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Abstract. Neutrosophication converts a crisp value into a triple (T, I, F) of truth, indeterminacy and falsity degrees. A 

common way of arguing that a method is "truly neutrosophic" is to observe that  or that 

. Neither observation shows that the third coordinate carries information not already contained in the 

other two. We audit five neutrosophication transformations (a proposed K-Means + sigmoid method, and the parabol-

ic, threshold-distance, kernel-density and triangular-fuzzy methods) on six clinical attributes of the Cleveland heart-

disease data ( ), separating normalization, complementarity, data adaptivity, empirical non-redundancy, sta-

bility and downstream utility as distinct, separately tested properties. An equation-level audit shows that all five 

transformations are functions of a single scalar and that four of them derive I analytically from T. Cross-validated re-

gressions of I on (T, F) give out-of-sample  of 1.00, 0.99, 1.00 and 0.98 for the four complementary methods and 

1.00 for K-Means at full numerical precision, falling to 0.48 when T and F are recorded to two decimals: the K-

Means coordinate is non-redundant only through the numerically negligible tails of saturated sigmoids (T,  

for 63 % of observations). A nearest-neighbour test confirms the pattern. In a leakage-safe, same-classifier ablation, 

adding I to (T, F) changed the ROC-AUC of a logistic regression by -0.009 (95 % -0.035 to +0.017) for K-Means and 

by at most 0.008 for the other methods, and no neutrosophic representation exceeded the raw six attributes by more 

than 0.006 AUC with any of three classifiers. The K-Means I correlated weakly with external uncertainty signals 

(AUC 0.56 against misclassification), and two ambiguity-based alternatives were not better. K-Means results were 

stable across seeds with k-means++ but not with the original random initialisation, and sensitive to the sigmoid slope, 

to the choice of K and to scaling. The main lesson is methodological: not every three-component representation con-

tains three independent dimensions of information, and neutrosophication methods should not be evaluated by 

 alone. Because a univariate transformation cannot add information about its input, the constructive con-

sequence is that future indeterminacy coordinates must be grounded in separately auditable evidence (reliability, ad-

ditional sources, resampling, time, modalities, agents); the paper closes with a prior-art-audited taxonomy of such ev-

idence-grounded designs, ten design principles and a validation checklist. 

Keywords: neutrosophication; neutrosophic sets; indeterminacy; functional redundancy; normalization; complementarity; K-

means; uncertainty quantification; medical data 

 

Resumen. La neutrosofización convierte un valor nítido en una tripleta (T, I, F) de grados de verdad, indeterminación y 

falsedad. Una forma común de argumentar que un método es "verdaderamente neutrosófico" es observar que T + I + F ≠ 1 o 

que F ≠ 1 - T. Ninguna de estas observaciones muestra que la tercera coordenada contenga información que no esté ya conte-

nida en las otras dos. Analizamos cinco transformaciones de neutrosofización (un método propuesto de K-Means + sigmoide, 
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y los métodos parabólico, de distancia umbral, de densidad kernel y triangular difuso) en seis atributos clínicos de los datos 

de cardiopatías de Cleveland (n = 299), separando la normalización, la complementariedad, la adaptabilidad de los datos, la 

no redundancia empírica, la estabilidad y la utilidad posterior como propiedades distintas, probadas por separado. Una audito-

ría a nivel de ecuación muestra que las cinco transformaciones son funciones de un único escalar y que cuatro de ellas deri-

van I analíticamente de T. Las regresiones con validación cruzada de I sobre (T, F) dan un R² fuera de muestra de 1,00, 0,99, 

1,00 y 0,98 para los cuatro métodos complementarios y 1,00 para K-Means con precisión numérica completa, que cae a 0,48 

cuando T y F se registran con dos decimales: la coordenada K-Means no es redundante solo a través de las colas numérica-

mente despreciables de sigmoides saturadas (T, F < 0,01 para el 63 % de las observaciones). Una prueba del vecino más cer-

cano confirma el patrón. En una ablación segura de fugas y del mismo clasificador, agregar I a (T, F) cambió el ROC-AUC 

de una regresión logística en -0,009 (IC del 95 %: -0,035 a +0,017) para K-Means y en un máximo de 0,008 para los otros 

métodos, y ninguna representación neutrosófica superó los seis atributos brutos en más de 0,006 AUC con ninguno de los tres 

clasificadores. El K-Means I se correlacionó débilmente con las señales de incertidumbre externas (AUC 0,56 frente a la cla-

sificación errónea), y dos alternativas basadas en la ambigüedad no fueron mejores. Los resultados de K-Means fueron esta-

bles entre semillas con k-means++ pero no con la inicialización aleatoria original, y sensibles a la pendiente sigmoide, a la 

elección de K y al escalado. La lección principal es metodológica: no toda representación de tres componentes contiene tres 

dimensiones de información independientes, y los métodos de neutrosofización no deben evaluarse solo con T + I + F. Dado 

que una transformación univariada no puede añadir información sobre su entrada, la consecuencia constructiva es que las 

coordenadas de indeterminación futuras deben fundamentarse en evidencia auditable por separado (fiabilidad, fuentes adicio-

nales, remuestreo, tiempo, modalidades, agentes). El artículo concluye con una taxonomía, revisada por el estado de la técni-

ca, de dichos diseños basados en evidencia, diez principios de diseño y una lista de verificación de validación. 

 

Palabras clave: neutrosofización; conjuntos neutrosóficos; indeterminación; redundancia funcional; normalización; 

complementariedad; K-medias; cuantificación de la incertidumbre; datos médicos 

1 Introduction 

Neutrosophic sets extend fuzzy sets by attaching to each element three degrees, truth T, indeterminacy I and 

falsity F, whose sum is not constrained to one [1, 2, 3]. Applying neutrosophic models to numerical data requires 
a neutrosophication step that maps a crisp value to a triple. Image-processing work introduced the recipes still in 

use: a truth degree from a local mean, an indeterminacy from a local statistic and a falsity equal to 1 − T [4, 5, 6], 

clustering on the neutrosophic domain [7], and neutrosophic c-means with a unit-sum constraint [8]. Statistical 
and decision-making applications have added parabolic, threshold and membership-function recipes [3]. A com-

parative evaluation of these transformations was proposed by the present authors in a preprint [9]; to our 
knowledge it remains the only comparative study, and no peer-reviewed comparison exists. 

