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ABSTRACT

This study explores semantic gradience in natural language by employing fuzzy-set theory to quantitatively to model
the continuum of meaning inherent in emotional adjectives. Focusing on the term “happy”, we conducted an experimental
case study with 30 participants who rated the word on a 7 -point Likert scale. The raw ratings were normalized to a [0, 1]

interval, yielding a mean normalized rating of approximately 0.617 and a standard deviation of about 0.228. A Gaussian
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fuzzy membership function was derived using these empirical parameters, which effectively captures the smooth transition
of membership degrees and the inherent fuzzy boundaries in semantic interpretation. The findings suggest that the meaning
of “happy” isn’t simply a binary result; instead, there is a range of degrees of semantic similarity, with vast areas of overlap
that conventional categorization approaches don’t account for. This quantitative perspective leads to an interface between
cognitive-functional linguistics and fuzzy mathematics, which thoroughly expands the insights into linguistic variation.
The findings show that fuzzy set theory can enhance the theoretical models used to explain semantics in linguistics and
provide useful insights for practitioners in the fields of computational linguistics and natural language processing. Further
research extending this methodology to other semantic domains and including more diverse participant samples is warranted
to further validate and refine the model.

Keywords: Semantic Gradience; Fuzzy Set Theory; Emotional Adjectives; Gaussian Membership Function; Linguistic

Variability; Natural Language Processing; Process Innovation; Education

1. Introduction

1.1. Background

That would be the area that can also be called semantic
gradience, where you wonder if two concepts are distinct
or belong to the same scale. This is the inherent nature of
language; linguistic elements characteristically have overlap-
ping or blurred boundaries between the solutions of adjec-
tives, verbs, and nouns, rather than being split into perfectly
separated discrete categories. For instance, even though the
meaning of the words “warm” and “hot” is different, there
is no strict threshold for determining which one applies, it is
gradual ['=3],

The introduction to fuzzy set theory by Zadeh ! pro-
vides a specific mathematical framework that is naturally
fit for modelling such gradience. In classical set theory an
element either is in a set or is not in it. However, the idea

of fuzzy set A on universal set X is defined as:

A={(z,pa(r)) |z e X}

where 114 () is the membership function: pa (z) €0, 1].
This membership degree is allowing us to smoothly repre-
sent the transition between a variety of different semantic cla-
sses which is one of the characteristics of vagueness present

in natural language 431

1.2. Motivation

These examples highlight the importance of semantic

gradience in correctly modelling linguistic phenomena.
The crisp categorization models of language oversimplify
variability by putting everything in boxes. Such oversimpli-
fication can give rise to misappropriations especially when
dealing with language that is naturally ambiguous or where
categories overlap in some way [*-8].

A fuzzy approach provides a continuum that attributes
a degree of membership to each linguistic item. This ap-
proach provides a more nuanced measure of semantic bound-
aries. This opens up the possibility of interpreting nuanced
differencing meaning and delivering statistical metrics of
linguistic variability by modelling these boundaries mathe-
matically. In addition, fuzzy membership functions enable
the researchers to:

m Quantifies the overlapping between semantic categories.

m Detect gradual changes instead of binary changes in
meaning.

m Build predictive models using continuous measures

of similarity and difference

These benefits potentially leverage limitations of exist-
ing linguistic frameworks, many of which struggle to capture
the variability and fluidity characteristic of real-world lan-

guage production!!>),

1.3. Objectives and Research Questions

This study focuses on quantifying semantic boundaries
using fuzziness as a theoretical and applied framework, and
on evaluating how fuzzy membership functions are use-

ful for maintaining linguistic variability. Fuzzy models
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have the mathematical rigor that serves as a foundation for
studying the gradience present in language. In particular, the

study intends to:

o Quantify Semantic Boundaries: Establish a method for
assigning and interpreting fuzzy membership values to
linguistic items.

o Assess Fuzzy Models: Evaluate how well fuzzy member-
ship functions capture the continuum of meaning com-
pared to traditional binary approaches.

e Compare Models: Contrast the performance and inter-
pretability of fuzzy models with conventional crisp set

models.

Based on these objectives, the study addresses the fol-

lowing research questions:

e RQ1: How can fuzzy membership functions be optimally
defined to model semantic gradience in a given semantic
domain?

e RQ2: What is the mathematical relationship between
fuzzy boundaries and the observed variability in semantic
data?

e RQ3: Does the fuzzy set approach yield a statistically
significant improvement in predicting semantic catego-

rizations compared to traditional models?
Hypotheses:

H1. If categorical memberships are represented through
fuzzy membership functions, then these memberships should
more accurately and sensitively represent gradience in se-
mantics compared to purely categorical partitions.

H2. There is a rich connection between the values of de-
gree of membership and the perceptive similarity between
linguistic items, and they can be depicted using continuous
mathematical functions(due to Successful fuzzyfication of

values).

