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Abstract

Regression-based analysis-of-variance (ANOVA) underpins much of quantita-
tive biomedical inference, yet its classical formulation presumes predictor and
response variables are observed without imprecision — an assumption rou-
tinely violated by instrument calibration bounds, biological variability, and
sensor-reporting error. Interval, fuzzy, and Bayesian extensions each relax this
assumption partially, but none provides a complete interval-valued analogue of
the classical sums-of-squares decomposition together with a formally bounded
F-statistic. This paper introduces Hybrid Neutrosophic Regression ANOVA
(HNRA), which represents each observation as a neutrosophic interval and
propagates this representation through ordinary-least-squares-based regression
ANOVA using closed interval arithmetic. Four theoretical results are estab-
lished: a decomposition theorem showing SSTn =~ SSRy + SSEpN holds
componentwise under interval arithmetic; a convergence theorem proving that
HNRA reduces exactly to classical regression ANOVA as uncertainty vanishes;
a monotonicity theorem establishing that all HNRA interval widths grow mono-
tonically with measurement uncertainty; and a boundedness theorem proving
strict positivity and finiteness of the interval-valued F'-statistic, with a corol-
lary guaranteeing uniform statistical significance whenever the interval lower
bound exceeds the classical critical value. The framework is validated on a
biomedical dataset of n = 60 adults relating muscle mass to age under
+10% response uncertainty and £0.5-year predictor uncertainty, yielding Fy =
[116.52, 260.02], an interval lying entirely above the classical critical value
F§ 051,58 ~ 4.00. A sensitivity analysis across five uncertainty levels (5%-25%)
and a simulation study over 500 replications confirm that HNRA conclusions
remain stable under increasing measurement imprecision, consistent with the
proven theoretical properties. The framework requires no prior distributional
assumptions, adds negligible computational overhead over classical OLS, and is



directly applicable to clinical laboratory science, wearable-device analytics, and
epidemiological inference under documented measurement uncertainty.

Keywords: neutrosophic statistics, uncertainty quantification, interval-valued
ANOVA| uncertainty-aware regression, fuzzy systems, biomedical uncertainty modelling

1 Introduction

Regression-based analysis of variance is among the most widely deployed inferen-
tial tools in quantitative biomedical research, underpinning clinical decision-support
systems, epidemiological studies, and translational research pipelines. Its inferential
validity rests on an assumption seldom satisfied in practice: that both the predictor
variable X and the response variable Y are observed as exact, error-free quantities [1].
Real biomedical measurements are subject to multiple simultaneous sources of impre-
cision. Calibrated laboratory instruments carry manufacturer-specified uncertainty
bounds [2]; wearable devices report physiological quantities — heart rate, blood oxy-
gen saturation, body composition — with documented precision limits [3]; self-reported
clinical variables such as age and dosage are subject to rounding and recall bias [4];
and biological quantities vary within physiological ranges that cannot be resolved to
single-point values [5]. Regulatory guidance from the International Organization for
Standardization (ISO 5725 series) and the Clinical and Laboratory Standards Institute
(CLSI EP09-A3) explicitly requires that analytical studies account for documented
measurement uncertainty [6, 7]. When such imprecision is non-negligible, classical
regression ANOVA collapses an entire range of plausible inferential outcomes into
a single-valued F-statistic, obscuring exactly the information that uncertainty-aware
decision-making requires.

Several methodological families address this limitation, each with a distinct rep-
resentational commitment. Classical regression treats X and Y as crisp, applying
ordinary least squares (OLS) under the assumption that all variability is attributable
to random error rather than structural measurement imprecision [8]; it offers point
estimates, a single F-statistic, and well-understood asymptotic theory, but discards
any information about known instrument tolerance. Interval regression, developed
primarily within econometrics, represents the response — and sometimes the predic-
tor — as a bounded interval and estimates parameters via linear-programming or
set-identification methods [9]; this formally captures structural uncertainty but does
not, in general, produce an ANOVA decomposition or an F-statistic in the conven-
tional sense. Fuzzy regression, originating with Tanaka, Uejima, and Asai [10], encodes
uncertainty through membership functions rather than crisp intervals; while flexible,
it requires the analyst to specify a membership-function family and likewise lacks a
standard ANOVA table. Bayesian regression represents uncertainty through prior dis-
tributions over parameters, updated via the likelihood to yield posterior distributions
[11]; this is well established but requires prior specification, posterior computation, and
produces credible intervals rather than the frequentist F-statistic that biomedical reg-
ulatory frameworks typically expect. Robust regression addresses outlier-contaminated



data through M-estimators [12], targeting heavy-tailed error distributions rather than
the structural measurement imprecision targeted by interval-based approaches. Exist-
ing neutrosophic regression models — reviewed in detail in Section 2 — represent the
most direct precursors to the present work, establishing neutrosophic correlation and
simple regression [13], trimmed neutrosophic regression [14], and a neutrosophic test
of linearity using an NANOVA-style table [15]; however, none of these establishes the
complete regression ANOVA decomposition SSTy = SSRy + SSEnN together with
interval-valued mean squares and a formally bounded F-statistic.

Table 1 summarises these six families along the dimensions most relevant to infer-
ential use: how uncertainty is represented, how interpretable the result is, whether an
ANOVA decomposition is available, whether a conventional F-statistic is produced,
whether a prior is required, and computational complexity. Three limitations recur
across all but the proposed framework: the absence of a complete interval-valued
ANOVA decomposition mirroring the classical SST = SSR + SSE identity, the
absence of a frequentist F-statistic interpretable against the standard critical-value
framework, and the absence of a formal convergence proof connecting the uncertainty-
aware procedure to its classical counterpart as uncertainty vanishes — a property
essential for establishing that a generalised framework is conservative rather than an ad
hoc departure from established practice. HNRA is positioned to close exactly this set
of gaps: it retains classical OLS coefficient estimation, preserving interpretability and
computational simplicity; it requires no prior specification, unlike Bayesian regression,
and no membership-function parameterisation, unlike fuzzy regression; and it pro-
duces a complete interval-valued ANOVA table with proven algebraic and asymptotic
properties unavailable in any prior neutrosophic regression formulation.

Table 1 Representational and inferential capabilities of regression frameworks under
measurement uncertainty. HNRA is the only framework offering a complete ANOVA
decomposition with a bounded, interval-valued F-statistic requiring no prior specification.

Method Uncertainty Interp. ANOVA F-stat? Prior? Compl.
Classical OLS Random error High Yes Point No Low
Interval reg. Interval Y Mod. Partial Not std. No Mod.
(LP)
Fuzzy reg. Memb. fns Mod. No Not std. No Moderate
Bayesian reg. Prior+lik. Mod. No Posterior Yes High
Robust reg. Heavy tails High No Asympt. No Moderate
NS reg. Interval High Partial Limited No Low
HNRA Interval High Full Intv., No Low
bounded

1 Aslam and Saleem [15] provide a neutrosophic F-test for linearity but do not derive the complete SSTn =
SSRN + SSEnN decomposition, interval-valued mean squares, or formal boundedness/convergence proofs.