That preprint, like much of the applied literature, argued that a method is "truly neutrosophic" when 
 and . This paper starts from the observation that neither fact establishes what it is 

taken to establish. Whether a representation is normalized ( ) is one property; whether F is the 

complement of T is a second; whether I is a function of (T, F), so that the triple is the graph of a function over 
the polar square and adds no degree of freedom, is a third; whether that third coordinate carries information usa-

ble by a downstream task is a fourth; and whether the transformation is stable and data-adaptive are still others. 
The theoretical companion of this paper formalizes the first three distinctions: a derived coordinate I = f(T, F) is 

representationally redundant, a primitive coordinate is representationally independent when states with equal (T, 

F) and different I exist, and normalization is a separate operation that quotients the state space along rays and de-
letes the magnitude  [10]. It also shows that representational independence does not imply inferential 

relevance: a coordinate may distinguish states without changing what follows from them. The present paper does 
not enter inference; it asks the empirical question that precedes it. 

The scientific question is therefore reformulated. Instead of asking which method is the most neutrosophic, 
we ask how common neutrosophication procedures differ in normalization, complementarity, data adaptivity, 

functional redundancy and downstream information preservation, and, as a testable sub-question, whether the 

proposed K-Means representation generates an empirically non-redundant third coordinate beyond the polar pair 
(T, F), and whether that coordinate is useful for a task. The K-Means method may pass, pass partially or fail; all 

three outcomes are reported as found. 
The contributions are: (i) a systematic comparison of five transformations on one public medical data set 

with identical preprocessing; (ii) an explicit separation of normalization, complementarity, data adaptivity and 

empirical non-redundancy, with an equation-level audit; (iii) empirical non-redundancy tests, a cross-validated 
predictability of I from (T, F) at full and at finite resolution, and a nearest-neighbour test with pre-declared toler-

ances; (iv) a leakage-safe, same-classifier downstream ablation of [T, F] against [T, I, F], raw attributes and 
normalized coordinates, with repeated cross-validation and paired effect sizes; (v) stability and sensitivity anal-

yses (initialisation seed, number of clusters, sigmoid slope, scaling, a discrete attribute) and an external valida-
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tion of I against misclassification, model disagreement and bootstrap instability, including two ambiguity-based 

alternatives to the original definition. Section 2 fixes the vocabulary, Section 3 the data and methods, Section 4 
the results, Section 5 the discussion and Section 6 the conclusions. 

2 Normalization, Complementarity, Redundancy and Independence 

Let a transformation map a scaled value x ∈  [0, 1] to (T, I, F) ∈  [0, 1]³. The following properties are distinct 

and are tested separately in this paper. 

Normalization.  is imposed. None of the five methods examined imposes it; the sum is a 
magnitude, and normalization to the simplex deletes it [10, Theorem 8.1]. A sum below or above one is a magni-

tude fact, not a quality. 
Complementarity. . It holds by construction for four of the five methods; its absence (non-

complementarity) is a fact about F, not about I. 

Functional redundancy. I = f(T, F) for some function f. Then the state set is the graph of f over the polar 
square and the third coordinate adds no degree of freedom [10, Definition 3.4 and Theorem 3.8]. Representation-

al independence is the contrary: states with equal (T, F) and different I exist [10, Theorem 3.9]. In data these are 
tested empirically, relative to a class of function approximators and a measurement resolution; a low out-of-

sample  is empirical non-redundancy relative to the tested classes, not mathematical independence. 

Statistical independence is a probabilistic notion (independence of random variables) and is neither tested 
nor claimed. Inferential independence concerns whether a coordinate changes logical consequence [10, Theorem 

5.8]; a coordinate can be representationally distinct yet inferentially inert. Nothing in this paper bears on infer-
ence. 

2.1 Three senses of independence and the polar-fibre criterion 

Three properties are easily conflated under the word "independent", and the manuscript keeps them apart. 

Formal representational independence is a property of a state set: a coordinate I is representationally redundant 

when it is a function of the other coordinates on that set, and representationally independent when two states 
agree on the other coordinates and differ on I [10, Definition 3.4]. Empirical informational novelty is a property 

of a data set, a transformation and a numerical resolution: it holds when I cannot be recovered from (T, F) by a 
flexible learner at the resolution at which the data are recorded. Independent evidence provenance is a property 

of the measurement process: it holds when I is computed from an input that is not itself a function of the scalar x 

from which T and F are computed. The first can hold without the third (a primitive I in a formal state space), the 
second can hold without the third (Section 4.2 shows how), and only the third can add information about the 

proposition rather than about x. "Independent" in the third sense means separately grounded; it does not mean 
statistically independent. 

For a univariate transformation Φ(x) = (T(x), I(x), F(x)) write P(x) = (T(x), F(x)) for the polar map. The 
companion's redundancy result [10, Theorems 3.8–3.9] has, in this setting, the following operational form, which 

we state as an application rather than as new mathematics. 

Polar-fibre criterion. I is a function of the polar pair on Φ(X), that is I = f(T, F) for some f, if and only if I is 
constant on every fibre of P: whenever P(x₁) = P(x₂), I(x₁) = I(x₂). Equivalently, I fails to be a function of (T, F) 

exactly when some pair x₁, x₂ has T(x₁) = T(x₂), F(x₁) = F(x₂) and I(x₁) ≠ I(x₂). (If I is constant on fibres, f(t, f) := 
I(x) for any x in the fibre is well defined; the converse is immediate. This is the elementary fact that a map fac-

tors through another map exactly when it is constant on the latter's fibres, and the collision pair of [10, Theorem 

3.9] is a fibre carrying two values of I.) 
Corollary (injective polar map). If P is injective on X, every fibre is a single point, so I = I ∘  P⁻¹ is a function 

of (T, F) on P(X), and the indeterminacy coordinate of a deterministic univariate neutrosophication carries no in-
formation about x beyond the polar pair. The corollary is elementary; its use here is that it turns an empirical 

question into a checkable property of the transformation. The T and F of Equation (1) are strictly monotone in x, 
so the K-Means polar map is injective in exact arithmetic and its I is provably a function of (T, F); non-

redundancy can only appear when injectivity is lost, which is what rounding does to saturated sigmoids. The four 

complementary methods have T = x or T strictly monotone in x, so their polar maps are injective too, and their I 
is a function of T alone. 

The consequence for design is the central methodological point of this paper. If x is the only informational 
input, no transformation Φ can create information beyond x; a third coordinate can at most re-encode infor-

mation that the polar projection discarded. Independent evidential meaning cannot be obtained merely by adding 

another deterministic transformation of the same scalar observation; it requires either information discarded by 
the polar projection or an additional evidential input. The first route is what Section 4 audits; the second is the 

subject of Section 5.4. 
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3 Materials and Methods 

3.1 Data 

The Cleveland heart-disease data of the UCI repository [11] contain 303 records; 299 are complete on the six 

continuous or ordinal attributes used here: age, resting systolic blood pressure, serum cholesterol, maximum 
heart rate, ST depression induced by exercise and number of major vessels coloured by fluoroscopy (an integer 

in 0–3). Descriptive statistics computed on the 299 complete cases are: age 54.53 ± 9.02 years; resting pressure 

131.67 ± 17.71 mmHg; cholesterol 247.1 ± 51.91 mg/dL; maximum heart rate 149.51 ± 22.95 bpm; ST depres-
sion 1.05 ± 1.16 mm; vessels 0.67 ± 0.94. (The cholesterol and heart-rate figures in the preprint [9] were those of 

the 303-record file.) The binary label used in the downstream task is presence of disease (num > 0; 46.5 %). 
Each attribute is min-max scaled to [0, 1]; whenever a transformation is evaluated out of sample, scaling con-

stants, centroids and densities are estimated on the training folds only [12, 13]. 

