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ABSTRACT: The notion of the tri-valued neutrosophic soft set (TVNSS), its basic operations, and examples of each
operation are first explained in this paper as worked problems that are subsequently displayed as understandable

graphics. Based on this, we further offer the tri-valued neutrosophic topological space (TVNSTS), outline its
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fundamental functions, and provide instances once more, illustrating the outcomes with excellent graphical
representations. We also employ the chosen machine-learning and statistical techniques to provide comparative
visualizations in order to improve and triangulate these constructs. Next, we use these tools to depict patient-disease
similarity at complementary angles on a 5x5 grid. A 3D bar chart (grouped into a 3D) and a cool-to-warm Heatmaps
both agree on the single best match, P2 -D1 = 0.9107, which we identify and emphasize. Additionally, the corner highs
at P1D5 and P3D5 are steady, the majority of the patients have high scores at the region, and there is a noticeable high
ridge at D4. Likewise, P2D3, P4D4, and P5D5 are among the strong pairs in the 0.87-0.91 range, whereas P4D1 and
P2D5 are near the lower end of the scale. With no change in narrative, min-max normalization to [0,1] then saturates
the contrast: row-wise maxima are apparent at P1 -D5, P3 -D4, P4 -D4, and P5 -D5, while P2 -D1 is the global maximum
at 1.000. The signal is strong on metrics and scales when a Pearson correlation representation in a red-yellow-green
palette regularly follows the cosine pattern and, after normalization, isolates the same dominant cells. Finally, PCA
with k-means is used to describe the form of these visuals: in the raw matrix, two small clusters, {P2, P3, P5} and {P1,
P4}, form. These clusters are primarily concentrated on PC1 at about 81% variance; during normalization, P2 is an
outlier that is enjoyable on its own, and the remaining four are tightly clustered by PC1 and PC2, which account for
about 94% of the variation. When taken together, these associated opinions show a repeated high ridge along D4, a

solid unification of classification, and a single definitive assignment of the patient and condition.

1. Introduction
The issue of uncertainty, imprecision, and incompleteness modeling has gained interest in
various areas of science and engineering over the last few decades. Classical binary logic and
probability theory tend to be inadequate in case of indeterminate or inconsistent information.
These limitations were overcome by the introduction of neutrosophy by Smarandache [1] which
is an extension of classical and fuzzy logic, but which adds an additional element of
indeterminacy. This was repeated in Smarandache [2], where neutrosophic logic, probability and
statistics were unified in order to create a coherent system. The next important practical
development was the introduction of single-valued neutrosophic sets (SVNSs) by Wang et al. [3],
to simplify the representation of neutrosophic information to be used in real-world applications.
Later on, there were numerous hybrid models. As an example, Alkhazaleh et al. [4] proposed
possibility Fermatean neutrosophic soft sets and Mohanty and Tripathy [5] proposed a new
method to neutrosophic soft sets that are used in decision-making. Parimala et al. [6] have
reviewed the theoretical foundations of such structures and have analyzed the fuzzy soft,
intuitionistic fuzzy soft, and neutrosophic soft topological spaces. The study by Liu and Shi [7] in
the field of multi-criteria decision-making (MCDM) suggested the generalized hybrid weighted
average operators with reference to interval neutrosophic hesitant sets. Neutrosophic sets were
thoroughly compiled in a collection of MCDM techniques, edited by Kahraman and Otay [8].
Meanwhile, in image processing, Guo and Cheng [9] came up with a new neutrosophic algorithm
of image segmentation. Abdel-Basset et al. [10] further extended the TOPSIS approach with the

aid of type-2 neutrosophic numbers in selecting the suppliers. Smarandache [11] further refined
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the theory, introducing refined literal indeterminacy and laws of multiplication. Bashir et al. [12]
came up with refined neutrosophic soft sets whereas Solang and Ye [13] advanced refined
simplified neutrosophic similarity measures using trigonometric functions to make decisions
relating to a group of suppliers. In addition to decision making, neutrosophic ideas have been
applied in communication and information sciences, as discussed by Teodorescu and Ionescu
[15]. Saeed et al. [16] presented axioms of separation in neutrosophic quadri-partition topological
space in neutrosophic soft topological spaces. It was also shown by Smarandache [17] that
neutrosophic sets are an extension of intuitionistic fuzzy sets. The pioneering seminal work on
soft sets by Molodtsov [18], provided foundations to numerous hybrid models, which were then
defined by Maji [19] who introduced neutrosophic soft sets. The further works of neutrosophic
soft topological spaces were proposed by Bera and Mahapatra [20] and Ozturk et al. [21]. Recent
developments are hyper-fuzzy VIKOR and DEMATEL techniques by Fujita [22], interval-valued
Fermatean neutrosophic super hyper soft sets in healthcare by Abdalla et al. [23], bipolar fuzzy
rough set based VIKOR by Gul [24], and CODAS techniques with bipolar complex fuzzy soft
Frank aggregation operators by Jaleel et al [25].

1.1. Literature review

Goswami and Pamucar [26] used fuzzy MCDM in the selection of materials of the interiors of an
electric vehicle, and Tarafdar et al. [27] combined T-spherical fuzzy models when assessing an
EV. Palanikumar et al. [28] suggested trigonometric Pythagorean fuzzy normal aggregation
operators to choose industrial robots. Wavelet-based methods (Lilik et al. [29]) and fuzzy single-
stroke character recognition have also been developed to improve fuzzy and neutrosophic
methods (Tormasi and Koczy [30]). Gondocs and Dorer [31] investigated Al prediction and
human judgment in medical diagnosis, whereas Ballagi and Koczy [32] used fuzzy signature sets
to work with multi-robot cooperation. Abubaker et al. [33] studied the numerical solutions of
neutrosophic boundary value problems and Ahmad et al. [34] studied the applications of graph
theory. Other extensions are complex tangent trigonometric treatments of rung fuzzy sets by
Hatamleh et al. [35], symbolic n-plithogenic intervals by Hatamleh and Hazaymeh [36], and fixed
point results in any metric space by Qawaqneh [41], Qawaqneh et al. [42], Qawaqneh et al. [43],
Qawagqneh Elbes et al. [43], and Kanan et al. [44] described their applications of deep learning to
detect the COVID-19 disease and IoT-based learning environments, respectively. Batiha et al. [45]
designed fractional-order PID controllers. sssAbd El-latif and Algahtani [46] have defined new
types of supra soft continuous maps in the context of soft topological structures, and Abd El-latif
et al. [47] have defined a strictly broader category of soft sets. Al-Omari and Algahtani [48]
introduced operators in soft primal spaces, and Abd El-latif et al. [49] introduced new forms of
maps and connected spaces. Abd El-latif et al. [50] used soft somewhere dense sets and Alqahtani

[51] proposed neutrosophic primal structures. Algahtani [52] defined operators and separation
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axioms in diving topological spaces and Ibedou et al. [53] defined diving and floating structures.
Algahtani and Tkachenko [54] studied normality in topological groups. Further extensions of
supra soft were given by El-Sheikh and Abd El-latif [55] and new Lindelofness and compactness
conditions by Abd El-latif [56]. Soft operators and separation axioms were further studied by Abd
El-latif and Algahtani [57] and Algahtani and Abd El-latif [58]. Ameen and Algahtani [59] studied
the idea of baire category soft sets, Algahtani et al. [60] studied the nodecness of soft generalized
topological spaces, and Ameen and Alqahtani studied soft functions modulo soft sets of the first
category [61]. Congruence representations via soft ideals were presented by Ameen and
Algahtani [62], and a novel class of separation axioms via C-open sets by Alqahtani and Saleh

[63]. Lastly, Fermatean double-valued neutrosophic soft topological spaces were introduced by

Hatamleh et al. [64], and Abd El-Latif [65] considered soft supra compactness.

1.2. Novelty and motivations for research

This paper provides a tri-valued neutrosophic soft set with full specifications and a complete
operator toolkit. Each operator is related to a proposed example with full visualization of the
data, making the algebra always directly proportional to what a reader is looking at on data. The
stability and proximity of neutrosophic evidence are made tangible and testable on real matrices
by characterizing a three-valued neutrosophic topological space that is consistent with the soft-
set layer. It employs a visualization-first methodology in which grouped bar charts, Heatmaps,
and 3D surfaces serve as guarantees of model behavior rather than as decorations. The cross-
metric validation within the same cohesive pipeline is the second source of uniqueness. Cosine
similarity, Pearson correlation, and min-max normalization all identify the same dominating
cells, demonstrating that the findings are independent of the scale. Row-wise maxima are
maintained and the global maximum P2D1 size selection is fixed at 1.000 after normalization,
demonstrating normalization invariance on the 5x5 patient disease matrix. In order to recover
latent structure that is related to the visuals, PCA is also utilized. Two small groups of patients
appear along PC1 at about 81% explained variance in the original matrix, and P2 splits as a glaring
outlier. The remaining four patients cluster closely around PC1 and PC2, representing about 94 %
of the total variance. invariance on the 5x5 matrix of patient diseases.

Finally, by showing a high ridge in all D4 views, the analysis provides a good visual observation,
a suspected feature, and a reproducible discovery. Together, these provide a cooking process that
can be used to neutrosophic research: specify the operators, illustrate the procedures, cross-check
measurements and scales, and use basic machine learning to comprehend the structure to

produce results that are readable, reliable, and repeatable.

2. Preliminaries
The prerequisites that are crucial for the other sections are covered in the first section

Definition 2.1 [17]. On the universe of discourse X, a neutrosophic set 4 is defined as follows:
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A= {(K, TA(%),I’A(J{),FA(%)):% € X},
where T,I,F: X - ]07, 1 [and 07 < T,(3) + I, (30) + F4 () < 37

According to philosophy, the values of the neutrosophic set are derived from the actual non-
standard or standard subsets of ]0~, 1*[. However, it is difficult to use a neutrosophic set with
values from a real standard or non-standard subset of ]0—,1+[ when applying this idea to real
scientific and engineering problems.

Definition 2.2 [18] . Let P(X) be the power set of X, let E be a set of parameters, and let X be a
starting universe. When F is a mapping with the formula F : E — P(X), the pair (F, E) is referred
to as a soft set over X. Stated otherwise, the set is the set of e-approximate elements of the soft
sets, or (F,E) = {(&, F(®)) : & € E,F:E - P(X)} or a parameterized family of subsets of set X for
e-elements of the soft set (F, E).

Definition 2.3 [19]. Let E be the set of parameters and X be the set of beginning universes. Let
P(X) be the set of all possible sets of X that are neutrosophic. Then, a set defined by a set valued
function F that represents a mapping F : E — P(X) is referred to as a neutrosophic soft set (F, E)
over X. F is also known as the approximate function of the neutrosophic soft set (F, E). Stated
differently, the neutrosophic soft set can be expressed as a set of ordered pairs,

(F, E) = {(é, (}f, Tre) (0, Tpe) G0, Frey () 1 % € X)) te € E},

We refer to the truth-membership, indeterminacy-membership, and falsity-membership
functions of F(&) as Tpee) (%), Ipe) () and Fpee) () € [0,1], respectively. Since each T,I'and F has a
supremum of 1, it follows that the inequality

0 < Tpe) () + Ipe) (o) + Fpe) () < 3 is obvious.

Definition 2.4 [20]. If (F,E) is a NSS over universe set X, then (F, E)° is the complement of (F,E)
and is defined as follows:

(FE) = {(é, (3, Frey (00, 1 — ey (), Ty (o) s ¢ € X)) Y= E}.

It should be clear that ((F, ]:])C)C = (F, E)

Definition 2.5[19]. If (F, E) and (G, E) are two NSSs over set X. We state that (F,E) < (G, E) if and
only if & € Eand V x € X and, the following conditions holds

Tree) (%) < Tae) 00, Ipeey 00) < Ty (), Freey) 00) 2 Feiey ().

Definition 2.6 [21]. Given two NSSs (Fy, E) and (F,, E) over the universe set X, their union is
represented by (Fl, ]:3) U (FZ, ]:3) = (_F3, ]:3), which is defined as follows:

(]:3,E) = {(é, (%, TF3(é)(J{), l’]:3(é)(%),]3f3(é)(}t)) n E X) e € E},
Where, Tp, (&) () = max{Ty, @) 00, Tr, @) 00}, Ty e 0¢) = max{llp, )00, I, ) 00},
Tr, ) () = min{Fg, @) G0, Fr, @) (0}
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Definition 2.7 [21]. Given two NSSs (Fl, E) and (Fz, E) over the universe setX, their intersection
is represented by (F1: E) n (Fz, E) = (F3, E), which is defined as follows:
(Fs.E) = {(é. (% TFS(é)(%).1'F3(é)(%),FF3(é)(%)) i E X) 1€ E},
Where, Tr, &) () = min{Ty, @) 00), T, ) GO} Try@) (060) = min{ly, @) (00, Tp, ) 00},
Ty (0 = max{Fy, @ 00, Fr, @) 00}
Definition 2.8 [21]. Given two NSSs (Fy, E) and (Fy, E), their difference is represented
by (]71, l::) \ (,Fz' l::) = (F3, 1:3), which is defined as follows: (F3, E) = (Fl, E) n (Fz, E)C , such that
(]:'3, E‘.) = {(é, (}t, Tr, @ 00, Ip, )00, Frae (H)) ‘xE X) }, for all & € E. Where,
Ty (0) = min{Tg, @) (0, Fr, @) (0} Try ) 00) = min{ly, @) (0, 1 =I5, ) (0},
Ty () () = max{Fp, @) 00, Tr, @) 00}
Definition 2.9 [21]. Given a family of NSSs over set X, {(F;,E)|i €1}, then
U(Fi, E)= {(é, (%, sup[Tr,) (%)]iel,, sup|IF, @) (z)]iel_, inf[Fr, ) (}{)]ier) %€ X) e € E},
i€l
Nier(Fo E) = {(& (50 nf[ T,y 0], infll, 9 O] sup[Fr,)G0)]. ) 1 € X ) & € B},
Definition 2.10 [21]. Consider two NSSs over X, (Fp E) and (Fz, E),. Then AND operation on
them is represented by (Fl, l::) A (FZ, E) = (F3, E x E), and is defined as:
(B B ¢ B) = ({1,220, (6 Try 042 0O, Ty, 00, B 00) 12 € X ) @0,8) € Ex B,
whereTg, s, ¢, ) () = min{Ty, ¢,y 60, T, ey GO},
Ty(ere, )00 = min{ly, ) 60, I, @) GO},
Ty er.2,) 00 = max{Fy, e,) 00, Fry ) 00}
Definition 2.11 [21].Consider two NSSs over X, (Fy, E) and (Fy, E). The OR operation on them,
represented by (Fl, ]::) v (]32, ]::) = (F3, E x E) ,
is defined as: (F3, E x E) = {((él, 82), (3 Ty 169 GO T e1.00) 00, iy o) () ) ¢ € X) £ (81,8,) €

ExE }, where, Ty, e, ¢, )(%) = max{TFl(él)(J{), TFz(éz)(z)},

Thyee, ) 00 = max{ly, ) 00, e 0O},

TF, 1.8, ) 1) = min{Fr, @& (0, Fp,e,) (O}
Definition 2.12 [21].The following criteria must be met for a NSS (F,E) over set X to be
considered null neutrosophic soft set: &€ must be within E and » must be within X.
Tre) () =0, Tpe) () =0, Fpe)(») = 1.Itis denoted by O(X,E)-
Definition 2.13 [21]. The following criteria must be met for a NSS (F, E) over set X to be
considered absolute NSS: & must be within E and » must be with in X.