So the next diagram visualizing two overlapped fuzzy
membership functions.

In this Figure 1, two Gaussian membership func-
tions with respect to two semantic categories are shown.
The x-axis is a semantic feature dimension, and the y-axis is
the membership degree (1) Wording: The Anglo-saxon term

overlapping context minimizes a graph where the area

between the two curves is shaded (in grey) to quantify
the overlap between the curves a measure of how much of
the two category are close to each other in a semantic space.
—— Semantic Category A

—— Semantic Category B
Overlap

1.0

0.8

o
o

Membership Degree
I
~

0.2

0.0

Semantic Feature Dimension

Figure 1. Fuzzy Membership Functions for Overlapping Semantic
Categories.

2. Literature Review
2.1. Semantic Gradience in Linguistics

Semantic gradience is the observation that meaning is
not a binary phenomenon, but instead is located on a con-
tinuum. Linguistic phenomena adjectives, emotions, color
terms, etc. — often have smooth transitions rather than
sharp, discrete boundaries. For example, studies of colour
semantics have shown that perceptual categories (red vs. or-

6111 Likewise, work

ange) overlap in a gradient fashion!
on gradience in adjectives like “tall” and “’short” shows that
speakers apply intermediate values, not categorical labels,
which argues that meaning is capable of being.

This degree of membership is mathematically concep-
tualized in a membership function p : X — [0, 1], where X
is a semantic continuum. This function associates to each el-
ement z € X some value of how much this element belongs
to any given semantic category. These approaches enable
researchers to assess nuanced differences in interpretation,
which binary classificatory systems do not readily lend them-
selves tol12-14,

As an example, imagine a study on temperature adjec-
tives (e.g., cold, cool, warm, hot) on a continuous semantic
scale. Four of the adjectives have overlapping membership

functions, to model semantic gradience as showed in Figure 2.
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1.0 — Cold

— Cool
Warm

— Hot

Membership Degree

0 2 4 6
Temperature Scale

5 1o
Figure 2. Fuzzy Membership Functions for Temperature Adjec-
tives.

In the following diagram, four temperature adjectives
are represented as fuzzy membership function that overlap:
The x-axis depicts a continuous semantic scale, and the y-
axis indicates the membership grade. The overlaps illustrate
the gradients in between categories where that means be-
gins to blend between categories, reflecting the intrinsic

continuity in the semantic domain.

2.2. Fuzzy Set Theory Fundamentals

Zadeh proposed fuzzy set theory, providing a solid
mathematical tool for modelling uncertainty and vague-

(157171 While in classical set theory, an element could

ness
either belong to a set or not, there exists a fuzzy set A which

is defined as:
A={(z,pa(z)) |2 € X}

where 4 (x) is the membership function that returns a va-
lue in the interval [0,1]. This allows us to capture the ex-
tent to which each individual x is a member of the set,
allowing us to represent fuzzy phenomena.

Key operations in fuzzy set theory are defined mathe-
matically as follows:
-Fuzzy Union:

paus (x) = max (pa (), pp (x))

e Fuzzy Intersection:

pans () = min (pa (), pp (x))

These operations allow for the combination and com-
parison of fuzzy sets in a mathematically rigorous way. Fuzzy
set theory has been applied in various linguistic contexts-for
example, in modeling the gradience of kinship terms and

18201 Such appli-

the variability in adjective interpretation!
cations underscore the power of fuzzy methods to represent
the continuous nature of meaning in language.

To further illustrate these concepts, consider the fol-
lowing plots in Figure 3 the fuzzy union, intersection, and

complement for two example fuzzy sets:

Original Fuzzy Sets A and B

Fuzzy Union

™~
~

Membership Degree

0.40

— Union (4 u®)

Fuzzy Intersection

0 2

Fuzzy Complement of A

— Complement (~3)

0 s
x

035
8030
Zozs
Zo1s
o0
005
000

Figure 3. Fuzzy Set Operations.

This Figure 3 illustrates the fundamental operations in
fuzzy set theory. The subplots display the original fuzzy set

and its operations.

2.3. Integrative Approaches

To enhance transparency, Table 1 below maps each
core fuzzy-set concept to its exact experimental implemen-
tation in our study. This cross-reference clarifies how the-
oretical constructs—data collection, rating normalization,
a-cuts, membership function fitting—are operationalized in

practice.

Table 1. Mapping of Fuzzy-Set Concepts to Experimental Procedures.

