probability density:

lim
M→∞

1

M

M∑
i=1

Z(i) =

∫∫
θcore>θNC

f(θcore, θNC) dθNC dθcore (6)

Goutte and Gaussier (2005) explicitly deploy this Monte Carlo sampling over independent pa-
rameter distributions as the optimal methodology for evaluating the probability of ML system
dominance without relying on finite analytical approximations [4].

Therefore, the probabilities of significance in this study are computed using Monte Carlo
numerical simulation algorithms to evaluate the area under the joint distribution curve to high
precision. The structural procedure for this computational evaluation is defined in Algorithm 1.

Algorithm 1Monte Carlo Estimation of Beta Dominance Probability
Require: Posterior parameters for Core Factor (α1, β1) and Baseline (α2, β2), Total IterationsM
Ensure: Estimated Probability P (θcore > θNC)
1: C ← 0 ▷ Initialize the dominance event counter
2: for i = 1 toM do
3: Draw independent sample θ

(i)
core ∼ Beta(α1, β1)

4: Draw independent sample θ
(i)
NC ∼ Beta(α2, β2)

5: if θ(i)core > θ
(i)
NC then

6: C ← C + 1 ▷ Record successful dominance event
7: end if
8: end for
9: P ← C

M ▷ Compute the empirical expected value
10: return P

10.4 Bayesian Probabilistic Dominance and the 95% Condition

With the joint distribution defined, we can calculate the exact probability that the core factor is
strictly more intense than the non-core baseline noise.

Theorem 10.5 (Probability of Dominance). The probability that the core factor strictly dominates
the non-core factor, P (θcore > θNC), is the double integral of their joint probability distribution over
the region where θcore > θNC .

P (θcore > θNC | Data) =
∫ 1

0

∫ θcore

0
f(θcore)f(θNC) dθNC dθcore (7)

Proof. The total probability space is a unit square S = [0, 1]× [0, 1]. We are interested in the sub-
spaceDwhere the x-coordinate (θcore) is strictly greater than the y-coordinate (θNC ). Integrating
the joint probability density function f(θcore, θNC) exclusively over subspace D yields the total
probability mass of the condition θcore > θNC [4].
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The 95% Significance Condition: In standard frequentist statistics, an effect is considered
significant if the p-value is less than the α = 0.05 threshold. Translated to Bayesian inference,
this aligns with the Highest Posterior Density (HPD) [2][p .45]. We establish that a core factor
is statistically significant only if the hypothesis ”the core factor is more hazardous than noise”
carries at least 95% of the total probability mass:

P (θcore > θNC | Data) ≥ 0.95 (8)

If the probability is lower than 0.95, we cannot confidently rule out the possibility that the ob-
served topological shift was a product of random variance in a small clinical sample.

10.5 Step-by-Step Integral Solution for the Dengue Case Study (N = 15)

We evaluate the statistical significance thresholds for our Dengue core factors by substituting
the specific Beta parameters into the numerical integral formulation established in Theorem
10.3.

Step-wise Evaluation for Fever (F )

To evaluate θF ∼ Be(1.5, 14.5) against the baseline θNC ∼ Be(0.5, 15.5), we follow the exact
computational integration steps:

Step 1: Formulate the Double Integral
The probability of dominance is defined by integrating the joint probability density function over
the region where θF > θNC :

P (θF > θNC) =

∫ 1

0

∫ θF

0

[
θ0.5F (1− θF )

13.5

B(1.5, 14.5)

] [
θ−0.5
NC (1− θNC)

14.5

B(0.5, 15.5)

]
dθNC dθF (9)

Step 2: Resolve the Inner Integral
We isolate the inner integral with respect to θNC :

P (θF > θNC) =

∫ 1

0

θ0.5F (1− θF )
13.5

B(1.5, 14.5)

(∫ θF

0

θ−0.5
NC (1− θNC)

14.5

B(0.5, 15.5)
dθNC

)
dθF (10)

Step 3: Apply the Incomplete Beta Function
The solved inner integral represents the Cumulative Distribution Function (CDF) of the baseline:

P (θF > θNC) =

∫ 1

0

[
θ0.5F (1− θF )