Tre) () = 1,1 () = 1, Fpe) () = 0. It is denoted by Lixp):
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3. Operations on Double-Valued and Triple-Valued Neutrosophic Soft Sets

DNSS equality of sets, DNSS complement of sets, DNSS subset, DNSS union, DNSS intersection,
DNSS difference, family of DNSS sets, DNSS AND set, DNSS OR set, DNSS soft null set, and
DNSS absolute sets are all covered in this section. Triple-valued neutrosophic sets (TVNSs), their
complements, TVNSSs, equality of TVNSSs, the union of two TVNSSs, the intersection of two
TVNSSs, and the difference of two TVNSSs are among the ideas.

Definition 3.1. Suppose X be the set of initial universe set and E be the set of parameters. Let P(X)
denotes the set of all DNSSs of X. A DNSS (F, E) is defined as set valued function

F:E - P(X), where F is called approximate function of the DNSS (F,E). In other words, a
DNSSis a parameterized family of some elements of the set P(X) and can be written as a set of

ordered pairs:

7B ={(e (x, Trey 00, Lepgey 0O Py 0, o) (z)) eek)ixex),
Where, Tpee) (0), I'c (%), I'y F@) (%), Fr) () € [0,1], are respectively called the truth-membership,
indeterminacy leans toward contradiction -membership, indeterminacy leans toward hesitation-
membership and falsity-membership function of F(&). Since, supremum of each T,I¢,I'y, Fis 1,
the following inequality 0 < Ty () + l,CF(é) (o) + l’rHF(é) () + Fpee)(0) < 4 is obvious.
Definition 3.2. Let (F, E) be DNSS over set X. The complement of (F, E) is symbolized by (F, E)¢
is defined as: (F,E)¢ = {(é, (M,Ff(é) (0,1 - I’CF(é) (0),1— l’rHF(é) (%),Tf(é)(%)) e E E) ‘M E X},
clearly, (F,E))° = (F. E).
Definition 3.3. Let (F, E) and (G, ]:3) be two DNSSs over X. Then (F, E) is said to be DNSS subset
of (G, ]:3), dented by (F, ]:3) c (G,E),) if and only if V x € X, & € E, the following conditions are
satisfied:
Trey (00 < Tee) (o), Tpe) () < Ty (30),
Definition 3.4. Let (F, E) and (G, E) be two DNSSs over X. Then (F, E) is said to be equal to (G, 1:3),
denoted by (F,E) € (G, E) If and only if both (F,E) < (G E) and (G, E) € (F,E) hold. That is, for
all x € X and & € E, the following conditions must be satisfied:
From (F,E) € (GE) : Tpee)() < Tge) (), Lo 00 < Tege 00, (0 < Ty, 60,
Fr@y(0) = Fee () and from (G, E) € (F,E) : Teey (o) < Tree) (), Te a0 < Tepe 00, Mg G0 <
Pipeey (0, Fege) (%) = Freey ().
Definition 3.5. Let (Fy, E) and (F,, E) be DNSSs over set X, their union, denoted by
(F1,E) U (F2,E) = (F3,E) is defined as:

(Fs E) = {(e (x, Try 00 Ve, 6 00, Vitp, )00, Fry (}r)) € X) o€ E}

where the membership functions are given by
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Tr, @ () = max{Ty, &) (), Tr, @) (0}, Iep, @ () = max {YCFl(é) CIR NS (%)},

Hyy ) G0 = max {Lp. ) 00, L, 0y 00}, Fryey ) = min{F, 00, Fr, 9 00}

Definition 3.6. Let (]71, l::) and (Fz, E) be DNSSs over set X, Their intersection, denoted by
(]71, l::) n (,Fz' l::) = (F3, l::) is defined as:(F3, E) =

{(é, (%, Tr, o) G0, l’C.Fs ©® (20, l"“Fg(é) (), Fr, ) (J{)) HEX ) (e E E} Where, the membership
functions are given by:

Tr, @ (1) = min{Tg, ) (0), Tr, @) (0}, Ik, @y () = min {1'c]:1(é) CIR (%)},

Hy, 0 (0) = min (T, 00, P, ) 00}, Fry 00 = max(Fr, o 00, Fr, 0 00}
Definition 3.7. Let (Fy, E) and (F,, E) be DNSSs over X. The difference between them, denoted
by (F3,E) = (F1,E) \ (Fo,E), is defined as the intersection of (Fy,E) with the complement of

(F2,E)ie.,(F3,E) = (Fu, E) n (F2, E)°, Given:

(71 E) = {(& (20 Tr, 000, Teg, 00, Vg, 00, Fr 900 ) 2 € ) s € X}

(F2 B) = {(& (3 Tra0 00, Tep, 00, Bag 9 00, Fry 00 ) 2 € ) s € X

(72 B) ={(& (%, Fra@ 00,1 =g, )00 1 = g 00, Ty (z)) e ek)inex)
Therefore, the resulting DNSS (Fs, E) is: (F3, E) =

{( (%, T, 00, Teg. 6 00 Pig o 00, i) (%)) .6 € B):x € X}, where:

Try 0 () = min{Tg, & GO, Fro 00}, Tep, )00 = min{lep 60, 1=Tep )00},

'Hp, &) (») = min {1"1-1}:1@ (0,1 =T o (%)}, Fr,@ (0 = max{F, @) (0, Tf, ) G0}
Definition 3.8. Let {(F;, E)|i € I'} be a family of TVNSSs over X, then

i) =1 o x, SUP[TFi(é)(%)]iel,,SUp [lcﬂ(é)(%)]ier,sup [lfHFi(é)(}f)]iel,. ok ixext
inf[-FJ:i(é) (%)]iel'
ﬂiey(ﬂ,]::) I x, inf[TFi(é) (}{)]ier, inf [l CRy2) (J{)]L_El’,inf [I'HFi(é) (H)]iel" ceck)inexl
sup[FF, @ (”)]ier

Definition 3.9. Let (Fy,E)and (F, E) be DNSSs overX, then AND operation on them is
symbolized by (F3, E x E) = (Fy, E) A (F2,E), defined by:

2, Ty (61,60 O Teg, 0,8, OO T, o0, PO

(F3,EXE) =1 (&1,8), ( Fraeen (0

>:(é1,é2)EEXE txuEeX
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Where for each » € X and (&,,&,) € E X E: Tr,(ee,) 00 = min{TJ;‘l(él)(}f),TFZ(éZ)(H)} Apye e () =
min {Tp, ) 00 Yo, ) 0O P o) 00 = 0 (T 0 0O P 0,y GO} Fry 2,0 60 =
max{Fr, e,) O, Fryce,) (O}

Definition 3.10. Let (F;,E)and (F,, E) be DNSSs overX, then OR operation on them is
symbolized by (F3, E x E) = (Fy, E) v (F2,E) is defined by:

A, T]:3 (1,82) (30), l'cFS (81,8, (o), 1"HJ:3 (21,82) (o),

(F3,EX E) =1 (&1, &), < Frsenen G0

>:(é1,é2)EExE i €X

Where for each » € X and (&,,¢,) € E x E: Tr,e8,) 00 = max{TFl(él)(%), sz(éz)(x)}
Fepy e, 00 = max{leg, ) 00 g, O} g, e,y 00 = max{lig, )60, Tag, 0,00},
Fy (21,2, 00) = min{Fr, e,y 00, Fr, 2,y GO} -
Definition 3.11. 1. Let (F, l::) be TVNSS over X. Then:
2.(F,E) is said to be a null TVNSS if Ty (%) =0, Iepey 00 = 0,Type) GO = 0,Fpe) (0) =
1,V & € E, x € X. Itis symbolized by O(x ) 2- (F,E) is said to be absolute TVNSS if
Tre) () =1, I'CF(é) (n) =1, l"HF(é) () =1LFpe G)=0,VeE ExeX Itis symbolized by 1(X,E)-
Clearly, OEX,E) = 1(X,F:) and 1EX,E) = O(X,E)'
Definition 3.12. A TVNS represented by A is defined as follows:
A = {(5,AbT,(s), R&IT (), Hy(5), R&F,(5), AF4(5)) : 5 € U}, where AbT, R&IT, H, R&IF, AbF : U -
107, 1*[and 0~ < AbT,(s) + ReIT,(s) + H,(s) + REIF,(s) + AbF,(s) < 5*.
Definition 3.13. Let E be a set of parameters and U be an initial universe set. A TVNSS (F, E)
over X is a set defined by a set valued function F, which represents a mapping: F : E —
P(X), where F is an approximate function of the TVNSS (F, E). Let P(X) represent the set of all
pentapartitioned neutrosophic sets of X. (T, E) =

{(2. (5 AbTye)(5), RelT(e) (), Hpa (5), RELFy 1) (5), AbFreep (5) ) 5 € U) - & € E},

where AbTy ) (5), RélTr ) (), RélTr ) (S), Hy(s)(5), AbFy(s) (§) are elements of [0,1], and
respectively called the absolute truth-membership, relative truth-membership, hesitation-
membership, relative false-membership and absolute false-membership function of f(&). The
inequality 0 < AbTy)(s) + RelTy)(s) + Hpe)(s) + R€lFp@)(s) + AbFp)(s) < 5 holds
obviously.

Definition 3.14. Let (J, E) be TVNSS over set U. The complement of (F, E), denoted by (F,E)¢, is

defined as (F, E)° = {(& (5, AbFr)(s), RélFy(e) (5), 1 — Hye(5), RElTre)(5), AbTr(5) ) :s € U) : 8 €

i}
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Definition 3.15. Let (f‘ , E) and (G, E) be TVNSSs over set U, then (f , ]::) is said to be TVINSSSS of
(G,E) if AbTy &) () = AbTg5)(S), RelTr(e)(S) = RélTq)(S), Hy@)(S) = Hg(e)(8), RElFp)(s) <
R&IF ;(5(5), AbFy(s)(s) < AbF(5(5),V s € U, & € E. It is symbolized by (F, E) < (G, E).

Definition 3.16. Let (f‘ , E) and (G, E) be TVNSS over set U, then (, E) is said to be TVNSS equals
(G,E), if (F,E) € (G, E) i.e. AbTps)(s) = AbT5)(5), RélTp)(s) = RélT;(5)(S), Hy($) = Hpe)(s),
R&IFFs)(s) < R&lF(s)(s), AFp(s) < AbFg(s)(s),Vé €E, s€ U.If (G,E) c (F.E) ie.

AbTg(s)(§) = AbTr)(s), RélTg(s)(S) = RélTy)(S), Hee($) = Hrw)($),

RElF (&) (S) < Relfp@)(s), AbFg(s)(s) < AbFy)(s). It is symbolized by (T, E) = (G, E).

Definition 3.17. Let (F1,E) and (F,, E) be TVNSSs over set U. Then, their union is denoted by
(f‘3, E) = (f‘l, E) U (f‘z, E) and is defined as:

(Fs E) = {(e (s,,Abe3(é)(s,),Réle3(é) (), Hy, (&) (5), RELF} (&) (5), AbFy e) (g)) .5 € U) 18 € E}, where
AbTy, ) (s) = max{AbTy, (5)(5), AbTy, 5 ()}, RE&ITF, ) (s) = max{REITy, (5)(5), REITy, 5 (9)},

Hy,e)(3) = max{Hy, &) (3), Hy,(¢)(5)}, RELFy, (&) (5) = min{REIFy, (&) (), RELFy, 5 (3)},

AbFy &) (s) = min{AbFy, (&) (5), AbFy, 5 (3)}-

Definition 3.18. Let (f 1 E) and (;F 2 E) be TVNSSs over set U. Then, their intersection is denoted
by (f3, E) = (j-"l, E) N (f‘z, E) and is defined as:

(F.E) = {(& (5 AbTrye) (8), REITr ) (5), Hy ) (), REIFp, 5 (5), AbFy, (5) ) :s € U) s & €

E} Where, AbTy, @ (s) = min{AbTy, ) (s), AbTy, ) ($)}, REITy, 5)(S) =

min{Rélel(é) (5), RelTy L@ (9) },

Hy,e)(s) = min{Hy, (), Hy, () (5)}, REFf, &) (5) = max{REIFy, (&) (s), R&LFy, 5 (3)},

AbFy &) (s) = max{AbFy, (&)(s), AbFy, 5 (5)}-

Definition 3.19. Let (f 1,E) and (f‘ Z,E) be TVNSSs. Then the difference of (fl,E) and (fz,E)
operation on them is symbolized by (f‘3, E) = (f‘l, E) \ (jf‘z, ]::) and is defined as:

(f‘3, ]:3) = (f‘l, E) N (f‘z, E)C , Where

(Fu.E) = {(é' (S'Aij’l(é)(S):Rélel(é) (3), Hy, (&) (3), RELFy, (&)(5), AbFy, (&) (S)) '§ € U) S E}

(F2E) = {(é, (§'Abez(é)(§):Rélez(é)(S):Hfz(é)(S):RélFfz(é)(§)'AbFfz(é)(§)) :s€l):¢€ E}
(F2B)" = {(& (5 AbFr, 0 (8), RelFy, 0)(8), 1 — Hy, ) (), REITy, 1 (5), AbTr(5) ) :5 € U) : 8 € E}, 50
(Fs.E) = {(é, (SJAij’3(é)(§):Réle3(é)(§): Hf3(é)(§)'Réle’S(é)(S)'Aij’3(é)(§)) 'S € lj) ;& €K,
with, Abes(é) (s) = min{Abel(é) (g),Abffz(é) (5)}, RéleS(é) (s) = min{Rélel(é) (g),Rélffz(é) (5)},