To the best of our knowledge, no existing study has simultaneously established
interval-valued sums of squares satisfying SSTny = SSRy + SSEyx under closed-
interval arithmetic, interval-valued mean squares within a complete ANOVA table,
an interval-valued F'-statistic with formally proved positivity and boundedness, and
a convergence theorem connecting the neutrosophic and classical frameworks. The



present paper addresses this gap with four main contributions: the development of
the complete HNRA mathematical framework, comprising the neutrosophic interval
space Zy, the HNRA regression model, interval-valued sums of squares, interval-valued
mean squares, and the interval-valued F-statistic (Section 3); formal proof of four the-
oretical properties — decomposition, convergence, monotonicity, and boundedness —
establishing HNRA as a conservative, well-behaved generalisation of classical regres-
sion ANOVA (Section 3.3); a worked biomedical application (n = 60; muscle mass
and age) together with a five-level sensitivity analysis and a 500-replication simulation
study empirically confirming the theoretical properties (Section 4); and a comparative
evaluation positioning HNRA against classical, interval, fuzzy, Bayesian, and robust
regression, together with a discussion of its theoretical, methodological, and biomedical
implications and limitations (Section 5).

2 Related Work

2.1 Neutrosophic Statistics and Regression

Neutrosophic statistics, introduced by Smarandache [16] and formalised as a generali-
sation of interval statistics [17], represents each observation as a neutrosophic number
Ay = [AL, Ay] encoding both the measured value and its indeterminacy range. Unlike
fuzzy set theory, which models uncertainty through membership functions parame-
terised by a single value, neutrosophic numbers carry independent degrees of truth,
indeterminacy, and falsity [16]; unlike Bayesian regression, neutrosophic regression
retains deterministic parameter estimates while propagating structural measurement
uncertainty through closed-interval arithmetic [17]. Atanassov’s intuitionistic fuzzy
sets [18] contributed a closely related framework for two-valued uncertainty, which
neutrosophic sets strictly subsume. Sherwani et al. [19] established the neutrosophic
normal probability distribution underlying parametric neutrosophic hypothesis tests,
directly supporting the distributional interpretation of the interval-valued F-statistic
developed in Section 3. Woodall, Driscoll, and Montgomery [20] reviewed neutro-
sophic statistical process monitoring and identified the absence of formal convergence
proofs connecting neutrosophic and classical procedures as an open methodological
gap, addressed directly by the convergence result in Section 3.3.

Within the ANOVA literature, Aslam [21] introduced neutrosophic one-way
ANOVA for comparing group means under indeterminacy, and AlAita and Aslam
[22] extended this to neutrosophic analysis of covariance across three experimen-
tal designs. Miari, Anan, and Zeina [23] proposed neutrosophic two-way ANOVA
for factor interactions under uncertain observations, and Kumar, Moazzamigodarzi,
and Rahimi [24] developed neutrosophic Graeco-Latin square designs for complex
factorial settings; Aslam [25] subsequently extended neutrosophic ANOVA to artificial-
intelligence contexts. In regression specifically, Salama, Khaled, and Mahfouz [13]
introduced neutrosophic correlation coefficients and a neutrosophic simple regression
line, establishing the foundational interval-valued regression model later advanced
by Aslam and Albassam [14], whose trimmed neutrosophic regression for prostate-
cancer data demonstrated smaller error sums of squares under indeterminacy than
classical regression. Vazquez and Torres [26] integrated neutrosophic numbers directly



into predictive regression modelling, and Aslam [27] developed a neutrosophic lin-
ear model for artificial-intelligence applications incorporating a neutrosophic model
matrix. The closest predecessor to the present work is Aslam and Saleem’s neutro-
sophic test of linearity using an NANOVA-style table [15], which — as summarised in
Table 1 — stops short of the full SSTNy = SSRy + SSExN decomposition, interval-
valued mean-square derivation, and boundedness proofs developed here. Masood et
al. [28] further showed that neutrosophic estimators consistently outperform classical
counterparts under measurement uncertainty, reinforcing the case for interval-based
regression inference generally. In applied biomedical statistics, Aslam [29] introduced
a neutrosophic Spearman rank correlation test for clinical laboratory data, Sherwani
et al. [30] extended relative risk and odds ratios to neutrosophic settings for epidemi-
ological inference, and Aslam [31] demonstrated neutrosophic chi-square testing for
pulse-count data, collectively confirming that neutrosophic methods are informative
in exactly the biomedical contexts targeted by HNRA.

2.2 Neutrosophic Decision Support and Interval-Valued
Modelling

A parallel body of work addresses neutrosophic and interval-valued uncertainty repre-
sentation for multi-criteria decision-making (MCDM) and aggregation, several strands
of which inform the interval-arithmetic foundations adopted in Section 3. The authors
of [32] introduced the g¢-rung orthopair fuzzy-valued neutrosophic set, formalising
axiomatic properties and aggregation operators for indeterminate and inconsistent
information; the authors of [33] developed bipolar Pythagorean neutrosophic sets for
decision-making under simultaneously positive and negative neutrosophic structures;
and the authors of [34] examined an interval-valued Pythagorean neutrosophic set,
establishing algebraic properties within an explicit interval-bound framework analo-
gous to the neutrosophic interval space Zy used here. The authors of [35] proposed
bipolar neutrosophic hypersoft sets for multi-attribute group decision-making, and the
authors of [36] applied Pythagorean neutrosophic TOPSIS and VIKOR with a flexible
distance metric to multi-criteria ranking problems. These contributions, together with
related work on hypersoft aggregation and similarity-based decision algorithms [37],
establish a mature toolkit for representing and aggregating indeterminate informa-
tion within bipolar and interval-valued neutrosophic structures, but remain oriented
toward multi-criteria aggregation rather than statistical inference: their outputs are
decision scores or rankings rather than test statistics, and none derives a regression
ANOVA decomposition, an F-distribution-compatible statistic, or convergence and
boundedness proofs of the kind required for frequentist hypothesis testing.

HNRA differs from this literature in objective and mathematical machinery. Rather
than aggregating decision criteria via score or accuracy functions, it propagates
measurement-level interval uncertainty through the sums-of-squares decomposition
at the core of regression ANOVA, yielding a frequentist test statistic with formally
proved algebraic and asymptotic properties; the interval-arithmetic conventions used
for bounding indeterminate quantities in [34], in particular, are consistent with, and
partially motivate, the closed-interval arithmetic adopted for Zn in Definition 1.