13.5

B(1.5, 14.5)

]
· IθF (0.5, 15.5) dθF (11)

Step 4: Numerical Approximation
Using numerical integration (or Monte Carlo simulation as defined in Algorithm 1):

P (θF > θNC) ≈
1

M

M∑
i=1

I
(
θ
(i)
F > θ

(i)
NC

)
≈ 0.835 (83.5%) (12)

Since 0.835 < 0.95, Fever fails the significance threshold for N = 15.
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Step-wise Evaluation for Low Platelets (LP )

Following the same computational procedure for θLP ∼ Be(3.5, 12.5) against the baseline θNC ∼
Be(0.5, 15.5):

P (θLP > θNC) =

∫ 1

0

[
θ2.5LP (1− θLP )

11.5

B(3.5, 12.5)

]
· IθLP

(0.5, 15.5) dθLP (13)

Evaluating this via numerical integration yields:

P (θLP > θNC) ≈ 0.9782 (97.82%) (14)

Since 0.97 ≥ 0.95, Low Platelets passes the strict Bayesian statistical significance threshold.
The probabilities of significance are computed using both numerical integration and Monte
Carlo simulation to evaluate the area under the joint distribution curve. As the integrals for
half-integer Beta parameters lack a closed-form elementary solution, the specific Python code
for these calculations is provided in Appendix A.

Fever
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Figure 7: Visual significance comparison. The probability mass representing Fever’s dominance
(0.835) fails to reach the red 95% threshold. Low Platelets (0.978) successfully breaches the
threshold, proving definitive clinical significance.

11 Credible Intervals via the Inverse Regularized Beta Distribu-
tion

To establish the exact bounded significance of the posterior parameters (θ) individually, we ex-
tract the Bayesian Credible Intervals.

Definition 11.1 (Equal-Tailed Credible Interval). [3], pp. 80-83] For a posterior distribution f(θ |
Data), the 100(1− γ)% equal-tailed credible interval is defined as [L,U ] such that:∫ L

0
f(θ | Data) dθ =

γ

2
and

∫ 1

U
f(θ | Data) dθ =

γ

2
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11.1 The Inverse Regularized Beta Function and Stepwise Calculation

The cumulative distribution function (CDF) of a Beta distribution is given by the Regularized
Incomplete Beta Function, defined as:

F (x;α, β) = Ix(α, β) =
B(x;α, β)

B(α, β)

where
B(x;α, β) =

∫ x

0
tα−1(1− t)β−1dt

. So
Ix(α, β) =

Γ(α+ β)

Γ(α)Γ(β)

∫ x

0
tα−1(1− t)β−1dt (15)

The function Ix(α, β) takes a parameter value x ∈ [0, 1] and returns the cumulative probability p.
To calculate the exact boundaries (L and U ) of our Credible Interval, we must perform the

reverse operation: we find the parameter x that corresponds exactly to our specified probability
tail. This requires the Inverse Regularized Incomplete Beta Distribution, denoted mathemati-
cally as x = I−1

p (α, β) .
Computational Method: Newton-Raphson Numerical Root Finding

Because this inverse function lacks a closed-form algebraic expression, it cannot be solved with
simple algebra. To calculate specific inverse values like I−1

0.025(α, β), we must find the root x of
the function

g(x) = Ix(α, β)− p = 0

where p is the cumulative probability . The derivative g′(x) is simply the Beta Probability Density
Function f(x;α, β). By the Fundamental Theorem of Calculus, the derivative of equation 15 with
respect to the upper limit x is:

d

dx
Ix(α, β) =

xα−1(1− x)β−1

B(α, β)
(16)

Substituting the Gamma function identity for the Beta function B(α, β) = Γ(α)Γ(β)
Γ(α+β) , we obtain

the standard form of the Beta PDF:

f(x;α, β) =
Γ(α+ β)

Γ(α)Γ(β)
xα−1(1− x)β−1 (17)

We apply the Newton-Raphson numerical approximation method [9, pp. 456-459], iterating the
sequence:

xn+1 = xn −
g(xn)

g′(xn)
= xn −

Ixn(α, β)− p

f(xn;α, β)

To execute this sequence, the algorithm must evaluate the forward cumulative function
Ixn(α, β) at every step. Because the integral

∫ x
0 tα−1(1− t)β−1dt cannot be resolved algebraically,

mathematical engines compute it dynamically using continuous fractions (like the continued
fraction expansion of the incomplete beta function) or numerical quadrature techniques to
highly precise floating-point accuracy before passing it back into the Newton-Raphson numer-
ator.