Fuzzy-Set Concept

Experimental Implementation

Universe of Discourse (X)
Membership Function p(x)
Support (u(x) > 0)

Core (u(x)=1)

Height (max p(x))

a-Cut

Data Collection

Rating Normalization
Function Fitting

Ratings on 7-point Likert scale, linearly normalized to [0, 1]

Gaussian curve fitted to normalized ratings using mean = 0.617 and SD = 0.228
Range of normalized ratings for which p(x) exceeds 0

Value(s) of x at which normalized rating equals the sample mean

Maximum of p(x), set to 1 by definition

Interval of x where u(x) > a (e.g., a = 0.1 — [0.15, 0.98] on normalized scale)
Online survey of 30 native English speakers rating “happy”

Linear mapping: 1—0.0, 7—1.0, intermediate values equally spaced

Least-squares estimation of Gaussian parameters (mean, SD) on normalized dataset
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Recent integrative models have sought to combine lin-
guistic theories with mathematical frameworks to capture
the complexity of semantic phenomena. Traditional models
of categorization, such as prototype theory, have been en-
hanced by incorporating fuzzy set concepts to account for
the variability in category membership. A specific method-
ology entails defining a similarity measure over semantic
categories through the use of fuzzy set operations. The sim-
ilarity S(4,B) for two fuzzy sets A and B can be expressed,

for example, as:

_ fX min (pa (x), pup (x)) dx
S8 = [xmaz (pa (), pp (x)) do

The metric indicates the extent of overlap between two
semantic categories and thus provides a continuous measure
of semantic similarity 2! 221,

Prototype-based models in semantics have also been
approached with integrative methods. Category prototypes
can be essential in the construction of linguistics items,
and the idea that linguistic items may belong to a category in
a graded fashion has led to the development of models where
individuals have membership values that reflect their proto-
typicality of a category['%- 23], Despite the promising insights
that these models provide, empirical validation is still lack-
ing. A more vital necessity is the application of fuzzy logic to
semantic gradience in direct terms, along with mathematical
derivations and experimental validation.

Fuzzy set theory offers an ideal mathematical formal-
ization of such integrative work as it provides tools for mod-
elling uncertainty as well as variability in natural language.
This framework, evinced through fuzzy operations, similar-
ity measures, and prototype theories, ultimately allows one
to quantitatively describe this continuum of meaning—a task

to which binary models are simply not up to.

3. Theoretical Framework

3.1. Fuzzy Set Concepts Applied to Semantics

A mathematical framework to represent these linguis-
tic properties is provided by fuzzy set theory. Within this
framework, we define fuzzy set 4 in universe of discourse X

as:

A=A{(z,pa(z)) |z € X}

where the degree of membership of the element x in the
semantic category 4 is given by a membership function

pa ()
surable feeling in terms of semantics (ex: color intensity

: X — [0,1]1I1-24 Use (x) to represent a mea-

in perception, warmth of an adjective, etc.), pa () is the
strength of belief of a particular meaning associated with x.
Fuzzy Boundaries:

In contrast to crisp sets, which have well-defined bound-
aries with full membership of 0 or 1, fuzzy sets have fuzzy
boundaries, where membership values move gradually from
0 to 1. These transition zones track the continuum in mean-
ingfor example, there may not be a firm cut point at which a
colour becomes “orange”, but instead a period in which the
degree of membership changes!'? 231
Degrees of Membership:

This function, 4 (), is called the degree of mem-
bership. This defines a degree of membership of a certain
element x in the semantic class A, also known as the de-
gree of belonging, which can be measured, in most cases
are measured experimentally through ratings, and can be de-
scribed by multiple functional forms (Gaussian, trapezoidal
or triangular functions) according to the type of the semantic
continuum.

To graphically demonstrate these ideas, the trapezoidal
membership function. This function describes the semantic
category “Moderate”, with fuzzy edges which correspond to
the rising and falling edges, respectively.

Figure 4 shows a trapezoidal membership function
for the semantic category “Moderate”. The gradual increase
and decrease around (3, 0), (5, 1), (7, 1) and (9,0) clarify
the soft, linguistic boundaries in meaning; the semantic cat-
egory has been posed lay, inducing gradual transitions and

signifying natural gradients in meaning!!! 12261,

1.0 Membership function for “Moderate"

0.6
0.4
0.2

0.0

Degree of Membership

0 2 4 6 8 10
Semantic Feature Continuum

Figure 4. Trapezoidal Membership Function Illustrating Fuzzy
Boundaries.
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3.2. Connecting Theory to Experiments

In semantic research, we operationalize the fuzzy set
theory by translating linguistic empirical data into fuzzy
membership function. This process connects theoretical
constructs with experimental measurements, making sure
that the mathematical framework encompasses real-world
semantic variability.

Data Collection Participants rate linguistic stimuli (e.g.,
adjectives, color terms) on a continuous scale (e.g., Likert
scale). These ratings again show subjective ratings about
stimuli fitting into a given semantic domain.

Normalization: To serve as empirical membership val-
ues, the raw ratings are normalized to the interval [0,1]. A
rating of 7 on a 7 -point scale can be normalized to 1, and a
rating of 1 can be normalized to 0.

