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Abstract

In the study of uncertainty, concepts such as fuzzy sets [113], fuzzy graphs [79], and neutrosophic sets [88] 
have been extensively investigated. This paper focuses on a novel logical framework known as Upside-Down 
Logic, which systematically transforms truths into falsehoods and vice versa by altering contexts, meanings, or 
perspectives. The concept was first introduced by F. Smarandache in [99].

To contribute to the growing interest in this area, this paper presents a mathematical definition of Upside-Down 
Logic, supported by illustrative examples, including applications related to the Japanese language. Addition-
ally, it introduces and explores Contextual Upside-Down Logic, an advanced extension that incorporates a 
contextual transformation function, enabling the adjustment of logical connectives in conjunction with flipping 
truth values based on contextual shifts. Furthermore, the paper introduces Indeterm-Upside-Down Logic and 
Certain Upside-Down Logic, both of which expand Upside-Down Logic to better accommodate indetermi-
nate values. Finally, a simple algorithm leveraging Upside-Down Logic is proposed and analyzed, providing 
insights into its computational characteristics and potential applications.
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1 Short Introduction

1.1 Uncertain Logic and Upside-Down Logic

Uncertainty in real-world events is modeled using mathematical concepts. In the field of logic (cf. [21, 103]), 
various frameworks have been developed to address uncertainty, including Fuzzy Logic [113–115], Neutro-
sophic Logic [88, 90, 94], and Plithogenic Logic [93, 102]. For example, Neutrosophic Logic extends classical 
logic by introducing three degrees—truth, indeterminacy, and falsity—accommodating uncertainty and con-
tradictions simultaneously. These uncertain logics have also been extended to concepts such as sets [89, 100] 
and graphs [34, 37–39], resulting in numerous studies parallel to advancements in the logic domain.

This paper focuses on a logical framework called Upside-Down Logic, which systematically transforms truths 
into falsehoods and vice versa by altering contexts, meanings, or perspectives. This logical concept was in-
troduced by F. Smarandache in [99]. A central focus is the phenomenon of reversals caused by ambiguity. 
In decision-making, individuals strive to discern what is correct or incorrect. However, ambiguity can lead 
to situations where something initially perceived as correct ultimately proves to be incorrect, causing misun-
derstandings or unfortunate outcomes. Simply put, Upside-Down Logic formalizes this phenomenon into a 
structured logical framework.

1.2 Contributions of This Paper

This subsection explains the contributions of this paper. As discussed above, research on Upside-Down Logic 
is significant but still in its early stages. This paper aims to advance this emerging field by presenting a mathe-
matical definition of Upside-Down Logic, accompanied by several illustrative examples, including applications 
related to the Japanese language.

Additionally, as a related concept, this paper introduces and explores Contextual Upside-Down Logic. Contex-
tual Upside-Down Logic extends Upside-Down Logic by incorporating a contextual transformation function 
that not only flips truth values but also adjusts logical connectives based on the given context.



Moreover, this paper introduces Indeterm-Upside-Down Logic and Certain Upside-Down Logic, both of which
extend Upside-Down Logic to better handle indeterminate values. Additionally, a simple algorithm utilizing
Upside-Down Logic is examined.

These contributions can be applied to various logical frameworks, such as Neutrosophic Logic, and have po-
tential applications in decision-making and other related fields.

1.3 The Structure of the Paper

The structure of this paper is as follows. Section 2 introduces the concept of Upside-Down Logic. Section
3 delves into Contextual Upside-Down Logic. Section 4 discusses Indeterm-Upside-Down Logic. Section 5
focuses on Certain Upside-Down Logic. Finally, Section 6 outlines future directions for this research.
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2 Upside-Down Logic

In this section, we explore the mathematical definition of Upside-Down Logic, real-life examples, basic theo-
rems, its application to Neutrosophic Logic, and its associated algorithms.

2.1 Basic Definition of Formal Language

To explore Upside-Down Logic, several key concepts are introduced below. For further details, readers are
encouraged to consult the respective lecture notes and surveys on these topics (ex. [33, 42, 43, 50, 62]).
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Definition 2.1 (Set). [50] A set is a collection of distinct objects, known as elements, that are clearly defined,
allowing any object to be identified as either belonging to or not belonging to the set. If 𝐴 is a set and 𝑥 is an
element of 𝐴, this membership is denoted by 𝑥 ∈ 𝐴. Sets are typically represented using curly brackets.

Definition 2.2 (Formal Language). [42,78] A formal language L is defined as a set of strings (or sequences)
formed from a finite alphabet Σ, subject to specific syntactic rules. Formally:

L ⊆ Σ∗,

where Σ∗ is the set of all finite strings over the alphabet Σ. The strings in L are called well-formed formulas
(WFFs).

A formal language L is typically accompanied by:

• A set of symbols (or alphabet) Σ, which may include logical connectives (e.g., ∧, ∨, ¬), quantifiers (e.g.,
∀, ∃), variables, and parentheses.

• A set of formation rules that determine which strings in Σ∗ are well-formed.

Example 2.3 (Japanese as a Formal Language). Consider the Japanese language as a formal language L. Note
that Readers interested in further details on Japanese linguistics are encouraged to consult references such
as [66, 67, 105].

Let:

• Σ be the alphabet, including:

– Hiragana symbols, e.g., {あ,い,う,え,お, . . . },
– Katakana symbols, e.g., {ア,イ,ウ,エ,オ, . . . },
– Kanji characters, e.g., {日,本,語, . . . },
– Romanized characters and punctuation, e.g., {𝑎, 𝑏, 𝑐, . . . , ., !, ?}.

• Σ∗ be the set of all possible finite sequences of these symbols.

• Formation rules define grammatically correct sentences in Japanese. Examples include:

– Subject-Object-Verb order, such as:

私 (I) +りんご (apple) +を (object marker) +食べます (eat).

– Use of particles (e.g.,は,が,を) to indicate grammatical roles:

犬 (dog) +が (subject marker) +走る (run).

– Proper use of politeness levels, e.g.,です orます forms.

Thus, L represents all well-formed Japanese sentences that adhere to these grammatical rules.

Example 2.4 (Mathematical Identity as a Formal Language). Consider the mathematical identity 𝐴: ”2+2 = 4”
as a proposition in a formal language L, where:

• The alphabetΣ consists of symbols for numbers, operators, and equality, e.g., Σ = {0, 1, 2, 3, 4, +,=, . . . }.

• The formation rules are derived from the axioms and rules of standard arithmetic over the real numbers.

Definition 2.5 (Logical System). (cf. [58]) A logical system M is a mathematical structure that formalizes
reasoning. It consists of:

M = (P,V, 𝑣),
where:

11



• P is the set of propositions (or statements) in the formal language L.

• V is the set of truth values, such as {True, False} for classical logic.

• 𝑣 : P → V is a valuation function (or interpretation function) that assigns a truth value to each propo-
sition in P.

In addition, a logical system may include:

• A set of axioms A ⊆ P that are assumed to be true within the system.

• A set of inference rules I that define valid transformations of propositions to derive new truths.

2.2 Formal Definition of Upside-Down Logic

In this subsection, we examine the mathematical definition of Upside-Down Logic. The related definitions and
concepts are outlined below.

Notation 2.6. Let P be a set of propositions, and let C be a set of contexts. Let

𝑇 : P × C → {True,False, Indeterminate}

be a truth valuation function that assigns a truth value to each proposition-context pair.

Notation 2.7. Let L be a formal language, and letM be a logical system with a set of propositions P, a set of
truth valuesV, and a valuation function 𝑣 : P → V.

Definition 2.8 (Upside-Down Logic). [99] An Upside-Down Logic is a logical systemM′ derived fromM
by introducing a transformation𝑈 on propositions and/or contexts such that:

1. For any proposition 𝐴 ∈ P with truth value 𝑣(𝐴) in context C, there exists a transformed proposition
𝑈 (𝐴) and/or transformed context𝑈 (C) where:

• Falsification of the Truth: If 𝑣(𝐴) = True in C, then 𝑣(𝑈 (𝐴)) = False in𝑈 (C).
• Truthification of the False: If 𝑣(𝐴) = False in C, then 𝑣(𝑈 (𝐴)) = True in𝑈 (C).

2. The transformation𝑈 is well-defined and consistent within the logical systemM′.

Definition 2.9 (Context). [99] A context C is a set of parameters or conditions under which propositions are
evaluated. This may include spatial, temporal, semantic, or interpretative settings.

Definition 2.10. The Upside-Down Transformation𝑈 may involve one or more of the following operations:

• Changing the Domain: Modifying the domain or universe of discourse.

• Altering Attributes: Changing properties or characteristics of elements within propositions.

• Reversing Logical Operations: Applying dual operators or complement functions.

• Contextual Shifts: Altering the context C to𝑈 (C) such that the truth value of 𝐴 changes.

• Semantic Reinterpretation: Reinterpreting the meanings of terms or predicates.
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2.3 Some Example of Upside-Down Logic

In this subsection, we explore some examples of Upside-Down Logic, such as Mathematical Identity and Phys-
ical Laws.

Example 2.11 (Mathematical Identity). Let 𝐴: ”2 + 2 = 4” in the context C of standard arithmetic over the
real numbers. In context C:

2 + 2 = 4 =⇒ 𝑣(𝐴, C) = True.

Falsification of the Truth: Define a new context𝑈 (C) where arithmetic is modulo 3.

In context𝑈 (C):
2 + 2 = 1 (mod 3) =⇒ 𝑣(𝐴,𝑈 (C)) = False.

Alternatively, consider a proposition 𝐴: ”2 + 2 = 0” in context C where arithmetic is modulo 4.

In context C:
2 + 2 = 0 (mod 4) =⇒ 𝑣(𝐴, C) = True.

Truthification of the False: In standard arithmetic context𝑈 (C), where arithmetic is over the integers, 2+2 = 4,
so 𝑣(𝐴,𝑈 (C)) = False.

Example 2.12 (Physical Laws). Let 𝐴: ”Water boils at 100◦C.” In context C: ”At standard atmospheric pressure
(1 atm).”

Boiling point of water at 1 atm is 100◦C =⇒ 𝑣(𝐴, C) = True.

Falsification of the Truth: Change the context to 𝑈 (C): ”At an altitude of 3,000 meters where atmospheric
pressure is approximately 0.7 atm.”

At this pressure, water boils at approximately 90◦C.

𝑣(𝐴,𝑈 (C)) = False.

Truthification of the False: Let 𝐵: ”Water boils at 90◦C.” In context C: ”At sea level (1 atm).”

Boiling point is 100◦C =⇒ 𝑣(𝐵, C) = False.

In transformed context𝑈 (C): ”At an altitude of 3,000 meters (0.7 atm).”

Boiling point is 90◦C =⇒ 𝑣(𝐵,𝑈 (C)) = True.

Example 2.13 (Linguistic Ambiguity). Let 𝐴: ”The bank is open today.” In context C: ”Referring to a financial
institution on a weekday.”

If today is a weekday, 𝑣(𝐴, C) = True.

Falsification of the Truth: Change the context to 𝑈 (C): ”Referring to the river bank in a natural reserve area
that is closed to the public.”

𝑣(𝐴,𝑈 (C)) = False.

Semantic Reinterpretation: The word ”bank” shifts meaning from ”financial institution” to ”river bank,” chang-
ing the truth value.
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Example 2.14 (Cultural Context). Let 𝐴: ”Eating beef is acceptable.” In context C: ”In a Western country
where eating beef is a common practice.”

𝑣(𝐴, C) = True.

Falsification of the Truth: Change the context to𝑈 (C): ”In India where cows are considered sacred by Hindus.”

𝑣(𝐴,𝑈 (C)) = False.

2.4 Example of Upside-Down Logic on Japanese Culture

In this subsection, we examine examples of Upside-Down Logic within the context of the Japanese language.
Known for its high degree of ambiguity, Japanese linguistics have been the subject of extensive research on
resolving linguistic ambiguities (cf. [24,70,71,107]). Several illustrative examples are provided below. Readers
interested in further details on Japanese linguistics are encouraged to consult references such as [66, 67, 105].

Example 2.15 (Ambiguity in Japanese Expressions). In Japanese, the phrase ”sore wa chotto...” literally means
”that is a little...,” trailing off without completing the sentence [65].

Let 𝐴: ”The speaker is refusing the request.”

In context C: The literal interpretation suggests hesitation without explicit refusal:

𝑣(𝐴, C) = False.

Context Transformation: Understanding cultural nuances in context𝑈 (C), the phrase is recognized as a polite
way to decline:

𝑣(𝐴,𝑈 (C)) = True.

Upside-Down Logic Transformation: Using Upside-Down Logic, the truth value of 𝐴 flips when shifting
from C to𝑈 (C).

What appears as hesitation is actually a polite refusal in the transformed context.

Example 2.16 (Proverbs and Contradictions in Japanese). Japanese proverb: Makeru ga kachi —”Defeat is
victory.” 1

Let 𝐴: ”Defeat leads to victory.”

In context C: Literally interpreted, the proposition appears contradictory:

𝑣(𝐴, C) = False.

Context Transformation: In the cultural context 𝑈 (C), the proverb is understood to mean that yielding can
lead to ultimate success:

𝑣(𝐴,𝑈 (C)) = True.

Upside-Down Logic Transformation: The truth value of 𝐴 flips when moving from the literal context to the
cultural context.

The conventional understanding of winning and losing is inverted through the proverb’s cultural meaning.
1Japanese proverbs are traditional sayings reflecting cultural values, wisdom, and life lessons, often using metaphorical or poetic

expressions [16].
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Example 2.17 (Honne and Tatemae). In Japanese culture, Honne refers to a person’s true feelings, while
Tatemae refers to the public façade (cf. [104, 111]).

Let 𝐴: ”He agrees with the proposal.”

In context C: Based on his public behavior (Tatemae), the proposition appears to be true:

𝑣(𝐴, C) = True.

Context Transformation: When shifting to the context of Honne (private feelings) 𝑈 (C), he may actually
disagree:

𝑣(𝐴,𝑈 (C)) = False.

Upside-Down Logic Transformation: Using Upside-Down Logic, we can define the transformed proposition:

𝑈 (𝐴) : ”He disagrees with the proposal internally.”

In the context𝑈 (C):
𝑣(𝑈 (𝐴),𝑈 (C)) = True.

Agreement in public (Tatemae) is inverted to disagreement in private feelings (Honne) under the transformed
context.

Example 2.18 (Omote and Ura (Front and Back)). In Japanese aesthetics, Omote means the front or public
face, while Ura refers to the back or hidden side (cf. [49, 51]).

Let 𝐴: ”The painting is simple.”

In context C: Observing the Omote (front) of the painting, the proposition holds true:

𝑣(𝐴, C) = True.