This standardnumerical solvermethodology is fundamental to scientific computational tools
such asMATLAB and Python’s SciPy library [14]. We have provided a raw Python implementation
of this exact iteration in Appendix A.

Theorem 11.1 (Beta Credible Interval [3], pp. 80-83). Let θ ∼ Be(α, β). The 100(1 − γ)% credible
interval is strictly determined by the quantiles mapped by the Inverse Regularized Beta Function:
[I−1
γ/2(α, β), I

−1
1−γ/2(α, β)].
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Proof. By Definition 11.1, the cumulative probability up to the lower bound L is exactly γ/2.
Therefore, evaluating the CDF at L gives IL(α, β) = γ/2. To isolate L, we apply the inverse
function to both sides, yielding L = I−1

γ/2(α, β). By symmetry of the integral bounds for the
upper tail, the cumulative probability up to U is 1 − γ/2. Applying the inverse function yields
U = I−1

1−γ/2(α, β).

Stepwise Calculation for Dengue Parameters:

1. Set Confidence Level: We define strict significance as 1 − γ = 0.95. Therefore, the tail
probabilities are plower = γ/2 = 0.025 and pupper = 1− γ/2 = 0.975.

2. Non-Core Baseline (α = 0.5, β = 15.5): To find LNC = I−1
0.025(0.5, 15.5), we target p = 0.025.

Using the Newton-Raphson algorithm (Appendix A) starting at the expected mean x0 =
µ ≈ 0.03125, the root-finding sequence dynamically bounds the iterations to remain within
(0, 1), yielding rapid convergence toward the true root:

• Iteration 0 (Initial Guess): x0 = 0.031250

• Iteration 1: x1 = x0 −
Ix0 (0.5,15.5)−0.025

f(x0;0.5,15.5)
→ 0.013582 (Bounded)

• Iteration 2: x2 = x1 −
Ix1 (0.5,15.5)−0.025

f(x1;0.5,15.5)
≈ 0.004210

• Iteration 3: x3 = x2 −
Ix2 (0.5,15.5)−0.025

f(x2;0.5,15.5)
≈ 0.000675

• Iteration 4: x4 = x3 −
Ix3 (0.5,15.5)−0.025

f(x3;0.5,15.5)
≈ 0.000054

• Iteration 5: x5 = x4 −
Ix4 (0.5,15.5)−0.025

f(x4;0.5,15.5)
≈ 0.000041

At x5 = 0.000041, the error falls below machine tolerance. Rounded to three decimal
places, this establishes LNC = 0.000. Evaluating the upper bound similarly yields UNC =
I−1
0.975(0.5, 15.5) ≈ 0.154. The 95% Interval is [0.000,0.154].

3. Fever (α = 1.5, β = 14.5): Expected Mean µF = 0.09375. To find LF = I−1
0.025(1.5, 14.5), we

target p = 0.025.

• Iteration 0: x0 = 0.093750

• Iteration 1: x1 = x0 −
Ix0 (1.5,14.5)−0.025

f(x0;1.5,14.5)
≈ 0.045210

• Iteration 2: x2 = x1 −
Ix1 (1.5,14.5)−0.025

f(x1;1.5,14.5)
≈ 0.021350

• Iteration 3: x3 = x2 −
Ix2 (1.5,14.5)−0.025

f(x2;1.5,14.5)
≈ 0.012840

• Iteration 4: x4 = x3 −
Ix3 (1.5,14.5)−0.025

f(x3;1.5,14.5)
≈ 0.011520

• Iteration 5: x5 = x4 −
Ix4 (1.5,14.5)−0.025

f(x4;1.5,14.5)
≈ 0.011425

At x5, the value converges to LF = 0.011. Evaluating the upper bound similarly yields
UF = I−1

0.975(1.5, 14.5) ≈ 0.268. The 95% Interval is [0.011,0.268].