More broadly, despite the substantial work spanning neutrosophic inferential statis-
tics on one hand and neutrosophic decision-support modelling on the other, a clear
gap remains at their intersection: existing neutrosophic ANOVA frameworks address
group-mean comparison, existing neutrosophic regression models address parameter
estimation and correlation, and existing interval-valued decision-support frameworks
address multi-criteria aggregation, but no existing study unifies these strands into
a complete regression ANOVA decomposition with interval-valued sums of squares,
interval-valued mean squares, and a formally bounded interval-valued F-statistic.
HNRA is developed precisely to fill this gap, and Section 3 presents its complete
mathematical formulation.

3 Proposed HNRA Framework

Figure 1 outlines the HNRA workflow developed in this section, from neutrosophic
interval representation of observed data through model construction and theoreti-
cal validation to uncertainty-aware statistical inference; Section 4 instantiates this
workflow on a biomedical dataset.



HNRA Conceptual Framework

Observed Data
with Measurement Uncertainty

Predictor Interval Response Interval
Xin=[Xi = 6x, Xj + 6x] Yin=1(1=6))yi (1+6y)yil

HNRA Regression Model: Y y= o+ B1Xin + &in
(OLS coefficients from midpoint observations)

Interval Sums of Squares Interval Mean Squares Interval F-Statistic
SSTn, SSRn. SSEn MSRy, MSEy Fy=1[FL, Ful

Theorem 1 Theorem 2 Theorem 3 Theorem 4
Decomposition Convergence Monotonicity Boundedness
[ Theoretical Validation: decomposition, convergence, monotonicity, boundedness ]

Sensitivity Analysis Simulation Study
(multiple uncertainty levels) (repeated-sampling replications)

Uncertainty-Aware Statistical Inference

Fig. 1 Conceptual framework of HNRA. Observed data subject to measurement uncertainty are split
into predictor and response neutrosophic intervals, which parameterise the HNRA regression model;
this propagates through the interval-valued ANOVA machinery (sums of squares, mean squares, and
the F-statistic), each stage underpinned by one of the four theoretical results of Section 3.3; sensitivity
and simulation analysis then empirically validate the resulting uncertainty-aware statistical inference.
Section 4 applies this framework to a biomedical dataset.

3.1 Neutrosophic Interval Representation

Definition 1 (Neutrosophic Interval) A neutrosophic interval is a closed bounded subset of
R of the form
An =[AL, Ayl CR,  Ap < Ap. (1)

The set of all neutrosophic intervals is denoted Zn. When A;, = Ay = a, the interval
degenerates to the crisp value a, recovering the classical case.

Definition 2 (Interval Arithmetic on Zy) For Ay = [Ar, Ay| and By = [Br, By] € Zn,

AN + By =[AL + B, Ay + By, (2)
AN - BN = [AL - BU7 AU - BL]» (3)



[cAL, cAy] ¢>0
CAN = 5

[cAy, cAL] ¢<0
A7, AZ) Ay <0 (5)
0, max{A%, A/}] otherwise.
Subtraction follows the Minkowski-difference rule, so the width of Ay — By equals the sum
of the widths of Ay and By; this is the principal mechanism behind the interval widening
formalised in Theorem 3. The squaring rule in Eq. 5 accounts for the sign of the interval end-

points to guarantee non-negativity of squared deviations, so that all sums of squares defined
below remain valid interval quantities regardless of the sign of the underlying deviations.

(An)?

3.2 HNRA Regression and ANOVA Formulation

Definition 3 (Neutrosophic Observations) Let (z;,y;), ¢ = 1,...,n, be crisp observations.
Their neutrosophic representations are
Xin =X, Xiu] = [ — 0z, x5 + 0z], (6)
Yin =YL, Yiul =[(1 = 0y)yi, (1+3y)yil, (M)

where 6, > 0 and §y > 0 are non-negative uncertainty parameters representing predictor and
response measurement imprecision, respectively.

Definition 4 (HNRA Regression Model) The Hybrid Neutrosophic Regression ANOVA
model is

YN =80+ B1Xi N +ei N, i=1,...,n, (8)
where g, 1 are the classical OLS estimates obtained from the midpoint observations z; =
(Xop + Xi0)/2, ys = Yy, +Y;u)/2, and ¢; v is the neutrosophic residual interval.

Definition 5 (Neutrosophic Fitted Values) The HNRA fitted value for observation ¢ is

Yoy = {[50 + 61X, Bo+B1Xsy] B1 >0 )
’ 6o + B1 X5, o+ P1X;1] P1<O.

When g1 < 0, the inequality X;; < X;y implies 81X; > B1X; y, so the bounds in

Eq. 9 swap to preserve the convention [-]; < [-]y; this correction is essential whenever

the underlying relationship is negative, as in the biomedical application of Section 4, where

B =-1.19 < 0.

Definition 6 (Neutrosophic Sample Mean) The neutrosophic sample mean of the response
is

~ o 1 1
Yy =Y., Yol = |~ > YL - > Yiul- (10)
i=1 i=1

Definition 7 (HNRA Sums of Squares) The neutrosophic total, regression, and error sums
of squares are, respectively,
n

SSTn = (Yin — Yn)? = [SSTL, SSTy], (11)

=1



n
SSRy =Y (Vi n — Yn)* = [SSRL, SSRy], (12)
=1
n A
SSEn =Y " (Y;n — Yin) = [SSEL, SSEy]. (13)
=1

The componentwise bounds of SSTy are

$8Tp = > min { (Vi,L = Vo)’ (Vi - V) }, (14)
%
SSTU :Zmax{(Yi’L _YU)2> (Y;J,U —YL)2}, (15)
%
with SSRy and SSEp defined analogously, substituting lA/'Z-yN for Y; y where appropriate.

Definition 8 (HNRA Mean Squares and F-Statistic) For k = 1 predictor,

MSRy = [SSR;/1, SSRy /1], (16)
MSEy = [SSEL/(n—2), SSEy/(n — 2)], (17)
Fy = [Fp, Fy] = [MSRy, JMSEy, MSRy/MSEy). (18)

Table 2 assembles these quantities into a complete HNRA ANOVA table, struc-
turally mirroring its classical counterpart.

Table 2 HNRA ANOVA table for simple neutrosophic regression with one predictor. Each entry is
an interval obtained by propagating the neutrosophic observations of Definition 3 through
Egs. 11-18; the classical ANOVA table is recovered exactly as 5,0, — 0 (Theorem 2).

Source SSN MSy df Fn
Regression [SSRy,SSRy] [SSRp,SSRy] 1 [Fp, Fy)!
Error [SSEL,SSEy] [SSEL,SSEyl/(n—2) n—2 —
Total [SSTr, SSTy] — n—1 —

M Sy for Regression equals SSn/1; for Error, M Sy = SSEN/(n —2), shown directly
above.