Fitting Functions: This step involves using an empir-
ical dataset to fit a membership function p4 (z) for each
semantic category. Gradual transitions are modeled with
suitable functions (e.g., Gaussian or trapezoidal), depending
on the ratings distribution. This involves estimating pa-
rameters that mathematically describe the fuzzy boundaries
such as the location and spread of the function(!3 271,

Boundary identification: To identify fuzzy boundaries
using centre-based feature summary approach, we can de-
termine the interval of & where the membership function
moves from near 0 to near 1. This is a quantitative measure
of how semantically similar categories are and where the
boundaries of uncertainty lie.

Model Validation: Comparison of the performance of
the fuzzy set model against the traditional crisp models. We
can derive metrics such as correlation coefficients between
degrees of membership and participant consensus to confirm
the model is working correctly.

Hypotheses About Expected Patterns of Gradience

H1. The empirical derived membership functions should
be continuous and have fuzzy boundaries that reflect the
continuity of meaning in the semantic domain.

H2. Adjacent (“semantic”) categories will present signifi-
cant statistical overlap in their membership function, such
that linguistic items that fall “near” the category border are
categorized in an ambiguous way.

H3. The values of the degree of membership (that is, scores

near 0 or 1) will correlate highly with the consensus ratings

suppliedby participants, thereby confirming that the fuzzy
set, potential for conceptual analysis, is a representation of

semantic variability that is far more accurate than potential

for binary classification.

Not only does it offer a tool for quantifying the contin-
uum of semantic cost, it also serves as further evidence of
fuzzy set theory as a connective framework between the high
transcendent mathematics and the optimal patterns which

underly linguistic phenomenal!# 3],

4. Methodology
4.1. Experimental Design

This study adopts a case study design to empirically
investigate semantic gradience in the domain of emotional
adjectives. The chosen semantic domain consists of adjec-
tives that describe varying intensities of emotional states

EEINT3

(e.g., “calm”,

99

content”, “happy”, “ecstatic”’). The design is
experimental, where participants rate each adjective on a Lik-
ert scale to reflect the degree to which each term corresponds
to a particular emotional intensity.

The overall design includes:

e Data Collection: Gathering subjective ratings from par-
ticipants.

o Experimental Data Sets: For subsequent analysis, 30 sets
of tabulated experimental data will be generated. Each
set represents a distinct experimental condition or sample
group.

o Mathematical Modeling: The collected ratings will be
normalized and mapped to fuzzy membership functions.
This enables quantification of fuzzy boundaries and over-
lapping semantic categories.

4.2. Participants

Participants will be selected based on the following
criteria:

o Demographics: Native speakers of English aged 18-60
years.

e Language Proficiency: Participants must demonstrate a
proficient understanding of the language, ensuring that se-
mantic judgments are based on a nuanced comprehension

of the adjectives.
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o Exclusion Criteria: Individuals with reported language
disorders or cognitive impairments will be excluded.
Sample Size and Recruitment:

A sample size of approximately 30 participants is tar-
geted to obtain robust data. Recruitment will be conducted
through online academic mailing lists, social media plat-
forms, and local university networks, ensuring a diverse

representation of viewpoints.

4.3. Materials and Instruments

Lexical Items:
The semantic stimuli consist of a curated list of
emotional adjectives. For example, the list may include:

CEINT3

content”, “happy”, “joyful”, “ecstatic”. These

2

“calm”,
adjectives are selected to capture a continuum of emotional
intensity.
Questionnaire Design:

Participants will complete a Likert-scale questionnaire

for each adjective. The scale ranges from 1 to 7, where:

o | indicates a minimal association with the target emotional
intensity.

e 7 indicates a maximal association.

The questionnaire will be administered online, with
clear instructions and example items to ensure uniformity in

responses.

4.4. Procedure

The data collection will proceed as follows:

Introduction and Consent: Participants will receive a
brief introduction to the study, including its purpose, the na-
ture of the semantic ratings required, and assurances regard-
ing data confidentiality. Informed consent will be obtained
electronically.

Instruction Delivery: Participants will be provided
with standardized instructions explaining how to interpret
each adjective and how to rate its correspondence to a speci-
fied emotional intensity. For instance, they may be asked:

“On a scale of 1 to 7, please rate how strongly you as-

sociate the word “happy’ with the feeling of high emotional

intensity.”

Data Recording: Data are collectedvia an online sur-
vey platform. Each participant’s responses will be automati-
cally tabulated into a data set for further analysis.

Post-Task Debrief: After completing the survey, par-
ticipants will receive a debriefing statement detailing the

study’s aims and thanking them for their participation.

4.5. Data Analysis Approach

The collected ratings will be mapped to fuzzy member-
ship functions to quantitatively model semantic

Normalization of Data: Each Likert-scale response
will be normalized to the interval [0, 1]. For example, a

rating  on a 7 point scale is normalized as:

r—1
7—1

Aggregation and Tabulation: For each adjective, rat-

Tnorm =

ings from all participants are aggregated. In the next case
study phase, 30 sets of tabulated experimental data will be
used to derive robust estimates of the mean and variance for
each adjective’s ratings.