Context Transformation: Exploring the Ura (hidden meanings) in context 𝑈 (C), new complexities are re-
vealed:

𝑣(𝐴,𝑈 (C)) = False.

Upside-Down Logic Transformation: We can redefine the proposition to reflect the depth:

𝑈 (𝐴) : ”The painting is complex with deep symbolism.”

In the transformed context𝑈 (C):
𝑣(𝑈 (𝐴),𝑈 (C)) = True.

The simplicity observed in the Omote is inverted into complexity when considering the Ura.

Example 2.19 (The Concept of Ma). Ma refers to the space or pause between objects or moments, an essential
concept in Japanese aesthetics.

Let 𝐴: ”Silence indicates agreement.”

In context C: In some cultures, silence may be interpreted as agreement:

𝑣(𝐴, C) = True.
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Context Transformation: In the Japanese context 𝑈 (C), silence can signify various meanings, including
disagreement or contemplation:

𝑣(𝐴,𝑈 (C)) = False.

Upside-Down Logic Transformation: Reformulating the proposition to reflect this ambiguity:

𝑈 (𝐴) : ”Silence does not necessarily indicate agreement.”

In the context𝑈 (C):
𝑣(𝑈 (𝐴),𝑈 (C)) = True.

The interpretation of silence as agreement is inverted in the Japanese context, highlighting the cultural nuances
of Ma.

Example 2.20 (The Art of Haiku). Haiku is a form of Japanese poetry that captures a moment with brevity
and depth (cf. [80, 109]).

Let 𝐴: ”Short poems lack depth.”

In context C: In the general context of poetry, depth is often associated with longer and more complex forms.
Thus:

𝑣(𝐴, C) = True.

Context Transformation: Consider the context of Japanese Haiku,𝑈 (C), where brevity is seen as a means to
achieve profound depth. In this new context, the original proposition 𝐴 no longer holds true:

𝑣(𝐴,𝑈 (C)) = False.

Upside-Down Logic Transformation: Using Upside-Down Logic, we transform the proposition to:

𝑈 (𝐴) : ”Short poems convey profound depth.”

Under the transformed context𝑈 (C), this new proposition aligns with the values of Haiku and becomes true:

𝑣(𝑈 (𝐴),𝑈 (C)) = True.

2.5 Some Basic Theorem of Upside-Down Logic

In this subsection, we consider some basic theorems of Upside-Down Logic. The following theorems hold.

Theorem 2.21 (Invariance under Fixed Context). Within a fixed context C, the Upside-Down Transformation
𝑈 must alter the proposition 𝐴 to change its truth value.

Proof. Assume that the context C is fixed. To change the truth value of 𝐴, the transformation 𝑈 must alter 𝐴
to𝑈 (𝐴) such that 𝑣(𝑈 (𝐴), C) ≠ 𝑣(𝐴, C).

If𝑈 does not alter 𝐴, then 𝑣(𝐴, C) = 𝑣(𝑈 (𝐴), C), and the truth value remains the same.

Therefore, to achieve Falsification or Truthification within a fixed context, the proposition itself must be altered.
□

Theorem 2.22 (Composition of Upside-Down Transformations). The composition of two Upside-Down Trans-
formations may not necessarily return to the original truth value.
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Proof. Let𝑈1 and𝑈2 be two different Upside-Down Transformations.

Applying𝑈1 and then𝑈2:

𝑣(𝑈2 (𝑈1 (𝐴)),𝑈2 (𝑈1 (C))) = 𝑣 (2) (𝐴).

Since each transformation may alter the context and/or the proposition differently, the final truth value may not
be equal to the original 𝑣(𝐴, C).

Therefore, in general:
𝑣(𝑈2 (𝑈1 (𝐴)),𝑈2 (𝑈1 (C))) ≠ 𝑣(𝐴, C).

□

Theorem 2.23 (Non-Idempotence of Upside-Down Transformations). An Upside-Down Transformation 𝑈 is
not necessarily idempotent, i.e., applying 𝑈 twice does not guarantee that the original proposition and context
are restored.

Proof. Consider𝑈 that alters the context from C to𝑈 (C). Applying𝑈 again:

𝑈 (𝑈 (C)) = 𝑈2 (C).

Unless𝑈 is specifically defined such that𝑈2 (C) = C and𝑈2 (𝐴) = 𝐴, the original proposition and context are
not restored.

Therefore, in general,𝑈 is not idempotent. □

Corollary 2.24. If𝑈 is involutive (i.e., 𝑈2 = id), then applying𝑈 twice returns to the original proposition and
context.

Proof. If𝑈 is such that𝑈 (𝑈 (𝐴)) = 𝐴 and𝑈 (𝑈 (C)) = C, then:

𝑣(𝑈 (𝑈 (𝐴)),𝑈 (𝑈 (C))) = 𝑣(𝐴, C).

Thus, the original truth value is restored. □

2.6 Relationship between Neutrosophic Logic and Upside-Down Logic

In this subsection, we explore the relationship between Neutrosophic Logic and Upside-Down Logic. First,
we present the definition of Neutrosophic Logic below [36, 88]. Note that Neutrosophic Logic is known to
generalize Fuzzy Logic (cf. [88]).

Definition 2.25 (Neutrosophic Logic). [88] Neutrosophic Logic extends classical logic by assigning to each
proposition a truth value comprising three components:

𝑣(𝐴) = (𝑇, 𝐼, 𝐹),

where 𝑇, 𝐼, 𝐹 ∈ [0, 1] represent the degrees of truth, indeterminacy, and falsity, respectively.

Neutrosophic Logic and related concepts (e.g., Neutrosophic Set) are known for their ability to model a wide
range of phenomena [6,25,27,54,64,74,106,110,112,116,117]. As a reference, several examples of applying
Neutrosophic Logic in real-life contexts are provided below.
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Example 2.26 (Medical Diagnosis). In medical diagnosis, Neutrosophic Logic is used to model uncertain and
incomplete data. For example, a proposition like ”The patient has Disease X” can be evaluated as 𝑣(𝐴) =
(0.6, 0.2, 0.2), where:

• 𝑇 = 0.6: There is a 60% likelihood the patient has the disease.

• 𝐼 = 0.2: 20% of the data is inconclusive.

• 𝐹 = 0.2: There is a 20% likelihood the patient does not have the disease.

This helps in combining test results, symptoms, and expert opinions to make better-informed decisions(cf.
[13, 19, 26]).

Example 2.27 (Decision-Making in Business). In business decision-making, Neutrosophic Logic is used to
evaluate competing strategies under uncertain conditions. For instance, when deciding whether to invest in a
project, a proposition like ”The project will yield profit” might have a value 𝑣(𝐴) = (0.7, 0.1, 0.2), indicating:

• 𝑇 = 0.7: A 70% chance the project will be profitable.

• 𝐼 = 0.1: A 10% level of uncertainty due to incomplete market data.

• 𝐹 = 0.2: A 20% chance the project will not be profitable.

This allows decision-makers to weigh risks and rewards more effectively (cf. [2, 84]).

Example 2.28 (Artificial Intelligence and Robotics). In AI and robotics, Neutrosophic Logic is used to model
complex reasoning in uncertain environments. For instance, a robot navigating a dynamic environment can
evaluate a proposition like ”The path ahead is clear” as 𝑣(𝐴) = (0.8, 0.1, 0.1):

• 𝑇 = 0.8: 80% confidence the path is clear.

• 𝐼 = 0.1: 10% uncertainty due to sensor noise.

• 𝐹 = 0.1: 10% likelihood the path is obstructed.

This helps in planning and adapting to changes in real-time(cf. [7]).

Example 2.29 (Social Network Analysis). In social network analysis, Neutrosophic Logic is applied tomeasure
trustworthiness in online interactions. For a proposition like ”User X is trustworthy,” a truth value 𝑣(𝐴) =
(0.5, 0.3, 0.2) might represent:

• 𝑇 = 0.5: A 50% degree of trust based on previous interactions.

• 𝐼 = 0.3: 30% uncertainty due to a lack of sufficient data.

• 𝐹 = 0.2: A 20% indication of untrustworthiness from contradictory feedback.

This helps in filtering content and detecting fraudulent activities (cf. [82, 83]).

The relationship between Neutrosophic Logic and Upside-Down Logic is outlined below. Readers should note
that the application examples of Upside-Down Logic presented here are merely illustrative. It is hoped that
further concrete investigations into their connection will be undertaken in the future.

Theorem 2.30 (Upside-Down Transformation in Neutrosophic Logic). In Neutrosophic Logic, the Upside-
Down Transformation𝑈 corresponds to interchanging the truth and falsity components while possibly adjusting
indeterminacy.
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Proof. Define𝑈 such that for any proposition 𝐴:

𝑈 (𝑣(𝐴)) = (𝐹, 𝐼 ′, 𝑇),

where 𝐼 ′ is determined based on the specific transformation rules (e.g., 𝐼 ′ = 𝐼 or 𝐼 ′ = 1− 𝐼). This transformation
flips the degrees of truth and falsity, mirroring the Upside-Down Logic concept. □

Example 2.31 (Upside-Down Transformation in Neutrosophic Logic). Let 𝑣(𝐴) = (0.8, 0.1, 0.1). Applying
𝑈:

𝑈 (𝑣(𝐴)) = (0.1, 𝐼 ′, 0.8).

If we let 𝐼 ′ = 𝐼 = 0.1, then:
𝑈 (𝑣(𝐴)) = (0.1, 0.1, 0.8).

Thus, the proposition that was mostly true becomes mostly false under𝑈.

Theorem 2.32 (Preservation of Indeterminacy). If the Upside-Down Transformation preserves the indetermi-
nacy component, then 𝑈 is an involutive transformation in Neutrosophic Logic.

Proof. Assuming 𝐼 ′ = 𝐼 and defining𝑈 as:

𝑈 (𝑣(𝐴)) = (𝐹, 𝐼, 𝑇).

Applying𝑈 twice:

𝑈 (𝑈 (𝑣(𝐴))) = 𝑈 (𝐹, 𝐼, 𝑇) = (𝑇, 𝐼, 𝐹) = 𝑣(𝐴).

Therefore,𝑈 is involutive. □

Upside-Down Transformation can similarly be applied to concepts analogous to Neutrosophic Logic. As an
example, we consider the application of Upside-Down Transformation to Double-Valued Neutrosophic Logic,
as outlined below (cf. [52, 59]). Readers should note that the application examples of Upside-Down Logic
presented here are merely illustrative.

Definition 2.33 (Double-Valued Neutrosophic Logic). Let 𝑋 be a space of points (or objects) where each 𝑥 ∈ 𝑋
represents an element. A Double-Valued Neutrosophic Set (DVNS) 𝐴 is characterized by:

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝑇 (𝑥), 𝐼𝐹 (𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋},

where:

• 𝑇𝐴(𝑥) ∈ [0, 1] is the truth membership value,

• 𝐼𝑇 (𝑥) ∈ [0, 1] is the indeterminacy leaning towards truth,

• 𝐼𝐹 (𝑥) ∈ [0, 1] is the indeterminacy leaning towards falsity,

• 𝐹𝐴(𝑥) ∈ [0, 1] is the falsity membership value.

These values satisfy the condition:

0 ≤ 𝑇𝐴(𝑥) + 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥) + 𝐹𝐴(𝑥) ≤ 4.

As a reference, several examples of utilizing Double-Valued Neutrosophic Logic in real-life contexts are pro-
vided below.
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Example 2.34 (Medical Treatment Effectiveness Evaluation). Consider a medical study evaluating the effec-
tiveness of a new drug. For each patient 𝑥, the Double-Valued Neutrosophic Set 𝐴 represents the assessment
of the statement: ”The drug is effective for the patient.”

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝑇 (𝑥), 𝐼𝐹 (𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋},
where:

• 𝑇𝐴(𝑥) = 0.8: 80% evidence supports the drug’s effectiveness.

• 𝐼𝑇 (𝑥) = 0.1: 10% uncertainty leans towards effectiveness due to inconclusive lab results.

• 𝐼𝐹 (𝑥) = 0.05: 5% uncertainty leans towards ineffectiveness due to side effects.

• 𝐹𝐴(𝑥) = 0.05: 5% evidence indicates the drug is not effective.

This representation allows researchers to account for both supporting and opposing evidence, as well as uncer-
tainty, in evaluating the drug’s performance.

Example 2.35 (Customer Sentiment Analysis). In e-commerce, Double-Valued Neutrosophic Logic can be
used to analyze customer sentiments about a product. For each customer 𝑥, the Double-Valued Neutrosophic
Set 𝐴 evaluates the statement: ”The customer is satisfied with the product.”

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝑇 (𝑥), 𝐼𝐹 (𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋},
where:

• 𝑇𝐴(𝑥) = 0.7: 70% of the customer’s feedback indicates satisfaction.

• 𝐼𝑇 (𝑥) = 0.15: 15% uncertainty leans towards satisfaction due to mixed comments.

• 𝐼𝐹 (𝑥) = 0.1: 10% uncertainty leans towards dissatisfaction due to delivery delays.

• 𝐹𝐴(𝑥) = 0.05: 5% feedback explicitly indicates dissatisfaction.

This enables companies to better understand customer opinions by considering both the certainty and direc-
tionality of indeterminate feedback.

Proposition 2.36. A Double-Valued Neutrosophic Logic (DVNL) can be transformed into a standard Neutro-
sophic Logic (NL) by redefining the indeterminacy membership values. Specifically, let 𝐴 be a Double-Valued
Neutrosophic Set (DVNS) characterized by:

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝑇 (𝑥), 𝐼𝐹 (𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋}.

The corresponding Neutrosophic Set 𝐴′ is obtained as:

𝐴′ = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝐴(𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋},

where the total indeterminacy 𝐼𝐴(𝑥) is given by:

𝐼𝐴(𝑥) = 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥).

Proof. Let 𝐴 be a DVNS defined as:

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝑇 (𝑥), 𝐼𝐹 (𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋}.

By definition, the total indeterminacy 𝐼𝐴(𝑥) in a Neutrosophic Logic framework combines the contributions
from 𝐼𝑇 (𝑥) and 𝐼𝐹 (𝑥). Thus, we define:

𝐼𝐴(𝑥) = 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥).
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The transformed set 𝐴′ becomes:

𝐴′ = {(𝑥, 𝑇𝐴(𝑥), 𝐼𝐴(𝑥), 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋}.

The condition for a DVNS ensures:

0 ≤ 𝑇𝐴(𝑥) + 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥) + 𝐹𝐴(𝑥) ≤ 4.

Since 𝐼𝐴(𝑥) = 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥), the condition for 𝐴′ simplifies to:

0 ≤ 𝑇𝐴(𝑥) + 𝐼𝐴(𝑥) + 𝐹𝐴(𝑥) ≤ 3,

which satisfies the standard Neutrosophic Logic framework. Therefore, 𝐴′ is a valid Neutrosophic Set.