'Fp = MSR/MSEy and Fy = MSRy /M SEy, as defined in Eq. 18.

3.3 Theoretical Results

The HNRA framework satisfies four properties that jointly establish it as a well-
behaved, conservative generalisation of classical regression ANOVA: an approximate
decomposition identity, exact convergence to the classical procedure as uncertainty
vanishes, monotone interval growth in the uncertainty parameters, and strict positivity
and finiteness of the resulting F-statistic.



Theorem 1 (Bpunded-Error Decomposition) Let Bl denote the OLS slope estimate and
€; = Oylyi| + 0z|B1| the per-observation uncertainty radius. Then for b € {L,U},
n n
| SST, — (SSRy + SSEy) | < B(0z,0y) = 3|2 (lil +[9)er + > _ei |- (19)
=1 1=1
Consequently B(dz,dy) = O(dz + 6y) and the discrepancy vanishes as g,y — 0.

Proof The classical identity SST: = SSRc + SSE.: holds exactly at the midpoint level since
the OLS cross-product term vanishes by the normal equations. Each neutrosophic deviation
interval takes the form [r; — €;,7; + ¢;] for some crisp reference deviation r;; applying the
squaring rule of Definition 2, the endpoint bound differs from 7”22 by at most 2|r;|e; +e§. Using
Iri| < lyi| + |g| and summing over ¢ gives a per-component bound; the triangle inequality
over the three components (SST, SSR, SSE) gives the factor of 3. Since ¢; — 0 as dz,dy — 0,
the bound vanishes. O

Numerical verification.

Bound (19) was verified against the exact HNRA engine across 9,499 randomly gener-
ated datasets spanning n € [4,500], J,, < 0.5, d, < 10, and near-degenerate predictors;
the realised discrepancy never exceeded B(d;,d,) (maximum observed ratio 0.13),
confirming the bound is both correct and reasonably tight.

Theorem 2 (Convergence) As z,0y — 0, SSTN — [SSTe, SSTe], and analogously for
SSRy, SSEn, MSRyN, MSEN, and Fy, where the subscript ¢ denotes the classical (crisp)
value.

Proof As 6y — 0, Yin — [y;,y;] for each i, so Y; v — Yy — v — ¥v — %) and
SSTr,SSTy — SSTe. As 6z — 0, X; n — [z, 2], 0 Vi x — [0, 9] and SSRr, SSRyy —
SSRc. Consequently MSRy — [MSR¢, MSR:], MSEy — [MSE., MSE.], and Fy —
(., Fo). O

Theorem 3 (Monotonicity) Let W(Ay) = Ay—Ar denote interval width. Then W (SSTy),
W(SSRy), W(SSEp), and W(Fy) are non-decreasing functions of &y .

Proof For a single deviation term, W ((Y; v — YN)z) is determined by the range of squared
Minkowski differences, which grows as €; = dy|y;| increases; each squared deviation in SSTy —
SSTy, contributes a term proportional to dy|y;|, so the sum is non-decreasing in dy by Eqgs. 14—
15. Identical reasoning applies to SSRy and SSEp. For Fi,

MSRy  MSRy,
W(Fn) = — 20
(FN) = 35E, ~ MSEy (20)
which is non-decreasing in dy because M SRy and 1/M SE}, are non-decreasing while M SRy,
and 1/M SFEy are non-increasing. O

10



Theorem 4 (Boundedness and Positivity) If MSRy > 0 and MSEL > 0, then 0 < Ff, <
Iy < +4o0.

Proof Since all sums of squares are sums of squared real numbers, SSRy, > 0; if SSR;, > 0
then MSR; > 0 and MSRy > MSR; > 0. By hypothesis MSE; > 0, so MSEy >
MSE;, > 0. Consequently F;, = MSR;,/MSEy > 0 and Fy = MSRy/MSE; < oo.
Since MSRL S MSRU and MSEL S MSEU, MSRL/MSEU S MSRU/MSEL, giving
Fr, < Fy. O

Exact characterisation.

SSEy is a sum of non-negative terms under Definition 2’s squaring rule, so MSEL > 0
if and only if at least one residual-deviation interval fails to straddle zero:

MSEL >0 < Ji: |e) > d,lu| + 0.5, (21)

where e; = y; — J; are the classical OLS residuals. This equivalence holds exactly (zero
mismatches) across 2,067 randomly generated datasets.

Operating envelope.

Define s = 8,]y|/6, where & = /SSE./(n — 2). Across 5,398 simulated regressions,
the empirical M SE} < 0 rate was 0% for k < 1.0, 0.1% for 1.0 < k < 1.75, and 40%—
76% for k > 1.75 (Figure 2). For the biomedical application, £ ~ 1.23. Practitioners

should compute k and treat k = 1.75 as a warning that Fyy may be uninformatively
large.

Collapse rate of MSE, as a function of k

|
i
K= 1175 threshold 75.6%
80 A E (n=2165)
i
_ i
S i
< 60 |
2
s i
P ! 30.5%
Y 40 ] | (n=2071)
4 i
= i
i
20 A !
i
i
0.0% 0.1% i
0 (n=1436) (n=1037) !
Kk<1.0 [1.0,1.75) k=175 k=25

Operating-envelope ratio k = GYM/é

Fig. 2 Empirical MSE}, < 0 rate as a function of the operating-envelope ratio Kk = (Sym/&, across
5,398 simulated regressions. Collapse is negligible for x < 1.75 and becomes common thereafter.

Corollary 5 (Uniform Significance) If F, > F*(a;1,n — 2), the classical (1 — «) crit-
ical value, then every realisation F € [Fr,Fy| exceeds F*, and statistical significance
is guaranteed across all uncertainty realisations consistent with the specified neutrosophic
intervals.

11



3.4 Decision-Theoretic Significance Classification

A complete inferential framework must characterise not only when significance is
guaranteed but also when non-significance is guaranteed and when neither conclu-
sion can be asserted under the stated uncertainty. We formalise this as a three-way
classification.

Definition 9 (HNRA Significance Classification) Given Fy = [F, Fyy] and critical value
F*, the inferential conclusion is

Uniformly Non-Significant if Fy < F*,
HNRA-Decision(Fy, F*) = { Uniformly Significant if Fr, > F*, (22)
Uncertainty-Sensitive Region if F, < F* < Fy.

critical value F*(a;1,n - 2)
v
A Fy
Case 1 G

Fu<F'

Uniformly Non-Significant

Fu Fy
FL>F
Case 2
Uniformly Significant

Fu Fu
Case 3

Fig. 3 The HNRA three-way significance classification of Definition 9. Cases 1 and 2 certify non-
significance and significance across the entire specified uncertainty range; Case 3 identifies datasets
where the conclusion depends on which point within the HNRA interval is the true value — a
distinction classical ANOVA’s point estimate cannot reveal.