Hy, @ (5) = min{Hy, 5 (5), 1 = Hy, ) (9)}, REIF(5) = max{REIFy, 5)(5), RElTy, ()},

AbFy. ) (5) = max{AFy, 5(s), AbFy, & (3)}.
Definition 3.20. Let {(F;, E)|i € I} be a collection of TVNSSs . Then
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Ny $sp|AbTy, &) ()], - SP|RE&Ty, &) (9] _» sP|Hy, (9], . .
o) s [ PTOO PR 0Ol 30Ol ol
if[REWFy, ) ()], 1f[ADFF,0 (9]
5 S, inf|AbTy,)(S)|._, inf| RE&IT}, ) (9)]. _ , inf|Hp,&)(S)]._, 5 .
niel(fi:E):{<é:< [AbTy, ) V]‘E’ [RETy, ) ()], inf[Hy,o) LE’):éeE):geU}.
max|RElfy, ) ()], max[Abfy, e (5)]
Definition 3.21. Let (f I,E) and (f Z,E) be TVNSS. Then operation AND is symbolized by
(f3, E x E) = (j-"l, E) A (fz, E) is given as:

. $, AbTy (s,,8,)(8), R&lTy, &,6,)(S), Hy,(s,,8 )(S):) g v> }
JEXE)=S| (64, €,), 312 sz 3t e :(é,,6,) EEXE]):s€e Uy,
(Fs B E) {<( v &) ( REIFy, (s,5,)(5), ADFy, 3,8, )(S) (G1.%2) ;

i€l

where

AbTy, (e, &,)(8) = min{AbTy, 6,y (§), ATy, 6,) ()} REITT,(e,,8,)(§) = MIn{RET}, (6, (), RETT, e, ()},
H, (6,6,) () = min{Hy, &,)(8), Hy, (e,) (9}, R, (6,6,)(5) = max{REIF, e, (), REWF, (e,) (9},
AbFy,s,5,)(s) = max{AbFy, &,)(5), AbFy,s,) ()}

Definition 3.22. Let (F, E) and (F,, E) be TVNSSs. Then operation OR is given as

(f‘3, E x E) = (j-"l, E) \% (f‘z, E) is given as:

. 5, AbTy, 5, 5,)(8), RélTy, &, 5,)(S), Hy, (s, )(S),> . v) }
,EXE) = €,6,), 312 3Lt 3 12 :(é,,6,) EEXE]):se Uy,
(7 ) {<( vé2) < RélFy, (s, 2,)(5), AbFp, (s, 6,)(9) (61, 82) ?

where AbTy, (s,5,)(s) = max{AbTy (s,)(s), AbTy,(s,) ()}, RélTr, s, 5,)(s) =
max{R&lTy, (s,)(), REITF, s,)($)},

H, (6,,8,)(8) = max{Hy, (&) (), Hp, s,y ()}

RE&UF, (6,5,)(§) = min{REIFy, (5,)(5), RElFy, s,y ()},

ADFy(e,6,)(5) = min{AFy, s,)($), AbFy, ) (9)}-

Definition 3.23. (i). Let (F, E) is TVNSS. Itis said to be null TVNSS if AbTyeg (5) = 0, RElTye (5) =
0, Hp(s) (5) = 0, R&8lFp(s) () = 1, AbFp@) (5) = 1; V & € E, 5 € U. It is symbolized by 0(u,5)-
(i0). Let (F, E) is TVNSS. It is said to be absolute TVNSS if

AbTp () = 1, R&ITy) () = 1, Hys) () = 1, RélFys) () = 0, AbFpg) () = 0; VE € E, 5 € U.
It is symbolized by 1y ), and clearly, OEU,E) = 1) and 1EU,E) = O )-

Example 3.24. Let U = {s;,5,,53,54} and E = {&;,&,}, let the TVNSSs (4, E) and (F,, E)

be PNSSs over U be defined as follows:

(s _ {(51, 0.4,0.7,0.2,0.8,0.4), (54, 0.5, 0.6,0.3,0.9, 0.4),}\

(Fo.E) = i 1 = (s5,0.4,0.5,0.3,0.8,0.4), (54,0.2,0.5,0.6,0.8,0.3) }

1 . ((51,0.7,0.8,0.4,0.5,0.3), (5,,0.4,0.9,0.2,0.6,0.8),) [’
€2 = { (s5,0.6,0.7,0.2,0.8,0.9), (s4,0.3,0.4,0.7,0.9, 0.4) }
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(£1, E) Combined Bar Graph

1.0 [CJel-Cl1 [N e2-C3
Tl == e2-c1 mmmel-cs
[ el-C2 [N e2-C4 080 090 090
N e2-C2 [N el-C5
BN el-C3 M e2-C5
080 080 0.80 080 080
0.8 4
00710 0.70
[}
] 0.60 0.60 0.60
T 0.6 1
=
5 0.50 0.50 0.50
g bl
a
S
1] 040 l0.40 0.40
= 0.4 _
0.20
0.2 4
0.0
sl s2 s3

Fig 3.1

5. = {(51, 0.5,0.6,0.9,0.2,0.5), (s,,0.6,0.8,0.3,0.4, 0.5),}
(FE) = 17 1(s3,0.7,0.3,0.1,0.2,0.8), (54,0.3,0.4,0.9, 0.4, 0.6)
SR {(§1,0.6,0.9,0.3,0.4,0.6), (§2,0.3,0.6,0.9,0.3,0.8),} ’
2 = (s4,0.4,0.2,0.6,0.8,0.5), (54, 0.6,0.3,0.7,0.8,0.4)
(£2, E) Combined Bar Graph
1.0 4 [CJel-C1 [N e2-C3
= e2-C1 mmm el-C4
(0eE0 090 oo el-¢c2 B e2-C4
e2-C2 W el-C5
el-C3 WM e2-C5
0.80 0.80 0.80
0.8
070 0.70
5 0660 0.60 0.60 0.60
T 0.6 1 — —
5 050 050 050
£
= 0.4 0.40
0.2 4
0.0 " g2 "

Fig 3.2

5 _ {(§1,0.5,0.7, 0.9,0.2,0.4), (s, 0.6,0.8,0.3,0.4, 0.4),}
(FE) U (Fu E) = 1 = 1(s5,0.7,0.5,0.3,0.2,0.4), (54,0.3,0.5,0.9,0.4,0.3)
Y 2 . ((51,0.7,0.9,0.4,0.4,0.3), (5,,0.4,0.9,0.9,0.3,0.8),)
€2 = {(Sgp 0.6,0.7,0.6,0.8,0.5), (54, 0.6, 0.4,0.7,0.8, 0.4)}
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(£1, E) u (2, E) Combined Bar Graph
1.0 [CJel-C1 BN e2-C3
) m e2-C1  mmm el-C4
(osHD 090 090 ofg el-C2  HEm e2-C4
e2-C2 M el-C5
el-C3 WM e2-C5
080 080 080 080
0.8 4
0070 0.70 0.70 0.70
[}
| 0.60 0.60 0.60 0.60
T 0.6 Py
=
5 0.50 0.50 0.50 0.50
E 2
5 040 04D l0.40 040 040
= 0.4 _
030 030
0.2 -
0.0
sl s4

(FuE)n(F2,E) =

Fig 3.3

s _ {(51, 0.4,0.6,0.2,0.8,0.5), (5,,0.5,0.6,0.3,0.9, 0.5),}
17 1(s4,0.4,0.3,0.1,0.8,0.8), (54,0.2,0.4, 0.6, 0.8, 0.6)

5 = {(sl, 0.6,0.8,0.3,0.5,0.6), (5,,0.3,0.6,0.2, 0.6, 0.8),} ’
2 7 {(53,0.4,0.2,0.2,0.8,0.9), (54,0.3,0.3,0.7,0.9,0.4)
(el) and (e2) Combined Bar Graph
1.0 [ el-C1 N e2-C3
[ ez2-C1 B =1-C4
B3 el-C2 I =2-C4 090
o e
0.5 4 0.80 0.80 0.80 0.80
ié 0.6 4 _lIﬂED 0.60 0.60 060 0.60
= 0.4 0.40 0.40 0.
0.29
0.0
sl
Fig 3.4
5. = {(51, 0.4,0.8,0.8,0.7,0.4), (55, 0.4,0.9,0.7, 0.6, 0.5),}
(Fu ) = 17 1(s5,0.4,0.8,0.7,0.5,0.4), (54,0.3,0.8,0.4,0.5,0.2)
LR 5 = {(51, 0.3,0.5,0.6,0.8,0.7), (s, 0.8,0.6,0.8, 0.9, 0.4),} ’
2 =

(s5,0.9,0.8,0.8,0.7,0.6), (54,0.4,0.9, 0.3, 0.4, 0.3)
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(el) and (e2) Combined Bar Graph

1p] Edel-c1 M e2-C3
’ ] e2-C1 W el-C4
[ el-C2 [N e2-C4 0.90 0.90 0.00 0.90
mm oe2 C2 mmm el CS
I el-C3 [ e2-
0.80 080 . . 0.80 0.80 080
0.8 4
[
3
T 0.6
=3
=
4
(7]
=]
§
040 040 040
= 044
0.2 -
0.0

Fig 3.5
. {(51, 0.5,0.2,0.1,0.6,0.5), (s,,0.5,0.4,0.7,0.8, 0.6),}
(o ) = 17 1(s5,0.8,0.2,0.9,0.3,0.7), (54, 0.6, 0.4,0.1,0.4,0.3)
2 _ ((51,0.6,0.4,0.7,0.9,0.6), (5,,0.8,0.3,0.1,0.6,0.3),) [’
€2 = {(53, 0.5,0.8,0.4,0.2,0.4), (54,0.4,0.8,0.3,0.3, 0.6)}

(el) and (e2) Combined Bar Graph

104 ] el-Cl1 W e2-C3
) CJe2-C1 mEE el-C4
[ el-C2 BN e2-C4
= e2-C2 mmm el-C5
BN el-C3 HEM e2-C5
0.80 0.80
0.8 [—
[
= 0.60
3 0.6 A
2
5 050
u
E=]
£
7]
= 0.4
0.2
0.0

Fig 3.6
(FuE) = (F2 B)=(FL E)N(F2, E)°

. ((51,0.4,0.2,0.1,0.8,0.5), (5,,0.5,0.4,0.3,0.9, 0.6),
e~ |
)17 1(55,0.4,0.2,0.3,0.8,0.7), (54, 0.2,0.4,0.1,0.8,0.3)
s :{(51,0.6,0.4,0.4,0.9,0.6),(52,0.4,0.3,0.1,0.6,0.8),}'
2~ |(s3,0.5,0.7,0.2,0.8,0.9), (54,0.3,0.4,0.3,0.9, 0.6)
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(€1, E) and (f2, E) Combined Bar Graph

CJel-C1 B e2-C3
3 e2-
3 el-
[ e2 -
B el-

1.0+

080 080

0.8 4

=4
@
L

Membership value

0.40 X : . 0.40 040

I
S

0.2+

0.0

Fig 3.7

(F2E) = (FuE) = (F2E) 0 (Fu, B)°

s {(51, 0.4,0.6,0.8,0.7,0.5), (s,, 0.4, 0.8,0.3, 0.6, 0.5),}
% T 1(55,04,0.3,0.1,0.5,0.8), (54, 0.3, 0.4, 0.4, 0.5, 0.6)
P {(51, 0.3,0.5,0.3,0.8,0.7), (s,, 0.3, 0.6, 0.8, 0.9, 0.8),} :
\°2 = 1(ss,0.4,0.2,0.6,0.8, 0.6), (54, 0.4, 0.3, 0.3, 0.8, 0.4)

(£1, E) and (§, E) Combined Bar Graph

10 [ el-C1 E e2-C3
g :1:C2 = :2:01
B e2-C2 E el-C5
N el-C3 E e2-C5
084 0.80 0.80 [on::10] 0.80
;:; 0.6 050
-ﬂ.é
E 0.4 0.40 0.40 0.40
0.2 4
0.0
sl
Fig 3.8
(608 = {(gl, 0.5,0.7,0.9,0.2,0.4), (55, 0.6,0.8,0.3,0.4,0.4),
=177 (s35,0.7,0.5,0.3,0.2,0.4), (s4,0.3,0.5,0.9, 0.4, 0.3)
Lo (51,0.6,0.9,0.3,0.4,0.4), (5,,0.5,0.6,0.9,0.3,0.4),
(61,8) = {
(FuE)V (P E) = (55,0.4,0.5,0.6,0.8,0.4), (54,0.6,0.5,0.7,0.8,0.3)
v =)= (68 = {(51,0.7,0.8, 0.9,0.2,0.3), (5,,0.6,0.9,0.3,0.4,0.5),)
€2¢1) =1 (55,0.7,0.7,0.2,0.2,0.8), (54, 0.3, 0.4, 0.9, 0.4, 0.4)
L. (51,0.7,0.9,0.4,0.4,0.3), (5,,0.4,0.9,0.9,0.3,0.8),
(62 €2) ={( 0.6,0.7,0.6,0.8,0.5
$3,0.6,0.7,0.6,0.8,0.5), (54,0.6,0.4,0.7,0.8,0.4) JJ
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(el, el), (el, e2), (e2, el), (e2, e2) Combined Bar Graph

1.0 1 [ (el,el)-Cl I (e2,el)-C3
[ (el.e2)-C1 N (e2,e2)-C3
00000  0XED @@ 0.90 0.90 %o(z'&%' g = E:i z;g:
el c2 [ | (EZ:el}-Cél
0 0.80 0.80 0.80 el Cc2 R (=2, e2)-C4
0.8 1 e2 2 (el, el) - C5
: | e -
(e2, e2)-C5
3 0.60 0.60 B60) .60 0.60
S 0.6
%‘- i 0 0. 0.50 50.50| .500(50.
5
= 041 HeA0 0.4 140 0.40
0 &
021
0.0
s1 s2 s3 s4
Fig 3.9
((é &) = (s1,0.4,0.6,0.2,0.8,0.5), (s2,0.5,0.6,0.3,0.9, 0.5),}\
b (53,0.4,0.3,0.1,0.8,0.8), (54,0.2,0.4,0.6, 0.8, 0.6)
(5,,8,) = (s1,0.4,0.7,0.2,0.8,0.6), (55, 0.3,0.6,0.3,0.9, 0.8),}
(FuE) A (FuE) =) %77 1(53,04,02,03,0.8,05), (54,0.2,0.3,06,08,0.4) |
v 2 8) = (8,,8) = (s1,0.5,0.6,0.4,0.5,0.5), (55, 0.4,0.8,0.2,0.6 0.8),) ("
2°1) = ] (s5,0.6,0.3,0.1,0.8,0.9), (s4,0.3,0.4, 0.7, 0.9, 0.6)
L. ((51,0.6,0.8,0.3,0.5,0.6), (s,0.3,0.6,0.2,0.6,0.8),
((®282) = (5, 0.4,02,0.2,0.8,0.9), (5.,0.3,0.3,0.7,0.9,0.4)
53 S4
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30
120.. 0.20
02
o0 s1 s2 s3 s4

Fig 3.10
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4. Tri-Valued Neutrosophic Soft Topological Space
This section is devoted to the family of TVNSSs, PNS closed sets, TVNSS interior, and TVNSS

closure along with some basic theorems, propositions and examples.
Definition 4.1. Let TVNSS(U, E) be family of all TVNSS on U and tTVNSS c TVNSS(I:I, E)

thén tTYNSS is said to bé TVNST on U, if
1. 0 and 1y ) belong to TTVRSS)
The union of any number of PNSS in TTVNSS belong to tTVNSS,
The intersection of finite number of PNSS in 7TVN5S belong to TTVNSS,
Then (U, TYNSS E) is said to bé TVNSTS on U, each member of TTVNSS is TVNSS open set

2.
3.