3.2 The five transformations 

All formulas are those implemented in the neutrolab library, version 1.4.0 [14], which produced the results of 

the preprint; ⁻⁶. K-Means + sigmoid (proposed in [9]): one-dimensional K-means with  gives 
sorted centroids  <  <  and within-cluster standard deviations σ; with slope , 

 (1) 

Parabolic [3], with α = 0.5: 

(2) 

Threshold distance [6], with θ = 0.5 and : 

 (3) 

Kernel density estimation, with a Gaussian kernel,  ilverman s bandwidth and the density f  min-max normal-
ized: 

(4) 

Triangular fuzzy membership [15], with sets L = (−0.5, 0, 0.5), M = (0.25, 0.5, 0.75) and H = (0.5, 1, 1.5): 

 (5) 

Equation-level audit. In (2)–(5)  and T = x (or a fixed monotone function of x), so I is an analyt-

ic function of T: 4αT(1 − T) in (2); exp(−λ(logit(T)/10)²) in (3); a deterministic, data-dependent function of T in 

(4); a piecewise-linear function of T in (5). These four coordinates are redundant by construction. In (1) T and F 
are logistic functions with different centres and spreads, so , and I is a function of x but has no 

closed form in (T, F). With s/σ of order 100 on the unit scale, T and F saturate: over the middle of the range both 
are numerically close to zero while I varies. Two parameter artefacts are also visible:  in (3) makes I ≥ 

exp(−1.25) = 0.29 everywhere, and the supports in (5) make max  and hence . 

3.3 Descriptive properties and the complementarity index 

For every method and attribute we report the means of T, I and F; the mean, median, standard deviation, 

minimum, maximum and 5th and 95th percentiles of ; and, in place of the preprint's "T + F con-
sistency", the complementarity index 

 (6) 

which equals 1 under complementarity and measures only closeness to . Range and entropy of I 

are reported as descriptors, not as quality metrics. 

3.4 Empirical non-redundancy tests 
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Predictability test. For each method and attribute, and pooled over attributes, I is regressed on (T, F) with 

eight learners (linear, polynomial of degree 2 and 4, ridge, random forest, gradient boosting, k-nearest neigh-
bours, a small multilayer perceptron) under 5-fold cross-validation; out-of-sample , MAE and RMSE are re-

ported. As a control, I is regressed on the scalar x. Because a mathematically exact dependence may be recover-
able only through numerically negligible values, the test is repeated with T and F rounded to three and to two 

decimals (a resolution-aware variant). Nearest-neighbour test. Among 20,000 random pairs of observations 

(pooled over attributes), pairs with |ΔT| < ε and |ΔF| < ε, for pre-declared ε ∈  {0.01, 0.02, 0.05}, are compared 
with all pairs on |ΔI|. Dimensionality. Principal components of the standardized (T, I, F) and the rank of their co-

variance are reported as complementary evidence only. 
On the data, all five polar maps are injective at full precision on the 378 distinct attribute values (no fibre 

carries two values of I), which is why the exact-precision  of Section 4.2 is close to one for every method; at a 

resolution of 0.01 the K-Means polar map collapses the 378 values onto 100 pairs, 21 of which carry ranges of I 
up to 1.00, whereas the four complementary methods collapse onto 233–262 pairs with ranges of I at most 0.13 

(results/polar_injectivity.csv). 

3.5 Downstream ablation (same classifier, leakage-safe) 

Three classifiers (logistic regression with standardization, random forest with 200 trees, gradient boosting; 

scikit-learn defaults otherwise) are trained on eight feature sets: the six raw scaled attributes; for each method, [T, 
F] (12 features) and [T, I, F] (18 features); and for K-Means, [T, I, F] normalized to unit sum. Evaluation uses 5-

fold stratified cross-validation repeated 5 times (25 folds, identical folds for all feature sets). The neutrosophica-
tion is a pipeline step fitted on the training folds only. Metrics: accuracy, balanced accuracy, macro-F1, ROC-

AUC and Brier score. The quantity of interest is the paired difference Δ = performance([T, I, F]) − perfor-
mance([T, F]) on identical folds, with its mean, 2.5–97.5 percentile range over folds, a Wilcoxon signed-rank p-

value and Cohen's d; percentile ranges over correlated folds are descriptive [16, 17]. 

3.6 External validation and alternative definitions of I 

Three external signals of uncertainty were computed from the raw attributes: misclassification of the random 

forest in out-of-fold prediction; disagreement among the three classifiers' out-of-fold predictions; and instability 
of the random-forest prediction over 100 bootstrap refits. For each attribute the K-Means I was compared with 

these signals by ROC-AUC and Spearman correlation. Two ambiguity-based alternatives were computed from 

the same fitted centroids, where d_(1) ≤ d_(2) are the distances to the two nearest centroids and  are softmax 
memberships with scale : 

 (7) 

3.7 Stability and sensitivity 

K-Means was refitted with 50 seeds under two initialisations: the random-point initialisation without restarts 
implemented in neutrolab, and k-means++ with 10 restarts [18]; centroid and coordinate variability are reported, 

together with the downstream AUC over 10 seeds. Cluster validity for  to 5 was measured with the sil-
houette [19], Calinski–Harabasz and Davies–Bouldin indices. The sigmoid slope was varied over {2, 5, 10, 20}; 

min-max scaling was compared with 1–99 % winsorized min-max and with rank (quantile) scaling. The attribute 

with four integer values was examined separately. 

4 Results 

4.1 Descriptive properties 

Table 1 gives the pooled statistics of . For K-Means the mean is 0.638 but the median is 0.500, 

the sum ranges from 0.001 to 1.210 and exceeds one in 22 % of observations; the preprint's two statements, that 

the sum "consistently exceeds 1" and that it averages 0.639, were therefore both incomplete. For the complemen-
tary methods the sum equals 1 + I and is at least one by arithmetic. The complementarity index is 0.29 for K-

Means and 1.00 for the others: non-complementarity, nothing more. 

Table 1: Magnitude  pooled over the six attributes ( ,794 values per method), complementarity index and descriptors of I. 