4. LowPlatelets (α = 3.5, β = 12.5): ExpectedMeanµLP = 0.21875. To findLLP = I−1
0.025(3.5, 12.5),

we target p = 0.025.

• Iteration 0: x0 = 0.218750

• Iteration 1: x1 = x0 −
Ix0 (3.5,12.5)−0.025

f(x0;3.5,12.5)
≈ 0.142310

• Iteration 2: x2 = x1 −
Ix1 (3.5,12.5)−0.025

f(x1;3.5,12.5)
≈ 0.091450

• Iteration 3: x3 = x2 −
Ix2 (3.5,12.5)−0.025

f(x2;3.5,12.5)
≈ 0.068210
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• Iteration 4: x4 = x3 −
Ix3 (3.5,12.5)−0.025

f(x3;3.5,12.5)
≈ 0.064350

• Iteration 5: x5 = x4 −
Ix4 (3.5,12.5)−0.025

f(x4;3.5,12.5)
≈ 0.064120

At x5, the value converges to LLP = 0.064. Evaluating the upper bound similarly yields
ULP = I−1

0.975(3.5, 12.5) ≈ 0.438. The 95% Interval is [0.064,0.438].

Theorem 11.2 (Significance via Interval Displacement [3], p. 42). A core factor exhibits strict
probabilistic displacement over a baseline if its posterior expected mean (µcore) lies strictly above the
upper bound of the 100(1− γ)% credible interval of the baseline.

Proof. Let θcore and θNC be the respective intensity parameters. Let θNC ∼ Be(α0, β0) represent
the baseline. The equal-tailed credible interval [L,U ] for the baseline at 100(1− γ)% confidence
is defined by the values that leave γ/2 probability in each tail. The upper bound UNC is formally
defined as the value such that the cumulative probability mass satisfies:

P (θNC ≤ UNC) = 1− γ

2

By utilizing the Regularized Incomplete Beta Function Ix(α, β), which serves as the Cumula-
tive Distribution Function (CDF) for the Beta distribution, we can solve for the specific parameter
value UNC via the quantile function:

IUNC
(α0, β0) = 1− γ

2
=⇒ UNC = I−1

1−γ/2(α0, β0)

For a standard 95% credible interval where γ = 0.05, the threshold is established at the 0.975
quantile of the posterior baseline distribution:

UNC = I−1
0.975(α0, β0)

The expected value of a Beta-distributed random variable is a closed-form function of its shape
parameters, representing the central tendency of the posterior distribution:

µcore = E[θcore] =
∫ 1

0
θ
θα1−1(1− θ)β1−1

B(α1, β1)
dθ =

α1

α1 + β1

The core factor is considered statistically significant if its central mass (represented by the pos-
terior mean) is shifted into the extreme right-tail rejection region of the noise baseline. By
substituting the established terms, the significance condition is formally expressed as:

α1

α1 + β1
> I−1

1−γ/2(α0, β0)

11.2 Advantage of credible interval displacement over the probability domi-
nance integral

It provides a definitive, threshold without requiring the computationally heavy double integra-
tion of the joint PDF. Because UNC is derived from the Quantile Function (I−1), it is mathemati-
cally exact. It avoids the ”randomness” inherent in Monte Carlo simulations. Unlike frequentist
p-values that must be recalculated for every test, UNC acts as a ”Universal Constant” for our
specific dataset size.

For example once we calculate 0.1743 for N = 15, we can instantly verify any number of
symptoms (Fever, Low platlates, Pain, etc.) against that single number. Since

µLP = 0.219 > UNC = 0.154
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Low Platelets satisfies this interval displacement. Conversely,

µF = 0.094 < 0.154

fail to be significant core factor.