Graph of TVNST

Legend
el
Parameters o 4_e¥.
Universe - u_5 e2jte. F_ALL_PNSS
Agaregators = . 'a"eﬁ,r.;u s
PNSS Sets \ N g, ““tau_5_el
TBuel S > %, b
Qo g pammme
= Rue2 x4 "2 3
4N ;l‘ g:)}e( x3
e g % “e‘z-‘&g e
e’d.@f, : \f',a ot * 3 / E (Parameters)
2 ~, 4 B g 3
‘Fa_pnss v | @
tau_1_ el “des £ PNSS e p ’
u0_PNSS (PNST Spaee) r :
%, \ = ; 5 R tau_2_e2
tau_3_e2 sy T FRIPNSS TS
- ~ awdes! Sl % &
1)0 - A "’?‘; : & :7 /
W~ b o o
FO_PNSS e, PN 3 8 =
& oy ¥ ;
% 4 <~ n/"01 tau_3 el
8 ‘\k‘b \ / « tof el
x1 A

tau_1_e¥2_PNSSy (yniverday_2_el

Fig 4.1
Definition 4.2. Assume that (U,7TVNSS E) be PNST space over U and (F,E) be TVNSS over U,

then (F, E) is said to be TVNS closed sets iff its complement is a TVNS open set.
Proposition 4.3. Let (U,7{N5,E) and (U,71VNSS,E) be two TVNSTS spaces over U, then

(U, TTVNSS  £TVNSS 1 is TVNSTS over U.
Proof. 1. Since 0y iy, 1) € 71 VNSS and Oy Laup € 73 VNSS then Oy Loy € 7] VNSS  gJVNSS,
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1. If{(F,E):i€I)}béafamily of TVNSS in t¥NS N t]VNSS thén (F;,E) € 1 VNS and
(Fi, B) € 12VNSS v i € 1.So, Uie;(Fi, E) € 77VNSS and Ui, (Fi, E) € 74 VNSS. Thus U;e;(Fi, E) €
7TVNSS (y 7TVNSS
2. Lét {(fi, F):i=1,23 n)} bé a family of thé finité numbér of TVNSS in t1VNSS n
tNSS thén (F;, E) € t7VNSS and (F, E) € 4SS, vi€ 1,2,3..n,50 N%,(Fi, E) €
PSS and (VL (F,, ) € 7]VNSS.
Thus, N%,(F;, E) € 17 YNSS 0 7TVNSS,
Remark 4.4. The union of two TVNSTS over U may or may not always be TVNSTS on U.
Example 4.5. Assume that set U = {5;,5,,53,54 }and E = [&;,8, }.

STVNSS = {058 10,8 (P B), o B), (F3, )} and STVNSS = {0 ), 155, (2 B), (Fas B} e

TVNSSTS over U, here (F, E), (F2, E), (Fs, E) and (F4, E) are defined:

(s {(gl, 0.7,0.8,0.6,0.4,0.3), (52, 0.8,0.7,0.9,0.5, 0.4),}\

G‘E)zil (%ﬂbﬂBﬁSﬁJﬁA)@@&%&ZQaO&OA)}

v (51,0.8,0.9,0.8,0.6,0.4), (5,0.9,0.7,0.6,0.5,0.6),) [’
2 {SyQ&Q%Q5OA05L@@Q&Q&Q&OA06J
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(el) and (e2) Combined Bar Graph
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(el) and (e2) Combined Bar Graph
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(el) and (e2) Combined Bar Graph with Red and Blue Colors
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(el) and (e2) Combined Bar Graph with Beautiful Colors
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(el) and (e2) Combined Bar Graph with Red and Green Colors
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is a pentapartitioned neutrosophic soft topology over U. But, this is not

Hence, TlTVNSS U TZTVNSS

possible always as given in the following example.

Example 4.6. Assume that set U = {5;,5,,53,54 }and E = [&;,8, }.
STVNSS = {058 10,8 (P B, (o B} and STVNSS = {0 ), 155, (2 B), (Fs, B)} e
TVNSTS over U, here (F1,E), (F2, E), (F3, E) and (F4, E) are defined:
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Hence, (F5, E) U (F3, E) # 7 "N55 U 13 VNS5 then 7{ VNS5 U 17 VNS5 is not a TVNST on U.
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5. Application of Cosine Similarity Measure on Tri-valued Neutrosophic Softs Sets for
Cancer Diagnosis

The recently developed tri-valued neutrosophic softs (TVNSS) similarity tests are as follows: The
cosine similarity method will be used as the methodology. A crucial technique in medical
diagnostics, especially when dealing with a complex disease like cancer, is cosine similarity,
which shows how near data samples are to one another in high dimensional space. It is used to
assess how well a patient's clinical profile matches the established diagnostic or therapy profile
when it comes to cancer. One analytical technique for determining how similar two vectors (data)
are to one another is the cosine similarity measure (CSM). It has numerous uses in a variety of
settings related to machine learning, image processing, and data analysis. Taking into account
the data points' geometrical orientation will enable CSM to spot some nuances in patterns and
correlations that would have gone undetected without the use of only distance-based
measurements.

It is frequently used in data analysis, machine learning, and image processing. It is feasible to
employ CSM in military operations to classify potential targets based on surveillance data. The
operating properties of a target and those of known categorized profiles are compared in order
to accomplish this. The likelihood that threats will be compared and categorized appropriately is
therefore increased by approximating the degree to which a target fits into pre-existing threat
categories. The classification and pattern recognition tasks are made easier by a variety of
machine learning and visualization technologies. Heatmaps, bar graphs, 3D plots, PCA, and other
tools are used to analyze the signal-template relationship.

5.1. Cosine similarity measures

Let T; = (AbTy, ReT, Hy,, RelFy, AbFy.), C; = (AbTjy, ReTjx, Hjy,, RelF;y, AbF;.), are two PNSSs.
Each set is represented by four components for each feature k:

AbT;,: Absolute truth membership of feature k for T;.

ReTj,: Relative truth value of feature k for T;.

H;;,: Hesitation value of feature k for T;.

RelFy;,: Relative false value of feature k for T;.

AbF;;,: Absolute false value of feature k for T;.

The values typically satisfy: AbT;, ReTix, Hy, RelFy, AbFy, € [0,1]

Similarly, for object C;:

AbT;,: Absolute truth membership of feature k for C;.

ReTjy: Relative truth value of feature k for C;.

H;j.: Hesitation value of feature k for C;

RelFy: Relative false value of feature k for C;.

AbFy,: Absolute false value of feature k for C;.
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The values typically satisfy: AbT;x, ReTix, Hy, RelFy, AbFy, € [0,1]
The cosine similarity measure between T; and (; is defined as:

COSinepNss(Ti, C]) =

1gn  [(AbTy;)(ADTy;)+(RelTy) (RelTn)+(Huyi) (Hyi) + (RelF ) (RelF ) +(AbF ;) (AbF )
(\/AbTMz +RelTM2 +HM2 +RelFM2 +AbFM2 X\/AbTNz +RelTN2 +HN2 +RelFN2 +AbFN2) '

o &i=1
This calculation compares the comparable five-dimensional neutrosophic representation of

T; and Cjon feature k, calculating the average cosine similarity of all features.

5.2. Machine learning techniques

One way to visualize data is with a heat map, which shows the relationship between two variables
as a matrix with a color for each value. Because it may be used to quickly identify groupings and
patterns, it is especially effective when a large number of samples are involved. In terms of limited
or sparse data, it may be less helpful and requires a careful selection of color scale. Rectangular
forms are used in bar plots to display categorical data, with the height or length of the bar
representing the value. When comparing quantities across classifications, such as in survey or
sales data, they work best. They are simple to understand, have quick, low-number answers, get
confounded by big numbers, and don't exhibit consistent patterns over time.

3D charts plot a three-axis on a two-dimensional graph to show the relationship between three
data sets as continuous data. When applied to complicated data, such as 3D scatter plots or 3D
surface plots, they offer greater depth; yet, they can also be challenging to understand and
introduce an additional layer of complexity without enhancing clarity. Principal Component
Analysis (PCA) converts a set of observations of variables that may theoretically be associated
into a set of values of linearly independent variables known as principal components by using
orthogonal transformation, which is similar to a change of basis. It is a frequently used statistical
instrument.

5.3. Cancer diagnosis: Clinical use of Cosine Similarity in Patient-diagnosis Correlation

Let's say we have a dataset with different patients: = {Py, P, P3, P, Ps}: patients are represented.
D = {D;,D,,D3,D,,Ds}: representing clinical indicators or diagnostic information (tumor size,
HER 2, PSA level, etc.). The formula = {Ty,T,,T5,Ty,Ts}: denotes potential diagnoses or
therapeutic approaches. Five terminologies—AbT (abnormal test value), RelT (relevant
threshold), H (historical value), RelF (relative fluctuation), and AbF (abnormal fluctuation) —are
used to express each diagnostic characteristic of a patient. Each patient's diagnosis or
classification is created using the cosine similarity metric, which compares the parameters of the

patient to those found in the current diagnostic profiles:
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Table 5.3.1: Patient Diagnostic Parameter Matrix (P x D)

D, D, D,
P,  AbT,y,RelTy,, Hyq, AbTy, RelTyy, Hiyy ... AbTy,,, RelTy, Hyn,
RelF,,, AbF, RelF,,, AbF,, RelF,,, AbF,,
P,  AbT,y, RelT,y, Hyy, AbTy,, RelTyy, Hyyy ... AbT,,, RelTy,, Hop,
RelF,,, AbF,, RelF,,, AbF,, RelF,,, AbF,,
P,  AbTpy, RelTyy, Hpi,  AbTmy RelTma Hyzy ... AbTmm RelTmn, Hym
RelF,,,, AbF,, RelF,,,, AbF,,, RelF,,, AbFpy,

This table represents each patient's diagnostic data across various diagnostic features (D: to Ds).

Table 5.3.2: Cosine Similarity Scores between Patients and Diagnostic Profiles (P x D — T)

Row-1 Dy D, D3 D, Djs Row-II T, T, T3 T, Ts
Py 06 04 08 03 08 D, 08 03 08 0.7 0.6
03 08 09 04 04 06 02 04 04 08

08 07 03 06 0.6 04 09 06 03 07

04 03 06 02 03 08 06 03 02 02

08 02 04 08 0.2 02 08 05 06 04

p, 04 05 05 04 04 D, 05 06 04 08 05
06 04 06 08 08 04 03 05 09 07

04 08 08 09 09 08 09 06 06 0.6

08 02 03 03 03 0.7 02 07 05 03

03 06 09 04 06 06 08 04 04 02

P; 05 08 04 06 06 D3 02 09 04 07 08
07 06 06 08 03 06 02 06 06 03

03 04 03 03 04 07 08 07 07 04

04 07 02 04 06 09 04 08 06 05

08 05 06 02 07 08 06 05 03 04
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P, 04 02 08 02 08 D, 09 03 03 03 06
02 08 06 06 07 03 06 06 06 03
03 03 04 04 03 06 04 09 08 04
05 04 03 03 06 04 06 08 04 07
09 04 06 02 04 02 09 04 02 08
Ps 07 03 09 08 02 Ds 03 03 02 01 06
06 08 03 09 06 06 04 07 06 04
08 09 02 03 05 08 05 04 07 01
03 05 06 04 07 06 08 02 06 08
01 04 08 03 038 04 09 08 04 03

This table displays the cosine similarity metric for both patient (P: to Ps) and diagnostic profile
(D1 to Ds) similarity. Each cell most likely represents the relationship between a particular
parameter used in patient diagnosis (or a total measure of the five subcomponents) and a known
profile of an ideal diagnosis or treatment plan.

As, CosineTVNSS(Ti, Cj) =

1¢n {(AbTMi)(AbTNi)+(RelTMi)(RelTNi)"'(HMi)(HNi)+(RelFMz)(RelFNi)+(AbFMi)(AbFNi)}

n =1 (\/AbTMz +R€lTM2 +HM2 +R31FM2 +AbFM2 X\/AbTNz +RelTN2 +HN2 +R€lFN2 +AbFN2)

For n = 5 then R, + C; = Cosineryyss(T;, Cj) =
(0.6)(0.8)+(0.3)(0.6)+(0.8)(0.4)+(0.4) (0.8)+(0.8)(0.2)
(V0.62+0.32+0.82+0.42+0.8% xV/0.82+0.62+0.42+0.82+0.22)
(0.4)(0.5)+(0.8) (0.4)+(0.7)(0.8)+(0.3)(0.7)+(0.2)(0.6)
(v0.42+0.82+0.72+0.32+0.22 xv/0.52+0.42+0.82+0.72+0.62)
(0.8)(0.2)+(0.9)(0.6)+(0.3)(0.7)+(0.6)(0.9) +(0.4)(0.8)
(V0.82+0.92+0.32+0.62+0.42 xV0.2240.62+0.72+0.92+0.82)
(0.3)(0.9)+(0.4)(0.3)+(0.6) (0.6)+(0.2)(0.4)+(0.8)(0.2)
(V0.32+0.42+0.62+0.22+0.8% xV/0.92+0.32+0.62+0.42+0.22)
(0.8)(0.3)+(0.4)(0.6)+(0.6)(0.8)+(0.3) (0.6)+(0.2)(0.4)
(v0.82+0.42+0.62+0.32+0.2% xv0.32+0.62+0.82+0.62+0.42) )’
=0.1568 + 0.1716 + 0.1616 + 0.1311 + 0.1693 = 0.7904.