The transformation from DVNL to NL is achieved by aggregating 𝐼𝑇 (𝑥) and 𝐼𝐹 (𝑥) into a single indeterminacy
membership value 𝐼𝐴(𝑥), preserving the consistency of the logical framework. □

Definition 2.37 (Upside-Down Transformation for DVNS). For any 𝑥 ∈ 𝑋 , the Upside-Down Transformation
𝑈 modifies the values as follows:

𝑈 (𝑇𝐴(𝑥)) = 𝐹𝐴(𝑥),
𝑈 (𝐹𝐴(𝑥)) = 𝑇𝐴(𝑥),
𝑈 (𝐼𝑇 (𝑥)) = 𝐼𝐹 (𝑥),
𝑈 (𝐼𝐹 (𝑥)) = 𝐼𝑇 (𝑥).

Example 2.38 (Service Quality Evaluation). Service Quality Evaluation is the process of assessing service
performance based on customer expectations, perceptions, and satisfaction across various dimensions (cf. [86]).

Let 𝑋 = {𝑥1, 𝑥2, 𝑥3}, where: 𝑥1: Capability, 𝑥2: Trustworthiness, and 𝑥3: Price.

Define a DVNS 𝐴 over 𝑋:

𝐴 = {(𝑥1, 0.3, 0.4, 0.2, 0.1), (𝑥2, 0.5, 0.3, 0.1, 0.1), (𝑥3, 0.7, 0.2, 0.1, 0.0)}.

Before UDL Transformation:

• For 𝑥1: 𝑇𝐴(𝑥1) = 0.3, 𝐼𝑇 (𝑥1) = 0.4, 𝐼𝐹 (𝑥1) = 0.2, 𝐹𝐴(𝑥1) = 0.1.

• For 𝑥2: 𝑇𝐴(𝑥2) = 0.5, 𝐼𝑇 (𝑥2) = 0.3, 𝐼𝐹 (𝑥2) = 0.1, 𝐹𝐴(𝑥2) = 0.1.

• For 𝑥3: 𝑇𝐴(𝑥3) = 0.7, 𝐼𝑇 (𝑥3) = 0.2, 𝐼𝐹 (𝑥3) = 0.1, 𝐹𝐴(𝑥3) = 0.0.

After UDL Transformation:

• For 𝑥1:
𝑈 (𝑇𝐴(𝑥1)) = 𝐹𝐴(𝑥1) = 0.1, 𝑈 (𝐹𝐴(𝑥1)) = 𝑇𝐴(𝑥1) = 0.3,
𝑈 (𝐼𝑇 (𝑥1)) = 𝐼𝐹 (𝑥1) = 0.2, 𝑈 (𝐼𝐹 (𝑥1)) = 𝐼𝑇 (𝑥1) = 0.4.

Result: (𝑥1, 0.1, 0.2, 0.4, 0.3).

• For 𝑥2:
𝑈 (𝑇𝐴(𝑥2)) = 𝐹𝐴(𝑥2) = 0.1, 𝑈 (𝐹𝐴(𝑥2)) = 𝑇𝐴(𝑥2) = 0.5,
𝑈 (𝐼𝑇 (𝑥2)) = 𝐼𝐹 (𝑥2) = 0.1, 𝑈 (𝐼𝐹 (𝑥2)) = 𝐼𝑇 (𝑥2) = 0.3.

Result: (𝑥2, 0.1, 0.1, 0.3, 0.5).

• For 𝑥3:
𝑈 (𝑇𝐴(𝑥3)) = 𝐹𝐴(𝑥3) = 0.0, 𝑈 (𝐹𝐴(𝑥3)) = 𝑇𝐴(𝑥3) = 0.7,
𝑈 (𝐼𝑇 (𝑥3)) = 𝐼𝐹 (𝑥3) = 0.1, 𝑈 (𝐼𝐹 (𝑥3)) = 𝐼𝑇 (𝑥3) = 0.2.

Result: (𝑥3, 0.0, 0.1, 0.2, 0.7).

21



Observations:

• Truth (𝑇𝐴) and falsity (𝐹𝐴) are inverted, reflecting the essence of Upside-Down Logic.

• Indeterminacy leaning towards truth (𝐼𝑇 ) and falsity (𝐼𝐹) are swapped, altering the nuanced interpretation
of uncertainty.

• This transformation highlights the flexibility and adaptability of DVN Logic under the influence of UDL,
allowing for a richer representation of real-world ambiguity.

Theorem 2.39 (Stability of Membership Sum Constraint). The sum of the membership values remains within
the allowable range [0, 4] after the Upside-Down Transformation.

Proof. Let 𝑥 ∈ 𝑋 . For the original Double-Valued Neutrosophic Set (DVNS) 𝐴, we have:

𝑇𝐴(𝑥) + 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥) + 𝐹𝐴(𝑥) ≤ 4.

After applying the Upside-Down Transformation:

𝑈 (𝑇𝐴(𝑥)) = 𝐹𝐴(𝑥), 𝑈 (𝐹𝐴(𝑥)) = 𝑇𝐴(𝑥), 𝑈 (𝐼𝑇 (𝑥)) = 𝐼𝐹 (𝑥), 𝑈 (𝐼𝐹 (𝑥)) = 𝐼𝑇 (𝑥).

The transformed sum becomes:

𝑈 (𝑇𝐴(𝑥)) +𝑈 (𝐼𝑇 (𝑥)) +𝑈 (𝐼𝐹 (𝑥)) +𝑈 (𝐹𝐴(𝑥)) = 𝐹𝐴(𝑥) + 𝐼𝐹 (𝑥) + 𝐼𝑇 (𝑥) + 𝑇𝐴(𝑥).

Since the sum is a permutation of the original values:

𝐹𝐴(𝑥) + 𝐼𝐹 (𝑥) + 𝐼𝑇 (𝑥) + 𝑇𝐴(𝑥) = 𝑇𝐴(𝑥) + 𝐼𝑇 (𝑥) + 𝐼𝐹 (𝑥) + 𝐹𝐴(𝑥).

Thus, the sum remains unchanged, and the constraint 0 ≤ Sum ≤ 4 is preserved. □

Theorem 2.40 (Invertibility of the Upside-Down Transformation). The Upside-Down Transformation 𝑈 is
invertible.

Proof. Define the transformation𝑈 as:

𝑈 (𝑇𝐴(𝑥)) = 𝐹𝐴(𝑥), 𝑈 (𝐹𝐴(𝑥)) = 𝑇𝐴(𝑥), 𝑈 (𝐼𝑇 (𝑥)) = 𝐼𝐹 (𝑥), 𝑈 (𝐼𝐹 (𝑥)) = 𝐼𝑇 (𝑥).

To invert𝑈, apply the transformation again:

𝑈 (𝑈 (𝑇𝐴(𝑥))) = 𝑈 (𝐹𝐴(𝑥)) = 𝑇𝐴(𝑥),

𝑈 (𝑈 (𝐹𝐴(𝑥))) = 𝑈 (𝑇𝐴(𝑥)) = 𝐹𝐴(𝑥),
𝑈 (𝑈 (𝐼𝑇 (𝑥))) = 𝑈 (𝐼𝐹 (𝑥)) = 𝐼𝑇 (𝑥),
𝑈 (𝑈 (𝐼𝐹 (𝑥))) = 𝑈 (𝐼𝑇 (𝑥)) = 𝐼𝐹 (𝑥).

Thus, applying𝑈 twice returns the original values. Therefore,𝑈 is its own inverse, i.e.,𝑈2 = Identity. □

Theorem 2.41 (Truth Preservation in Special Cases). If a DVNS has zero indeterminacy (𝐼𝑇 (𝑥) = 𝐼𝐹 (𝑥) = 0),
the transformation flips truth and falsity values but preserves their relationship.

Proof. If 𝐼𝑇 (𝑥) = 𝐼𝐹 (𝑥) = 0, the DVNS simplifies to:

𝐴 = {(𝑥, 𝑇𝐴(𝑥), 0, 0, 𝐹𝐴(𝑥)) : 𝑥 ∈ 𝑋}.

Applying𝑈:
𝑈 (𝐴) = {(𝑥, 𝐹𝐴(𝑥), 0, 0, 𝑇𝐴(𝑥)) : 𝑥 ∈ 𝑋}.

Thus:
𝑇𝐴(𝑥) + 𝐹𝐴(𝑥) (original sum) = 𝐹𝐴(𝑥) + 𝑇𝐴(𝑥) (transformed sum).

Since the transformation merely swaps 𝑇𝐴(𝑥) and 𝐹𝐴(𝑥), the truth and falsity values are inverted while main-
taining consistency. □
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Upside-DownLogic is not limited to applications in Neutrosophic Logic or Double-ValuedNeutrosophic Logic;
it can be extended to various logical and set-based frameworks that handle uncertainty.

Although this paper does not delve into details, related concepts such as Neutrosophic OffLogic, Neutrosophic
OverLogic, and Neutrosophic UnderLogic are also well-known. Neutrosophic OffLogic, for instance, operates
not within the standard [0, 1] interval but within an extended or alternative range of values, allowing greater
flexibility in representing degrees of truth, indeterminacy, and falsity [18, 87, 91, 92, 101]. Similar to stan-
dard Neutrosophic Logic, these frameworks support the upside-down transformation between truth and falsity,
enabling dynamic and adaptive reasoning under uncertain or contradictory conditions.

Question 2.42. Is it possible to mathematically define concepts of Upside-Down Logic in the context of set
theory [50] or graph theory [28, 29]?

Question 2.43. Can Upside-Down Logic be applied beyond logic and set concepts? For example:

• In game theory [72], could it be used to model new equilibria or strategies by considering reversals of
perspectives or situations?

• In belief revision [41], could it provide a framework for dynamically altering the truth or falsity of beliefs
based on specific evidence or contexts?

• In quantum logic [31], could it be utilized to reverse states or transform the interpretation of measurement
results?

2.7 Algorithm for Upside-Down Logic

An algorithm is a finite, step-by-step procedure designed to perform a specific task or solve a problem system-
atically and efficiently (cf. [22, 85]). Below, we present an algorithm for Upside-Down Logic.

Algorithm 1 Upside-Down Logic Algorithm
Require: A set of propositions P, a context C, and a truth valuation function 𝑇 : P × C →
{True, False, Indeterminate}

Ensure: Transformed propositions𝑈 (𝐴), transformed contexts𝑈 (C), and updated truth values
1: Parse the input P, C, and 𝑇 . Define the transformation function𝑈
2: for each 𝐴 ∈ P do
3: Compute𝑈 (𝐴) and𝑈 (C)
4: Update truth values:

𝑇 (𝑈 (𝐴),𝑈 (C)) =

False, if 𝑇 (𝐴, C) = True,
True, if 𝑇 (𝐴, C) = False,
Indeterminate, otherwise.

5: end for
6: Apply𝑈 to logical connectives (∧, ∨, ¬) and compute transformed truth tables
7: return 𝑈 (P),𝑈 (C), and updated truth values

Theorem 2.44 (Correctness of the Upside-Down Logic Algorithm). The Upside-Down Logic algorithm trans-
forms propositions and contexts according to the defined transformation function 𝑈, correctly updates truth
values based on the rules of Upside-Down Logic, and preserves logical consistency.

Proof. The algorithm processes the input as follows:

1. Initialization: The input setsP, C, and the truth valuation function𝑇 are parsed correctly. The transformation
𝑈 is well-defined and invertible, ensuring valid inputs and outputs.

2. Transformation of Propositions and Contexts: For each 𝐴 ∈ P, the algorithm computes 𝑈 (𝐴) and 𝑈 (C).
These transformations are consistent with the Upside-Down Logic framework, ensuring valid outputs 𝑈 (P)
and𝑈 (C).
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3. Truth Value Update: The algorithm updates truth values as:

𝑇 (𝑈 (𝐴),𝑈 (C)) =

False, if 𝑇 (𝐴, C) = True,
True, if 𝑇 (𝐴, C) = False,
Indeterminate, otherwise.

This ensures that True becomes False, False becomes True, and Indeterminate remains unchanged, respecting
the rules of Upside-Down Logic.

4. Adjustment of Logical Connectives: Logical connectives (∧,∨,¬) are transformed consistently under 𝑈,
maintaining logical relationships within𝑈 (C).

5. Logical Consistency: Since𝑈 is invertible and operates independently on propositions and contexts, logical
consistency is preserved throughout the transformation process.

The algorithm correctly implements the rules of Upside-Down Logic, updates all truth values systematically,
and ensures logical consistency in the transformed system. Therefore, the algorithm is correct. □

Definition 2.45. (cf. [75, 85]) The Total Time Complexity of an algorithm is defined as the sum of the time
required to execute each step of the algorithm, expressed as a function of the input size. If an algorithm involves
multiple steps or operations, the total time complexity is determined by the maximum time required for the most
time-consuming operation.

Formally, let 𝑇 (𝑛, 𝑚) be the time complexity as a function of input sizes 𝑛 and 𝑚. The total time complexity is:

𝑇 (𝑛, 𝑚) = max(𝑇operation1 (𝑛, 𝑚), 𝑇operation2(𝑛, 𝑚), . . . , 𝑇operationk(𝑛, 𝑚)),

where 𝑛 is the size of the set of propositions and 𝑚 is the size or complexity of the context.

Definition 2.46. (cf. [75, 85]) The Space Complexity of an algorithm is the total amount of memory required
to execute the algorithm, expressed as a function of the input size. This includes:

• The input space, which depends on the size of the input 𝑛, 𝑚,

• The auxiliary space, which includes temporary variables, data structures, or storage used during compu-
tation.

Formally, let 𝑆(𝑛, 𝑚) be the space complexity as a function of input sizes 𝑛 and 𝑚. The total space complexity
is:

𝑆(𝑛, 𝑚) = 𝑆input(𝑛, 𝑚) + 𝑆auxiliary (𝑛, 𝑚).

Definition 2.47. (cf. [75, 85]) Big-O notation is a mathematical concept used to describe the upper bound of
the time or space complexity of an algorithm. Let 𝑓 (𝑛) and 𝑔(𝑛) be functions that map non-negative integers
to non-negative real numbers. We say:

𝑓 (𝑛) ∈ 𝑂 (𝑔(𝑛))
if there exist constants 𝑐 > 0 and 𝑛0 ≥ 0 such that:

𝑓 (𝑛) ≤ 𝑐 · 𝑔(𝑛) for all 𝑛 ≥ 𝑛0.

Theorem 2.48 (Time and Space Complexity of Upside-Down Logic Algorithm). In the Upside-Down Logic
algorithm, the following complexities hold: Total Time Complexity: 𝑂 (𝑛 + 𝑚).
Space Complexity: 𝑂 (𝑛 + 𝑚).