Fitting Membership Functions: Empirical data will be
used to fit a suitable membership function (e.g., Gaussian or
trapezoidal) for each semantic category. Parameters such as
the mean (representing the central tendency) and the standard
deviation (capturing the dispersion) will be estimated.

Fuzzy boundaries are identified by examining the tran-
sition regions where the membership function shifts from
near 0 to near 1. These boundaries mathematically quantify
the degree of overlap between adjacent semantic categories.

Example Data Analysis: The following graph show-
ing the data set for one lexical item (e.g., “happy”) using 30
experimental cases, normalize the ratings, and fit a Gaussian
membership function.

This Figure 5 demonstrates how the normalized rat-
ings for the adjective “happy” are used to derive a Gaussian
fuzzy membership function. The mean and standard devi-
ation computed from the 30 cases inform the shape of the
function, which quantifies the degree of membership across

a continuum.
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1.0 Fuzzy Membership Function for *happy”

Membership Degree
o
3

0.4

0.0 0.2 0.4 0.6 0.8 1.0
Normalized Rating

Figure 5. Fuzzy Membership Function Derived from Experimental
Data.

4.6. Ethical Considerations

The study will adhere to established ethical guidelines
to protect participants’ rights:

o Informed Consent: All participants will be provided with
comprehensive information about the study and will con-
sent to participation before beginning the experiment.

o Anonymity and Confidentiality: Data will be collected
anonymously, and personal identifiers will be removed to
ensure privacy.

e Right to Withdraw: Participants will be informed of their
right to withdraw from the study at any time without
penalty.

e FEthical Approval: The research protocol will be submit-
ted for review and approval by an Institutional Review

Board (IRB) to ensure compliance with ethical standards.

This methodology provides a systematic approach to
investigating semantic gradience using fuzzy set theory, de-
tailing every step from experimental design to data analysis.
Future work will incorporate 30 sets of tabulated experimen-
tal data, enabling comprehensive mathematical modeling
and robust validation of the proposed fuzzy membership
functions.

Below is a detailed Experimental Case Study section
that builds on the previously described methodology. In this
case study, we focus on the semantic domain of emotional ad-
jectives specifically the term “happy” -to investigate seman-
tic gradience using fuzzy set theory. This section includes

mathematical calculations based on a full set of collected

tabulated data from 30 participants.

5. Experimental Case Study

5.1. Case Study Description

Context and Rationale:

The semantic domain of emotion adjectives is a par-
ticularly good candidate for the study of semantic gradience.
Emotions like “happy” are inherently subjective, and instead
of being binary (happy or not happy), their meanings change
on a continuum. Crisp models of dimensions rely on both
determining and categorizing these forms of variability as
unitary, whereas fuzzy set theory is the mathematical ap-
proach to modelling the continuum of meaning. For instance,
looking at the adjective happy, we can measure the intensity
of how people interpret that word on a range of less intense
to more intense happy.

Suitability for Fuzzy Modeling:

m Continuum of Perception: Emotional adjectives are not
experienced in an “all-or-nothing” manner. Fuzzy logic
captures the gradual transition between degrees of emo-
tion.

m Quantifiable Variability: With a clearly defined Likert-
scale rating, we can normalize individual responses and
model them with the help of a membership function
(Wang, 1996), thus allowing for a mathematically rig-
orous explanation of semantic gradience.

mn Empirical Foundation: The experimental design permits
the collection of real data, which can then be analyzed
to reveal overlapping boundaries and gradations in the

semantic category.

5.2. Application of Fuzzy Set Theory

Step 1: Data Collection and Normalization

Thirty participants rated the adjective “happy” on a
7-point Likert scale, where 1 indicates minimal association
with the emotion and 7 indicates maximal association. The
experimental ratings collected are tabulated in Table 2 be-

low:
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Table 2. Experimental Dat Collected from 30 Participants.

Participant Rating Participant Rating Participant Rating
1 4 11 2 21 5
2 7 12 4 22 4
3 3 13 6 23 5
4 6 14 3 24 4
5 5 15 4 25 7
6 4 16 5 26 6
7 5 17 7 27 3
8 3 18 4 28 5
9 5 19 3 29 4
10 7 20 6 30 5

Each rating r is normalized to the interval [0, 1] using and a rating of 7 is normalized as:
the formula:

r—1 7T—1 6
= —=-=1.0
rno’rm 6 6 6

For example, a rating of 4 is normalized as: Step 2: Calculating Descriptive Statistics

4—-1 3 After normalization, the normalized values for each

6 6 ) participant are tabulated in Table 3 below:

Table 3. Experimental Dat Collected from 30 Participants after Normalized Rating.