For n = 5 then R; + C, = Cosineryyss(T;, Cj) =
(0.6)(0.3)+(0.3)(0.2)+(0.8)(0.9)+(0.4)(0.6)+(0.8)(0.8)
(V0.62+0.32+0.82+0.42+0.8% xV/0.32+0.22+0.92+0.62+0.82)
(0.4)(0.6)+(0.8)(0.3)+(0.7)(0.9)+(0.3)(0.2)+(0.2)(0.9)
(v0.42+0.82+0.72+0.32+0.22 xV/0.62+0.324+0.92+0.22+0.82)
(0.8)(0.3)+(0.9)(0.6)+(0.3) (0.4)+(0.6)(0.6)+(0.4) (0.9)
(V0.82+0.92+0.32+0.62+0.42 X V0.32+0.62+0.42+0.62+0.92)

[ R [ R (SRR (SRR (SRR

N

vl = u| e u| e
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1 { (0.3)(0.9)+(0.4)(0.3)+(0.6)(0.6)+(0.2) (0.4)+(0.8)(0.2) }
5 ((v0.324+0.42+0.62+0.22+0.8% xv0.92+0.32+0.62+0.42+0.22)

1 { (0.8)(0.3)+(0.4)(0.4)+(0.6)(0.5)+(0.3)(0.6)+(0.2)(0.8) }
5 ((V0.82+0.42+0.62+0.32+0.22 xV/0.32+0.42+0.52+0.62+0.82) )’

= 0.1926 + 0.1626 + 0.1692 + 0.1442 + 0.1410 = 0.8096.

Forn=5thenR, + (3 = CosineTVNSS(Ti, Cj) =
(0.6)(0.8)+(0.3)(0.4)+(0.8)(0.6)+(0.4)(0.3)+(0.8)(0.5)
(v0.62+0.32+0.82+0.42+0.8% xv/0.82+0.42+0.62+0.32+0.52)
(0.4)(0.4)+(0.8)(0.5)+(0.7)(0.6)+(0.3)(0.7)+(0.2)(0.4)
(v0.42+0.82+0.724+0.32+0.22 X/0.42+0.52+0.62+0.72+0.42)
(0.8)(0.4)+(0.9)(0.6)+(0.3)(0.7)+(0.6)(0.8)+(0.4)(0.5)
(v0.82+0.92+0.32+0.62+0.42 X/0.42+0.62+0.72+0.82+0.52)
(0.3)(0.3)+(0.4)(0.6)+(0.6)(0.9)+(0.2)(0.8)+(0.8)(0.4)
(V0.32+0.42+0.62+0.22+0.8% xV0.32+0.62+0.92+0.82+0.42)

(0.8)(0.2)+(0.4)(0.7)+(0.6)(0.4)+(0.3)(0.2)+(0.2)(0.8)
(v/0.82+0.42+0.62+0.32+0.22 xV/0.22+0.72+0.42+0.22+0.82) )’

ul| e ul| e Ul = Ul = Ul =

=0.1900 + 0.1788 + 0.1769 + 0.1656 + 0.1354 = 0.8467.

For n = 5 then R; + C, = Cosineryyss(T;, Cj) =
(0.6)(0.7)+(0.3)(0.4)+(0.8)(0.3)+(0.4)(0.2)+(0.8)(0.6)
(V0.62+0.32+0.82+0.42+0.8% xV0.72+0.42+0.32+0.22+0.62)
(0.4)(0.8)+(0.8)(0.9)+(0.7)(0.6)+(0.3)(0.5)+(0.2)(0.4)
(v0.42+0.82+0.72+0.32+0.22 x+/0.82+0.92+0.62+0.52+0.42)
(0.8)(0.7)+(0.9)(0.6)+(0.3)(0.7)+(0.6)(0.6)+(0.4)(0.3)
(V0.82+0.92+0.32+0.62+0.42 xV0.72+0.62+0.72+0.62+0.32)

+

(0.3)(0.3)+(0.4)(0.6)+(0.6)(0.8)+(0.2) (0.4)+(0.8)(0.2)
(V0.32+0.42+0.62+0.22+0.8% xV0.32+0.62+0.82+0.42+0.22)

+

[ R [ R (SRR ul| e (SRR

(0.8)(0.1)+(0.4)(0.6)+(0.6)(0.7)+(0.3)(0.6)+(0.2)(0.4) }
(v0.82+0.42+0.62+0.32+0.2% xX/0.12+0.62+0.72+0.62+0.42) )’

= 0.1825+4 0.1909 + 0.1864 + 0.1627 + 0.1499 = 0.8724.
For n = 5 then R; + Cs = Cosineryyss(T;, Cj) =

(0.6)(0.6)+(0.3)(0.8)+(0.8)(0.7)+(0.4)(0.2)+(0.8)(0.4)
(V0.62+0.32+0.82+0.42+0.8% xV/0.62+0.82+0.72+0.22+0.42)

(0.4)(0.5)+(0.8)(0.7)+(0.7)(0.6)+(0.3)(0.3)+(0.2)(0.2)
(V0.42+0.82+0.72+0.32+0.22 xV0.52+0.72+0.62+0.32+0.22)

(0.8)(0.8)+(0.9)(0.3)+(0.3)(0.4)+(0.6)(0.5)+(0.4) (0.4)
(V0.82+0.92+0.32+0.62+0.42 xV0.82+0.32+0.42+0.52+0.42)

(0.3)(0.6)+(0.4)(0.3)+(0.6) (0.4)+(0.2)(0.7)+(0.8)(0.8)
(V0.32+0.42+0.62+0.22+0.8% xV0.62+0.32+0.42+0.72+0.82)
(0.8)(0.6)+(0.4)(0.4)+(0.6)(0.1)+(0.3)(0.8)+(0.2)(0.3)
(V0.82+0.42+0.62+0.32+0.2% xv0.62+0.42+0.12+0.82+0.32))’

u| e vl = [ R [ R (SRR

=0.1745+ 0.1982 + 0.1821 + 0.1762 + 0.1568 = 0.8878.

Forn=5thenR, + C; = CosineTVNss(Ti, Cj) =
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(0.4)(0.8)+(0.6)(0.6)+(0.4)(0.4)+(0.8)(0.8)+(0.3)(0.2)
(v0.42+0.62+0.42+0.82+0.3% xV0.82+0.62+0.42+0.82+0.22)
(0.5)(0.5)+(0.4)(0.4)+(0.8)(0.8)+(0.2)(0.7)+(0.6)(0.6)
(v0.52+0.42+0.82+0.22+0.6% xv0.52+0.42+0.82+0.72+0.62)

(0.5)(0.2)+(0.6)(0.6)+(0.8)(0.7)+(0.3) (0.9)+(0.9)(0.8)
(vV0.52+0.62+0.82+0.32+0.92 xV/0.22+0.62+0.72+0.92+0.82)

(0.4)(0.9)+(0.8)(0.3)+(0.9)(0.6) +(0.3)(0.4)+(0.4)(0.2)
(v/0.42+0.82+0.924+0.32+0.4% xv0.92+0.32+0.62+0.42+0.22)
(0.4)(0.3)+(0.8)(0.6)+(0.9)(0.8)+(0.3)(0.6)+(0.6)(0.4)
(V0.42+0.82+0.92+0.32+0.6Z xV0.32+0.62+0.8%2+0.6%+0.4%))’
=0.1912 + 0.1867 + 0.1792 + 0.1626 + 0.1910 = 0.9107.

Forn=5thenR, +C, = CosineTVNss(Ti, Cj) =
(0.4)(0.3)+(0.6)(0.2)+(0.4)(0.9)+(0.8)(0.6)+(0.3)(0.8)
(V0.4240.62+0.42+0.82+0.32 x/0.32+0.22+0.92+0.62+0.82)
(0.5)(0.6)+(0.4)(0.3)+(0.8)(0.9)+(0.2)(0.2)+(0.6)(0.8)
(V0.52+0.42+0.82+0.22+0.6% xV/0.62+0.32+0.92+0.22+0.82)
(0.5)(0.9)+(0.6)(0.2)+(0.8)(0.8)+(0.3)(0.4)+(0.9)(0.6)
(V0.52+0.62+0.82+0.32+0.92 xv0.92+0.22+0.82+0.42+0.62)
(0.4)(0.3)+(0.8)(0.6)+(0.9) (0.4)+(0.3)(0.6)+(0.4)(0.9)
(V0.42+0.82+0.92+0.32+0.4% xV/0.32+0.62+0.42+0.62+0.92)
(0.4)(0.3)+(0.8)(0.4)+(0.9) (0.5)+(0.3)(0.8)+(0.6)(0.6)
(V0.42+0.82+0.92+0.32+0.6Z xV0.32+0.42+0.52+0.82+0.62))’
= 0.1596 + 0.1979 + 0.1799 + 0.1648 + 0.1695 = 0.8717.

For n = 5 then R, + C3 = Cosineryyss(T;, C;) =

(0.4)(0.8)+(0.6)(0.4)+(0.4)(0.6)+(0.8)(0.3)+(0.3)(0.5)
(V0.4240.62+0.42+0.82+0.32 x/0.82+0.42+0.62+0.32+0.52)

Ul (SN (SN Ul = Ul =

(SRR (SRR (SRR ul| e ul| e

(0.5)(0.4)+(0.4)(0.5)+(0.8)(0.6)+(0.2)(0.7)+(0.6)(0.4)
(V0.52+0.42+0.82+0.22+0.6% xV/0.42+0.52+0.6%+0.72+0.42)

(0.5)(0.4)+(0.6)(0.6)+(0.8)(0.7)+(0.3)(0.8)+(0.9) (0.5)
(V0.52+0.62+0.82+0.32+0.92 xV0.42+0.62+0.72+0.82+0.52)
(0.4)(0.3)+(0.8)(0.6)+(0.9)(0.9)+(0.3)(0.8) +(0.4)(0.4)
(V0.42+0.82+0.92+0.32+0.4% xV/0.32+0.62+0.92+0.82+0.42)
(0.4)(0.2)+(0.8) (0.7) +(0.9) (0.9)+(0.3)(0.2)+(0.6)(0.8)
(vV0.42+0.82+0.924+0.32+0.62 Xv0.22+0.72+0.42+0.22+0.82) )’
=0.1636 + 0.1895 + 0.1791 + 0.1849 + 0.1833 = 0.9004.

For n = 5 then R, + C, = Cosineryyss(Ti, Cj) =
(0.4)(0.7)+(0.6)(0.4)+(0.4)(0.3)+(0.8)(0.2) +(0.3)(0.6)
(V0.4240.62+0.42+0.82+0.32 x/0.72+0.42+0.32+0.22+0.62)
(0.5)(0.8)+(0.4)(0.9)+(0.8)(0.6)+(0.2)(0.5)+(0.6)(0.4)
(V0.52+0.42+0.82+0.22+0.6% Xv/0.82+0.92+0.62+0.52+0.42)
(0.5)(0.7)+(0.6)(0.6)+(0.8)(0.7)+(0.3) (0.6)+(0.9)(0.3)
(V0.52+0.62+0.82+0.32+0.92x V/0.72+0.62+0.72+0.62+0.32)
(0.4)(0.3)+(0.8)(0.6)+(0.9)(0.8)+(0.3)(0.4)+(0.4)(0.2)
(V0.4240.82+0.92+0.32+0.42 xV/0.32+0.62+0.82+0.42+0.22)