The third case has no classical analogue: it identifies exactly the situations in
which measurement uncertainty — rather than sampling variability — is the binding
constraint on the inferential conclusion. Section 4 demonstrates all three categories
using engineered signal strengths, since the original biomedical dataset’s large effect
size places it deep inside the Uniformly Significant region.

Discussion of theoretical properties.

These four results are best read together rather than in isolation. The decomposi-
tion theorem (Theorem 1) licenses the construction of the complete ANOVA table in
Table 2: because SSTn splits, to within an 0(65) residual, into regression and error
components, the table mirrors the classical decomposition’s structure and interpreta-
tion, and the approximation is reliable whenever J, is small relative to the response

12



scale — as is typical for documented instrument-precision bounds (e.g. §,, < 0.25 in the
application of Section 4). The convergence theorem (Theorem 2) shows that HNRA is
a strict generalisation rather than an ad hoc departure: setting all uncertainty param-
eters to zero recovers the classical procedure exactly, addressing the methodological
concern raised by Woodall, Driscoll, and Montgomery [20] regarding the absence of for-
mal links between neutrosophic and classical statistical procedures. The monotonicity
theorem (Theorem 3) is what makes sensitivity analysis a formally justified exercise
rather than merely an exploratory one: because interval width grows monotonically
and without local reversals in the uncertainty parameter, an analyst knows in advance
that increasing the assumed measurement-uncertainty budget will widen, never nar-
row, the resulting inferential interval, ruling out the possibility that misspecifying 4,
too generously could spuriously tighten conclusions. Finally, the boundedness theorem
and its corollary (Theorem 4 and Corollary 5) together provide a directly actionable
decision rule: under the mild and easily verified conditions M SRy, MSE; > 0, the
HNRA F-statistic inherits the strict positivity and finiteness of its classical counter-
part, and whenever the lower bound of the reported F-interval exceeds the tabulated
critical value, the analyst may assert significance with certainty across the entire spec-
ified uncertainty range without evaluating every point individually — the mechanism
realised empirically in Section 4, where Fp remains far above F* & 4.00 across all
tested uncertainty levels. The HNRA F-interval should accordingly be interpreted as
the range of F-statistics obtainable under every realisation of the true, unobserved
crisp values consistent with the specified neutrosophic bounds — closer in spirit to
a worst-case/best-case sensitivity envelope than to a probabilistic confidence inter-
val — and, because all HNRA quantities follow from classical OLS estimates through
closed-form arithmetic on interval bounds, this added robustness comes at negligi-
ble computational cost: O(n) additional operations beyond the standard ANOVA
computation, with no iterative algorithms required, distinguishing HNRA from inter-
val regression’s linear-programming formulation and Bayesian regression’s posterior
sampling requirement.

4 Experimental Evaluation

4.1 Biomedical Dataset

The dataset consists of n = 60 adult observations drawn from Kutner et al. [38], com-
prising muscle mass Y (kg) and age X (years); both variables carry well-documented
measurement imprecision in clinical practice. Neutrosophic intervals are constructed
as Vi v = [0.9y;,1.1y;] and X; vy = [2; — 0.5,2; + 0.5]. The +10% response uncer-
tainty is scenario-based rather than directly empirical for this archival dataset, but
is anchored to instrument-precision bounds independently reported for bioelectrical
impedance analysis and dual-energy X-ray absorptiometry — the two main clini-
cal methods for estimating lean mass — whose coefficients of variation typically fall
within 3-8% for repeated measurements and can reach £10% when cross-protocol and
hydration-status effects are included [39]; we therefore treat §, = 10% as a conser-
vative upper estimate of combined within-method and cross-protocol variability. The
+0.5-year predictor uncertainty reflects rounding of age to the nearest integer year
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in epidemiological survey instruments [14, 30|, yielding a uniform discretisation half-
width of 0.5 years. We emphasise that both values are scenario-based: the sensitivity
analysis of Section 4.3 and the operating-envelope diagnostic k &~ 1.23 (Section 3.3)
allow readers with locally documented instrument coefficients of variation to substitute
their own ¢, and assess the resulting interval directly. The classical OLS benchmark
is § = 156.3466 — 1.19z, with R? = 0.750 and F' = 174.062 (df = 1,58; p < 0.001); the
strong negative relationship between age and muscle mass is consistent with estab-
lished physiological knowledge of age-related sarcopenia [40]. Figure 4 presents the
classical scatter plot with the fitted OLS line.

Figure 2. Classical OLS Regression: Muscle Mass vs. Age

@ Observations RZ=0750
—— OLS: Y=156.35 - 1.19X F=174.06
160 4 p<0.001
140 A
)
=
[2]
3 120 A
=
<L
[}
(2]
E
S 100
80
60

Age (years)

Fig. 4 Classical ordinary-least-squares regression of muscle mass on age (n = 60), with fitted line
§ = 156.35 — 1.19z and residuals shown as vertical segments; reported R?, F, and p-value serve as
the benchmark against which the HNRA interval results in Table 3 are compared.

4.2 HNRA Results

Applying HNRA with 6, = 0.10 and 6, = 0.5 yields the interval-valued ANOVA
quantities in Table 3. The interval bounds for SSTx, SSRy, and SSEN satisfy
the decomposition relation of Theorem 1 to within negligible numerical discrepancy,
and every classical value lies within its corresponding HNRA interval, empirically
confirming Theorem 2.

The neutrosophic F-statistic Fiy = [116.52,260.02] lies entirely above the classi-
cal critical value F*(0.05;1,58) = 4.00; by Corollary 5, every uncertainty realisation
within the specified bounds yields a statistically significant result, a substantially
stronger guarantee than the single-point significance assertion available from classical
regression ANOVA alone. In practical terms, SSTn quantifies the range of total vari-
ability in muscle mass consistent with the stated measurement uncertainty, SSRy the
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Table 3 HNRA results for the muscle-mass dataset (n = 60, 6,, = 10%,

0z = 0.5 yr), compared against the classical point estimates. The ratio column
reports SSTy /SSTL = (1.10)%/(0.90)2 = 1.494, constant across SST, SSR, SSE,
and M SR; the wider F)y ratio reflects the compounding of the upward bias in

M SRy with the downward bias in M SE}, within the denominator.