Proof. Step 1: Transformation of Propositions
For a set of 𝑛 propositions P, each proposition 𝐴 ∈ P is transformed using the Upside-Down transformation
𝑈. Since the transformation involves a single operation per proposition, the complexity is 𝑂 (𝑛).
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Step 2: Transformation of Context
The transformation of the context C involves modifying 𝑚 parameters (e.g., spatial, temporal, semantic at-
tributes). Each parameter requires a constant amount of work, resulting in a complexity of 𝑂 (𝑚).

Step 3: Truth Value Updates
Each proposition 𝐴 ∈ P is evaluated within the transformed context 𝑈 (C). The evaluation of truth values
requires 𝑚 operations per context, resulting in a complexity of 𝑂 (𝑚) for each proposition. Since there are 𝑛
propositions, the total complexity for truth value updates is 𝑂 (𝑛 · 𝑚).

Step 4: Logical Connective Adjustment
Logical connectives (∧,∨,¬) associated with each proposition are adjusted once per proposition. This results
in a complexity of 𝑂 (𝑛).

Total Time Complexity:
Summing the complexities of all steps:

Total Time Complexity = 𝑂 (𝑛) +𝑂 (𝑚) +𝑂 (𝑛 · 𝑚) +𝑂 (𝑛).

The term 𝑂 (𝑛 · 𝑚) dominates for large 𝑛 and 𝑚. However, if 𝑚 is constant or small relative to 𝑛, the total
complexity simplifies to 𝑂 (𝑛 + 𝑚).

Space Complexity:
The algorithm requires memory to store:

• The transformed propositions𝑈 (P) (𝑂 (𝑛)),

• The transformed context𝑈 (C) (𝑂 (𝑚)),

• The updated truth values (𝑂 (𝑛 · 𝑚)).

Combining these, the total space complexity is 𝑂 (𝑛 + 𝑚).

Thus, the stated complexities are proven. □

3 Contextual Upside-Down Logic

In this section, We introduce a derivative logic called Contextual Upside-Down Logic, which extends Upside-
Down Logic by incorporating a contextual transformation function that not only flips truth values but also
adjusts the logical connectives based on context.

3.1 Formal Definition of Contextual Upside-Down Logic

The definition of Contextual Upside-Down Logic is provided below. In a highly intuitive sense, it is about
defining a system that controls ”differences in context” using different logical operations. To put it boldly, it
can be seen as a definition aimed at reducing the probability of Upside-Down occurrences caused by various
factors. There is no significant operational difference from Upside-Down Logic; the only distinction is that the
contextual transformation function is explicitly defined.

Definition 3.1 (Contextual Upside-Down Logic). A Contextual Upside-Down Logic is a logical systemM′′
derived from a base logical systemM by introducing a context-dependent transformation𝑈C such that:

1. For any proposition 𝐴 ∈ P with truth value 𝑣(𝐴, C) in context C, there exists a transformed proposition
𝑈C (𝐴) and transformed context𝑈C (C) where:

• Contextual Falsification: If 𝑣(𝐴, C) = True, then 𝑣(𝑈C (𝐴),𝑈C (C)) = False.
• Contextual Truthification: If 𝑣(𝐴, C) = False, then 𝑣(𝑈C (𝐴),𝑈C (C)) = True.
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2. The logical connectives are adjusted according to the context transformation, allowing for different logical
operations in𝑈C (C).

3. The transformation𝑈C is well-defined, invertible, and consistent within the logical systemM′′.

Remark 3.2. The comparison with General Upside-Down Logic and notable points are described below.

• Context Dependence: General Upside-Down Logic applies transformations 𝑈 globally, altering truth
values uniformly across all contexts. In contrast, Contextual Upside-Down Logic introduces a transfor-
mation 𝑈C that is explicitly dependent on the context C, allowing for adjustments that are sensitive to
specific cultural, semantic, or situational factors.

• Adjustment of Logical Connectives: In Contextual Upside-Down Logic, not only are truth values flipped
based on context, but logical connectives are also adjusted. This means that operations like ”and,” ”or,”
”implies,” etc., may have different interpretations in different contexts, affecting the outcome of logical
evaluations.

• Transformation Scope: WhileUpside-DownLogic applies transformations uniformly, Contextual Upside-
Down Logic allows transformations to vary between contexts, leading to a more nuanced and accurate
modeling of propositions in context-dependent scenarios.

3.2 Some Example of Contextual Upside-Down Logic

In this subsection, we explore some examples of Contextual Upside-Down Logic.

Example 3.3 (Cultural Interpretation of Silence). Let 𝐴: ”Silence implies agreement.”

In context CWestern:

In some Western contexts, silence during a discussion can be interpreted as agreement or consent:

𝑣(𝐴, CWestern) = True.

Contextual Transformation:

In Japanese cultural context𝑈C (CJapanese), silence often carries different meanings, such as disagreement, con-
templation, or polite refusal.

Applying the context-dependent transformation 𝑈C , we adjust both the proposition and the logical connective
”implies”:

𝑈C (𝐴) : ”Silence does not imply agreement.”

The logical connective ”implies” is reinterpreted based on the cultural context.

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CJapanese)) = True.

This example demonstrates how Contextual Upside-Down Logic adjusts both the proposition and the logical
connective based on cultural context, differing from general Upside-Down Logic by its context-sensitive ap-
proach.
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Example 3.4 (Double Negatives in Language). Double Negative refers to the use of two negative terms in a
sentence, which can create emphasis or reverse the intended meaning(cf. [9]).

Let 𝐴: ”He didn’t do nothing.”

In context CStandard English:

In Standard English, double negatives are typically interpreted as a positive statement due to the logical rule
that two negatives make a positive:

𝑣(𝐴, CStandard English) = True.

Contextual Transformation:

In certain dialects or colloquial contexts 𝑈C (CDialectal English), double negatives are used for emphasis and still
convey a negative meaning.

Applying the context-dependent transformation𝑈C , the logical connective (negation) is adjusted:

𝑈C (𝐴) : ”He did not do anything.”

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CDialectal English)) = False.

This example shows howContextual Upside-Down Logic adjusts the interpretation of logical connectives based
on linguistic context, leading to different truth values.

Example 3.5 (Logical Connectives in Cultural Context). Let 𝐴: ”He is smart and hardworking.”

In context CCulture A:

In Culture A, the conjunction ”and” is used to combine two positive attributes straightforwardly:

𝑣(𝐴, CCulture A) = True.

Contextual Transformation:

In Culture B, where modesty is highly valued, praising someone with multiple positive attributes may be seen
as excessive or may imply that one attribute detracts from the other.

Applying the context-dependent transformation 𝑈C , the logical connective ”and” is adjusted to reflect this
cultural nuance:

𝑈C (𝐴) : ”He is smart but not necessarily hardworking.”

Or the ”and” might be interpreted as an exclusive ”or”:

𝑈C (𝐴) : ”He is smart or hardworking (but not both).”
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Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CCulture B)) = Uncertain or False.

This example illustrates how the interpretation of logical connectives like ”and” can change based on cultural
context, a feature captured by Contextual Upside-Down Logic.

Example 3.6 (Indirect Communication in Japanese Culture). Indirect Communication in Japanese Culture
emphasizes subtlety, non-verbal cues, and ambiguity, often prioritizing social harmony and avoiding direct
confrontation or disagreement (cf. [30, 68]).

Let 𝐴: ”He is refusing the request.”

In context CDirect Communication:

In a culture that values direct communication, saying ”I will think about it” suggests consideration, implying
that the person may accept the request:

𝑣(𝐴, CDirect Communication) = False.

Contextual Transformation:

In Japanese culture𝑈C (CJapanese), the phrase ”Kangaete okimasu” (”I will think about it”) is often a polite way
to decline a request.

Applying the context-dependent transformation 𝑈C , we adjust the proposition and interpret the logical impli-
cations differently:

𝑈C (𝐴) : ”He is politely declining the request.”

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CJapanese)) = True.

The transformation demonstrates how Contextual Upside-Down Logic captures the nuances of indirect com-
munication by adjusting the proposition and its interpretation based on cultural context.

Example 3.7 (Interpretation of ”Yes” in Different Contexts). Let 𝐴: ”She agrees with the proposal.”

In context CGeneral:

In many cultures, saying ”yes” directly signifies agreement:

𝑣(𝐴, CGeneral) = True.

Contextual Transformation:

In Japanese culture𝑈C (CJapanese), saying ”Hai” can sometimes mean ”I hear you” or ”I acknowledge what you
are saying,” without implying agreement.
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Applying the context-dependent transformation𝑈C , we adjust the proposition:

𝑈C (𝐴) : ”She acknowledges the proposal but may not agree with it.”

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CJapanese)) = Uncertain or False.

This example highlights how Contextual Upside-Down Logic accounts for cultural differences in interpreting
affirmations, adjusting both the proposition and its truth value accordingly.

Example 3.8 (Concept of ”Honne” and ”Tatemae” in Japanese Culture). Let 𝐴: ”He is expressing his true
opinions.”

In context CIndividualistic:

In an individualistic culture where personal expression is encouraged, the proposition is likely considered true:

𝑣(𝐴, CIndividualistic) = True.

Contextual Transformation:

In Japanese culture 𝑈C (CJapanese), the concepts of Honne (true feelings) and Tatemae (public facade) play a
significant role. Individuals often express Tatemae to maintain social harmony(cf. [17, 60]).

Applying the context-dependent transformation𝑈C :

𝑈C (𝐴) : ”He is expressing what is expected socially, not his true opinions.”

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CJapanese)) = False.

This demonstrates how Contextual Upside-Down Logic captures the impact of cultural concepts on truth values
and the interpretation of propositions.

Example 3.9 (Adjusting Logical Connectives Based on Context). Let 𝐴: ”Taking risks leads to success.”

In context CEntrepreneurial:

In an entrepreneurial context where risk-taking is valued, the proposition is considered true:

𝑣(𝐴, CEntrepreneurial) = True.

Contextual Transformation:
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In a context where stability is prioritized, such as in certain traditional cultures 𝑈C (CTraditional), the logical
connective ”leads to” may be interpreted differently, perhaps even reversed.

Applying the context-dependent transformation𝑈C :

𝑈C (𝐴) : ”Taking risks leads to failure.”

Updated Truth Value:

In the transformed context:

𝑣(𝑈C (𝐴),𝑈C (CTraditional)) = True.

This example shows howContextual Upside-DownLogic adjusts both the proposition and the logical connective
based on context, altering the truth value accordingly.

Remark 3.10. In these examples, Contextual Upside-Down Logic differs from general Upside-Down Logic
by:

• Context-Specific Transformations: Adjustments are made based on specific contexts rather than ap-
plying a uniform transformation across all contexts.

• Adjustment of Logical Connectives: Logical connectives are reinterpreted according to the context,
affecting how propositions are connected and evaluated.

• Nuanced Truth Values: Truth values may become uncertain or require more nuanced interpretation due
to context-dependent meanings.

3.3 Some Basic Theorem of Contextual Upside-Down Logic

In this subsection, we consider some basic theorems of Contextual Upside-Down Logic. The following theo-
rems hold.

Definition 3.11 (Bijective Function). A function 𝑓 : 𝑋 → 𝑌 is called bijective if it is both injective (one-to-one)
and surjective (onto). This means:

• 𝑓 is injective: For all 𝑥1, 𝑥2 ∈ 𝑋 , if 𝑓 (𝑥1) = 𝑓 (𝑥2), then 𝑥1 = 𝑥2.

• 𝑓 is surjective: For every 𝑦 ∈ 𝑌 , there exists at least one 𝑥 ∈ 𝑋 such that 𝑓 (𝑥) = 𝑦.

Thus, every element in 𝑌 is mapped to by exactly one element in 𝑋 .

Definition 3.12 (Invertible Function). A function 𝑓 : 𝑋 → 𝑌 is called invertible if there exists a function
𝑔 : 𝑌 → 𝑋 such that:

𝑔( 𝑓 (𝑥)) = 𝑥 for all 𝑥 ∈ 𝑋, and 𝑓 (𝑔(𝑦)) = 𝑦 for all 𝑦 ∈ 𝑌 .

The function 𝑔 is called the inverse of 𝑓 , and is denoted by 𝑓 −1.

Theorem 3.13 (Contextual Invertibility). In Contextual Upside-Down Logic, the transformation 𝑈C is invert-
ible if and only if the context mapping 𝑈C : C → 𝑈C (C) is bijective.
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Proof. If𝑈C is invertible, there exists a𝑈−1
C such that:

𝑈−1
C (𝑈C (𝐴)) = 𝐴, 𝑈−1

C (𝑈C (C)) = C.
This requires that𝑈C is a bijection on both propositions and contexts.

Conversely, if𝑈C is bijective, then it has an inverse function, and the transformation is invertible. □

Theorem 3.14 (Consistency Preservation). If the base logicM is consistent, and the transformation 𝑈C is
consistent, then the derived Contextual Upside-Down LogicM′′ is consistent.

Proof. Since𝑈C transforms propositions and contexts without introducing contradictions, andM is consistent,
any deductions made inM′′ will also be consistent. □

3.4 Algorithm for Contextual Upside-Down Transformation

We present an algorithm that, given a proposition 𝐴 and a context C, computes the transformed proposition
𝑈C (𝐴) and the transformed context𝑈C (C).

Algorithm 2 Contextual Upside-Down Transformation Algorithm
Require: Proposition 𝐴, Context C, Valuation Function 𝑣
Ensure: Transformed Proposition 𝑈C (𝐴), Transformed Context 𝑈C (C), Updated Truth Value

𝑣(𝑈C (𝐴),𝑈C (C))
1: Compute the truth value 𝑣(𝐴, C)
2: if 𝑣(𝐴, C) = True then
3: Apply a context transformation function 𝑇C : C → 𝑈C (C)
4: Define𝑈C (C) = 𝑇C (C) such that 𝑣(𝐴,𝑈C (C)) = False
5: else if 𝑣(𝐴, C) = False then
6: Apply a context transformation function 𝑇C : C → 𝑈C (C)
7: Define𝑈C (C) = 𝑇C (C) such that 𝑣(𝐴,𝑈C (C)) = True
8: end if
9: Define𝑈C (𝐴) = 𝐴

10: Adjust the logical connectives within 𝐴 to reflect changes in𝑈C (C), if necessary
11: return 𝑈C (𝐴),𝑈C (C), 𝑣(𝑈C (𝐴),𝑈C (C))

Theorem 3.15 (Correctness of the Algorithm). The Contextual Upside-Down Transformation Algorithm cor-
rectly computes the transformed proposition and context such that the truth value of 𝐴 is inverted in the trans-
formed context, satisfying the definitions of Contextual Upside-Down Logic.