(SRR (SRR [ R [ R [ R

N

vl = vl = u| e u| e vl =

(0.4)(0.1)+(0.8)(0.6)+(0.9)(0.7)+(0.3)(0.6) +(0.6) (0.4) }
(v0.42+0.82+0.92+0.32+0.62 Xv0.12+0.62+0.72+0.62+0.42) )’
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= 0.1545+0.1761 + 0.1753 + 0.1962 + 0.1862 = 0.8883.
Forn =5thenR, + (s = CosineTVNss(Ti, Cj) =
(0.4)(0.6)+(0.6)(0.8)+(0.4)(0.7) +(0.8) (0.2)+(0.3) (0.4)
(v/0.42+0.62+0.42+0.82+0.3% xV0.62+0.82+0.72+0.22+0.42)
(0.5)(0.5)+(0.4)(0.7)+(0.8) (0.6)+(0.2) (0.3)+(0.6)(0.2)
(vV0.52+0.42+0.82+0.22+0.6% xv0.52+0.72+0.62+0.32+0.22)
(0.5)(0.8)+(0.6)(0.3)+(0.8) (0.4)+(0.3) (0.5)+(0.9) (0.4)
(vV0.52+0.62+0.82+0.32+0.92 xV/0.82+0.32+0.42+0.52+0.42)
(0.4)(0.6)+(0.8)(0.3)+(0.9)(0.4) +(0.3)(0.7) +(0.4)(0.8)
(v/0.42+0.82+0.92+0.32+0.42 x/0.62+0.32+0.42+0.72+0.82)
(0.4)(0.6)+(0.8)(0.4)+(0.9)(0.1) +(0.3)(0.8) +(0.6)(0.3) }
(V0.42+0.82+0.92+0.32+0.6Z xV0.62+0.42+0.12+0.82+0.32) )’
= 0.1658 + 0.1782 + 0.1686 + 0.1747 + 0.1328 = 0.8201.
For n = 5 then Rs + C; = Cosineryyss(T;, C;) =
(0.5)(0.8)+(0.7)(0.6)+(0.3)(0.4)+(0.4) (0.8)+(0.8)(0.2)
(V0.52+0.72+0.32+0.42+0.8% xV/0.82+0.62+0.42+0.82+0.22)
(0.8)(0.5)+(0.6)(0.4)+(0.4) (0.8)+(0.7) (0.7)+(0.5)(0.6)
(V0.82+0.62+0.42+0.72+0.52 xV0.52+0.42+0.82+0.72+0.62)
(0.4)(0.2)+(0.6)(0.6)+(0.3)(0.7)+(0.2)(0.9)+(0.6) (0.8)
(V0.42+0.62+0.32+0.22+0.62 xV/0.22+0.62+0.72+0.92+0.82)
(0.6)(0.9)+(0.8)(0.3)+(0.3) (0.6)+(0.4)(0.4)+(0.2)(0.2)
(v/0.62+0.82+0.32+0.42+0.22 xv/0.92+0.32+0.62+0.42+0.22)
(0.6)(0.3)+(0.3)(0.6)+(0.4)(0.8)+(0.6) (0.6)+(0.7)(0.4)
(vV0.62+0.32+0.42+0.62+0.72 xv0.32+0.62+0.82+0.62+0.42) )’
=0.1639 + 0.1842 + 0.1704 + 0.1690 + 0.1722 = 0.8597.
For n = 5 then R; + C, = Cosineryyss(Ti, Cj) =
(0.5)(0.3)+(0.7)(0.2)+(0.3)(0.9)+(0.4)(0.6)+(0.8) (0.8)
(V0.52+0.72+0.32+0.42+0.8% xV/0.32+0.22+0.92+0.62+0.82)
(0.8)(0.6)+(0.6)(0.3)+(0.4)(0.9)+(0.7)(0.2)+(0.5)(0.8)
(V0.82+0.62+0.42+0.72+0.52 xV/0.62+0.32+0.92+0.22+0.82)
(0.4)(0.9)+(0.6)(0.2)+(0.3) (0.8) +(0.2)(0.4)+(0.6)(0.6)
(V0.4240.62+0.32+0.22+0.6% xV/0.92+0.22+0.82+0.42+0.62)
(0.6)(0.3)+(0.8) (0.6)+(0.3)(0.4)+(0.4) (0.6)+(0.2) (0.9)
(V0.62+0.82+0.32+0.42+0.22 xV/0.32+0.62+0.42+0.62+0.92)
(0.6)(0.3)+(0.3)(0.4)+(0.4)(0.5)+(0.6) (0.8)+(0.7) (0.6)
(v0.62+0.32+0.42+0.62+0.72 xv/0.32+0.42+0.52+0.82+0.62) )’
=0.1619 + 0.1625 + 0.1628 + 0.1583 + 0.1892 = 0.8347.
Forn =5then R; + C5; = CosineTVNss(Ti, Cj) =
(0.5)(0.8)+(0.7)(0.4)+(0.3)(0.6)+(0.4)(0.3)+(0.8)(0.5)
(V0.52+0.72+0.32+0.42+0.8% xV/0.82+0.42+0.62+0.32+0.52)
(0.8)(0.4)+(0.6)(0.5)+(0.4)(0.6)+(0.7)(0.7)+(0.5)(0.4)
(V0.82+0.62+0.42+0.72+0.52 xV/0.42+0.52+0.6%+0.72+0.42)
(0.4)(0.4)+(0.6)(0.6)+(0.3)(0.7)+(0.2) (0.8)+(0.6)(0.5)
(V0.4240.62+0.32+0.22+0.6% xV0.42+0.62+0.72+0.82+0.52)

+

Ul = Ul = Ul = (SN (SN

(SRR ul| e (SRR (SRR (SRR

[ R [ R (SRR (SRR (SRR

vl = vl = u| e
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1 { (0.6)(0.3)+(0.8)(0.6)+(0.3)(0.9)+(0.4)(0.8)+(0.2)(0.4) }
5 ((v0.62+0.82+0.32+0.42+0.2% xv0.32+0.62+0.92+0.82+0.42)

1 { (0.6)(0.2)+(0.3)(0.7)+(0.4)(0.4)+(0.6) (0.2)+(0.7)(0.8) }
5 ((V0.62+0.32+0.42+0.62+0.72 xV/0.22+0.72+0.42+0.22+0.82) )’

= 0.1765 + 0.1887 + 0.1709 + 0.1631 + 0.1583 = 0.8575.

Forn=5thenR; + (C, = CosineTVNSS(Ti, Cj) =
(0.5)(0.7)+(0.7)(0.4)+(0.3)(0.3)+(0.4)(0.2)+(0.8)(0.6)
(v0.52+0.72+0.32+0.42+0.8% xv0.72+0.42+0.32+0.22+0.62)
(0.8)(0.8)+(0.6)(0.9)+(0.4)(0.6)+(0.7)(0.5)+(0.5)(0.4)
(v0.82+0.62+0.42+0.72+0.5% x+/0.82+0.92+0.62+0.52+0.42)
(0.4)(0.7)+(0.6)(0.6)+(0.3)(0.7)+(0.2)(0.6)+(0.6)(0.3)
(vV0.42+0.62+0.32+0.22+0.6% xv0.72+0.62+0.72+0.62+0.32)
(0.6)(0.3)+(0.8)(0.6)+(0.3)(0.8)+(0.4)(0.4)+(0.2)(0.2)
(V0.62+0.82+0.32+0.42+0.22 xV/0.32+0.62+0.82+0.42+0.22)

(0.6)(0.1)+(0.3)(0.6)+(0.4)(0.7)+(0.6)(0.6)+(0.7)(0.4)
(v/0.62+0.32+0.42+0.62+0.72 XV/0.12+0.62+0.72+0.62+0.42) )’

(SRR (SRR Ul = Ul = Ul =

=0.1878 + 0.1918 + 0.1710 + 0.1705 + 0.1634 = 0.8845.

For n = 5 then R; + C5 = Cosineryyss(Ti, Cj) =
(0.5)(0.6)+(0.7)(0.8)+(0.3)(0.7)+(0.4) (0.2)+(0.8)(0.4)
(V0.52+0.72+0.32+0.42+0.8% xV0.62+0.82+0.72+0.22+0.42)
(0.8)(0.5)+(0.6)(0.7)+(0.4)(0.6)+(0.7)(0.3)+(0.5)(0.2)
(V0.82+0.62+0.42+0.72+0.52 xV0.52+0.72+0.62+0.32+0.22)
(0.4)(0.8)+(0.6)(0.3)+(0.3)(0.4)+(0.2)(0.5)+(0.6)(0.4)
(V0.4240.62+0.32+0.22+0.6% xV/0.82+0.3240.42+0.52+0.42)

(0.6)(0.6)+(0.8)(0.3)+(0.3)(0.4)+(0.4)(0.7)+(0.2)(0.8)
(V0.62+0.82+0.32+0.42+0.22 xV/0.62+0.32+0.42+0.72+0.82)

+

[ R (SRR (SRR (SRR (SRR

(0.6)(0.6)+(0.3)(0.4)+(0.4)(0.1)+(0.6)(0.8)+(0.7)(0.3) }
(v0.62+0.32+0.42+0.62+0.72 xv/0.62+0.42+0.12+0.82+0.32))’

=0.1771+0.1792 + 0.1675 + 0.1548 + 0.1784 = 0.8570.

For n = 5 then R, + C; = Cosineryyss(T;, Cj) =
(0.4)(0.8)+(0.2)(0.6)+(0.3)(0.4)+(0.5)(0.8)+(0.9)(0.2) }
(v0.42+0.22+0.32+0.52+0.92 xv0.82+0.62+0.42+0.82+0.22)

(0.2)(0.5)+(0.8)(0.4)+(0.3)(0.8)+(0.4)(0.7)+(0.4)(0.6) }
(V0.22+0.82+0.32+0.42+0.42 X/0.52+0.42+0.82+0.72+0.62)

(0.8)(0.2)+(0.6)(0.6)+(0.4)(0.7)+(0.3)(0.9)+(0.6) (0.8)
(V0.82+0.62+0.42+0.32+0.62 xV/0.22+0.62+0.72+0.92+0.82)

(0.2)(0.9)+(0.6)(0.3)+(0.4) (0.6)+(0.3)(0.4)+(0.2)(0.2)
(V0.22+40.62+0.42+0.32+0.22 xV0.92+0.32+0.62+0.42+0.22)
(0.8)(0.3)+(0.7)(0.6)+(0.3)(0.8)+(0.6)(0.6)+(0.4)(0.4)
(V0.82+0.72+0.32+0.62+0.42 xv0.32+0.62+0.8%2+0.62+0.42) )’

u| e vl = [ R (SRR (SRR

= 0.1446 + 0.1306 + 0.1597 + 0.1514 + 0.1694 = 0.7557.

Forn=5thenR, + C, = CosineTVNss(Ti, Cj) =
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(0.4)(0.3)+(0.2)(0.2)+(0.3)(0.9)+(0.5)(0.6)+(0.9)(0.8)
(v0.42+0.22+0.32+0.52+0.92 xv/0.32+0.22+0.92+0.62+0.82)
(0.2)(0.6)+(0.8)(0.3)+(0.3)(0.9)+(0.4)(0.2)+(0.4)(0.8)
(v0.22+0.82+0.32+0.42+0.4% xV0.62+0.32+0.92+0.22+0.82)
(0.8)(0.9)+(0.6)(0.2)+(0.4) (0.8)+(0.3)(0.4)+(0.6) (0.6)
(vV0.82+0.62+0.42+0.32+0.6% xv0.92+0.22+0.82+0.42+0.62)
(0.2)(0.3)+(0.6)(0.6)+(0.4)(0.4)+(0.3)(0.6)+(0.2)(0.9)
(vV0.22+0.62+0.42+0.32+0.2% xv0.32+0.62+0.42+0.62+0.92)
(0.8)(0.3)+(0.7)(0.4)+(0.3)(0.5)+(0.6)(0.8)+(0.4)(0.6)
(v0.82+0.72+0.32+0.62+0.42 xV/0.32+0.42+0.52+0.82+0.62) )’

=0.1792 + 0.1416 + 0.1823 + 0.1696 + 0.1720 = 0.8447.
Forn=5thenR, + C; = CosineTVNss(Ti, Cj) =
(0.4)(0.8)+(0.2)(0.4)+(0.3)(0.6)+(0.5)(0.3)+(0.9)(0.5)
(v0.4240.22+0.32+40.52+0.92 xv0.82+0.42+0.62+0.32+0.52)
(0.2)(0.4)+(0.8)(0.5)+(0.3)(0.6)+(0.4)(0.7)+(0.4)(0.4)
(v0.22+0.82+0.32+0.42+0.4% xV0.42+0.52+0.62+0.72+0.42)
(0.8)(0.4)+(0.6)(0.6)+(0.4)(0.7)+(0.3) (0.8)+(0.6)(0.5)
(V0.82+0.62+0.42+0.32+0.6% xV0.42+0.62+0.72+0.82+0.52)
(0.2)(0.3)+(0.6)(0.6)+(0.4)(0.9)+(0.3)(0.8)+(0.2) (0.4)
(V0.22+0.62+0.42+0.32+0.22 xV0.32+0.62+0.92+0.82+0.42)
(0.8)(0.2)+(0.7)(0.7)+(0.3)(0.4)+(0.6) (0.2)+(0.4)(0.8)
(V0.82+0.72+0.32+0.62+0.42 xV/0.22+0.72+0.42+0.22+0.82) )’

=0.1658 + 0.1768 + 0.1715 + 0.1563 + 0.1567 = 0.8271.
Forn = 5 then R, + C4 = Cosineryyss(T;, C;) =
(0.4)(0.7)+(0.2) (0.4)+(0.3)(0.3)+(0.5)(0.2)+(0.9)(0.6)
(vV0.42+0.22+0.32+0.52+0.92 xv0.72+0.42+0.32+0.22+0.62)
(0.2)(0.8)+(0.8)(0.9)+(0.3)(0.6)+(0.4)(0.5) +(0.4)(0.4)
(V0.22+0.82+0.32+0.42+0.42 x/0.82+0.92+0.62+0.52+0.42)
(0.8)(0.7)+(0.6)(0.6)+(0.4)(0.7)+(0.3)(0.6)+(0.6)(0.3)
(V0.82+0.62+0.42+0.32+0.6% xV0.72+0.62+0.72+0.62+0.32)
(0.2)(0.3)+(0.6)(0.6)+(0.4)(0.8)+(0.3)(0.4)+(0.2)(0.2)
(v0.224+0.62+0.42+0.32+0.22 xv/0.32+0.62+0.82+0.42+0.22)
(0.8)(0.1)+(0.7)(0.6)+(0.3)(0.7)+(0.6)(0.6)+(0.4)(0.4)
(v/0.82+0.72+0.32+0.62+0.42 xV/0.12+0.62+0.72+0.62+0.42) )’
=0.1757 + 0.1825 + 0.1837 + 0.1907 + 0.1587 = 0.8913.
Forn = 5 then R, + C5 = Cosineryyss(T;, C;) =
(0.4)(0.6)+(0.2)(0.8)+(0.3)(0.7)+(0.5) (0.2)+(0.9)(0.4)
(V0.4240.22+0.32+0.52+0.92 xV0.62+0.82+0.72+0.22+0.42)
(0.2)(0.5)+(0.8)(0.7)+(0.3)(0.6)+(0.4) (0.3)+(0.4)(0.2)
(V0.22+0.82+0.32+0.42+0.42 xv/0.52+0.72+0.62+0.32+0.22)
(0.8)(0.8)+(0.6)(0.3)+(0.4)(0.4)+(0.3)(0.5)+(0.6)(0.4)
(vV0.82+0.62+0.42+0.32+0.6% xV/0.82+0.3240.42+0.52+0.42)
(0.2)(0.6)+(0.6)(0.3)+(0.4)(0.4)+(0.3)(0.7)+(0.2)(0.8)
(V0.22+40.62+0.42+0.32+0.22 xV/0.62+0.32+0.42+0.72+0.82)
(0.8)(0.6)+(0.7)(0.4)+(0.3)(0.1)+(0.6)(0.8) +(0.4)(0.3)
(v0.82+0.72+0.32+0.62+0.4Z xv/0.62+0.42+0.12+0.82+0.32))’