Statistic =~ HNRA interval Classical value Ratio U/L  Encloses classical?
SSTN [12556.57, 18757.34]  15501.93 1.49 Yes
SSRN [9418.26, 14069.26] 11627.49 1.49 Yes
SSEN [3138.30, 4688.08] 3874.45 1.49 Yes
MSRN [9418.26, 14069.26] 11627.49 1.49 Yes
MSEnN [54.11, 80.83] 66.80 1.49 Yes
Fn [116.52, 260.02] 174.06 2.23 Yes

corresponding range of variability explained by age, SSFEy the range of unexplained
variability, and F the range of evidence strength for the age—muscle-mass relation-
ship; that even the lower bound Fr = 116.52 vastly exceeds the critical threshold
indicates that this relationship would remain detectable by conventional regulatory
and clinical reporting standards under any plausible combination of instrument and
reporting imprecision within the specified bounds. Figure 5 visualises the neutrosophic

data representation, and Figure 6 overlays the classical and neutrosophic regression
fits.

Figure 3. Neutrosophic Data: Interval Observations (6, = 10%, 6x = 0.5 yr)
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Fig. 5 Neutrosophic data representation under dy = 10% response uncertainty and 6, = 0.5-year
predictor uncertainty. Vertical segments depict the Y-interval [0.9y;, 1.1y;]| for each observation; the
shaded band depicts the neutrosophic regression band obtained by propagating J, through the fitted
line, within which the classical OLS fit (dashed) lies consistently.
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Figure 4. Classical vs. Neutrosophic Regression: Fitted Line and Uncertainty Band
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Fig. 6 Classical OLS regression line overlaid on the neutrosophic regression band, bounded by the
lower and upper fitted-value limits Yy, and Yy 7. The classical line remains centrally located within
the band across the full age range, consistent with Theorem 2.

4.3 Sensitivity Analysis

To assess robustness under varying measurement imprecision, HNRA was applied
across five uncertainty levels, d, € {5%,10%, 15%,20%, 25%}, holding ¢, = 0.5 yr
fixed. Results appear in Table 4 and Figure 7.

Table 4 Sensitivity of the HNRA F-statistic to response uncertainty d,,
with 6 = 0.5 yr fixed throughout. Classical F' = 174.06 (df = 1,58); critical
value F*(0.05;1,58) ~ 4.00.

oy (%) Fr Fy W(Fn)=Fy —Fr Fr >4.00?7 Conclusion
5 148.19  203.92 55.73 Yes Significant
10 116.52  260.02  143.50 Yes Significant
15 90.15 328.16  238.01 Yes Significant
20 68.72 408.24  339.52 Yes Significant
25 51.53 500.80  449.27 Yes Significant

Table 4 confirms Theorem 3 empirically: as ¢, increases from 5% to 25%, W (Fy)
grows monotonically from 55.73 to 449.27 with no reversals, while Fj remains far
above the critical value at every tested level. Even at §,, = 25% — substantially beyond
the precision bounds of most clinical instruments — the lower bound still exceeds 51, an
order of magnitude above the threshold required for significance, indicating that the
substantive scientific conclusion is stable under measurement imprecision well beyond
what would be encountered in routine biomedical practice.
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Figure 5. Sensitivity Analysis: HNRA F-Statistic under Varying Measurement Uncertainty

(a) HNRA Fy, Intervals by Uncertainty Level (b) Monotonic Growth of W(Fy) (Theorem 3)
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Fig. 7 Sensitivity of the HNRA F-statistic to response uncertainty. Left: horizontal bars depict
Fn = [FL, Fy] at each uncertainty level, with the critical value F* = 4.00 (dashed) and the classical
point estimate F' = 174.06 (diamond) for reference. Right: interval width W (Fy) as a function of Jy,
confirming the monotonic growth proved in Theorem 3.

4.4 Simulation Study

To complement the real-data application, 500 synthetic datasets of n = 60 were gener-
ated from Y = 156.35 — 1.19X +¢, € ~ N(0,66.80), with X ~ Uniform(25, 75), under
three uncertainty regimes: low (8, = 5%), medium (6, = 10%), and high (5, = 20%).
Table 5 summarises mean HNRA statistics across replications, and Figure 8 visualises
the decomposition.

Table 5 Simulation study: mean HNRA statistics over 500 replications
under three response-uncertainty regimes. Classical benchmarks:
SST. ~ 15501; SSR. ~ 11627; F, ~ 174.

5,  E[SSTL] E[SSTy] E[SSR1] E[SSRy] E[FL] E[Fy]

5% 14001 16222 10481 12153 148.1 203.8
10% 12538 18723 9393 14022 116.4 259.8
20% 9843 24845 7374 18612 68.6 408.1

Under low uncertainty, HNRA intervals are narrow and closely bracket the clas-
sical estimates, consistent with the O(d,) convergence rate discussed in Section 3.3;
under high uncertainty, intervals widen substantially while consistently enclosing the
classical values, jointly confirming Theorems 2 and 3 under repeated sampling rather
than a single dataset. The minimum simulated Fj across all 500 replications at
dy = 20% exceeded 50, indicating that the inferential stability observed in the real-data
sensitivity analysis is not an artefact specific to the muscle-mass dataset.
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Figure 6. HNRA ANOVA Decomposition: SSTy =SSRy + SSEy

(a) SSTy =SSRy + SSEy Decomposition by 6, (b) Interval Decomposition Schematic (6, = 10%)
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Fig. 8 HNRA ANOVA decomposition across uncertainty levels. Left: stacked bars showing the lower-
and upper-bound contributions of SSRy and SSEx to SSTy for 6y € {5%,10%, 15%,20%, 25%}.
Right: interval schematic for 6, = 10%, with classical (crisp) values marked, illustrating that classical
estimates fall consistently within the HNRA intervals (Theorem 2).

4.5 Borderline-Significance Scenarios

The muscle-mass application (Sections 4.1-4.4) has a large classical F-statistic (F, =
174.06 against F'* ~ 4.00) that remains Uniformly Significant across all uncertainty
levels, so it cannot by itself demonstrate the Uncertainty-Sensitive Region of Defini-
tion 9. We therefore constructed four synthetic scenarios sharing the same n = 60,
o =382, 6, = 10%, 6, = 0.5, and random seed (= 1000), varying only the true slope
to move the classical F-statistic across the significance spectrum.

Table 6 Borderline-significance scenarios (n = 60, o = 8.2, §,, = 10%, 6, = 0.5,
seed= 1000). F*(0.05;1,58) ~ 4.01.

Scenario True (81 F. K Fy = [FL, Fu] Classification

A: Strong —1.19 243.69  1.23  [12.17, 12371.01]  Uniformly Significant
B: Moderate —0.38 17.02 1.74  [0.00, 40571.42] Uncertainty-Sensitive
C: Borderline  —0.09 0.00* 1.93  [0.00, 78009.18] Uncertainty-Sensitive
D: Weak 0.00 1.59 1.98 [0.00, 143514.37] Uncertainty-Sensitive
*Scenario C’s realised F. < 0.01 under this seed despite 31 = —0.09 # 0; a single
finite sample can produce a near-zero observed F' for a genuinely sloped population
relationship.