Proof. Consider the two cases:

1. If 𝑣(𝐴, C) = True, the algorithm applies a context transformation 𝑇C such that𝑈C (C) makes 𝐴 false. By
definition of Contextual Falsification, 𝑣(𝑈C (𝐴),𝑈C (C)) = False.

2. If 𝑣(𝐴, C) = False, the algorithm applies a context transformation 𝑇C such that𝑈C (C) makes 𝐴 true. By
definition of Contextual Truthification, 𝑣(𝑈C (𝐴),𝑈C (C)) = True.

Thus, the algorithm adheres to the principles of Contextual Upside-Down Logic. □

Theorem 3.16 (Time and Space Complexity of the Contextual Upside-Down Transformation Algorithm). Let
𝑛 represent the size of the proposition 𝐴 (e.g., the number of symbols or logical operators), and 𝑚 represent the
complexity of the context C. The following hold for the Contextual Upside-Down Transformation Algorithm:

1. The total time complexity is 𝑂 (𝑛 + 𝑚).
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2. The total space complexity is 𝑂 (𝑛 + 𝑚).

Proof. To prove the claims, we analyze each step of the algorithm.

1. Truth Value Computation: This step evaluates 𝑣(𝐴, C), which involves traversing 𝐴 and assessing its
logical structure within the context C.

• Traversing 𝐴 contributes 𝑂 (𝑛).
• Accessing contextual information for C contributes 𝑂 (𝑚).

Therefore, this step has a complexity of 𝑂 (𝑛 + 𝑚).

2. Context Transformation: The context C is transformed into 𝑈C (C) using a predefined transformation
function 𝑇C .

• Since this operation is independent of 𝐴, the complexity depends solely on C and is 𝑂 (𝑚).

3. Logical Connective Adjustment: Adjusting logical connectives within 𝐴 requires traversing the structure
of 𝐴.

• This contributes 𝑂 (𝑛).

4. Total Time Complexity: Summing up the complexities of the above steps, the total time complexity is:

𝑂 (𝑛 + 𝑚) +𝑂 (𝑚) +𝑂 (𝑛) = 𝑂 (𝑛 + 𝑚).

5. Space Complexity: The algorithm requires space to store the transformed proposition 𝑈C (𝐴) and the
transformed context𝑈C (C).

• The storage for 𝐴 contributes 𝑂 (𝑛).
• The storage for C contributes 𝑂 (𝑚).

Thus, the total space complexity is:
𝑂 (𝑛 + 𝑚).

This completes the proof of the theorem. □

Example 3.17 (Ambiguity in Language Translation using the Algorithm). We consider following example.

• Proposition: 𝐴: ”He is cool.”

• Context: C: American English, where ”cool” means ”good” or ”impressive.”

• Valuation: 𝑣(𝐴, C) = True.

Transformation: Transform the context to 𝑈C (C): British English, where ”cool” might mean ”cold” or emo-
tionally distant. 𝑣(𝑈C (𝐴),𝑈C (C)) = False.

Thus, the algorithm successfully inverts the truth value via context transformation.

4 Framework of Indeterm-Upside-Down Logic

We propose a new framework called Indeterm-Upside-Down Logic. This logic is designed to represent real-
world phenomena where Indeterminate either decreases or increases.
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4.1 Definition and Mathematical Formulation

We examine the definition and mathematical formulation of Indeterm-Upside-Down Logic.

Notation 4.1. LetP be a set of propositions, and letC be a set of contexts. Let𝑇 : P×C → {True,False, Indeterminate}
be a truth valuation function that assigns a truth value to each proposition-context pair.

The following four transformations are defined within the framework of Indeterm-Upside-Down Logic:

• Indeterminate-to-True Transformation: Transforms indeterminate propositions into true ones when evi-
dence strongly supports their truthfulness.

• Indeterminate-to-False Transformation: Converts indeterminate propositions to false when new evidence
contradicts their truthfulness.

• True-to-Indeterminate Transformation: Shifts propositions from true to indeterminate when supporting
evidence becomes unreliable or insufficient.

• False-to-Indeterminate Transformation: Transforms propositions from false to indeterminate when evi-
dence previously supporting falsity becomes inconclusive.

The framework of Indeterm-Upside-Down Logic, including its definitions and brief examples, is presented
below.

Definition 4.2 (Indeterminate-to-True Transformation). Let 𝐴 ∈ P, and suppose 𝑇 (𝐴, C) = Indeterminate.
The transformation𝑈IT (Indeterminate-to-True) changes the truth value as follows:

𝑇 (𝑈IT (𝐴),𝑈IT (C)) = True.

This transformation is applied if additional evidence or contextual information supports the truthfulness of
the proposition.

Example 4.3 (Diagnosing a Medical Condition). Let 𝐴: ”The patient has a specific medical condition.”

Initial Context C: The initial test results are inconclusive, making the truth value of 𝐴 indeterminate:

𝑇 (𝐴, C) = Indeterminate.

Context Transformation𝑈IT (C): Newdiagnostic evidence, such as advanced imaging or biomarkers, strongly
supports the presence of the condition:

𝑇 (𝑈IT (𝐴),𝑈IT (C)) = True.

Interpretation: As new evidence emerges, the truth value of the proposition 𝐴 shifts from indeterminate to true,
allowing for a definitive diagnosis.

Example 4.4 (Japanese Linguistic Ambiguity). Let 𝐸 : ”Sore wa chotto...” means ”The speaker is refusing the
request.”

Initial Context C: In a literal interpretation, the phrase appears hesitant and non-committal:

𝑇 (𝐸, C) = Indeterminate.

Context Transformation 𝑈IT (C): Understanding cultural subtleties in context 𝑈IT (C), the phrase is recog-
nized as a polite refusal:

𝑇 (𝑈IT (𝐸),𝑈IT (C)) = True.

Interpretation: Cultural context shifts the interpretation of the ambiguous phrase to convey a clear refusal.
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Definition 4.5 (Indeterminate-to-False Transformation). Let 𝐴 ∈ P, and suppose 𝑇 (𝐴, C) = Indeterminate.
The transformation𝑈IF (Indeterminate-to-False) changes the truth value as follows:

𝑇 (𝑈IF (𝐴),𝑈IF (C)) = False.

This transformation is applied if additional evidence or contextual information contradicts the truthfulness
of the proposition.

Example 4.6 (Weather Prediction). Let 𝐵: ”It will rain tomorrow.”

Initial Context C: Early weather models are ambiguous, leading to an indeterminate truth value for 𝐵:

𝑇 (𝐵, C) = Indeterminate.

Context Transformation 𝑈IF (C): Updated weather data shows clear skies, strongly contradicting the likeli-
hood of rain:

𝑇 (𝑈IF (𝐵),𝑈IF (C)) = False.

Interpretation: As more reliable weather information becomes available, the proposition 𝐵 transitions from
indeterminate to false.

Definition 4.7 (True-to-Indeterminate Transformation). Let 𝐵 ∈ P, and suppose 𝑇 (𝐵, C) = True. The trans-
formation𝑈TI (True-to-Indeterminate) changes the truth value as follows:

𝑇 (𝑈TI (𝐵),𝑈TI (C)) = Indeterminate.

This transformation is applied if evidence or contextual information that previously supported the truth of 𝐵
becomes unreliable or insufficient.

Example 4.8 (Legal Testimony). Let 𝐶: ”The witness’s statement is truthful.”

Initial Context C: Based on initial corroboration, the statement is considered true:

𝑇 (𝐶, C) = True.

Context Transformation 𝑈TI (C): New contradictory evidence or inconsistencies emerge, casting doubt on
the testimony:

𝑇 (𝑈TI(𝐶),𝑈TI (C)) = Indeterminate.

Interpretation: The emergence of conflicting information shifts the truth value of𝐶 from true to indeterminate,
reflecting the uncertainty surrounding the testimony.

Example 4.9 (Scientific Consensus). Let 𝐺: ”A particular medicine is effective for treating a disease.”

Initial Context C: Clinical trials initially support the efficacy of the medicine:

𝑇 (𝐺, C) = True.

Context Transformation𝑈TI (C): New studies produce mixed results, creating uncertainty:

𝑇 (𝑈TI (𝐺),𝑈TI (C)) = Indeterminate.

Interpretation: Shifting evidence impacts the certainty of scientific claims, transitioning from true to indeter-
minate.
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Definition 4.10 (False-to-Indeterminate Transformation). Let 𝐶 ∈ P, and suppose 𝑇 (𝐶, C) = False. The
transformation𝑈FI (False-to-Indeterminate) changes the truth value as follows:

𝑇 (𝑈FI(𝐶),𝑈FI (C)) = Indeterminate.

This transformation is applied if evidence or contextual information that previously supported the falsity of 𝐶
becomes unreliable or insufficient.

Example 4.11 (Product Safety Assessment). Let 𝐷: ”The product is unsafe for use.”

Initial Context C: Initial tests indicate that the product is unsafe:

𝑇 (𝐷, C) = False.

Context Transformation 𝑈FI (C): Additional testing and revised safety guidelines introduce ambiguity re-
garding its safety:

𝑇 (𝑈FI(𝐷),𝑈FI (C)) = Indeterminate.

Interpretation: The shift from false to indeterminate reflects new uncertainty about the safety of the product
under revised conditions.

4.2 Neutrosophic Logic Representation

In Neutrosophic Logic, each proposition 𝐴 ∈ P is assigned a truth value 𝑣(𝐴) = (𝑇, 𝐼, 𝐹), where 𝑇, 𝐼, 𝐹 ∈
[0, 1] represent the degrees of truth, indeterminacy, and falsity, respectively. The transformations can be de-
scribed mathematically as follows:

Definition 4.12. Given 𝑣(𝐴) = (𝑇, 𝐼, 𝐹) with 𝐼 > 0 and evidence supporting truth:

𝑣(𝑈IT (𝐴)) = (𝑇 + 𝐼, 0, 𝐹).

Definition 4.13. Given 𝑣(𝐴) = (𝑇, 𝐼, 𝐹) with 𝐼 > 0 and evidence contradicting truth:

𝑣(𝑈IF (𝐴)) = (𝑇, 0, 𝐹 + 𝐼).

Definition 4.14. Given 𝑣(𝐵) = (𝑇, 𝐼, 𝐹) with 𝑇 > 0 and emerging ambiguity:

𝑣(𝑈TI (𝐵)) = (0, 𝑇 + 𝐼, 𝐹).

Definition 4.15. Given 𝑣(𝐶) = (𝑇, 𝐼, 𝐹) with 𝐹 > 0 and emerging ambiguity:

𝑣(𝑈FI (𝐶)) = (𝑇, 𝐼 + 𝐹, 0).

Remark 4.16. 1. Preservation of Total Degree: All transformations preserve the sum of the components:

𝑇 + 𝐼 + 𝐹 = 𝑇 ′ + 𝐼 ′ + 𝐹′.

2. Consistency: The transformations satisfy the constraints of Neutrosophic Logic, where 𝑇, 𝐼, 𝐹 ∈ [0, 1]
and 𝑇 + 𝐼 + 𝐹 ≤ 1.

4.3 Mathematical Basic Theorems in Indeterm-Upside-Down Logic

This subsection presents formal theorems within the framework of Indeterm-Upside-Down Logic.

Theorem 4.17 (Preservation of Total Truth Value). For any proposition 𝐴 ∈ P with a truth value 𝑇 (𝐴, C) ∈
{True,False, Indeterminate}, every transformation𝑈IT,𝑈IF,𝑈TI,𝑈FI preserves the total degree of truth, falsity,
and indeterminacy. That is:

𝑇 + 𝐼 + 𝐹 = 𝑇 ′ + 𝐼 ′ + 𝐹′,
where (𝑇, 𝐼, 𝐹) and (𝑇 ′, 𝐼 ′, 𝐹′) represent the truth value components before and after the transformation.
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Proof. Consider the four transformations:

1. Indeterminate-to-True (𝑈IT):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈IT (𝐴)) = (𝑇 + 𝐼, 0, 𝐹).

Clearly, 𝑇 + 𝐼 + 𝐹 = (𝑇 + 𝐼) + 0 + 𝐹.

2. Indeterminate-to-False (𝑈IF):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈IF (𝐴)) = (𝑇, 0, 𝐹 + 𝐼).

Similarly, 𝑇 + 𝐼 + 𝐹 = 𝑇 + 0 + (𝐹 + 𝐼).

3. True-to-Indeterminate (𝑈TI):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈TI (𝐴)) = (0, 𝑇 + 𝐼, 𝐹).

Here, 𝑇 + 𝐼 + 𝐹 = 0 + (𝑇 + 𝐼) + 𝐹.

4. False-to-Indeterminate (𝑈FI):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈FI (𝐴)) = (𝑇, 𝐼 + 𝐹, 0).

Finally, 𝑇 + 𝐼 + 𝐹 = 𝑇 + (𝐼 + 𝐹) + 0.

In each case, the total sum 𝑇 + 𝐼 + 𝐹 remains invariant. Thus, the theorem holds. □

Theorem 4.18 (Involutivity of𝑈TI and𝑈FI). The transformations𝑈TI (True-to-Indeterminate) and𝑈FI (False-
to-Indeterminate) are involutive. That is:

𝑈TI (𝑈TI (𝐴)) = 𝐴, 𝑈FI (𝑈FI (𝐴)) = 𝐴.

Proof. Let 𝑣(𝐴) = (𝑇, 𝐼, 𝐹).

1. True-to-Indeterminate (𝑈TI):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈TI (𝐴)) = (0, 𝑇 + 𝐼, 𝐹).

Applying𝑈TI again:
𝑣(𝑈TI (𝑈TI (𝐴))) = (𝑇, 𝐼, 𝐹),

which is identical to the original truth value.

2. False-to-Indeterminate (𝑈FI):

𝑣(𝐴) = (𝑇, 𝐼, 𝐹) → 𝑣(𝑈FI (𝐴)) = (𝑇, 𝐼 + 𝐹, 0).

Applying𝑈FI again:
𝑣(𝑈FI (𝑈FI (𝐴))) = (𝑇, 𝐼, 𝐹),

again identical to the original truth value.

Thus,𝑈TI and𝑈FI are involutive. □

Theorem 4.19 (Correctness of 𝑈IT and 𝑈IF). For any 𝐴 ∈ P with 𝑇 (𝐴, C) = Indeterminate, the transfor-
mations 𝑈IT (Indeterminate-to-True) and 𝑈IF (Indeterminate-to-False) are consistent with the supporting or
contradicting evidence 𝐸 . That is:

𝑈IT is applied if and only if 𝐸 supports 𝐴,

𝑈IF is applied if and only if 𝐸 contradicts 𝐴.
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Proof. By definition:

1. Indeterminate-to-True (𝑈IT): This transformation is applied only if evidence 𝐸 supports 𝐴. Let 𝐸 be
a set of observations or data such that:

𝑃(𝐴 | 𝐸) > 0.5,

where 𝑃(𝐴 | 𝐸) is the probability of 𝐴 being true given 𝐸 . In this case:

𝑇 (𝑈IT (𝐴),𝑈IT(C)) = True.