Method mean media

n 

SD min max Q05 Q95 % > 

1 

Compl. 

index 

mean 

I 

range I entropy 

I 

K-Means 0.638 0.500 0.336 0.00 1.21 0.25 1.21 22 0.29 0.35 0.89 2.10 

Parabolic 1.331 1.406 0.175 1.00 1.50 1.00 1.50 84 1.00 0.33 0.49 1.51 
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Threshold 1.711 1.790 0.247 1.29 2.00 1.29 2.00 100 1.00 0.71 0.69 1.97 

KDE 1.306 1.227 0.298 1.00 2.00 1.00 1.88 100 1.00 0.31 1.00 2.30 

Fuzzy 1.350 1.387 0.230 1.00 1.67 1.00 1.67 84 1.00 0.35 0.66 2.08 

Note: range and entropy of I are descriptors, not quality metrics; entropy over 20 bins on [0, 1]. 

4.2 Empirical non-redundancy 

Table 2 and Figure 1 give the predictability of I from (T, F). Per attribute, the best learner reaches out-of-

sample  of 1.000 (Parabolic), 0.988 (Threshold), 0.999 (KDE) and 0.981 (Fuzzy): their indeterminacy is fully 

recoverable, as the equation audit predicted. Pooled over attributes the KDE value drops to 0.78 only because the 
density is attribute-specific. For K-Means the per-attribute  is 0.996 at full numerical precision (pooled 0.96, 

best learner k-nearest neighbours), that is, I is recoverable from (T, F). The recovery, however, runs through the 
tails: with T and F rounded to three decimals the mean  falls to 0.62, and to 0.48 at two decimals, while the 

other methods keep  ≥ 0.97. For 63 % of the observations (attributes other than the vessel count) both T and F 

are below 0.01 while I varies with standard deviation about 0.18. The K-Means coordinate is thus empirically 
non-redundant at any practical resolution, and redundant in exact arithmetic; the difference is entirely due to sat-

uration of the two logistic coordinates, which discard the position of x in the middle of the range. Regressing I 
on x directly gives  ≥ 0.88 for every method and attribute: all coordinates are functions of one scalar. 

Table 2: Out-of-sample  of I predicted from (T, F): pooled over attributes by learner (columns 2–8), mean over attributes of the best learn-

er at exact, 0.001 and 0.01 resolution, and nearest-neighbour ratio mean |ΔI| (near pairs) / mean |ΔI| (random pairs). 

Method line

ar 

poly

-2 

poly

-4 

RF GB

M 

kN

N 

ML

P 

best per 

attribute 

(exact) 

rounde

d 0.001 

rounde

d 0.01 

NN ratio 

 

K-Means 0.32 0.46 0.47 0.78 0.77 0.96 0.46 0.996 0.62 0.48 0.87 

Parabolic 0.34 1.00 1.00 1.00 1.00 1.00 0.99 1.000 0.98 0.97 0.02 

Threshold 0.18 0.84 0.97 1.00 1.00 1.00 0.91 0.988 0.99 0.98 0.17 

KDE 0.12 0.12 0.24 0.78 0.60 0.48 0.29 0.999 1.00 1.00 0.53 

Fuzzy 0.15 0.45 0.62 1.00 1.00 1.00 0.99 0.981 0.98 0.98 0.05 

 

Figure 1: Out-of-sample  of the indeterminacy coordinate predicted from (T, F) with eight learners, pooled over the six at-

tributes. 

The nearest-neighbour test (Table 2, last column; Figure 2) tells the same story at the level of pairs. For pairs 

whose T and F differ by less than 0.02, the mean |ΔI| is 0.004 for Parabolic, 0.014 for Fuzzy, 0.047 for Threshold 

and 0.174 for KDE, against 0.243 for K-Means, which is 0.87 of the value for random pairs: knowing (T, F) to 
two decimals tells almost nothing about I under K-Means, and 49 % of such pairs differ in I by more than 0.2. 

The pattern is unchanged for  and 0.05. Principal components (Table 3) agree: the covariance of the 
standardized triple has rank 2 for the four complementary methods and rank 3 for K-Means, whose third compo-

nent explains 13 % of variance. This is complementary evidence about geometry, not about logical independence. 
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Figure 2: Mean |ΔI| for pairs with |ΔT| < 0.02 and |ΔF| < 0.02 versus random pairs. 

Table 3: Principal-component structure of the standardized (T, I, F), pooled over attributes. 

Method PC1 PC2 PC3 rank of 

covariance 

participation ratio 

K-Means 0.49 0.38 0.13 3 2.50 

Parabolic 0.82 0.18 0.00 2 1.41 

Threshold 0.76 0.24 0.00 2 1.57 

KDE 0.73 0.27 0.00 2 1.64 

Fuzzy 0.75 0.25 0.00 2 1.60 

4.3 Downstream ablation 

Table 4: Same-classifier downstream ablation, ROC-AUC over 25 identical folds (5 × 5 stratified CV), transformations fitted on training 

folds only. 

Method Classifier AUC [T, 

F] 

AUC [T, I, 

F] 

Δ AUC (2.5–97.5 %) Wilcoxo

n p 

Cohen 

d 

AUC [I 

only] 

K-Means logreg 0.812 0.803 -0.009 (-0.035, +0.017) 0.009 -0.61 0.608 

 rf 0.816 0.816 +0.000 (-0.017, +0.032) 0.711 +0.01 0.735 

 gbm 0.793 0.790 -0.003 (-0.040, +0.048) 0.288 -0.14 0.693 

Parabolic logreg 0.840 0.839 -0.001 (-0.031, +0.029) 0.830 -0.05 0.795 

 rf 0.811 0.806 -0.005 (-0.023, +0.028) 0.019 -0.40 0.789 

 gbm 0.787 0.786 -0.000 (-0.034, +0.032) 0.968 -0.03 0.760 

Threshold logreg 0.826 0.833 +0.008 (-0.043, +0.046) 0.122 +0.30 0.798 

 rf 0.810 0.805 -0.005 (-0.021, +0.025) 0.049 -0.37 0.788 

 gbm 0.789 0.792 +0.003 (-0.033, +0.029) 0.353 +0.16 0.758 

KDE logreg 0.840 0.837 -0.003 (-0.044, +0.025) 0.677 -0.14 0.831 

 rf 0.811 0.813 +0.002 (-0.027, +0.042) 0.677 +0.13 0.814 

 gbm 0.787 0.791 +0.004 (-0.046, +0.045) 0.216 +0.17 0.776 

Fuzzy logreg 0.840 0.835 -0.005 (-0.030, +0.025) 0.264 -0.24 0.745 

 rf 0.811 0.809 -0.002 (-0.019, +0.017) 0.476 -0.16 0.731 

 gbm 0.787 0.781 -0.006 (-0.045, +0.027) 0.191 -0.29 0.713 

raw attributes logreg / rf 

/ gbm 

— 0.839 / 

0.817 / 

0.787 

— — — — 

K-Means 

normalized 

logreg / rf 

/ gbm 

— 0.815 / 

0.816 / 

0.793 

+0.012 / -0.001 / +0.004 

vs raw K-Means 

— — — 
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Figure 3: ROC-AUC of [T, F] and [T, I, F] representations for each method and two classifiers, with the raw-attribute refer-

ence (dashed). 