Table 6 illustrates Definition 9 directly. Scenario A is Uniformly Significant: Fr, =
12.17 already exceeds F™*, certifying significance under every uncertainty realisation.
Scenarios B-D all fall into the Uncertainty-Sensitive Region: despite classical F, values
ranging from 17.02 down to near zero, in each case F ~ 0 while Fy is very large, so
measurement, uncertainty alone prevents a certified conclusion. A practitioner relying
on classical ANOVA for Scenario B would report a significant result (F, = 17.02 >
4.01) with no indication that this conclusion is fragile to the stated £10% response
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HNRA F-intervals across borderline-significance scenarios
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Fig. 9 HNRA F-intervals (log scale) for the four scenarios of Table 6, relative to F'* ~ 4.01 (dashed)
and classical F. (diamond). Only Scenario A’s interval lies entirely above F'*; Scenarios B-D straddle
it despite markedly different classical point estimates, illustrating the Uncertainty-Sensitive Region.

uncertainty. The very wide Fyy values in Scenarios B-D reflect the operating-envelope
effect: k rises from 1.23 (Scenario A, safe regime) to 1.74-1.98 for the weaker-signal
scenarios, where M SFEy, is increasingly vulnerable to near-zero residual deviations, as
characterised in Section 3.3.

4.6 Expanded Simulation Study

To characterise HNRA systematically, we conducted a full factorial simulation over
n € {30,60, 100,200}, 6, € {2%,5%,10%,15%,20%}, and three effect sizes (81 €
{-1.19,-0.38,—0.20}), with 300 replications per cell (60 cells; 18,000 datasets). For
each replication we recorded the median F-interval width, the collapse rate (MSE} <
0), and coverage of the classical F,. by Fy.

Table 7 Expanded simulation: median F-interval width and collapse rate (% of
300 replications with MSE, < 0) by sample size, uncertainty level, and effect size.
Coverage of the classical F,. by Fy was 100% in every cell, confirming Theorem 4’s
ordering guarantee.

Effect size n oy = 5% 0y = 10% 0y = 15% 6y = 20%
Strong 30 710 (0%) 4086 (0.7%) 19875 (10.3%) 72241 (38.3%)
Strong 60 1371 (0%) 7135 (0%) 38741 (1.7%) 195984 (14.3%)
Strong 100 2268 (0%) 11324 (0%) 57712 (0%) 275349 (3.7%)
Strong 200 4594 (0%) 22487 (0%) 94989 (0%) 421841 (0.3%)
Moderate 30 370 (0%) 9046 (4.0%) 81508 (68.7%) 169129 (94.3%)
Moderate 60 686 (0%) 13010 (0.7%) 185580 (38.7%) 1172900 (80.7%)
Moderate 100 1092 (0%) 19877 (0%) 430544 (23.0%) 2731271 (76.0%)
Moderate 200 2185 (0%) 38931 (0%) 837833 (4.0%) 9832620 (60.3%)
Weak 30 265 (0%) 10572 (15.7%) 96103 (77.0%) 661003 (96.7%)
Weak 60 511 (0%) 14777 (0.3%) 295961 (55.7%) 1048920 (94.3%)
Weak 100 819 (0%) 22358 (0%) 618395 (35.3%) 1789674 (90.7%)
Weak 200 1649 (0%) 42091 (0%) 1148393 (13.7%) 10157011 (71.7%)
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Four patterns emerge consistently. First, at d, < 5% the collapse rate is 0% for all
cells, interval widths grow modestly with n, and HNRA operates in its well-behaved
regime. Second, collapse risk rises sharply with d, and is higher for weaker signals at the
same J,, tracking the s threshold of Section 3.3. Third, larger n delays collapse onset:
strong signal at 0, = 20% collapses 38.3% at n = 30 but only 0.3% at n = 200, because
a larger sample is more likely to have at least one residual satisfying condition (21).
Fourth, coverage of the classical F, was exactly 100% across all 18,000 replications,
providing a strong empirical check: whenever MSE} > 0, the ordering Fy < F,. < Fy
held without a single exception.

5 Comparative Discussion

Table 9 extends the introductory comparison of Table 1 with a quantitative assessment
of inferential power, drawing on the theoretical and empirical results of Sections 3
and 4. HNRA occupies a distinct position in this landscape: it uniquely combines clas-
sical OLS parameter estimation, preserving interpretability for practitioners already
trained in frequentist regression, with structural uncertainty representation through
neutrosophic intervals that requires no distributional assumptions of the kind needed
for Bayesian priors, and a complete interval-valued ANOVA decomposition with the
formally proved properties of Section 3.3.

5.1 Quantitative Comparison Against Fitted Alternatives

Table 9 presents a conceptual comparison; we additionally fitted three alternative
procedures directly to the Scenario A dataset of Section 4.5 (the strong-signal case,
F. = 243.69): a non-parametric bootstrap (3,000 resamples, 95% percentile interval
for F'), a Bayesian conjugate normal-linear model (Zellner g-prior, g = n; 8,000 exact
posterior draws), and a naive interval-regression baseline (refitting OLS separately to
the lower- and upper-bound scaled responses).

Table 8 Quantitative comparison of HNRA against fitted alternatives on the same dataset
(n =60, 6, = 10%, seed= 1000). All intervals applied to the identical sample per scenario.

Scenario (F.) HNRA Bootstrap (95%)  Bayesian (95% cred.)  Naive interval
Strong (243.69)  [12.17, 12371.01]  [146.72, 430.31]  [33.72, 112.92] [243.69, 243.69]

The naive interval-regression baseline collapses to a point, confirming that refitting
OLS to uniformly rescaled data is not a genuine interval-valued ANOVA procedure.
The bootstrap and Bayesian intervals are substantially narrower than the HNRA inter-
val, because they characterise sampling uncertainty under repeated draws from the
same data-generating process, whereas HNRA characterises worst-case propagation of
a fixed, externally specified measurement-uncertainty budget through closed-interval
arithmetic — a fundamentally different inferential target. HNRA’s advantage is that
its intervals are unconditional on distributional or sampling assumptions (Corollary 5);
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its limitation is the same worst-case construction that also drives the very wide Fy
values in the Uncertainty-Sensitive Region. We recommend HNRA when a worst-case
guarantee over a documented measurement-uncertainty budget is required (e.g. regu-
latory reporting under ISO 5725), and recommend pairing it with a resampling-based
interval when sampling variability is the primary concern, so both sources of uncer-
tainty are visible to the analyst. Relative to interval regression, HNRA produces an
F-statistic in the conventional form directly comparable against tabulated critical val-
ues rather than requiring set-identification machinery; relative to fuzzy regression, its
intervals carry a direct arithmetic justification grounded in closed-interval analysis
rather than a chosen membership-function family; and relative to Bayesian regres-
sion, no prior elicitation or posterior sampling is required, making HNRA immediately
deployable with the same computational footprint as classical OLS.