2. Indeterminate-to-False (𝑈IF): This transformation is applied only if evidence 𝐸 contradicts 𝐴. Let
𝑃(𝐴 | 𝐸) < 0.5. In this case:

𝑇 (𝑈IF (𝐴),𝑈IF(C)) = False.

The correctness of the transformations follows from their alignment with the evidence 𝐸 . □

4.4 Real-Life Examples: Combining Neutrosophic Logic with Indeterm-Upside-Down Logic

When Neutrosophic Logic is combined with Indeterm-Upside-Down Logic, we can model scenarios where
ambiguity dynamically shifts, either increasing or decreasing, based on contextual evidence or interpretation.
Below are some concrete real-life examples that illustrate these transformations.

Example 4.20 (Medical Diagnosis). Consider a proposition 𝐴: ”The patient has Disease X.”

Initial Neutrosophic Value: 𝑣(𝐴) = (0.4, 0.5, 0.1), where:

• 𝑇 = 0.4: Moderate evidence supports the diagnosis.

• 𝐼 = 0.5: There is significant ambiguity due to inconclusive test results.

• 𝐹 = 0.1: Minimal evidence contradicts the diagnosis.

Transformation 𝑈IT (Indeterminate to Truth): New test results strongly support the diagnosis, reducing
ambiguity. The updated value is:

𝑣(𝑈IT (𝐴)) = (0.4 + 0.5, 0, 0.1) = (0.9, 0, 0.1).

Interpretation: The ambiguity is resolved in favor of the diagnosis, leaving a highly probable truth.

Transformation𝑈IF (Indeterminate to Falsity): Alternatively, if the new evidence contradicts the diagnosis:

𝑣(𝑈IF (𝐴)) = (0.4, 0, 0.1 + 0.5) = (0.4, 0, 0.6).

Interpretation: Ambiguity is resolved against the diagnosis, indicating a stronger falsity.

Example 4.21 (Weather Prediction). Consider a proposition 𝐵: ”It will rain tomorrow.”

Initial Neutrosophic Value: 𝑣(𝐵) = (0.6, 0.3, 0.1), where:

• 𝑇 = 0.6: Moderate evidence (e.g., weather models) suggests rain.

• 𝐼 = 0.3: Uncertainty due to fluctuating weather conditions.

• 𝐹 = 0.1: Weak evidence opposes rain.
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Transformation 𝑈TI (Truth to Indeterminate): Unforeseen atmospheric changes increase uncertainty, re-
ducing confidence in the prediction:

𝑣(𝑈TI(𝐵)) = (0, 0.6 + 0.3, 0.1) = (0, 0.9, 0.1).

Interpretation: The truth value diminishes, and ambiguity dominates.

Transformation 𝑈FI (Falsity to Indeterminate): If evidence opposing rain becomes unclear, ambiguity in-
creases:

𝑣(𝑈FI(𝐵)) = (0.6, 0.3 + 0.1, 0) = (0.6, 0.4, 0).

Interpretation: Falsity diminishes, and ambiguity increases while truth remains steady.

Example 4.22 (Consumer Product Reviews). Consider a proposition 𝐶: ”The product is high-quality.”

Initial Neutrosophic Value: 𝑣(𝐶) = (0.7, 0.2, 0.1), where:

• 𝑇 = 0.7: Most reviews are positive.

• 𝐼 = 0.2: Some reviews lack clarity.

• 𝐹 = 0.1: A minority of reviews are negative.

Transformation 𝑈IT (Indeterminate to Truth): Additional positive reviews clarify doubts, increasing the
truth value:

𝑣(𝑈IT (𝐶)) = (0.7 + 0.2, 0, 0.1) = (0.9, 0, 0.1).

Transformation𝑈TI (Truth to Indeterminate): If conflicting reviews emerge, ambiguity grows:

𝑣(𝑈TI (𝐶)) = (0, 0.7 + 0.2, 0.1) = (0, 0.9, 0.1).

Remark 4.23. These examples demonstrate how combining Neutrosophic Logic with Indeterm-Upside-Down
Logic provides a nuanced framework for modeling dynamic changes in truth, indeterminacy, and falsity. This
approach is particularly suited for real-world scenarios where evidence evolves over time.

4.5 Algorithm for Indeterm-Upside-Down Logic

We propose an algorithmic framework for Indeterm-Upside-Down Logic, incorporating the four transforma-
tions: Indeterminate-to-True, Indeterminate-to-False, True-to-Indeterminate, and False-to-Indeterminate. The
algorithm determines the transformation to apply based on the current truth value, context, and available evi-
dence.

Theorem4.24 (Correctness of Algorithm). Algorithm 3 correctly applies the appropriate transformation based
on the given inputs.

Proof. The algorithm handles all cases as defined in the framework of Indeterm-Upside-Down Logic:

• If 𝑇 (𝐴, C) = Indeterminate, it applies𝑈IT if evidence supports 𝐴, or𝑈IF if evidence contradicts 𝐴.

• If 𝑇 (𝐴, C) = True, it applies𝑈TI if evidence becomes unreliable, transitioning the truth value to Indeter-
minate.

• If 𝑇 (𝐴, C) = False, it applies 𝑈FI if evidence becomes unreliable, transitioning the truth value to Inde-
terminate.

These conditions align with the definitions of Indeterm-Upside-Down Logic transformations. The algorithm
evaluates all necessary conditions to determine the appropriate transformation, ensuring correctness. □
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Algorithm 3 Indeterm-Upside-Down Logic Transformation
Require: Proposition 𝐴 ∈ P, context C, current truth value 𝑇 (𝐴, C) ∈ {True, False, Indeterminate}, and

evidence 𝐸 .
Ensure: Transformed truth value 𝑇 ′ (𝐴, C′).
1: if 𝑇 (𝐴, C) = Indeterminate then
2: if Evidence 𝐸 supports 𝐴 then
3: Apply𝑈IT: 𝑇 ′ (𝐴, C′) ← True.
4: else
5: Apply𝑈IF: 𝑇 ′ (𝐴, C′) ← False.
6: end if
7: else if 𝑇 (𝐴, C) = True then
8: if Evidence 𝐸 is unreliable then
9: Apply𝑈TI: 𝑇 ′ (𝐴, C′) ← Indeterminate.

10: else
11: 𝑇 ′ (𝐴, C′) ← 𝑇 (𝐴, C).
12: end if
13: else if 𝑇 (𝐴, C) = False then
14: if Evidence 𝐸 is unreliable then
15: Apply𝑈FI: 𝑇 ′ (𝐴, C′) ← Indeterminate.
16: else
17: 𝑇 ′ (𝐴, C′) ← 𝑇 (𝐴, C).
18: end if
19: end if
20: return 𝑇 ′ (𝐴, C′).

Theorem 4.25 (Time Complexity). The time complexity of Algorithm 3 is 𝑂 (1).

Proof. The algorithm evaluates the current truth value 𝑇 (𝐴, C) and evidence 𝐸 , performing at most two nested
conditional checks. As there are no loops or recursive calls, the operations occur in constant time. Hence, the
time complexity is 𝑂 (1). □

Theorem 4.26 (Space Complexity). The space complexity of Algorithm 3 is 𝑂 (1).

Proof. The algorithm requires constant space to store the inputs (𝐴, C,𝑇 (𝐴, C), and 𝐸) and the output𝑇 ′ (𝐴, C′).
No additional data structures are instantiated, so the space complexity is 𝑂 (1). □

Example 4.27 (Medical Diagnosis). Input:

• 𝐴: ”The patient has disease X.”

• C: Initial diagnostic tests are inconclusive.

• 𝑇 (𝐴, C) = Indeterminate.

• Evidence 𝐸 : Advanced imaging strongly indicates disease X.

Algorithm Execution: Since 𝑇 (𝐴, C) = Indeterminate and 𝐸 supports 𝐴, the algorithm applies𝑈IT:

𝑇 ′ (𝐴, C′) = True.

Output: The patient’s diagnosis transitions to definitive: 𝑇 ′ (𝐴, C′) = True.

5 Certain Upside-Down Logic

In this section, we explore Certain Upside-Down Logic. This logical framework dynamically adjusts the truth,
indeterminacy, and falsity values of propositions based on evidence, redistributing and swapping these com-
ponents as required.
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5.1 Definition of Certain Upside-Down Logic

The definition of Certain Upside-Down Logic is presented below. As a note, in this section, Certain Upside-
Down Logic is considered within the framework of Neutrosophic Logic.

Notation 5.1. In this section, letP be a set of propositions, and letC be a set of contexts. Let 𝑣 : P×C → [0, 1]3
be a truth valuation function assigning to each proposition-context pair (𝐴,𝐶) a Neutrosophic truth value
𝑣(𝐴,𝐶) = (𝑇, 𝐼, 𝐹), where 𝑇 , 𝐼, and 𝐹 represent the degrees of truth, indeterminacy, and falsity, respectively,
satisfying:

𝑇, 𝐼, 𝐹 ∈ [0, 1], 𝑇 + 𝐼 + 𝐹 = 1.

Definition 5.2 (Certain Upside-Down Logic). Certain Upside-Down Logic is an extension of Upside-Down
Logic that includes transformations of the truth values based on evidence 𝐸 . The logic allows for the reallocation
of the indeterminacy value 𝐼 to either the truth value 𝑇 or the falsity value 𝐹, depending on the evidence.
Specifically, the transformations are defined as follows:

1. Weak Evidence Shift (Indeterminacy to Falsity and Swap):

𝑣′ (𝐴) = (𝐹 + 𝐼, 0, 𝑇),

applied when evidence weakly supports the falsity of 𝐴.

2. Weak Evidence Shift (Indeterminacy to Truth and Swap):

𝑣′ (𝐴) = (𝐹, 0, 𝑇 + 𝐼),

applied when evidence weakly supports the truth of 𝐴.

3. Strong Evidence Shift (All to Truth):

𝑣′ (𝐴) = (𝑇 + 𝐼 + 𝐹, 0, 0),

applied when evidence strongly supports the truth of 𝐴.

4. Strong Evidence Shift (All to Falsity):

𝑣′ (𝐴) = (0, 0, 𝑇 + 𝐼 + 𝐹),

applied when evidence strongly supports the falsity of 𝐴.

Remark 5.3 (Transformation Rules of the Certain Upside-Down Logic). The Certain Upside-Down Logic
provides a mechanism to update the truth values of propositions based on new evidence, extending the Upside-
Down Logic by incorporating the indeterminacy component.

1. Weak Evidence Shift (Indeterminacy to Falsity and Swap):

• The indeterminacy degree 𝐼 is shifted to the truth value along with swapping 𝑇 and 𝐹.

2. Weak Evidence Shift (Indeterminacy to Truth and Swap):

• The indeterminacy degree 𝐼 is shifted to the falsity value along with swapping 𝑇 and 𝐹.

3. Strong Evidence Shift (All to Truth):

• All degrees are shifted to the truth value, making 𝑇 ′ = 1.

4. Strong Evidence Shift (All to Falsity):

• All degrees are shifted to the falsity value, making 𝐹′ = 1.
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5.2 Examples of Real-World Applications of Certain Upside-Down Logic

Certain Upside-Down Logic has broad applicability in scenarios involving dynamic adjustments to truth, inde-
terminacy, and falsity values based on new evidence. Below are two illustrative examples:

Example 5.4 (Medical Diagnosis). Let 𝐴: ”The patient has Disease X.”

Initial Truth Value: 𝑣(𝐴) = (𝑇, 𝐼, 𝐹) = (0.3, 0.5, 0.2).

Case 1: Weak Evidence Shift (Indeterminacy to Falsity and Swap)

Symptoms weakly suggest the absence of Disease X. Applying the transformation:

𝑇 ′ = 𝐹 + 𝐼 = 0.2 + 0.5 = 0.7
𝐼 ′ = 0
𝐹′ = 𝑇 = 0.3

Updated Truth Value: 𝑣′ (𝐴) = (0.7, 0, 0.3).

Case 2: Strong Evidence Shift (All to Falsity)

Tests strongly confirm the absence of Disease X. Applying the transformation:

𝑇 ′ = 0
𝐼 ′ = 0
𝐹′ = 𝑇 + 𝐼 + 𝐹 = 0.3 + 0.5 + 0.2 = 1.0

Updated Truth Value: 𝑣′ (𝐴) = (0, 0, 1.0).
Example 5.5 (Weather Prediction). Let 𝐵: ”It will rain tomorrow.”

Initial Truth Value: 𝑣(𝐵) = (𝑇, 𝐼, 𝐹) = (0.2, 0.4, 0.4).

Case 1: Weak Evidence Shift (Indeterminacy to Truth and Swap)

Forecast models weakly support rain. Applying the transformation:

𝑇 ′ = 𝐹 = 0.4
𝐼 ′ = 0
𝐹′ = 𝑇 + 𝐼 = 0.2 + 0.4 = 0.6

Updated Truth Value: 𝑣′ (𝐵) = (0.4, 0, 0.6).

Case 2: Strong Evidence Shift (All to Truth)

Satellite data strongly supports rain. Applying the transformation:

𝑇 ′ = 𝑇 + 𝐼 + 𝐹 = 0.2 + 0.4 + 0.4 = 1.0
𝐼 ′ = 0
𝐹′ = 0

Updated Truth Value: 𝑣′ (𝐵) = (1.0, 0, 0).
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5.3 Basic Theorem of Certain Upside-Down Logic

The Basic Theorem of Certain Upside-Down Logic is described as follows. As a note, in this section, Certain
Upside-Down Logic is considered within the framework of Neutrosophic Logic.

Theorem 5.6 (Conservation of Total Degree). The transformation 𝑈C preserves the total degree of truth, in-
determinacy, and falsity:

𝑇 + 𝐼 + 𝐹 = 𝑇 ′ + 𝐼 ′ + 𝐹′ = 1.

Proof. As shown in the Algorithm Correctness proof, for each case, the sum𝑇 ′+ 𝐼 ′+𝐹′ equals𝑇+ 𝐼+𝐹 = 1. □

Theorem 5.7 (Bounds Preservation). For all transformations, the updated truth values satisfy:

0 ≤ 𝑇 ′, 𝐼 ′, 𝐹′ ≤ 1.

Proof. Since 𝑇, 𝐼, 𝐹 ∈ [0, 1] and their sum is 1, and because the transformations are combinations of these
values without exceeding their original total, the updated values 𝑇 ′, 𝐼 ′, and 𝐹′ remain within [0, 1]. □

5.4 Algorithm for Certain Upside-Down Logic

The algorithm updates the Neutrosophic truth value (𝑇, 𝐼, 𝐹) of a proposition 𝐴 based on evidence 𝐸 . The
transformation adjusts the degrees of truth, indeterminacy, and falsity according to specific rules, as described
below. As a note, in this section, Certain Upside-Down Logic is considered within the framework of Neutro-
sophic Logic.