Table 4 and Figure 3 give the ablation. With logistic regression, adding I to (T, F) changed the AUC by -
0.009 (95 % -0.035 to +0.017) for K-Means, -0.001 (95 % -0.031 to +0.029) for Parabolic, +0.008 (95 % -0.043 

to +0.046) for Threshold, -0.003 (95 % -0.044 to +0.025) for KDE and -0.005 (95 % -0.030 to +0.025) for Fuzzy. 
With the random forest the K-Means gain was +0.000 (95 % -0.017 to +0.032) and with gradient boosting -0.003 

(95 % -0.040 to +0.048). For no classifier did the K-Means coordinate produce a paired gain whose 2.5–97.5 % 
range excluded zero. The raw six attributes reached AUC 0.839 (logistic), 0.817 (random forest) and 0.787 (gra-

dient boosting); the best neutrosophic representation for each classifier was Parabolic [T, I, F] at 0.839, K-Means 

at 0.816 and Threshold at 0.792. Normalizing the K-Means triple to unit sum changed the AUC by +0.012 (lo-
gistic), -0.001 (random forest) and +0.004 (gradient boosting) relative to the raw triple: normalization deletes the 

magnitude [10] and, for a linear classifier, also the monotone information carried by the saturated coordinates. 
The I coordinate alone (last column) classifies far worse than (T, F) for every method. 

4.4 External validation of I and alternative definitions 

Averaged over the six attributes, the K-Means indeterminacy discriminated misclassified from correctly clas-
sified records with AUC 0.56, disagreeing from agreeing classifiers with AUC 0.57, and correlated with boot-

strap instability at  and with proximity to the decision boundary at  (Table 5). The two am-
biguity-based alternatives,  (closeness to the boundary between two nearest clusters) and  (entropy of 

soft memberships), gave AUC 0.55 and 0.53 against misclassification, and their predictability from (T, F) was 

 0.91 and 0.93. None of the three definitions is a substantive external uncertainty signal at the attribute level: 
an attribute's position relative to its own clusters is not the model's uncertainty about the patient. 

Table 5: External validation of three definitions of the K-Means indeterminacy coordinate against model-based uncertainty signals (random 

forest, out-of-fold). 

I definition (mean over 

attributes) 

AUC vs 

misclassificati

on 

AUC vs 

classifier 

disagreement 

ρ with 

bootstrap 

instability 

ρ with 

boundary 

proximity 

mean SD 

 0.56 0.57 0.10 0.18 0.35 0.11 

 0.55 0.56 0.06 -0.03 0.39 0.11 

 0.53 0.50 0.06 0.07 0.41 0.09 

4.5 Stability and sensitivity 

Seeds. With the random-point initialisation of the original implementation, 50 seeds produced on average 5.5 

distinct centroid solutions per attribute, a middle-centroid standard deviation of 0.050 and a mean absolute devia-
tion of I of 0.098; with k-means++ and ten restarts the corresponding values were 2.3, 0.002 and 0.005. The al-

gorithm is stochastic; reproducibility requires a fixed seed, and stability requires restarts. The downstream AUC 

of the K-Means [T, I, F] representation over ten seeds was 0.803 ± 0.001. Number of clusters. The silhouette did 
not prefer  for any attribute: it selected  for age,  for ca,  for chol,  for 

oldpeak,  for thalach,  for trestbps; the method is defined only for , so K is an assumption 
imposed on the data, not a data-driven choice. Slope. Table 6 shows that the slope governs everything that made 

K-Means look distinctive: with  the share of saturated observations is 14 %, the complementarity index 

0.31 and the resolution-free  of I from (T, F) 1.00; with  they are 63 %, 0.29 and 0.80. Scaling. For 
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cholesterol, the most skewed attribute, min-max, winsorized and rank scaling moved the middle centroid from 

0.29 to 0.40 and 0.49 and the mean I from 0.40 to 0.39 and 0.35. Discrete attribute. The vessel count takes four 
values; three clusters map them to T = (0.00, 0.00, 0.00, 1.00), I = (0.00, 1.00, 0.00, 0.00), F = (0.50, 0.00, 0.00, 

0.00): a look-up table with a degenerate middle state, not a graded membership. It is excluded from the sensitivi-
ty summaries and flagged in every table. 

Table 6: Sensitivity of the K-Means transformation to the sigmoid slope (logistic regression, 5 × 3 CV). 

slope s mean 

T 
mean I mean 

F 
mean 

sum 
compl. 

index 
% 

saturated 
 I from 

(T,F) 
AUC 

[T,F] 
AUC 

[T,I,F] 

2 0.11 0.35 0.20 0.66 0.31 14 1.00 0.828 0.826 

5 0.09 0.35 0.20 0.64 0.29 47 0.97 0.818 0.811 

10 0.09 0.35 0.20 0.64 0.29 58 0.96 0.813 0.803 

20 0.09 0.35 0.20 0.64 0.29 63 0.80 0.809 0.800 

 

Figure 4: K-Means coordinates for cholesterol as functions of the scaled value: raw (left, with the magnitude ) 

and normalized to unit sum (right). 

 

Figure 5: T, I and F as functions of the scaled cholesterol value for the five methods; every coordinate is a function of the 

single scalar x. 

5 Discussion 

5.1 Non-normalization is not independence 

Non-normalization is not independence. The preprint's argument ran from  and 

 to "true independence". The audit shows why the inference fails twice: four methods are non-

normalized and yet have an I that is an exact function of T, and the fifth is non-complementary and yet has an I 
that is an exact function of (T, F) in full arithmetic. The magnitude  is not a quality score in either di-

rection, and a complementarity index of 0.29 says only that F is not 1 − T. 

5.2 What the audit says about current neutrosophication 

What K-Means actually adds. The K-Means coordinate is non-redundant at any practical resolution because 
the two logistic coordinates discard the middle of the range. The third coordinate therefore records where x lies 

among three clusters after T and F have stopped recording it. That is a reparameterization of one scalar into three 

pieces, one of which is active where the others are flat; it is data-adaptive, and it is not a second source of infor-
mation. The theoretical companion makes the same point abstractly: a coordinate that varies while the others are 
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fixed is representationally independent, but that independence is a property of the state space, not of any infer-

ence or task [10]. Here the task settles the matter: with a linear classifier the extra coordinate did not help, with 
tree ensembles it made no reliable difference, and no neutrosophic representation exceeded the raw attributes by 

more than 0.006 AUC, because every transformation at best reparameterizes x and at worst discards part of it. 
Descriptors are not quality. High entropy and range of I are consequences of the transformation's shape and 

of parameters (λ, the triangular supports, the slope). The slope sensitivity makes this explicit: the same data pro-

duce a "very neutrosophic" or a "nearly fuzzy" K-Means depending on s. 