Ul (SN (SN Ul = Ul =

(SRR (SRR (SRR (SRR (SRR

(SRR (SRR [ RE [ R (SRR

vl = u| e u| e u| e vl =
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= 0.1416 + 0.1797 + 0.1893 + 0.1515 + 0.1877 = 0.8498.
Forn =5thenRs; + C; = CosineTVNSS(Ti, Cj) =
(0.7)(0.8)+(0.6)(0.6)+(0.8)(0.4)+(0.3) (0.8)+(0.1)(0.2)
(v0.72+0.62+0.82+0.32+0.1% xV/0.82+0.62+0.42+0.82+0.22)
(0.3)(0.5)+(0.8)(0.4)+(0.9) (0.8)+(0.5)(0.7)+(0.4) (0.6)
(v/0.32+0.82+0.92+0.52+0.42 X+/0.52+0.42+0.82+0.72+0.62)
(0.9)(0.2)+(0.3)(0.6)+(0.2)(0.7)+(0.6)(0.9)+(0.8)(0.8)
(v0.924+0.32+0.22+0.62+0.82 xV/0.22+0.62+0.72+0.92+0.82)
(0.8)(0.9)+(0.9)(0.3)+(0.3)(0.6)+(0.4)(0.4)+(0.3)(0.2)
(v0.82+0.92+0.32+0.42+0.32 x/0.92+0.32+0.62+0.42+0.22)
(0.2)(0.3)+(0.6)(0.6)+(0.5)(0.8)+(0.7)(0.6)+(0.8)(0.4)
(V0.22+0.62+0.52+0.72+0.8% xV0.32+0.62+0.8%2+0.6%+0.4%))’

=0.1753 +0.1849 + 0.1577 + 0.1720 + 0.1843 = 0.8742.
For n = 5 then Rs + C;, = Cosineryyss(T;, C;) =
(0.7)(0.3)+(0.6)(0.2)+(0.8) (0.9)+(0.3)(0.6)+(0.1) (0.8) }
(V0.72+0.62+0.82+0.32+0.12 xV/0.32+0.22+0.92+0.62+0.82)
(0.3)(0.6)+(0.8)(0.3)+(0.9)(0.9)+(0.5)(0.2)+(0.4)(0.8)
(V0.32+0.82+0.92+0.52+0.42 xV0.62+0.32+0.92+0.22+0.82)
(0.9)(0.9)+(0.3)(0.2)+(0.2)(0.8)+(0.6)(0.4)+(0.8)(0.6)
(V0.92+0.32+0.22+0.62+0.82 xv0.92+0.22+0.82+0.42+0.62)
(0.8)(0.3)+(0.9)(0.6)+(0.3)(0.4)+(0.4)(0.6)+(0.3)(0.9)
(V0.82+0.92+0.32+0.42+0.32 xv0.32+0.62+0.42+0.62+0.92)
(0.2)(0.3)+(0.6)(0.4)+(0.5)(0.5)+(0.7)(0.8)+(0.8)(0.6)
(V0.22+0.62+0.52+0.72+0.82 xv0.32+0.42+0.52+0.82+0.62) )’
=0.1491 +0.1696 + 0.1772 + 0.1579 + 0.1946 = 0.8484.
For n = 5 then Rs + C3 = Cosineryyss(T;, C;) =
(0.7)(0.8)+(0.6)(0.4)+(0.8)(0.6)+(0.3)(0.3)+(0.1)(0.5) }
(V0.72+0.62+0.82+0.32+0.1%2 xV/0.82+0.42+0.6%+0.32+0.52)
(0.3)(0.4)+(0.8)(0.5)+(0.9)(0.6)+(0.5)(0.7)+(0.4)(0.4)
(V0.32+0.82+0.92+0.52+0.42 xV0.42+0.52+0.62+0.72+0.42)
(0.9)(0.4)+(0.3)(0.6)+(0.2)(0.7)+(0.6)(0.8)+(0.8)(0.5)
(V0.92+0.32+0.22+0.62+0.82 xV0.42+0.62+0.72+0.82+0.52)
(0.8)(0.3)+(0.9)(0.6)+(0.3)(0.9)+(0.4)(0.8)+(0.3)(0.4)
(vV0.82+0.92+0.32+0.42+0.32 xv0.32+0.62+0.92+0.82+0.42)

Ul = Ul = Ul = (SN (SN

(SRR (SRR (SRR (SRR (SRR

(0.2)(0.2)+(0.6)(0.7)+(0.5)(0.4)+(0.7)(0.2)+(0.8)(0.8)
(V0.22+0.62+0.52+0.72+0.82 xv0.22+0.72+0.42+0.22+0.82) )’

= 0.1839 + 0.1887 + 0.1625 + 0.1551 + 0.1844 = 0.8746.
For n = 5 then Rs + C, = Cosineryyss(Ti, Cj) =
(0.7)(0.7)+(0.6)(0.4)+(0.8)(0.3)+(0.3) (0.2)+(0.1)(0.6)
(vV0.72+40.62+0.82+0.32+0.12 xV/0.72+0.42+0.32+0.22+0.62)

(0.3)(0.8)+(0.8)(0.9)+(0.9)(0.6)+(0.5)(0.5)+(0.4)(0.4)
(V/0.32+0.82+0.92+0.52+0.42 xv0.82+0.92+0.62+0.52+0.42)

[ R (SRR (SRR (SRR [ R

(0.9)(0.7)+(0.3)(0.6)+(0.2) (0.7)+(0.6)(0.6)+(0.8) (0.3)
(V0.92+0.32+0.22+0.62+0.82 xV0.72+0.62+0.72+0.6%+0.32)

vl = u| e u| e
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1 (0.8)(0.3)+(0.9)(0.6)+(0.3)(0.8)+(0.4)(0.4)+(0.3)(0.2)
E{(\/0.82+o.92+0.32+0.42+o.32 X\/0.32+0.62+0.82+0.42+0.22)}
1 (0.2)(0.1)+(0.6)(0.6)+(0.5)(0.7)+(0.7)(0.6)+(0.8)(0.4)

E{(\/0.22+o.62+0.52+0.72+0.82 X\/0.12+0.62+0.72+0.62+0.42)}'

=0.1619 + 0.1836 + 0.1663 + 0.1632 + 0.1875 = 0.8625.

Forn =5thenR; + C5 = CosineTVNSS(Ti, Cj) =
(0.7)(0.6)+(0.6)(0.8)+(0.8)(0.7)+(0.3)(0.2)+(0.1)(0.4)
(v0.7240.62+0.82+0.32+0.1% xV0.62+0.82+0.72+0.22+0.42)
(0.3)(0.5)+(0.8)(0.7)+(0.9)(0.6)+(0.5)(0.3)+(0.4)(0.2)
(v0.32+0.82+0.92+0.52+0.42 x/0.52+0.72+0.62+0.32+0.22)
(0.9)(0.8)+(0.3)(0.3)+(0.2)(0.4)+(0.6)(0.5)+(0.8)(0.4)
(v0.924+0.32+0.22+0.6%+0.8% xV/0.82+0.32+0.42+0.52+0.42)
(0.8)(0.6)+(0.9)(0.3)+(0.3)(0.4)+(0.4)(0.7)+(0.3)(0.8)
(V0.82+0.92+0.32+0.42+0.32 xv0.62+0.32+0.42+0.72+0.82)
(0.2)(0.6)+(0.6)(0.4)+(0.5)(0.1)+(0.7)(0.8)+(0.8)(0.3)
(vV0.22+0.62+0.52+0.72+0.82 xV/0.62+0.42+0.12+0.82+0.32) )’

(SRR (SRR Ul = Ul = Ul =

=0.1902 + 0.1911 + 0.1901 + 0.1575 + 0.1616 = 0.8905.

Last but not least, the cosine similarity typically ranges from 0 to 1, where 0 indicates no

resemblance and 1 indicates a perfect match. The fact that the distance value between 0 and 1 falls

within this range suggests that the points are near to one another. As a result, for Py, P, P3, P,
and P, the cosine similarity yields maximum values of 0.8878, 0.9107, 0.8845, 0.8913, and 0.8905.

Regarding this, while we are making decisions for each patient, we should think about using the

highest classification value.

Table 5.3.3: Cosine SM Results for 1 to P4 across D1 to D5

Cosine SM D, D, D; D,
P, 0.7904 0.8096 0.8467 0.8724
P, 0.9107 0.8717 0.9004 0.8883
P; 0.8597 0.8347 0.8575 0.8845
P, 0.7557 0.8447 0.8271 0.8913
Ps 0.8742 0.8484 0.8746 0.8625

D

0.8878
0.8201

0.8570
0.8498

0.8905

This table pertains to similarity values derived from tangents for comparing patients with

decision alternatives and preconditions involved in utilizing maximum similarity levels.
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6. Results and discussions

A 2D similarity matrix of the Cosine similarity of Patients (P1-P5) against Diseases (D1-D5) is
visualized in fig. 6.1 by plotting the cool-warm colormap, which has a range of deep blue to red.
Red indicates a very high resemblance (0.89) to 0.91. The single cell with an encircling marker
indicated is the most significant and robust match with P2-D1 (0.9107). P4-D4 (0.8913) and P5-D5
(0.8905) have warm reddish 0.89. Comparing cells like P1 D4 (0.8724) and P2 D4 (0.8883) reveals
a high degree of similarity (~ 0.87 0.89). The values between P1-D3 (0.8467) and P3-D5 (0.8570)
are included in the moderate similarity (0.84-0.87). Reduced similarity is indicated by redder
blues (c. 0.75-0.83), such as P4D1 (0.7557), P1D1 (0.7904), and P2D5 (0.8201). The map shows the
single crucial match and gives a one-second visual indicator of the classification reliability in
terms of color intensity.

Cosine Similarity — Patients x Diseases

0.950 4 Patients

s Pl P3 mm PS5
[ . P2 mm P4
0.925 4

0.9004

0.8913
0.86905

0.900

0.8883
0.8878

0.875

0.8597
0.8570
0.8498

0.850

0.8201

Cosine Similarity

0.825 A

0.800 A

0.7904

0.775 4

0.7557

0.750 4

D1 D2 D3 D4 D5
Diseases

Fig 6.1
A 3D grouped bar chart showing the cosine similarity between diseases (D1-D5) and patients (P1-
P5) is shown in fig 2 below. According to the legend, the color of the ladders identifies the patient,
and their height registers resemblance. On the plot, P2D1 (0.9107), the best and most important
match, is indicated. P 2 - D3 (0.9004), P 4-D4 (0.8913), and P 5-D5 (0.8905) are further extremely
high values with a range of 0.89-0.91. There is a strong resemblance (= 0.87-0.89) between P1-D4
(0.8724) and P2-D4 (0.8883). Cells like P1-D3 (= 0.8467), P3-D5 (= 0.8570), P3-D1 (= 0.8597), and
P5-D4 (= 0.8625) are included in the moderate resemblance (= 0.84-0.87).P4 -D1 (0.7557), P1 -D1
(0.7904), P2 -D5 (0.8201), and P4 -D3 (0.8271) all exhibit lower similarity (= 0.75 -0.83). As there is

just one peak that predominates in P2-D1 and a prominent ridge in D4 where the majority of
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patients score highly, classification reliability is generally immediately readable visually in the
chart by the height of the bar.

3D Bar Chart — Cosine Similarity (Patients x Diseases)

Patients

P1
P2
P 3
P 4
P 5

—
—
—
—
(S|

Max: 0.9107 (P_2,

Fig6.2

Using a cool-warm colormap with deep-blue to red color ranges, fig.6.3 shows the cosine
similarity matrix of the Patients (P1-P5) across Diseases (D1-D5) in two dimensions. Red colors
indicate very high similarities (= 0.89 - 0.91). P2D1 (0.9107), the single cell with an encircling
marker, is the most important and definitive match. There are P45D4 (0.8913) and P55D5 (0.8905)
in the warm reddish colorations about 0.89. Strong similarities (= 0.873-0.89) can be found
between cells like P1-D4 (= 0.8724) and P2-D4 (= 0.8883). P1-D3 (= 0.8467) and P3-D5 (= 0.8570)
are included in the moderate resemblance (= 0.84 -0.87). Cooler blue tones (0.7557, 0.7904, and
0.8201), specifically P4-D1 0.7557, P1-D1 0.7904, and P2-D5 0.8201, indicate lower similarity. The
map indicates the one crucial match that was most noticeable and offers a condensed visual

representation of categorization reliability through color intensity.
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Fig 6.3

Fig 6.4 shows a normalized 2D similarity cosine matrix of Patients (P1-P5) by Diseases (D1-D5)
using a cool-warm colormap that transitions from deep blue to red. Over the whole matrix, the
values are min max normalized to the 0-1 range. Red indicates marked similarities (= -.93-1.00).
The strongest and most decisive match of all is P2D1 (1.0000), which is merely indicated by an
encircling mark. P2-D3(0.9335), P4-D4(0.8748), P5-D5(0.8697), and P2-D4(0.8555) are non-blue
colors that are found in the 0.85-1.90 range.

Cells like P1 D5 (0.8523), P3 D4 (0.8310), P1 D4 (0.7529), P5 D1 (0.7645), and P5 D3 (0.7671) exhibit
good similarity (= 0.70 0.85). P3-D1 (0.6710), P5-D4 (0.6890), P3-D3 (0.6568), P4-D5 (0.6071), and
P1-D3 (0.5871) are all linked to moderate similarities (= 0.50-0.70). Cooler blue tones (= 0.00-0.50)
indicate reduced similarity; they include P4D1 (0.0000), P2D5 (0.4155), P1D1 (0.2239), P1D2
(0.3477), and P4D3 (0.4606). The map offers a visual representation of the individual definitive

match and the classification reliability on a normalized scale.
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Fig 6.4

Fig 6.5 shows a Pearson Correlation Matrix of Patients (P1-P5) vs. Diseases (D1-D5) using a red
yellow-green diverging colormap (green lower and red higher). Shades of red indicate very high
similarities (= 0.89 - 0.91). The sole cell with an encircling marker highlighted is the most
significant and overwhelming match (P2D1) (0.911). Warm reddish hues are present, with P4
(0.891) and P5 (0.890) at roughly 0.89.