Participant Rating Normalized Participant Rating Normalized
1 4 0.50 16 5 0.67
2 7 1.00 17 7 1.00
3 3 0.33 18 4 0.50
4 6 0.83 19 3 0.33
5 5 0.67 20 6 0.83
6 4 0.50 21 5 0.67
7 5 0.67 22 4 0.50
8 3 0.33 23 5 0.67
9 5 0.67 24 4 0.50
10 7 1.00 25 7 1.00
11 2 0.17 26 6 0.83
12 4 0.50 27 3 0.33
13 6 0.83 28 5 0.67
14 3 0.33 29 4 0.50
15 4 0.50 30 5 0.67
_ 18.50 and the standard deviation o is:
= ——~0.617
30
Calculating the Standard Deviation: o =v0.0520 ~ 0.228
We first compute the squared differences for each nor-  Step 3: Fitting the Gaussian Membership Function
malized rating from the mean. For example, for a rating of Using the empirical mean and standard deviation, the

0.50: Gaussian fuzzy membership function is defined as:

(0.50 — 0.617)* ~ 0.0136 (@ —2)°

p(z) = exp T 992

o

Repeating this for all 30 participants and summing, we L
Substituting z =~ 0.617 and o ~ 0.228, the member-

obtain a total squared difference of approximately 1.5083. . .
ship function becomes:

The variance o2 is then:

b2 1.5083
29

B (z—0.617)
~ 0.0520 wiz) =exp | =5 (o0
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This function models the degree of membership of any

normalized rating x in the semantic category “happy”.

5.3. Data Presentation and Visualization

The following experimental data, computes the nec-
essary statistics, and generates the Gaussian membership
function plot.

This Figure 6 shows the Gaussian membership func-
tion based on the empirical data. The z-axis represents the
normalized ratings, and the y-axis represents the member-
ship degree. The function’s peak occurs near the mean value
of approximately 0.617, with a spread determined by the
standard deviation of about 0.228. The gradual slope illus-
trates the fuzzy boundaries-capturing the continuum in how

“happy” is perceived across the sample.

1.0 Fuzzy Membership Function for "happy"

o °
> ®

o
>

Membership Degree

0.2
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Figure 6. Gaussian Fuzzy Membership Function Derived from 30
Participants’ Data.

Data Summary:

e Mean Normalized Rating: ~0.617
e Standard Deviation: ~0.228

e Membership Function:

B (z —0.617)
wiw) = emp( 2 % 0.2282

5.4. Interpretation

The calculated mean of 0.617 indicates that, on aver-
age, participants associate the term “happy” with a relatively
high degree of emotional intensity. The standard deviation
of 0.228 suggests moderate variability in perceptions among
participants. The Gaussian membership function, derived

from these parameters, provides a mathematical representa-

tion of the fuzzy boundaries of “happy”. The function’s grad-
ual slope confirms the presence of semantic gradience, cap-
turing overlapping regions where the emotion might blend
with adjacent states (e.g., “joyful” or “content”).

This case study, supported by detailed mathematical
calculations and visualization, demonstrates how fuzzy set
theory can be applied to model semantic gradience in a robust

and quantifiable manner.

6. Results

6.1. Findings Summary

The experimental study yielded the following key out-
comes:

Normalized Ratings: Thirty participants provided rat-
ings on a 7-point Likert scale for the adjective “happy”. Af-
ter the normalization, the ratings ranged from 0 to 1, with
observed values such as 0.17, 0.33, 0.50, 0.67, 0.83, and
1.00.

Central Tendency and Variability: The mean normal-
ized rating was calculated as approximately 0.617, indicating
that, on average, participants perceive “happy” as leaning
toward a high emotional intensity. The standard deviation of
about 0.228 demonstrates moderate variability in the ratings,
reflecting individual differences in interpreting the term’s
intensity.

Fuzzy Membership Function: By fitting a Gaussian
function to the empirical data, we derived the following
membership function:

4 (2) = eap ( (z — 0.617) )

2 x 0.2282

This function captures the gradual increase and de-
crease in membership values across the semantic continuum,

confirming the presence of semantic gradience.

6.2. Interpretation of Fuzzy Membership Func-
tions

The Gaussian fuzzy membership curve derived from
the data has several notable characteristics:

Peak and Center: The curve peaks at approximately
x = 0.617, which corresponds to the mean normalized rat-

ing. This peak represents the point of highest membership,
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suggesting that the majority of participants associate “happy”
with this intensity level.

Gradual Transitions: The smooth, continuous nature
of the curve, governed by a standard deviation of 0.228, in-
dicates that the transition from “not happy” to “happy” is
not abrupt. Instead, there is a gradual change in membership
degree, highlighting the fuzzy boundaries inherent in the
semantic interpretation of “happy”.

Semantic Overlap: Although this study focuses on a
single semantic item, the gradual slopes of the membership
function suggest that, in a broader analysis involving multi-
ple emotional adjectives (e.g., “joyful” or “content”), over-
lapping regions would emerge. These overlapping bound-
aries would quantify the semantic ambiguity where meanings

blend together.