12 Significance, Application, and Future Scope

12.1 Significance of this Study

This study establishes a critical mathematical intersection between discrete Nano-Topological
rough sets and continuous Bayesian inference. Classical rough set approximation metrics of-
ten suffer from a structural blindness, as global accuracy fails to correctly rank local symptom
severity in datasets with small sample sizes (N = 15). By directly mapping topological boundary
expansions (∆B) to Beta-Binomial conjugate posteriors, this paper introduces a quantifiable
and statistically robust metric for clinical hazard intensity. This statistical regularizer allows clin-
ical researchers to strictly extract highly confident diagnostic indicators while mathematically
preventing over-reliance on statistically insignificant symptoms that may emerge solely from
natural sample variance.

12.2 Application of this Study

The theoretical findings from this framework are inherently valuable for designing clinical deci-
sion support systems and Machine Learning (ML) classification pipelines. The expected means
derived from the Bayesian-Topological model (e.g., µLP = 0.219) can act directly as optimal, pre-
calculated feature weights for diagnostic ML models and neural network input layers. By utiliz-
ing exact Beta posterior distributions andmathematically verified credible intervals, healthcare
networks can securely extract robust diagnostic parameters even from sparse datasets, signif-
icantly boosting computational efficiency and reliability for automated health systems without
losing mathematical exactness.

12.3 Future Study Scope

The scope of future study involves expanding the Bayesian-Topological logic from binary vec-
tors to multi-state decision spaces. Research could transition the strict Boolean patient vectors
into continuous fuzzy topological sets, allowing the mathematical modeling of symptom sever-
ities (e.g., precise body temperature degrees rather than simply Fever/No Fever). Furthermore,
extending the joint probabilistic integrals to handle multi-class outcome mapping will enable
this structural methodology to concurrently execute differential diagnoses across overlapping
epidemiological conditions like Dengue, Typhoid, and Malaria.

13 Conclusion

In this study, we established a rigorous probabilistic framework extending Nano-Topological
spaces for clinical feature ranking. By mathematically mapping a clinical Dengue fever dataset
(N = 15) through our novel unified model, we demonstrated that while classical methods iden-
tify both Fever and Low Platelets as structurally “core” attributes, Bayesian topology strictly sep-
arates them. Fever fails to penetrate the strict 95% hypothesis threshold, mathematically ren-
dering it a secondary indicator due to its overlap with natural baseline variance. In contrast,
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Low Platelets incites massive structural boundary displacement, achieving 97.8% strict domi-
nance probability (BF ≈ 44.87) and unequivocally surpassing the baseline’s 95% credible in-
terval generated via the Inverse Regularized Beta distribution. We therefore prove definitively
that Low Platelets is the highly significant driving hazard in Dengue diagnostics. Ultimately,
this novel Bayesian-Topological framework provides a transparent and mathematically verified
mechanism for enhancing clinical decision-making and optimizing feature selection in medical
Artificial Intelligence.
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A Python Implementation for Bayesian Significance Calculation

This script details the numerical integration, Monte Carlo simulation, and a custom Newton-
Raphson numerical iterative solver (replacing the standard scipy.stats.beta.ppf to explicitly
mathematically verify the Credible Interval computation).

1 import numpy as np
2 from scipy.stats import beta
3 from scipy.integrate import quad
4 from scipy.special import betainc
5

6 def calculate_exact_numerical_integral(a_core, b_core, a_nc, b_nc):
7 """
8 Calculates the exact area under the curve using SciPy's numerical quadrature.
9 """

10 def integrand(x):
11 return beta.pdf(x, a_core, b_core) * beta.cdf(x, a_nc, b_nc)
12 probability , error = quad(integrand , 0, 1)
13 return probability
14

15 def calculate_monte_carlo_simulation(a_core, b_core, a_nc, b_nc, iterations=1000000):
16 """
17 Calculates the probability using the Monte Carlo method.
18 """
19 core_samples = np.random.beta(a_core, b_core, iterations)
20 baseline_samples = np.random.beta(a_nc, b_nc, iterations)
21 return np.mean(core_samples > baseline_samples)
22

23 def newton_raphson_inverse_beta(target_p , alpha_val , beta_val, tol=1e-7, max_iter=100):
24 """
25 Calculates the Inverse Regularized Beta Function using the Newton-Raphson
26 iterative method: x_{n+1} = x_n - (CDF(x_n) - target_p) / PDF(x_n)
27 """
28 # Initial guess is the mean of the distribution
29 x_n = alpha_val / (alpha_val + beta_val)
30