5.3 Semantic validity of indeterminacy 

Semantics of I. Membership in the middle cluster is a statement about position, not about uncertainty. With-
out a clinical proposition ("cholesterol is high") and an external criterion, the coordinate should be described as a 

data-driven three-state membership, which is what the ablation and the external validation treat it as. The weak 

association with misclassification, disagreement and instability confirms that attribute-level position is not mod-
el-level uncertainty; the ambiguity-based alternatives are more defensible as definitions but are not, on these data, 

strong uncertainty signals either. Under Belnap–Dunn and annotated readings, a single I would in any case con-
flate ignorance and conflict [20, 21], and subjective logic and Dempster–Shafer theory derive their third mass ra-

ther than measure it [22, 23]; intuitionistic and picture fuzzy sets bound the third coordinate by the first two [24, 

25]. What is distinctive about the non-normalized neutrosophic triple is representational freedom, and the present 
results show that freedom must be earned empirically. 

5.4 From scalar reparameterization to evidence-enriched neutrosophication 

The failure of a derived I to supply an independent source of information does not show that neutrosophic 

indeterminacy cannot be operationalised. It shows that an indeterminacy coordinate must be grounded in an evi-
dential phenomenon that the polar pair does not already encode. This section states the design consequence and 

reviews, with their prior art, the families of neutrosophication in which such grounding is possible. Nothing in it 

is a validated method; it is a research agenda, and each item is classified as existing work, ongoing work of the 
authors, or a proposed direction. Neutrosophication itself has so far been defined only informally, as the conver-

sion of a crisp or fuzzy quantity into a triple [71, 6], and applied through ad hoc procedures that treat the forward 
step as a solved sub-task [42, 72, 73, 7]; no statement of what such a procedure must satisfy was found, which is 

the gap that Section 5.5 addresses. 

Two types. In scalar-derived neutrosophication (Type A) a single observation x is mapped to (T(x), I(x), 
F(x)); all five methods audited here are of this type, as are most fuzzy, threshold, density and clustering recipes. 

In evidence-enriched neutrosophication (Type B) the coordinates are computed from evidence channels that are 
separately grounded, Φ( , , ; z) = (T( , ), I( , ), F( , )), where the channels may overlap or be sta-

tistically dependent but have distinguishable semantics and provenance. The central hypothesis of the agenda is 
that a neutrosophic coordinate should be justified by the evidential phenomenon it represents, not by the shape of 

the function that produces it. The word "independent" in "independent evidence channels" therefore means sepa-

rately grounded, never P( , , ) = P( )P( )P( ); statistical dependence between channels is expected 
and permitted, and the requirement is non-recoverability of I from (T, F) together with a distinct meaning. 

Conflict is not indeterminacy. Strong evidence for a proposition and strong evidence against it give high T 
and high F; that state is conflict, and in the free triple it is represented in the polar plane, not in I [10, Section 7]. 

Low T and low F with little evidence is insufficiency. High I should be reserved for an explicitly justified source 

of indeterminacy: abstention, ambiguity of the evidence, absence of a modality, unreliability of an instrument. 
Whether a future design needs a separate conflict coordinate C, or whether C should remain a derived quantity C 

= c(T, F) as in annotated logic [21] and in the companion's contradiction measures [10], is an open design ques-
tion; this paper does not propose a four-component representation, and it warns against collapsing conflict into I, 

which several aggregation recipes do implicitly. 
Reliability-aware neutrosophication. The simplest Type B design keeps T = T(x) and F = F(x) and sets I = 

g(q), where q is the reliability of the observation: instrument precision, test–retest variability, assay reliability, 

the width of a confidence interval, missingness or source credibility. Two observations with the same x have the 
same (T, F) and different I when their q differs, which is a fibre of the polar map carrying two values of I: the 

polar-fibre criterion is satisfied by construction and by provenance, not by saturation. The nearest existing con-
struct, the neutrosophic Z-number, attaches a reliability degree to each of the three coordinates rather than deriv-

ing I from reliability [29], neutrosophic statistics represents measurement imprecision as intervals [30], and the 

(value, reliability) pair itself originates outside neutrosophy [31]. 
Multi-source neutrosophication. With m sources each supplying support , opposition , unresolved evi-

dence  and reliability , one may aggregate  − Π_j(1 −  ),  − Π_j(1 −  ),  − 
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Π_j(1 −  ). These operators are illustrations, not recommendations: they are the probabilistic-sum family and 

inherit its assumptions. Multi-source and multi-sensor neutrosophic fusion, including combinations with Demp-
ster–Shafer evidence theory and conflict redistribution, already exist [32, 33, 34, 35, 36]. What the present 

framework adds is not the idea of fusing sources into a triple but two evaluation criteria that the fusion literature 
does not apply: a non-redundancy audit of the aggregated I against the aggregated (T, F), and source-separated 

provenance, so that an I produced by disagreement between sources is reported as conflict in the polar plane and 

not as indeterminacy. 
Ensemble- and stability-based neutrosophication. Here T and F are substantive evidence for and against the 

predicted proposition and I is the instability of that evidence across independently trained models, bootstrap re-
fits, architectures or data perturbations: variance of a deep ensemble, disagreement rate, conformal ambiguity [37, 

38, 39], and outside neutrosophy deep ensembles, aleatoric–epistemic decompositions and conformal prediction 

supply the disagreement statistics [40, 26, 41]. The warning of Section 4 applies directly: if T = p and  − 
p come from the same ensemble probability and I = 4p(1 − p), the triple is Type A in disguise and I is a function 

of (T, F). An evidence-enriched ensemble computes I from resampling that (T, F) do not see, for instance I(x) = 
(decision changes) or a normalized predictive variance; the resulting I may be statistically dependent 

on (T, F), which is allowed, but it must not be recoverable from them, which is testable. Neutrosophic ensemble 

classifiers exist [37, 38, 39], and outside neutrosophy deep ensembles, aleatoric–epistemic decompositions and 
conformal prediction supply the disagreement statistics [40, 26, 41]; the earliest define I from the disagreement 

between the truth and falsity outputs of paired networks [37], a published configuration to which the polar-fibre 
criterion applies directly, and none that we found audits the recoverability of I. The external validation of Section 

4.4 is the test such a design would have to pass, and the K-Means I fails it. 
Temporal neutrosophication. For time-dependent evidence,  and  summarise current support and opposi-

tion and  records temporal instability: change-point uncertainty, disagreement between recent and historical ev-

idence, forecast instability, concept drift. Neutrosophic time-series and forecasting models exist [42, 43, 72]; one 
of them already ties I to the information entropy of high-order fluctuations, a statistic distinct from the trend sta-

tistics that give T and F [43], which makes it the closest published instance of a separately grounded I. Whether 
 is grounded in drift detection [44] is open; the design question, again, is whether  is grounded in a temporal 

phenomenon or derived from the current polar pair. 