Algorithm 4 Update Truth Value in Certain Upside-Down Logic
Require: Proposition 𝐴, current truth value 𝑣(𝐴) = (𝑇, 𝐼, 𝐹), evidence 𝐸
Ensure: Updated truth value 𝑣′ (𝐴) = (𝑇 ′, 𝐼 ′, 𝐹′)
1: if 𝐸 weakly supports the falsity of 𝐴 then
2: 𝑇 ′ ← 𝐹 + 𝐼
3: 𝐼 ′ ← 0
4: 𝐹′ ← 𝑇
5: else if 𝐸 weakly supports the truth of 𝐴 then
6: 𝑇 ′ ← 𝐹
7: 𝐼 ′ ← 0
8: 𝐹′ ← 𝑇 + 𝐼
9: else if 𝐸 strongly supports the truth of 𝐴 then

10: 𝑇 ′ ← 𝑇 + 𝐼 + 𝐹
11: 𝐼 ′ ← 0
12: 𝐹′ ← 0
13: else if 𝐸 strongly supports the falsity of 𝐴 then
14: 𝑇 ′ ← 0
15: 𝐼 ′ ← 0
16: 𝐹′ ← 𝑇 + 𝐼 + 𝐹
17: else
18: 𝑇 ′ ← 𝑇
19: 𝐼 ′ ← 𝐼
20: 𝐹′ ← 𝐹
21: end if
22: return 𝑣′ (𝐴) = (𝑇 ′, 𝐼 ′, 𝐹′)

Theorem 5.8 (Correctness of Transformation). For any initial truth value 𝑣(𝐴) = (𝑇, 𝐼, 𝐹) with 𝑇, 𝐼, 𝐹 ≥ 0
and 𝑇 + 𝐼 + 𝐹 = 1, the updated truth value 𝑣′ (𝐴) = (𝑇 ′, 𝐼 ′, 𝐹′) produced by Algorithm 4 satisfies 𝑇 ′, 𝐼 ′, 𝐹′ ≥ 0
and 𝑇 ′ + 𝐼 ′ + 𝐹′ = 1.

Proof. We consider each case:
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1. Weak Evidence Shift (Indeterminacy to Falsity and Swap):

𝑇 ′ = 𝐹 + 𝐼
𝐼 ′ = 0
𝐹′ = 𝑇

Since 𝑇 + 𝐼 + 𝐹 = 1, we have:

𝑇 ′ + 𝐼 ′ + 𝐹′ = (𝐹 + 𝐼) + 0 + 𝑇 = 𝑇 + 𝐼 + 𝐹 = 1.

All components are non-negative because 𝑇, 𝐼, 𝐹 ≥ 0.

2. Weak Evidence Shift (Indeterminacy to Truth and Swap):

𝑇 ′ = 𝐹

𝐼 ′ = 0
𝐹′ = 𝑇 + 𝐼

Similarly,
𝑇 ′ + 𝐼 ′ + 𝐹′ = 𝐹 + 0 + (𝑇 + 𝐼) = 𝑇 + 𝐼 + 𝐹 = 1.

3. Strong Evidence Shift (All to Truth):

𝑇 ′ = 𝑇 + 𝐼 + 𝐹 = 1
𝐼 ′ = 0
𝐹′ = 0

Thus,
𝑇 ′ + 𝐼 ′ + 𝐹′ = 1 + 0 + 0 = 1.

4. Strong Evidence Shift (All to Falsity):

𝑇 ′ = 0
𝐼 ′ = 0
𝐹′ = 𝑇 + 𝐼 + 𝐹 = 1

Therefore,
𝑇 ′ + 𝐼 ′ + 𝐹′ = 0 + 0 + 1 = 1.

5. No Evidence Shift:

𝑇 ′ = 𝑇

𝐼 ′ = 𝐼

𝐹′ = 𝐹

So,
𝑇 ′ + 𝐼 ′ + 𝐹′ = 𝑇 + 𝐼 + 𝐹 = 1.

In all cases, the updated truth values satisfy 𝑇 ′, 𝐼 ′, 𝐹′ ≥ 0 and 𝑇 ′ + 𝐼 ′ + 𝐹′ = 1. □

Theorem 5.9 (Time Complexity). Algorithm 4 runs in constant time, i.e., it has a time complexity of 𝑂 (1).

Proof. The algorithm performs a fixed number of operations: conditional checks and assignments. These
operations do not depend on the size of the input but are constant. Hence, the time complexity is 𝑂 (1). □

Theorem 5.10 (Space Complexity). Algorithm 4 uses constant extra space, i.e., it has a space complexity of
𝑂 (1).

Proof. The algorithm requires additional space for variables 𝑇 ′, 𝐼 ′, and 𝐹′. Since the number of variables does
not depend on the size of the input, the space complexity is 𝑂 (1). □
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6 Conclusion and Future Work of this Paper

This section presents the conclusion and future directions of this paper.

6.1 Conclusion of this Paper

In this paper, we introduced the following logical frameworks:

• Upside-Down Logic: A logical framework that systematically flips truth and falsity by dynamically
altering contexts, meanings, or perspectives.

• Contextual Upside-Down Logic: An extension of Upside-Down Logic that integrates contextual trans-
formations, enabling the adjustment of logical connectives and truth values based on contextual changes.

• Indeterm-Upside-Down Logic: A framework designed to represent real-world phenomena where inde-
terminacy either increases or decreases, capturing dynamic uncertainty effectively.

• Certain Upside-Down Logic: This logic provides a mechanism to update truth values of propositions
based on new evidence, extending Upside-Down Logic by incorporating the indeterminacy component
for enhanced flexibility.

6.2 Future tasks

Finally, we briefly discuss the future prospects of this research.

6.2.1 Applying Upside-Down Logic to Uncertain Sets and Graphs

As mentioned in the introduction, the study of Upside-Down Logic is still in its early stages. We anticipate
further exploration into potential applications of Upside-Down Logic, including considerations such as how to
apply Upside-Down Logic to Uncertain Logic. Additionally, we expect advancements in research regarding
its applicability to concepts like neutrosophic graphs [?, 4, 12, 14, 15, 23, 35, 47, 48, 61, 81], adripartitioned
neutrosophic set [76, 77], Neutrosophic Topologies [1, 98], Neutrosophic algebra [53, 95], Heptapartitioned
neutrosophic sets [11, 69], Neutrosophic Automata [40, 55–57], Neutrosophic oversets [92, 96, 97], refined
neutrosophic logic [90], and Bipolar Neutrosophic Sets [5, 25, 27, 106].

6.2.2 Applying Upside-Down Logic to decision-making

There is also significant potential for applying Upside-Down Logic to decision-making (cf. [3,46]) and similar
fields, which could pave the way for a broader understanding and practical use of this novel logical framework.

6.2.3 Relation to Research on Addressing Indeterminacy

When making decisions or applying theoretical frameworks to real-world scenarios, the ability to effectively
handle indeterminacy is often a critical factor. Research aimed at understanding and addressing indeterminacy
has been conducted across various fields [20]. Below, we list examples of major research areas:

• Risk Assessment and Decision-Making: Approaches to classify and manage uncertainty by analyzing
the structural environment of decision-makers. Relevant studies focus on societal risks ( [8, 108]).

• Climate Change Prediction: Research aims to handle uncertainty in climate change predictions by
evaluating variations among climate models and excluding unreliable ones, thereby enhancing projection
reliability (cf. [32, 45, 73]).
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• Investment Decision-Making: The use of real options to evaluate factors such as product demand, pro-
duction capacity, and investment costs under uncertainty [10, 44, 63], enabling the derivation of optimal
investment strategies.

The author is particularly interested in exploringwhether combining these research areas with Indeterm-Upside-
Down Logic or Neutrosophic Logic could yield intriguing mathematical insights or innovative practical appli-
cations.

Funding

This research received no external funding.

Acknowledgments

We humbly extend our heartfelt gratitude to everyone who has provided invaluable support, enabling the suc-
cessful completion of this paper. We also express our sincere appreciation to all readers who have taken the
time to engage with this work. Furthermore, we extend our deepest respect and gratitude to the authors of the
references cited in this paper. Thank you for your significant contributions.

Data Availability

This paper does not involve any data analysis.

Ethical Approval

This article does not involve any research with human participants or animals.

Conflicts of Interest

The authors declare that there are no conflicts of interest regarding the publication of this paper.

Disclaimer

This study primarily focuses on theoretical aspects, and its application to practical scenarios has not yet been
validated. Future research may involve empirical testing and refinement of the proposed methods. The authors
have made every effort to ensure that all references cited in this paper are accurate and appropriately attributed.
However, unintentional errors or omissions may occur. The authors bear no legal responsibility for inaccuracies
in external sources, and readers are encouraged to verify the information provided in the references indepen-
dently. Furthermore, the interpretations and opinions expressed in this paper are solely those of the authors and
do not necessarily reflect the views of any affiliated institutions.

References

[1] Ravi P Agarwal, Soheyb Milles, Brahim Ziane, Abdelaziz Mennouni, and Lemnaouar Zedam. Ideals
and filters on neutrosophic topologies generated by neutrosophic relations. Axioms, 13(5):292, 2024.

[2] Ather AbdulrahmanAgeeli. A neutrosophic decision-makingmethods of the key aspects for supply chain
management in international business administrations. International Journal of Neutrosophic Science,
23(1):155–167, 2023.

[3] Noraini Ahmad, Zahari Md Rodzi, Faisal Al-Sharqi, Ashraf Al-Quran, and Abdalwali Lutfi. Innovative
theoretical approach: Bipolar pythagorean neutrosophic sets (bpnss) in decision-making. International
Journal of Neutrosophic Science, 2023.

45



[4] Muhammad Akram and Gulfam Shahzadi. Operations on single-valued neutrosophic graphs. Infinite
Study, 2017.

[5] Mumtaz Ali, Le Hoang Son, Irfan Deli, and Nguyen Dang Tien. Bipolar neutrosophic soft sets and
applications in decision making. J. Intell. Fuzzy Syst., 33:4077–4087, 2017.

[6] Ali Alqazzaz and Karam M Sallam. Evaluation of sustainable waste valorization using treesoft set with
neutrosophic sets. Neutrosophic Sets and Systems, 65(1):9, 2024.

[7] MohammedAlshikho, Maissam Jdid, and Said Broumi. Artificial intelligence and neutrosophic machine
learning in the diagnosis and detection of covid 19. Journal Prospects for Applied Mathematics and Data
Analysis, 1(2), 2023.

[8] Terje Aven, Piero Baraldi, Roger Flage, and Enrico Zio. Uncertainty in risk assessment: the representa-
tion and treatment of uncertainties by probabilistic and non-probabilistic methods. John Wiley & Sons,
2014.

[9] C Lee Baker. Double negatives. Linguistic inquiry, 1(2):169–186, 1970.

[10] Nick Bloom, Stephen Bond, and John Van Reenen. Uncertainty and investment dynamics. The review
of economic studies, 74(2):391–415, 2007.

[11] S Broumi and Tomasz Witczak. Heptapartitioned neutrosophic soft set. International Journal of Neu-
trosophic Science, 18(4):270–290, 2022.

[12] Said Broumi, Assia Bakali, Mohamed Talea, and Florentin Smarandache. An isolated interval valued
neutrosophic graphs. Critical Review, 13:67–80, 2016.

[13] Said Broumi, Irfan Deli, and Florentin Smarandache. N-valued interval neutrosophic sets and their
application in medical diagnosis. Critical Review, Center for Mathematics of Uncertainty, Creighton
University, Omaha, NE, USA, 10:45–69, 2015.

[14] Said Broumi, Florentin Smarandache, Mohamed Talea, and Assia Bakali. An introduction to bipolar
single valued neutrosophic graph theory. Applied Mechanics and Materials, 841:184–191, 2016.

[15] Said Broumi, R Sundareswaran, M Shanmugapriya, Assia Bakali, and Mohamed Talea. Theory and
applications of fermatean neutrosophic graphs. Neutrosophic sets and systems, 50:248–286, 2022.

[16] Daniel Crump Buchanan. Japanese proverbs and sayings. University of Oklahoma Press, 1965.

[17] Peter Buzzi and Claudia Megele. Honne and tatemae: a world dominated by a ‘game of masks,’.
Communication across cultures, 2011.

[18] Erick González Caballero, Florentin Smarandache, and Maikel Leyva Vázquez. On neutrosophic of-
funinorms. Symmetry, 11(9):1136, 2019.

[19] Jia Syuen Chai, Ganeshsree Selvachandran, Florentin Smarandache, Vassilis C Gerogiannis, Le Hoang
Son, Quang-Thinh Bui, and Bay Vo. New similarity measures for single-valued neutrosophic sets with
applications in pattern recognition and medical diagnosis problems. Complex & Intelligent Systems,
7:703–723, 2021.

[20] Antonio J Conejo, Miguel Carrión, Juan M Morales, et al. Decision making under uncertainty in elec-
tricity markets, volume 1. Springer, 2010.

[21] Irving M Copi, Carl Cohen, and Kenneth McMahon. Introduction to logic. Routledge, 2016.

[22] ThomasHCormen, Charles E Leiserson, Ronald LRivest, and Clifford Stein. Introduction to algorithms.
MIT press, 2022.

[23] Suman Das, Rakhal Das, and Surapati Pramanik. Single valued pentapartitioned neutrosophic graphs.
Neutrosophic Sets and Systems, 50(1):225–238, 2022.

[24] Roger J Davies and Osamu Ikeno. Japanese mind: Understanding contemporary Japanese culture.
Tuttle Publishing, 2011.

46



[25] Irfan Deli, Mumtaz Ali, and Florentin Smarandache. Bipolar neutrosophic sets and their application
based on multi-criteria decision making problems. 2015 International Conference on Advanced Mecha-
tronic Systems (ICAMechS), pages 249–254, 2015.

[26] Irfan Deli, Said Broumi, and Florentin Smarandache. On neutrosophic refined sets and their applications
in medical diagnosis. Journal of new theory, (6):88–98, 2015.

[27] Irfan Deli, Yusuf Subas, Florentin Smarandache, and Mumtaz Ali. Interval valued bipolar neutrosophic
sets and their application in pattern recognition. viXra, 2016.

[28] Reinhard Diestel. Graduate texts in mathematics: Graph theory.

[29] Reinhard Diestel. Graph theory. Springer (print edition); Reinhard Diestel (eBooks), 2024.

[30] Irina-Ana Drobot. Analysing the japanese indirect communication culture. Crossing Boundaries in
Culture and Communication, 12(2):9–20, 2021.