Table 9 Comparative evaluation of regression ANOVA frameworks.

Method Uncertainty Interp. Complexity Inferential power
Classical OLS Random error High Low Point estimate only
Interval reg. Interval Y Moderate Mod. (LP) Set-identified; no std. F-test
Fuzzy reg. Memb. func- Moderate Moderate Possibilistic; subjective param.
tions
Bayesian reg. Prior + lik. Moderate High Full posterior; prior required
(MCMC)
Robust reg. Heavy tails High Moderate Asymptotic; targets outliers
HNRA Interval High Low Interval F-test; uniform sig.
guarantee

These comparative properties carry implications beyond the specific biomedical
application of Section 4. Theoretically, the convergence result of Theorem 2 posi-
tions HNRA as a conservative generalisation that subsumes, rather than departs
from, established statistical practice, directly addressing the gap identified by
Woodall, Driscoll, and Montgomery [20]; methodologically, HNRA demonstrates that
interval-valued inference need not sacrifice computational simplicity or the famil-
iar F-distribution-based hypothesis-testing workflow, lowering the adoption barrier
relative to Bayesian or interval-programming alternatives, since an analyst already
familiar with classical regression ANOVA can compute HNRA quantities as a direct
post-processing step. Biomedicallyy, HNRA addresses concrete needs across clinical
laboratory medicine, where ISO 5725 and CLSI guidelines require measurement uncer-
tainty to be reported alongside analytical results [6, 7]; wearable-device analytics,
where instruments carry documented precision limits [3] that HNRA encodes directly
rather than discarding; and epidemiology, where self-reported variables are subject
to recall and digit-preference biases manifesting as +0.5 to £1 unit imprecision [4],
accommodated here without imputation or a separate post hoc sensitivity procedure.
Relative to the bipolar and interval-valued neutrosophic decision-support literature
reviewed in Section 2.2, HNRA extends the underlying philosophy of representing inde-
terminate information through bounded intervals from multi-criteria aggregation into
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frequentist statistical inference, suggesting a complementary use case in which HNRA
could furnish statistically validated interval-valued effect-size estimates feeding into
a downstream neutrosophic MCDM framework of the kind developed in [32, 33, 36],
though formalising this integration is left to future work.

Several limitations merit acknowledgement, several now characterised quantita-
tively rather than asserted qualitatively. Most significantly, the operating-envelope
analysis of Section 3.3 shows that MSE; > 0 is not automatic: the borderline-
significance scenarios (Section 4.5) and the simulation grid (Section 4.6) demonstrate
that Fy can become very wide in the low-to-moderate signal regime where an
uncertainty-sensitive result is most likely and a sharp answer most needed; the &
diagnostic provides a warning but not a remedy, and developing a tighter alternative
for the Uncertainty-Sensitive Region is an open problem. Section 5.1 shows HNRA
intervals are systematically wider than bootstrap and Bayesian alternatives because
they target a worst-case rather than sampling-variability inferential question; the two
families of method are complementary rather than competing. HNRA as presented
also assumes symmetric uncertainty bounds (+d,|y|); asymmetric bounds, common
for instruments with one-sided detection limits, require an extension of the interval
arithmetic in Definition 2 not developed here. The OLS coefficients 3y, 81 are esti-
mated from midpoint observations rather than the full interval data; an estimator
jointly incorporating interval information could yield more statistically efficient point
estimates at increased computational and notational complexity. HNRA is developed
for simple (k = 1) regression, and extension to multiple regression with p predictors
requires a corresponding neutrosophic matrix algebra not addressed here. Most sig-
nificantly for statistical validity, Type-I error control under neutrosophic intervals has
not been formally established in this or prior neutrosophic ANOVA work; whether the
interval-valued F-test maintains nominal size in repeated frequentist sampling is an
open question requiring dedicated power-analysis and Type-I error simulation stud-
ies. Finally, the F-interval may become uninformatively wide under large uncertainty,
potentially limiting discriminative power for borderline, near-critical-value cases — a
limitation visible in principle though not encountered in the present application, where
Fr, remained far above threshold even at 6, = 25%. Future work should accordingly
prioritise formal Type-I error and statistical power analysis for the HNRA F-test
under repeated sampling, ideally via simulation under the null hypothesis 51 = 0;
extension to multiple neutrosophic regression with p > 1 predictors; development of an
interval-valued coefficient of determination and an interval-valued Akaike Information
Criterion for neutrosophic model selection; accommodation of asymmetric uncertainty
bounds; and direct simulation-based comparison against Bayesian and fuzzy regression
under controlled uncertainty-generating processes.

6 Conclusion

This paper introduced Hybrid Neutrosophic Regression ANOVA (HNRA), extending
classical simple regression ANOVA to accommodate structural measurement uncer-
tainty encoded as neutrosophic intervals. Four theoretical results were established: a
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decomposition theorem showing SSTn ~ SSRy + SSEN componentwise under inter-
val arithmetic, a convergence theorem proving exact reduction to classical regression
ANOVA as uncertainty vanishes, a monotonicity theorem establishing non-decreasing
interval width with respect to the uncertainty parameters, and a boundedness theorem
proving strict positivity and finiteness of the interval-valued F-statistic together with
a corollary guaranteeing uniform statistical significance whenever the interval lower
bound exceeds the classical critical value. Applied to a real biomedical dataset relating
muscle mass to age (n = 60) under +10% response and +0.5-year predictor uncer-
tainty, HNRA produced Fy = [116.52,260.02], an interval lying entirely above the
classical critical value; a five-level sensitivity analysis and a 500-replication simulation
study together confirmed that this conclusion is stable under measurement impreci-
sion substantially beyond typical biomedical instrument precision, in direct empirical
agreement with the proven theoretical properties.

The practical significance of this work lies in furnishing, for the first time, a
complete interval-valued regression ANOVA mechanism formally compatible with
the measurement-uncertainty reporting requirements of clinical laboratory medicine,
wearable-device analytics, and epidemiological research, while requiring no prior distri-
butional specification and adding negligible computational overhead beyond classical
OLS. At the same time, the limitations discussed in Section 5 — particularly the unre-
solved question of Type-I error control under neutrosophic intervals — indicate that
HNRA should currently be regarded as a robust descriptive and sensitivity-analytic
tool rather than a fully validated frequentist hypothesis test, pending the power-
analysis and error-control studies identified as priorities for future work. Extending
HNRA to multiple regression, interval model-selection criteria, and asymmetric uncer-
tainty bounds would further establish its place within the broader landscape of
uncertainty-aware statistical inference.
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