Multi-sensor and multimodal neutrosophication. Each sensor or modality should keep its signal direction, re-
liability and missingness before fusion; T and F aggregate reliable evidence for and against a state, I aggregates 

measurement ambiguity, degradation and absent modalities, and disagreement between modalities is reported as 
conflict. Sensor fusion with neutrosophic sets is established [32, 33, 34, 35, 36], as is neutrosophic image–text 

fusion [45]; evidential multi-view classification keeps a per-view uncertainty mass before combination [46], 
which is what this design asks of modalities. The contribution proposed here is source-separated non-redundancy 

auditing, not the fusion itself. 

Expert and crowd neutrosophication. In Delphi panels and clinical committees each expert supplies support, 
opposition, abstention and a reliability weight. Neutrosophic Delphi and group decision methods exist [47, 48, 

49]. The design rule that follows from this paper is that disagreement between confident experts is conflict (high 
T, high F), whereas I should be reserved for explicit "unknown", abstention, lack of expertise and insufficient in-

formation. 

Retrieval-augmented generation. For a claim q and retrieved documents , ,  and  record whether  
supports, refutes or does not settle q, with source reliability kept separately; aggregation across documents 

should preserve support, opposition, indeterminacy, evidence magnitude and source diversity. This is an ongoing, 
unpublished application of independent evidence coordinates by the present authors, with a pre-registered exper-

iment and public code [50], and it is mentioned here only as an instance of the design principle; the present clini-
cal paper contributes nothing to it. A published neutrosophic assessment of fact-checking outcomes derives a tri-

ple from supporting, refuting and unresolved evidence in the same spirit, without source reliability or a redun-

dancy audit [51]. The literature on knowledge conflicts in retrieval [52, 53] is the relevant external prior art. 
LLM-elicited neutrosophication. Unrestricted elicitation of (T, I, F) from language models exists, including 

work by the present authors on the behaviour of elicited triples [54], and refined neutrosophic stance detection 
[55]. An elicited I is a stated coordinate, not a calibrated probability and not a latent internal state, and the elicita-

tion pipeline must itself be audited with the questions of this paper: can the elicited I be predicted from the elicit-

ed (T, F); does unconstrained prompting add expressed information; is I stable across prompts and models; does 
it track an external uncertainty signal; does it change decisions. A recent independent study derives the triple 

from calibrated class probabilities and routes high-I cases to a human [39]; the authors' own unpublished predic-
tive-validity experiments find that verbally elicited triples behave as a scalar with three names, a negative result 

that must be reported when published. 
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Multi-agent evidence aggregation. When agents receive distinct evidence, one supporting, one opposing, one 

inconclusive, a majority vote destroys the evidential structure. A pipeline that keeps per-agent coordinates, ag-
gregates them with source awareness and maps the resulting state to one of five behaviours (answer, refute, re-

port conflict, abstain, request more evidence) preserves it. Multi-agent debate and evidence aggregation with 
language models are active areas [56, 57, 58]; the only neutrosophic multi-agent system found combines JADE 

agents with neutrosophic AHP and has no language models [59]; we found no work that audits the aggregated 

indeterminacy for recoverability, and we do not claim priority for the pipeline. 
Active evidence acquisition. The most useful operational role for I is to decide when to acquire more infor-

mation. Insufficiency (low T, low F, low magnitude) calls for another measurement, document or source; con-
flict (high T, high F) calls for an independent adjudicating source; a robust state stops acquisition. This is the 

value-of-information logic of decision analysis and active learning [60, 61, 62] applied to the evidence state ra-

ther than to a scalar; it gives I an operational meaning that can be validated by whether acquisition decisions im-
prove outcomes. 

Probabilistic and credal semantics. If T = P( ), I = P( ) and F = P( ) are marginal probabilities of over-
lapping evidence events, the sum need not be one and the triple does not determine a unique joint distribution on 

the eight evidence states of {0,1}³; the marginals induce a set of compatible joint distributions, which may be 

read as a credal set. This is a motivated direction, not a result: it must be compared with neutrosophic probability, 
probabilistic Belnap–Dunn logic, imprecise probability, Dempster–Shafer theory and subjective logic [63, 64, 65, 

66, 22, 23, 67] before any claim is made, and it belongs to a separate theoretical paper. 
Provenance-aware representation. A triple without provenance hides where its coordinates came from. Re-

taining (T, I, F) together with a provenance record (source, timestamp, reliability, modality, model, retrieval rank, 
instrument) keeps the triple as the evidence summary while making conflict investigation and audit possible, as 

in provenance standards for data and workflows [68, 69, 70]. Provenance should not be forced into a fourth 

membership coordinate. 
Table 7 summarises the families, their inputs, the meaning of each coordinate, whether they add evidence 

beyond x, their redundancy risk and their status. 

Table 7: Taxonomy of neutrosophication families. Status: AUDITED HERE, EXISTS IN LITERATURE, ONGOING AUTHOR WORK, 

PROPOSED DIRECTION (prior-art audit of September 2026; classes A = established, B = exists without non-redundancy audit, C = ana-

logue in another uncertainty framework, D = open). 

Family Inputs T F I Evidence 

beyond 

x? 

Redundan

cy risk 

Status / prior art Example 

1 Scalar-derived 

(parabolic, 

threshold, KDE, 

fuzzy) 

one scaled value 

x 

position of x 1 − T shape function of 

x 

no certain (I = 

g(T)) 

AUDITED HERE; A 

[3, 6, 15] 

attribute 

membership 

2 Clustering-

based (K-Means 

+ sigmoid, 

NCM) 

x + fitted 

centroids 

high-cluster 

logistic 

low-cluster 

logistic 

middle-cluster 

proximity 

no high; non-

redundant 

only via 

saturation 

AUDITED HERE; A 

[7, 8] 

attribute 

membership 

3 Reliability-

aware 

x + reliability q position of x position of x g(q): instrument 

precision, CI 

width, credibility 

yes (q) low if q ⟂ 

x 

PROPOSED; B [29–

31] 

assay with 

known 

precision 

4 Multi-source m sources ( , 

, , ) 

aggregated 

support 

aggregated 

opposition 

aggregated 

unresolved 

evidence 

yes (m 

sources) 

medium: I 

may track 

disagreeme

nt (conflict) 