6.3. Comparative Analysis

The fuzzy set approach provides several advantages
over traditional binary or categorical models:
- Continuum vs. Dichotomy:

Traditional models force linguistic items into discrete
categories (e.g., “happy” vs. "not happy”), disregarding the
subtle gradience in meaning. In contrast, the fuzzy model
accommodates a continuous spectrum where each rating
reflects a degree of membership, offering a more nuanced

representation.
o Quantification of Uncertainty:

The fuzzy membership function quantifies uncertainty
and the transitional nature of semantic boundaries. This
is particularly useful for capturing the inherent variability
of subjective ratingssomething that binary models cannot
achieve.

o Enhanced Predictive Power:

By representing the data as a continuous function, fuzzy
models allow for more refined statistical analyses and pre-
dictions. The Gaussian function derived in this study is able
to capture both the central tendency and the dispersion of
ratings, thereby better reflecting real-world semantic inter-
pretation.

Several statistical measures and reliability indicators

underscore the robustness of our findings:

o Descriptive Statistics:

The computed mean (0.617) and standard deviation
(0.228) provide a solid basis for modeling the central ten-
dency and variability of participants’ perceptions.

- Model Fit: The smooth and continuous nature of
the Gaussian membership function, with parameters
directly estimated from the data, indicates a good
fit. The function’s gradual slope, without abrupt
changes, aligns with the expected behavior of se-
mantic gradience.

- Reliability Indicators: Although specific reliability
coefficients (e.g., Cronbach’s alpha) were not com-
puted in this study, the consistency of the normal-
ized ratings across 30 participants suggests a stable
underlying pattern. Future research may wish to
include additional statistical tests (eg inter-rater re-
liability) in order to substantiate these findings fur-
ther.

Statistical Robustness:

A mathematically rigorous fuzzy membership function
is now obtained because of using a well-defined normal-
ization procedure and deriving empirical parameters. This
rigor grounds the argument that fuzzy set theory is a useful
means of modelling semantic gradience.

In sum, the results show that the semantic properties
of the adjective happy exhibit clear gradience, manifest as
a smooth Gaussian membership function over the seman-
tic space. The fuzzy approach allows for a more nuanced
and realistic representation of linguistic meaning compared
to traditional binary models, capturing the ambiguity and

variability present in human subjective ratings.

7. Discussion

7.1. Interpretation of Results

which
draws from fuzzy set theory, is strongly supported by the ex-

The proposed theoretical underpinning,

perimental evidence. This suggests said word is semantically
heard in a very specific range; as such, a Gaussian mem-
bership function is visible and peaks at around the value of
0.617, with a gradual tailing with a standard deviation near
0.228. Such seamless transition from low to high degrees of
membership validates that the meaning of happy does not
lend itself to a dichotomous classification rather it exists on
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a continuum. Thus, the membership function captures the
fuzziness embedded in the meaning of physical adjectives,
confirming that language is not categorical, words do not
mean things as whole; rather they have fuzzy boundaries.
This has significant implications for the understanding
of semantic gradience. Our model shows that such subjec-
tive feelings such as “happy” are mathematically describable
based on their degree of membership using quantitative mea-
sures. This method probes the semantic borders-the edges
where the concept of “happy” might merge with similar
categories like “elated” or “contented”-and provides a more

nuanced picture of how meaning is determined and discussed.

7.2. Identification and Comparison with Exist-
ing Literature

Our observations are consistent with literature that
highlightnatural language as a continuum of meaning. For
example, research cited by Johnson'%! and Thompson!!3!
showed that adjectives do not have sharp boundaries but
rather exhibit gradience. The Gaussian membership func-
tion we obtained in this study corresponds to the mathemat-
ical models proposed in these studies, supporting fuzzy set
theory as a viable approach for modelling this effect.

However, our approach diverges from traditional cat-
egorical models that force binary distinctions in semantic
interpretation. While previous models, such as those cri-
tiqued by Smith and Lee!®, typically overlook the interme-
diate states between categories, our results demonstrate that
a fuzzy approach provides a more realistic depiction of se-
mantic variability. Furthermore, our quantitative framework
builds upon and extends the integrative approaches discussed
by Nguyen?!! and Kumar?3!,

To situate our findings alongside existing models, John-
son!® reports a mean gradience of 0.60—0.70 for the adjec-
tive pair “tall” vs. “short” using Gaussian-based member-
ship fitting, whereas our study on “happy” yields a mean
of 0.617—an exceptionally close correspondence that un-
derscores the generalizability of Gaussian modeling across
semantic domains. Thompson['3], in contrast, applied clus-
ter-analysis to identify prototype cores and boundary regions;
our Gaussian approach not only reproduces their core-region
findings but also extends them by capturing the continu-
ous transitions between degrees of membership. Together,

these comparisons demonstrate that our method both comple-

ments prototype-theoretic and cluster-analytic frameworks
and offers a unified quantitative tool for modeling semantic
gradience in natural language.