Cells like P1D4 (0.872) and P2D4 (0.888) exhibit a considerable resemblance (~ 0.87 0.89). Values
such as P1D3 (=0.847) and P3D5 (=0.857) are included in the moderate similarity (= 0.84087).
Cooler greenish values (= -0.75-0.83), like P4D1 (= 0.756), P1D1 (= 0.790), and P2D5 (= 0.820),
indicate lower similarity. The map highlights the most important match and offers a quick visual

review of the classification's dependability based on color intensity.
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Fig 6.5
A normalized Pearson correlation matrix of Patients (P1-P5) by Diseases (D1-D5) is represented
by a diverging colormap of red, yellow, and green that is normalized to 0-1 throughout the entire
matrix in Fig 6.6. Green denotes a low correlation of almost 0.0, whereas deep red denotes a very
strong correlation of nearly 1.0. The strongest matches —P2 one to D1, P1 to D5, P3 to D4, P4 to
D4, and P5 to D5 —are grouped together and are all on the 1.000 ceiling. Very strong but sub-
maximal matches, such as P2-D3 (0.886), P1-D4 (0.842), P4-D2 (0.656), and P5-D3 (0.622), are
reflected by warm tones. Cells with intermediate levels of association, such as P3-D3 (0.458), P4-
D3 (0.527), and P3-D1 (0.502), exhibit mid values between 0.45 and 0.70. Cool greens between -
0.35 and -0.00, such P4-D1 (0.000), P2-D5 (0.000), P3-D2 (0.000), P1-D1 (0.000), and P5-D4 (0.335),
show weak alignment. The map provides a quick visual depiction of the classification's
dependability after normalization, as well as the locations of the strongest matches made row-to-

Trow.
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The cool-to-warm perceptual colormap is used in fig 6.7 to show a three-dimensional surface of
the matrix of cosine similarity between Diseases (D1-D5) and Patients (P1-P5). Warm hues and
height are more representative of similarity. The lowest valley (P4D1 0.7557) is shown after the
highest peak (P2D1 0.9107). P2D1 (0.9107), P4D4 (0.8913), and P5D5 (0.8905) had very high (=
0.890.91) values. P1-D4 (= 0.8724), P2-D4 (= 0.8883), P3-D4 (= 0.8845), and P1-D5 (= 0.8878) make
up the strong resemblance (= 0.87-0.89). Cells like P1-D3 (0.8467), P3-D5 (0.8570), P3-D1 (0.8597),
and P5-D4 (0.8625) are included in the moderate similarity (0.84-0.87). The similarity between
P4D1 (0.7557), P1D1 (0.7904), P2D5 (0.8201), and P4D3 (0.8271) is minimal (0.75-0.83). The entire
scenery appears transparent due to the surface: the consistent elevation of D4, the strong angles
of P1 and P5 at D5, and even one notable peak at P2-D1.
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Fig 6.8 shows a 3D surface of the cosine similarity matrix of Patients (P1-P5) versus Diseases (D1-

D5) with a cool-warm colormap and global minl-max1 normalization to 0-1. Warm hues and
height indicate a very high normalized similarity (= 0.851.00). P2D1 (1.000), the biggest and most
significant peak, is shown. P2D3 (0.9335), P4D4 (0.8748), P5D5 (0.8697), and P2D4 (0.8555) are the
other noteworthy highs. At P1-D5 (0.8523), P3-D4 (0.8310), P1-D4 (0.7529), P5-D1 (0.7645), and
P5-D3 (0.7671), there are strong but somewhat weaker ridges (= 0.700-0.85). P3-D1 (= 0.6710), P5-
D4 (= 0.6890), P3-D3 (= 0.6568), P4-D5 (= 0.6071), and P1-D3 (= 0.5871) are moderate plateaus (=
-0.50-0.70). Less similarity is indicated by cool troughs (= 0.000-0.500), such as P4D1 (= 0.000),
P2D5 (= 0.4155), P1D1 (= 0.2239), P1D2 (= 0.3477), and P4D3 (= 0.4606). The surface highlights the
individual most important summit and offers a quick global picture of the classification's

dependability when in a normalization condition.
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Fig 6.8

A 3D PCA clustering of the cosine similarity matrix of the diseases (D1 to D5) versus the patients
(P1 to P5) is shown in Fig 6.9. The points are colored by the k-means labels; Cluster 0 is purple,
while Cluster 1 is yellow. The PCIPC2 perspective already accounts for 96.9 percent of the
structure, with PC1 explaining 80.7 percent of the variance, PC2 explaining 16.2 percent, and PC3
explaining 3.1 percent. There are two clear clusters: Cluster 1 = P1, P4, and Cluster 0 = P2, P3, and
P5. P2 and P5 are on the positive side, P1 and P4 are on the negative side, and P3 is closer to
Cluster 0. Separation mostly takes place along PC1. PC3 is not noteworthy, and PC2 shows a
small dispersion across each group's members. The figure reads the similarity structure quickly,
and the two-cluster division is stable.
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Fig 6.9.
A 3D PCA grouping of the normalized cosine similarity table of patients (P1-P5) versus diseases

(D1-D5) is shown in Fig. 6.10. The points are colored with labels made using k-means (yellow =
Cluster 1, purple = Cluster 0). The PC1-PC2 approach explains almost 94% of the structure since
PC1 explains 58.6% of the variance and PC2 explains 35.4%. In contrast to P1, 3, 4, and 5, which
cluster up as Cluster 0, P2 is distinct and forms its own cluster, indicating its own profile in the
matrix. PC1 and P2 on the positive and P1/P5 on the negative carry the majority of the separation;
PC2 further divides the group by positioning P4 and P1 higher and lower, respectively.

A quick summary of the post-normalization structure is given by the plot, which includes one

clustered patient population and one conspicuous outlier (P2).
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7. Aspect- and Method-Based Analysis of Similarity Patterns

Two types of analysis are covered in this section: 7.1 Aspect-based Analysis and 7.2 Method-
based Analysis. A review of the findings about the similarities between patients and diseases is
given in Section 7.1, along with a list of the most striking parallels and near alternatives. Cool-
warm Heatmaps, grouped 3D bar charts, normalization, Pearson correlation, 3D surfaces, and
PCA are some of the techniques used that produce the same result and help make logical
judgments (see Section 7.2). Below are detailed findings and supporting documentation.

7.1 Aspect-based analysis

With the strongest matches falling between 0.89 and 0.91 and the global magnitude falling
between 0.7557 and 0.9107, the similarity between the patient profile and the available options
was consistently high. Because these cosine scores are tangent-based, they emphasize directional
congruence between patient patterns and illness alternatives. Warm colors are prominent at a
glance, and the results of Figures 6.1 and 6.3 (cool-warm Heatmaps) and Table 6.4 (score-color

mapping) support the conclusion that P 2 D 1 (0.9107) has the strongest relationship, closely
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followed by P 2 D 3 (0.9004), P 4 D 4 (0.8913), and P 5 D 5 (0.8905). As may be observed in P+-D
1(0.7557), P 1-D 1(0.7904), and P 2-D 5(0.8201), the lighter hues suggest a weaker match, while the
deep reds emphasize exceptionally high likeness, making it straightforward to read off the best
cells. With the largest bar at P2 D 1 and a clear ridge descending D4 (P2D 4 =0.8724,P3D 4 =
0.8883,P4 D 4 =0.8913, P 5 D 4 = 0.8625), the repurposed 3D bar chart in Figure 6.2 lends greater
credence to this story. While patients with flatter profiles, like P 5, are always asked to make a
ranked short-list rather than a single, definitive choice, those with sharp-peaked profiles, like P
2, can be categorized with high confidence.

Because P 2 D 1 is mapped to 1.000 and the low points are drawn to 0.000, the structure is still
preserved even after normalizing to 01 (Figure 6.4 and 6.8). In particular, this standardizes the
contrast at rows and columns without changing the outcome. The D 4 ridge and the strong
corners at D 5in P 1 and P 5 are once again indicated by the identical hotspots, which are
replicated in Pearson correlation heatmaps (Figures 6.5 and 6.6), confirming the validity of the
cosine view. The 3D surface (Figure 6.7) can show marginal situations (i.e. the best two are almost
equal) and score plateaus (i.e., numerous possibilities are similarly good), such as along D 4,
where the value distribution is closely packed, making it easier to visualize uncertain judgments.
P1, where D 5 = 0.8878 and D 4 = 0.8724 (divider 0.0154), and P5, where D 5 = 0.8905 and D 4 =
0.8746 (divider 0.0159), are two good examples. Additionally, the structure can be preserved in
PCA clustering (Figure 6.9 and Figure 6.10): with two separate clusters {P 2, P 3, P 5} and {P 1, P
4, P 5, P 6 } before normalization and a single cluster of four points P 2 after, PC1, PC2, and PC3
explain roughly 80.7, 16.2, and 3.1, respectively, prior to normalization.

In actuality, this favors ranking based on similarity rather than rigid cut-offs. Instead of being
thrown away, case duplicates are organized or saved, which helps clinical support when there
are minor variations and time limits. Operationally, the decisive pairings (P.-D1,P2-D 3, P 4 -
D 4, and P 5 -D 5) are separated using a high-confidence filter of around 0.89, and P1-D 4,P1-D
5 P2-D4,and P 3 -D 4 are added by a strong band at a frequency that approaches 0.87. This
offers a robust, comprehensible ranking that is consistent with the visual proof found in PCA,
surfaces, bar charts, and Heatmaps.

7.2 Method-Based Analysis

The cool-warm Heatmaps (Figs. 6.1 and 6.3) give a clear picture of a match's advantages and
disadvantages. They confirm that the D4 ridge is seen in patients (P1 D4 = 0.8724, P2 D4 = 0.8883,
P3 D4 = 0.8845, P4 D4 = 0.8913, P5 D4 = 0.8625), the single top pair P2 D1 = 0.9107, and the low
regions, like P4 D1 = 0.7557. Since Table 6.4 is the key to score and color, this keeps the visual
scan and the numbers parallel and ensures that the same warmth is at the same band in every
figure. The 3D grouped bar chart (Fig 6.2) converts the height of similarity into height, making

P2D1 the tallest bar and the D4 ridge a continuous line of tall bars. Row shapes are also shown,
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including flat rows like P5 that are ranked shortlist rather than hard select, or sharp peaks like P2
that are decisive. Without changing the order of rank, the normalized cosine map (Fig. 6.4) adjusts
the values to fall between 0 and 1, making P2D1 1.000 and the rest spread out in the same
proportion. This makes cross-row or cross-column comparisons clearer and improves contrast in
situations when the raw scores are closely packed. Pearson correlation, which examines the linear
relationship between symptom patterns, also reaches the similar hotspots (Fig 6.5). The cosine
and Pearson's agreement reduces the likelihood that outcomes are the product of one metric's
bias. In a row-wise assignment with optional losers, the normalized Pearson display (Fig. 6.6)
keeps credible losers visible while moving the winner of each row to the roof.

The matrix is a terrain since the surfaces (Figs. 6.7 and 6.8) are three-dimensional. The D4 ridge
is shown as a line of high spine, whereas the highest and lowest points are P2 to P3 and P4 to 3,
respectively. Minor gaps and plateaus can be better observed after 01 scaling of a similar area is
no longer required. When two options are similar, such P1 having D5 = 0.8878 and D4 = 0.8724
and P5 having D5 = 0.8905 and D3 = 0.8746, it is helpful since the gaps around 0.016 are
sufficiently tiny to indicate that the ranks are higher than the cut line. In a smaller space, PCA
clustering preserves the structure. Taking into account the raw data (Fig 6.9), PC1, PC2, and PC3
represent roughly 80.7,16.2, and 3.1 percent of the variance, respectively, and draw a line between
P1 and P4 and between two patient groups {P2, P3, P5}. PC1 and PC2 capture roughly 58.6% and
35.4% as it normalizes (Fig 6.10), and P2 moves off as a distinct profile, while the gap between P1,
P3, P4, and P5 converges into a small group. This shows that using cluster-aware rules makes
sense and that the uniqueness of P2 is not a scaling phenomenon. A crude decision pipeline is
produced by combining these techniques. A Heatmaps or bar chart can be used to identify the
top cell per patient in seconds. The robustness can be checked using the normalized and Pearson
views, and surfaces or PCA can be utilized if the two top cells are close to one another. P1 D5, P2
D1, P3 D4, P4 D4, and P5 D5 are the assignments that show up on this table. P2D1 is the world

champion, and the high ridge along D4 is a reliable source of other good alternatives.

Conclusion

The tri-valued neutrosophic soft set, its elementary operations, and the creation of a tri-valued
neutrosophic topological space are all proposed in this study. Algebra is held accountable by
using crisp figures and illustrated labor to bring the principles into the actual world. The 5x5
patient-disease matrix offers a cohesive explanation of the applied side's perspectives.

Cosine similarity, min-max normalization, Pearson correlation, PCA using k-means are all
directed to the the same anchor is the focus of cosine similarity, min-max normalization, Pearson
correlation, and PCA using k-means. P2D1 has the highest similarity, the D4 column has a
repeated high ridge, and the other structure divides into two sets of values that are consistently

stable. The second cluster consists of P1 and P4 along the first main component, while P5, P3, and
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P2 are in one sitting prior to normalization. Following normalization, P2 emerges as a distinct
point, while the remaining points form a close cluster, with the first two components accounting
for the majority of the variance. The assurance that the signal is not a result of the method's one-
way choice is provided by the convergence of metrics and scales. The theoretical foundation, the
example-driven algebra, and the corresponding visualizations form a single pipeline that defines,

calculates, visualizes, and explains why the same cells keep winning.

Limitations

The work still has a number of limitations. This is because cluster validation is challenging and
statistical power is limited due to the matrix's tiny size. Decisions on similarity are specific and
may not be valid based on information or rank. While k-means are built on roughly spherical
groups and depend on scaling and initialization, min-max scaling can stretch extremes and is
sensitive to outliers. The visualizations presume that the inputs are fixed because the tri-valved
components of uncertainty are not transmitted. There is no objective clinical ground truth that
can confirm the strongest matches. Instead of being a formal relationship, the relationship

between the topological definitions and the patterns in the observed data is more suggestive.

Future Work

Test the peaks, ridges, and clusters using subsampling, bootstraps, and permutation tests to
determine the degree to which the results are stable before extrapolating to bigger, longitudinal
data in the future. To determine when P 2 D1 peak and D4 ridge persist, compare Pearson and
cosine with Spearman, Kendall, Mahalanobis, and Jensen Sharon ridge. To be able to see the
differences in scaling local maxima and clusters, have test z-score and robust variants, quantile
transforms, and mixed row and column schemes. Include clustering based on hierarchical,
spectral, density-based, and mixture models with consensus or stability paths that indicate the
number of groups available for selection. Use ellipses for PCA scores, error bars for peaks, and
intervals for Heatmaps to illustrate the uncertainty of the tri-valued procedures. designs that
demonstrate the improvement in separation on labeled information and designs that respect the
neutrosophic topology. Semi-supervised and supervised models that have been trained to
generate illness classifications based on TVINSS features and explain the factors that contribute to
the match, such as P2-D1. Contrast with general clinical norms and professional opinion. Promote
the complete, replicable process, which includes data versioning, seeded instances, and a small
dashboard that allows users to switch between metrics, scaling, and clustering. Repeat
measurements can be used to assess if a dynamic or structural ridge, like D4, is dynamic by seeing

them as curves on the tri-valued space.
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