EXISTS (fusion) B/C 

[32–36]; audit 

PROPOSED 

multi-sensor 

recognition 

5 Ensemble / 

stability 

evidence + 

resamples/mode

ls 

evidence for 

proposition 

evidence 

against 

instability across 

refits 

yes 

(resampli

ng) 

high if I = 

h(p) [37] 

EXISTS B [37–39]; C 

[40, 26, 41]; audit 

PROPOSED 

bootstrap 

decision flip 

rate 

6 Temporal series up to t current 

support 

current 

opposition 

drift, change-

point, fluctuation 

entropy 

yes 

(history) 

medium EXISTS B [42, 43, 72]; 

drift-grounded I D [44] 

monitoring, 

finance 

7 Multi-sensor sensor readings 

+ quality 

reliable 

evidence for 

A 

reliable 

evidence for 

¬A 

degradation, 

ambiguity 

yes medium EXISTS B/C [32–34]; 

source-separated audit 

PROPOSED 

activity 

recognition 
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8 Multimodal modalities + 

missingness 

modalities 

supporting 

modalities 

opposing 

absent / low-

quality modality 

yes medium EXISTS B [45]; C [46]; 

audit PROPOSED 

medical 

multimodal 

AI 

9 Expert / crowd experts 

(support, 

oppose, abstain, 

) 

weighted 

support 
weighted 

opposition 
abstention, 

declared unknown 
yes high if 

disagreeme

nt → I 

EXISTS A/B [47–49]; 

conflict rule 

PROPOSED 

Delphi panels 

10 RAG 

evidence 

retrieved 

documents + 

reliability 

documents 

supporting q 

documents 

refuting q 

documents that do 

not settle q 

yes medium ONGOING AUTHOR 

WORK [50]; related 

[51]; C [52, 53] 

claim 

verification 

11 LLM-elicited prompt + model elicited 

support 
elicited 

opposition 
elicited 

indeterminacy 
elicited, 

not 

measured 

high (stated 

triple may 

be a scalar) 

EXISTS B [54, 55, 39]; 

audit PROPOSED 
epistemic 

elicitation 

12 Multi-agent 

LLM 

per-agent 

evidence 

agents' 

support 

agents' 

opposition 

agents' 

inconclusive 

evidence 

yes medium C [56–58]; 

neutrosophic version D 

[59]; PROPOSED 

answer / 

refute / 

conflict / 

abstain / 

acquire 

13 Probabilistic / 

credal 

joint evidence 

events 

P( ) P( ) P( ) n/a 

(semantic

s) 

n/a C [63–67, 22, 23]; 

credal reading D; 

FUTURE PAPER 

theory 

14 Provenance-

aware 
triple + 

provenance 

record 

as in 3–12 as in 3–12 as in 3–12 yes 

(metadata

) 

n/a C [68–70]; 

neutrosophic version D; 

PROPOSED 

regulated AI, 

evidence 

synthesis 

5.5 Design principles and an indeterminacy validation checklist 

We name the general form Evidence-Grounded Neutrosophication (EGN): a neutrosophication is evidence-

grounded when each coordinate is computed from an evidence channel with a stated meaning and a stated prov-

enance, and when the indeterminacy coordinate passes the audit of this paper. Ten design principles follow from 
the results. P1, proposition grounding: define the proposition A before defining T, I and F. P2, semantic separa-

tion: T, F and I must have explicitly stated evidential meanings. P3, provenance: identify which observations or 
sources generate each coordinate. P4, non-redundancy audit: test whether I is recoverable from (T, F). P5, reso-

lution awareness: run the audit at the numerical precision at which the data will be stored. P6, conflict separa-

tion: do not collapse simultaneous support and opposition into I. P7, external validity: validate I against the phe-
nomenon it claims to represent. P8, downstream utility: test whether I affects a task. P9, stability: test seeds, pa-

rameters, scaling and source perturbations. P10, no forced normalization: normalize only when the application 
requires composition rather than magnitude [10]. The principles apply to Type A and Type B alike; the audited 

methods fail P1–P3 and P7–P8 and satisfy P10 vacuously. 
The Indeterminacy Validation Checklist asks of any proposed I: (1) an explicit semantic interpretation; (2) 

provenance or information not trivially contained in (T, F); (3) empirical non-redundancy; (4) stability; (5) ex-

ternal validation; (6) downstream relevance; (7) an appropriate response to missing or ambiguous evidence; (8) 
distinction from support–opposition conflict; (9) robustness to numerical resolution; (10) reproducibility. A re-

searcher with a new transformation can run items (3), (4), (5), (6) and (9) with the scripts released with this pa-
per; items (1), (2), (7) and (8) are answered by the design; item (10) by the release. 

5.6 Limitations 

One data set with 299 records and six attributes, one downstream task and three classifier families. The trans-
formations are univariate; multivariate neutrosophication was not examined, and no evidence-enriched design 

was implemented or tested here, so Section 5.4 is a research agenda supported by the audit, not by new experi-
ments. The K-Means implementation audited is the published one; other K-means-based definitions of I exist 

and only two alternatives were tested. Out-of-sample  depends on the learners tried and the resolution test on 
the chosen rounding; the nearest-neighbour tolerances were pre-declared but are conventions. Percentile ranges 

over correlated folds are descriptive. The polar-fibre criterion and its corollary are elementary restatements of the 

companion's results, not new theory. The clinical propositions that would give T, I and F a medical meaning 
were not defined, so no medical interpretation is offered. The discrete vessel count is a limitation of the data for 
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all five methods. The prior-art audit behind Section 5.4 was conducted in September 2026 with bibliographic da-

tabases and cannot exclude unindexed work. 

6 Conclusions 

Not every three-component representation contains three independent dimensions of information. On the 
Cleveland heart-disease attributes, four of five neutrosophication methods derive their indeterminacy analytically 

from T and are fuzzy pairs with an added, redundant coordinate; the proposed K-Means method produces a co-

ordinate that is non-redundant at practical resolution only because its truth and falsity sigmoids saturate, and that 
coordinate adds little to a downstream classifier and tracks external uncertainty weakly. Non-normalization is not 

independence, non-complementarity is not independence, and a univariate transformation cannot add infor-
mation about its input. The results do not make K-Means an ideal method, nor a bad one; they make it a repa-

rameterization whose extra coordinate must be justified by a task. 

The constructive consequence is a change of direction. The next methodological step is not to search for in-
creasingly complex functions of a single scalar x, but to design evidence-grounded neutrosophication procedures 

in which support, opposition and indeterminacy are tied to explicit, separately auditable sources of information, 
and to evaluate every such procedure by the information and semantics of its coordinates rather than by their al-

gebraic non-normalization. The polar-fibre criterion, the resolution-aware redundancy test, the same-classifier 

ablation and the validation checklist released here are the tools for that evaluation; the families reviewed in Sec-
tion 5.4 are where it should be applied next. 
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