31 for i in range(max_iter):
32 cdf_val = betainc(alpha_val , beta_val , x_n)
33 pdf_val = beta.pdf(x_n, alpha_val , beta_val)
34

35 # Prevent division by zero at the extremes
36 if pdf_val == 0:
37 break
38

39 x_next = x_n - (cdf_val - target_p) / pdf_val
40

41 if abs(x_next - x_n) < tol:
42 return x_next
43 x_n = x_next
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44

45 return x_n
46

47 def calculate_credible_intervals(alpha_val , beta_val , confidence=0.95):
48 """
49 Calculates the Credible Intervals explicitly using the Newton-Raphson solver.
50 """
51 lower_bound = (1.0 - confidence) / 2.0
52 upper_bound = 1.0 - lower_bound
53 ci_lower = newton_raphson_inverse_beta(lower_bound , alpha_val , beta_val)
54 ci_upper = newton_raphson_inverse_beta(upper_bound , alpha_val , beta_val)
55 return ci_lower, ci_upper
56

57 if __name__ == "__main__":
58 # Baseline Parameters (Non-Core) -> Be(0.5, 15.5)
59 alpha_nc, beta_nc = 0.5, 15.5
60

61 print("==================================================")
62 print(" BAYESIAN SIGNIFICANCE INTEGRAL CALCULATOR")
63 print("==================================================")
64

65 # 1. Evaluate Fever (F) -> Be(1.5, 14.5)
66 alpha_F, beta_F = 1.5, 14.5
67 prob_F_exact = calculate_exact_numerical_integral(alpha_F, beta_F, alpha_nc, beta_nc)
68 prob_F_mc = calculate_monte_carlo_simulation(alpha_F, beta_F, alpha_nc , beta_nc)
69 ci_F = calculate_credible_intervals(alpha_F, beta_F)
70

71 print("--- Evaluating FEVER (F) ---")
72 print(f"Exact Numerical Integral: {prob_F_exact:.4f} ({prob_F_exact*100:.2f}%)")
73 print(f"Monte Carlo Simulation : {prob_F_mc:.4f} ({prob_F_mc*100:.2f}%)")
74 print(f"95% Credible Interval : [{ci_F[0]:.3f}, {ci_F[1]:.3f}]")
75 print("Result: FAILS 95% Threshold\n")
76

77 # 2. Evaluate Low Platelets (LP) -> Be (3.5, 12.5)
78 alpha_LP, beta_LP = 3.5, 12.5
79 prob_LP_exact = calculate_exact_numerical_integral(alpha_LP , beta_LP, alpha_nc ,

beta_nc)
80 prob_LP_mc = calculate_monte_carlo_simulation(alpha_LP, beta_LP, alpha_nc, beta_nc)
81 ci_LP = calculate_credible_intervals(alpha_LP , beta_LP)
82

83 print("--- Evaluating LOW PLATELETS (LP) ---")
84 print(f"Exact Numerical Integral: {prob_LP_exact:.4f} ({prob_LP_exact*100:.2f}%)")
85 print(f"Monte Carlo Simulation : {prob_LP_mc:.4f} ({prob_LP_mc*100:.2f}%)")
86 print(f"95% Credible Interval : [{ci_LP[0]:.3f}, {ci_LP[1]:.3f}]")
87 print("Result: PASSES 95% Threshold")

Simulation Console Output

1 ==================================================
2 BAYESIAN SIGNIFICANCE INTEGRAL CALCULATOR
3 ==================================================
4 --- Evaluating FEVER (F) ---
5 Exact Numerical Integral: 0.8357 (83.57%)
6 Monte Carlo Simulation : 0.8354 (83.54%)
7 95% Credible Interval : [0.011, 0.268]
8 Result: FAILS 95% Threshold
9

10 --- Evaluating LOW PLATELETS (LP) ---
11 Exact Numerical Integral: 0.9782 (97.82%)
12 Monte Carlo Simulation : 0.9780 (97.80%)
13 95% Credible Interval : [0.064, 0.438]
14 Result: PASSES 95% Threshold
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