7.3. Strengths and Limitations

Strengths:

e Quantitative Precision: The use of fuzzy set theory al-
lows for precise quantification of semantic gradience. The
mathematical rigor inherent in the Gaussian function pro-
vides clear parameters (mean and standard deviation) that
capture both central tendencies and variability in the data.

o Reflecting Subjective Variability: By modeling degrees
of membership, the fuzzy approach accommodates the
subjective nature of linguistic interpretation. This enables
a more nuanced analysis that accounts for individual dif-
ferences in perception.

o Enhanced Interpretability: The graphical representation
of fuzzy membership functions, as seen in our derived
curves, visually demonstrates the gradual transitions be-
tween semantic states, making the concept of semantic

overlap more tangible.
Limitations:

e Limited Semantic Domain: This study focused solely
on the adjective “happy,” which, while illustrative, does
not capture the full complexity of emotional semantics.
Extending the approach to a broader set of adjectives is
necessary to generalize the findings.

o Sample Size Constraints: Although 30 participants pro-
vided a useful dataset for this exploratory study, a larger
and more diverse sample would likely yield more robust
statistical indicators and reduce potential biases.

o Assumption of Gaussian Distribution: The decision to
model the membership function using a Gaussian form,
while mathematically convenient, may not be optimal for
all semantic domains. Depending on the data, other func-
tional forms (trapezoidal, logistic, etc.) could be better
fit.

Future work will apply our methodology to additional
emotional adjectives and alternate semantic domains to vali-
date generalizability.

We plan to recruit a larger, more demographically and
culturally diverse sample in follow-up studies.
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7.4. Impacts on upcoming studies

The promising results of this study lead to several op-

portunities for future investigations:

m Possible Semantic Domains: Further studies should use
the fuzzy set method in a broader range of semantic do-
mains (for example, across other emotional adjectives or
across lexical categories, e.g., colorterms or kin terminol-
ogy) to examine the extent to which the model generalizes.

m Recruitment of Diverse Subjects: Expanding sub-
ject pools to include individuals from different cultural
and linguistic backgrounds can enrich our understanding
of semantic gradience across diverse populations.

m Functional Forms: It may also be possible to explore
alternative forms (e.g., trapezoidal or logistic functions),
which may better account for certain patterns across dif-
ferent semantic types.

m Computational Models: Approaching fuzzy set theory
together with computational linguistics techniques could
contribute to more accurate predictive models in natu-
ral language processing applications, linking theoretical
perspectives with practical implementations.

m Longitudinal Studies: Investigating how semantic gradi-
ence changes over time or across contexts may uncover
dynamics in language use that is not accounted for within
static models.

In all, the fuzzy set-theoretical analysis in this paper
lays a strong case for the gradient nature of semantic mean-
ing and serves as a foundation for broader, cross-disciplinary

inquiry into the mathematical nature of language modelling.

8. Conclusion

8.1. Summary of Contributions

The current study has shown that a notoriously non-
binary feature of linguistic meaning - semantic gradience -
can be really well captured using fuzziness. By concentrat-
ing on the emotional adjective “happy”, we gathered data
from 30 participants, normalized the 7 -point Likert-scale
ratings and generated a Gaussian fuzzy membership function.
With a mean of roughly 0.617 and a standard deviation of
about 0.228, the resulting function describes the continuous
and overlapping nature of our semantic interpretation. These

results provide new insights into

8.2. Theoretical and Practical Contributions

This integral approach of fuzzy set theory in this study
propounds further research avenues on linguistics. In theory,
the fuzzy method unites the observation that semantic per-
ception waxes and wanes (differs) with a sound mathematical
model. The membership functions translate to degrees of
association, allowing the model to convey meaning in a con-
tinuous manner-an improvement over a discrete, categorical
model. These insights also have practical implications for
more sophisticated computational models of natural language
— in particular, where this ambiguity and gradience matters
the most. The approach can also be adapted to other semantic
fields (such as colour words or kinship expressions) and aug-
mented with larger, and at times more varied, data sources,
which will improve both theoretical insight and practical

language processing.

8.3. Closing Remarks

Overall, this study demonstrates that fuzzy set theory
offers a promising and insightful approach for modelling
semantic gradience. Nonetheless, by defining precisely what
the word “happy” means on an individual and cultural level,
we have demonstrated that linguistic meaning is not static
nor concrete but rather a range of points in a spectrum rather
than the opposite ends of a so-called spectrum. The findings
provide both theoretical insight into semantics and practi-
cal directions for future research. Future work will involve
applying this framework over a wider range of semantic
items, using more diverse participant samples, and checking
alternative functional forms to explore whether the model
can be further refined. Modern research in this area has
the potential to significantly improve our comprehension
of natural language and its implementation in computational

systems that require more particular semantic analysis.
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