[31] Kurt Engesser, Dov M Gabbay, and Daniel Lehmann. Handbook of quantum logic and quantum struc-
tures: Quantum structures. Elsevier, 2011.

[32] AM Fischer, AP Weigel, Christoph M Buser, Reto Knutti, Hans Rudolf Künsch, MA Liniger, Christoph
Schär, and C Appenzeller. Climate change projections for switzerland based on a bayesian multi-model
approach. International Journal of Climatology, 32(15):2348, 2012.

[33] Ronald C. Freiwald. An introduction to set theory and topology. 2014.

[34] Takaaki Fujita. Note for neutrosophic incidence and threshold graph. SciNexuses, 1:97–125, 2024.

[35] Takaaki Fujita. A review of the hierarchy of plithogenic, neutrosophic, and fuzzy graphs: Survey and
applications. ResearchGate(Preprint), 2024.

[36] Takaaki Fujita. Advancing Uncertain Combinatorics through Graphization, Hyperization, and Uncer-
tainization: Fuzzy, Neutrosophic, Soft, Rough, and Beyond. Biblio Publishing, 2025.

[37] Takaaki Fujita. A comprehensive discussion on fuzzy hypersoft expert, superhypersoft, and indetermsoft
graphs. Neutrosophic Sets and Systems, 77:241–263, 2025.

[38] Takaaki Fujita and Florentin Smarandache. Antipodal turiyam neutrosophic graphs. Neutrosophic Op-
timization and Intelligent Systems, 5:1–13, 2024.

[39] Takaaki Fujita and Florentin Smarandache. Study for general plithogenic soft expert graphs. Plithogenic
Logic and Computation, 2:107–121, 2024.

[40] Takaaki Fujita and Florentin Smarandache. Uncertain automata and uncertain graph grammar. Neutro-
sophic Sets and Systems, 74:128–191, 2024.

[41] Peter Gärdenfors. Belief revision. Number 29. Cambridge University Press, 2003.

[42] Michael A Harrison. Introduction to formal language theory. Addison-Wesley Longman Publishing
Co., Inc., 1978.

[43] Felix Hausdorff. Set theory, volume 119. American Mathematical Soc., 2021.

[44] Claude Henry. Investment decisions under uncertainty: the” irreversibility effect”. The American Eco-
nomic Review, 64(6):1006–1012, 1974.

[45] Mike Hulme. Reducing the future to climate: a story of climate determinism and reductionism. Osiris,
26(1):245–266, 2011.

[46] Azmat Hussain, Muhammad Irfan Ali, and Tahir Mahmood. Pythagorean fuzzy soft rough sets and their
applications in decision-making. Journal of Taibah University for Science, 14:101 – 113, 2019.

[47] S Satham Hussain, R Hussain, and Florentin Smarandache. Domination number in neutrosophic soft
graphs. Neutrosophic Sets and Systems, 28:228–244, 2019.

[48] S Satham Hussain, Hossein Rashmonlou, R Jahir Hussain, Sankar Sahoo, Said Broumi, et al. Quadri-
partitioned neutrosophic graph structures. Neutrosophic Sets and Systems, 51(1):17, 2022.

47



[49] Takeshi Ishida. Conflict and its accommodation: Omote-ura and uchi-soto relations. Conflict in Japan,
pages 16–38, 1984.

[50] Thomas Jech. Set theory: The third millennium edition, revised and expanded. Springer, 2003.

[51] Chalmers Johnson. Omote (explicit) and ura (implicit): Translating japanese political terms. Journal of
Japanese Studies, 6(1):89–115, 1980.

[52] Ilanthenral Kandasamy. Double-valued neutrosophic sets, their minimum spanning trees, and clustering
algorithm. Journal of Intelligent systems, 27(2):163–182, 2018.

[53] WB Vasantha Kandasamy and Florentin Smarandache. Some neutrosophic algebraic structures and
neutrosophic N-algebraic structures. Infinite Study, 2006.

[54] Faruk Karaaslan and Fatih Hunu. Type-2 single-valued neutrosophic sets and their applications in multi-
criteria group decision making based on topsis method. Journal of Ambient Intelligence and Humanized
Computing, 11:4113 – 4132, 2020.

[55] V.Karthikeyan, , andR.Karuppaiya. Characterizations of submachine of interval neutrosophic automata.
Advances in Mathematics: Scientific Journal, 2020.

[56] V. Karthikeyan and R. Karuppaiya. Strong subsystems of interval neutrosophic automata. 2020.

[57] V. Karthikeyan and R. Karuppaiya. Reverse subsystems of interval neutrosophic automata. 2021.

[58] Richard Kaye. Models of Peano Arithmetic. Clarendon Press, Oxford, 1991.

[59] Qaisar Khan, Peide Liu, and Tahir Mahmood. Some generalized dice measures for double-valued neu-
trosophic sets and their applications. Mathematics, 6(7):121, 2018.

[60] Emiko Konishi, Michiko Yahiro, Naoko Nakajima, and Miki Ono. The japanese value of harmony and
nursing ethics. Nursing ethics, 16(5):625–636, 2009.

[61] S krishna Prabha, Said Broumi, Souhail Dhouib, andMohamed Talea. Implementation of circle-breaking
algorithm on fermatean neutrosophic graph to discover shortest path. Neutrosophic Sets and Systems,
72:256–271, 2024.

[62] Azriel Levy. Basic set theory. Courier Corporation, 2012.

[63] Haim Levy. Stochastic dominance: Investment decision making under uncertainty. Springer, 2015.

[64] Xiaochun Luo, Zilong Wang, Liguo Yang, Lin Lu, and Song Hu. Sustainable supplier selection based
on vikor with single-valued neutrosophic sets. PLOS ONE, 18, 2023.

[65] Daniel Maciej Maciejewski. 50 ways to say“no”in japanese. Master’s thesis, 2020.

[66] Samuel E Martin. A reference grammar of Japanese. University of Hawaii Press, 2003.

[67] WilliamMcClure. Using Japanese: A guide to contemporary usage. Cambridge University Press, 2000.

[68] L Mičkova. The japanese indirectness phenomenon. Asian and African studies, 12(2):135–147, 2003.

[69] M Myvizhi, Ahmed M Ali, Ahmed Abdelhafeez, and Haitham Rizk Fadlallah. MADM Strategy Appli-
cation of Bipolar Single Valued Heptapartitioned Neutrosophic Set. Infinite Study, 2023.

[70] Sumiyo Nishiguchi. Extended qualia-based lexical knowledge for disambiguation of japanese postposi-
tion no. OF THE EUROPEAN SUMMER SCHOOL FOR LOGIC, LANGUAGE, AND INFORMATION,
page 137, 2009.

[71] Sumiyo Nishiguchi. Possessive disambiguation. PhD Dissertation, Osaka University, 2009.

[72] Guillermo Owen. Game theory. Emerald Group Publishing, 2013.

[73] TimNPalmer. Predicting uncertainty in forecasts of weather and climate. Reports on progress in Physics,
63(2):71, 2000.

48



[74] Paolo Paolo. A study using treesoft set and neutrosophic sets on possible soil organic transformations
in urban agriculture systems. International Journal of Neutrosophic Science.

[75] Christos H Papadimitriou. Computational complexity. In Encyclopedia of computer science, pages
260–265. 2003.

[76] Surapati Pramanik. Interval quadripartitioned neutrosophic sets. Neutrosophic Sets and Systems, vol.
51/2022: An International Journal in Information Science and Engineering, page 146, 2022.

[77] R Radha, A Stanis Arul Mary, and Florentin Smarandache. Quadripartitioned neutrosophic pythagorean
soft set. International Journal of Neutrosophic Science (IJNS) Volume 14, 2021, page 11, 2021.

[78] Stefano Crespi Reghizzi, Luca Breveglieri, and Angelo Morzenti. Formal languages and compilation.
Springer, 2013.

[79] Azriel Rosenfeld. Fuzzy graphs. In Fuzzy sets and their applications to cognitive and decision processes,
pages 77–95. Elsevier, 1975.

[80] Bruce Ross. The essence of haiku. Modern Haiku, 38(3):51–62, 2007.

[81] Muhammad Saeed, Muhammad Khubab Siddique, Muhammad Ahsan, Muhammad Rayees Ahmad, and
Atiqe Ur Rahman. A novel approach to the rudiments of hypersoft graphs. Theory and Application of
Hypersoft Set, Pons Publication House, Brussel, pages 203–214, 2021.

[82] AA Salama, HA El-Ghareeb, Mohamed Esia, and M Lotfy. Social network analysis e-learning systems
via neutrosophic techniques.

[83] AA Salama, A Haitham, A Manie, and M Lotfy. Utilizing neutrosophic set in social network analysis
e-learning systems. International Journal of Information Science and Intelligent System, 3(2):61–72,
2014.

[84] Myriam Paulina Barreno Sánchez, Miriam Pantoja Burbano, and Sary Alvarez Hernández. Neutrosophic
insights into strategic decision-making: Navigating complexity in ecuadorian business management.
Neutrosophic Optimization and Intelligent Systems, 1:46–56, 2024.

[85] Robert Sedgewick and Kevin Wayne. Algorithms. Addison-wesley professional, 2011.

[86] Nitin Seth, Sanjeev Gopalrao Deshmukh, and PremVrat. Service quality models: a review. International
journal of quality & reliability management, 22(9):913–949, 2005.

[87] Florentin Smarandache. Neutrosophic overset, neutrosophic underset, and neutrosophic offset. similarly
for neutrosophic over-/under-/offlogic, probability, and statisticsneutrosophic, pons editions brussels, 170
pages book, 2016.

[88] Florentin Smarandache. A unifying field in logics: Neutrosophic logic. In Philosophy, pages 1–141.
American Research Press, 1999.

[89] Florentin Smarandache. Neutrosophic set-a generalization of the intuitionistic fuzzy set. International
journal of pure and applied mathematics, 24(3):287, 2005.

[90] Florentin Smarandache. n-valued refined neutrosophic logic and its applications to physics. Infinite
study, 4:143–146, 2013.

[91] Florentin Smarandache. Degrees ofmembership> 1 and< 0 of the elements with respect to a neutrosophic
offset. Neutrosophic Sets and Systems, 12:3–8, 2016.

[92] Florentin Smarandache. Neutrosophic Overset, Neutrosophic Underset, and Neutrosophic Offset. Simi-
larly for Neutrosophic Over-/Under-/Off-Logic, Probability, and Statistics. Infinite Study, 2016.

[93] Florentin Smarandache. Plithogeny, plithogenic set, logic, probability, and statistics. arXiv preprint
arXiv:1808.03948, 2018.

[94] Florentin Smarandache. Extended nonstandard neutrosophic logic, set, and probability based on ex-
tended nonstandard analysis. Symmetry, 11(4):515, 2019.

49



[95] Florentin Smarandache. History of superhyperalgebra and neutrosophic superhyperalgebra (revisited
again). Neutrosophic Algebraic Structures and Their Applications, page 10, 2022.

[96] Florentin Smarandache. Interval-valued neutrosophic oversets, neutrosophic undersets, and neutro-
sophic offsets. Collected Papers. Volume IX: On Neutrosophic Theory and Its Applications in Algebra,
page 117, 2022.

[97] Florentin Smarandache. Operators on single-valued neutrosophic oversets, neutrosophic undersets, and
neutrosophic offsets. Collected Papers, 9:112, 2022.

[98] Florentin Smarandache. New types of topologies and neutrosophic topologies (improved version). Neu-
trosophic Sets and Systems, 57(1):14, 2023.

[99] Florentin Smarandache. Upside-Down Logics: Falsification of the Truth and Truthification of the False.
Infinite Study, 2024.

[100] Florentin Smarandache. Short introduction to standard and nonstandard neutrosophic set and logic (re-
view paper). Neutrosophic Sets and Systems, 77, 2025. Review Paper.

[101] Florentin Smarandache and Said Broumi. Neutrosophic graph theory and algorithms. IGI Global, 2019.

[102] Florentin Smarandache and Maissam Jdid. An overview of neutrosophic and plithogenic theories and
applications. 2023.

[103] Patrick Suppes. Introduction to logic. Courier Corporation, 2012.

[104] Genelyn Jane D Trinidad. Honne and tatemae: exploring the two sides of Japanese society. PhD thesis,
2014.

[105] Natsuko Tsujimura. An introduction to Japanese linguistics. John Wiley & Sons, 2013.

[106] Vakkas Ulucay, Irfan Deli, and Mehmet Sahin. Similarity measures of bipolar neutrosophic sets and
their application to multiple criteria decision making. Neural Computing and Applications, 29:739–
748, 2018.

[107] Tracel Lynne Schnorr von Carolsfeld. Lexical and structural ambiguity in japanese and some compar-
isons in english. Working Papers of the Linguistics Circle, 10(1):63–79, 1991.

[108] Yuanpu Xia, Ziming Xiong, Xin Dong, and Hao Lu. Risk assessment and decision-making under un-
certainty in tunnel and underground engineering. Entropy, 19(10):549, 2017.

[109] Kenneth Yasuda. Japanese haiku: Its essential nature and history. Tuttle Publishing, 2011.

[110] Jun Ye. Amulticriteria decision-making method using aggregation operators for simplified neutrosophic
sets. J. Intell. Fuzzy Syst., 26:2459–2466, 2014.

[111] Naoto Yoshida and Tomoko Yonezawa.“honne and tatemae”: Expression of the agent’s hidden desire
through physiological phenomena. The Transactions of Human Interface Society, 26(2):249–258, 2024.

[112] Hong yu Zhang, Jian qiang Wang, and Xiao hong Chen. An outranking approach for multi-criteria
decision-making problems with interval-valued neutrosophic sets. Neural Computing and Applications,
27:615–627, 2016.

[113] Lotfi A Zadeh. Fuzzy sets. Information and control, 8(3):338–353, 1965.

[114] Lotfi A. Zadeh. Fuzzy logic = computing with words. IEEE Trans. Fuzzy Syst., 4:103–111, 1996.

[115] Lotfi A Zadeh. Fuzzy logic, neural networks, and soft computing. In Fuzzy sets, fuzzy logic, and fuzzy
systems: selected papers by Lotfi A Zadeh, pages 775–782. World Scientific, 1996.

[116] Aiwu Zhang, Jianguo Du, and Hongjun Guan. Interval valued neutrosophic sets and multi-attribute
decision-making based on generalized weighted aggregation operator. J. Intell. Fuzzy Syst., 29:2697–
2706, 2015.

[117] Hongyu Zhang, Jian qiang Wang, and Xiao hong Chen. An outranking approach for multi-criteria
decision-making problems with interval-valued neutrosophic sets. Neural Computing and Applications,
27:615 – 627, 2015.

50




