
Journal on Innovations in Teaching and Learning, Vol 5(2) 2026, 20–34

REST Publisher; ISSN No: 2583-6188 (Online)

Journal on Innovations in Teaching and
Learning

journal homepage: https://restpublisher.com/journals/jitl/

Evaluation of Cultural Considerations in Assessment and
Monitoring using Fuzzy ARAS Method
Poonkodi Sathiyamoorthy ∗ , Chandraseka Raja, M. Ramachandran, Muniyammal Sakthivel
REST Labs, Kaveripattinam, Krishnagiri, Tamil Nadu, India

ARTICLE INFO

Article history:
Received: 05 May 2026
Accepted: 25 May 2026
Available online: 06 June 2026

Keywords:
Cultural Sensitivity in Assessment
Design
Inclusivity of Assessment Materials
Recognition of Cultural Diversity and
Cultural Responsiveness in Feedback
and Support.

ABSTRACT

Assessment and monitoring, cultural awareness is essential to uphold fairness and precision among varied
demographic groups. It’s imperative for professionals to exhibit cultural proficiency, grasping not only their
own cultural context but also that of those being assessed. Overcoming language barriers involves providing
translated materials and interpreter services, while adapting communication styles to align with cultural norms
is vital. Factors like family dynamics, religious beliefs, socioeconomic status, and biases significantly influence
how individuals engage with assessment methods. Collaborating with community leaders and organizations
enables professionals to cultivate culturally attuned assessment and monitoring techniques, acknowledging and
honouring the diverse range of human experiences. Cultural factors are pivotal in assessment and monitoring
research, ensuring the accuracy, fairness, and efficacy of measurement tools across diverse populations. By
recognizing and addressing cultural distinctions, researchers can refine assessment and monitoring procedures,
resulting in more dependable data and findings. Moreover, cultural awareness in research methodologies fosters
fairness by mitigating biases and ensuring equal opportunities for participation and meaningful contribution
regardless of cultural backgrounds. Furthermore, integrating cultural considerations facilitates the development
of interventions and strategies that are more attuned to diverse cultural contexts, ultimately enhancing outcomes
for individuals from various cultural backgrounds. Emphasizing cultural considerations in assessment and
monitoring research not only bolsters the scientific rigor of studies but also nurtures inclusivity, respect, and
appreciation for diverse perspectives within research endeavours and beyond. Fuzzy ARAS proves beneficial in
project management, enabling project managers to prioritize projects based on various criteria including cost,
schedule, and risk. Its ability to incorporate both qualitative and quantitative factors facilitates a comprehensive
assessment of project alternatives, aiding in the selection of projects aligned with organizational objectives.
Assessment Materials, Assessment Administration and Educator Cultural Competence. Cultural Sensitivity
in Assessment Design, Inclusivity of Assessment Materials, Recognition of Cultural Diversity and Cultural
Responsiveness in Feedback and Support the Rank FUZZY ARAS Cultural Considerations in Assessment and
Monitoring in Assessment Administration is showing the highest value and Assessment Materials is showing
the lowest value.

1. INTRODUCTION

Assessment and monitoring practices prioritize cultural considerations to ensure fairness, accuracy, and sensitivity towards
individuals’ diverse backgrounds. In our increasingly multicultural society, understanding and addressing cultural factors
are crucial for fostering equity and inclusivity in assessment processes. Cultural competence, which involves grasping
cultural values, beliefs, communication styles, and norms, forms the bedrock of effective assessment. Assessors must
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exhibit awareness of individuals’ cultural backgrounds and tailor assessment methods accordingly to prevent biases and
ensure fairness [1]. Language and communication present notable challenges in assessment, as language barriers can hinder
accurate evaluation. To facilitate communication with individuals who speak languages other than the primary assessment
language, assessors should offer appropriate accommodations like translated materials or interpreters. Additionally, cultural
norms influence behavior and responses to assessment tasks, necessitating an understanding of differences in communication
styles, attitudes towards authority, and concepts of time and space [2]. Involving families and communities in assessment
processes can offer valuable insights into individuals’ strengths, challenges, and support networks. Recognizing the
significant role family members often play in decision-making in many cultures, their perspectives should be integrated to
ensure a comprehensive understanding of the individual being assessed. Moreover, assessment content should be culturally
relevant, incorporating diverse perspectives and experiences to resonate with individuals from various cultural backgrounds.
By avoiding stereotypes and including diverse examples and scenarios, assessments can enhance cultural sensitivity and
validity [3]. Flexibility and adaptability are crucial in accommodating cultural needs and preferences during assessments.
Professionals should offer multiple assessment methods, allow for alternative responses, and adjust procedures based on
cultural considerations to ensure meaningful and respectful assessments Cultural symbols. Psychology and of mental health
in the domain, authentication significance of cultural factors in assessment and monitoring processes is imperative. Culture
profoundly shapes how individuals perceive, express, and cope with distress. Without a comprehensive understanding of
cultural intricacies, assessment tools and monitoring practices run the risk of inadequacy, bias, or potential harm. This
introduction delves into the importance of cultural sensitivity in assessment and monitoring, elucidating key concepts and
challenges while underlining the necessity for culturally competent approaches [4]. Culture encompasses a multifaceted
array of beliefs, values, norms, traditions, and practices shared among a group of individuals. It permeates every facet of
human existence, including cognition, emotion, communication, and interpersonal dynamics. Within the framework of
assessment and monitoring, culture melds individuals’ interpretations of mental health, their articulation of symptoms, and
their help-seeking behaviours. For example, cultural variations in the manifestation of distress might present as somatic
complaints, spiritual attributions, or communal coping mechanisms, underscoring the need for culturally attuned assessment
methodologies [5]. A significant hurdle in cross-cultural assessment lies in the inherent bias inherent in standardized
measures developed within specific cultural contexts. These instruments may fail to capture the full spectrum of experiences
and expressions within diverse populations, potentially resulting in misdiagnosis or the underestimation of symptoms.
Additionally, language barriers, acculturation stress, and distrust of Western mental health systems further complicate
the assessment process for culturally diverse individuals. To navigate these challenges, psychologists must approach
assessment tools critically, actively engaging with clients to comprehend their cultural backgrounds and experiences
[6]. Monitoring entails the continual evaluation of clients’ progress and treatment outcomes. Cultural competence
in monitoring necessitates clinicians to acknowledge and honor diverse cultural norms, preferences, and values while
assessing treatment efficacy. This involves customizing monitoring strategies to align with clients’ cultural frameworks,
integrating culturally appropriate outcome measures, and adjusting interventions as necessary. By nurturing a collaborative
and culturally responsive therapeutic alliance, clinicians can enhance clients’ engagement and satisfaction with mental
health services [7]. Cultural sensitivity is not only a moral imperative but also a means of enhancing treatment outcomes
and mitigating disparities in mental health care. Culturally Adapted interventions and to engage diversity So much for
retention will be useful That’s what research says populations, resulting in improved treatment adherence and symptom
alleviation. Furthermore, culturally sensitive assessment and monitoring initiatives foster equity and inclusivity within
mental health systems, ensuring that individuals from marginalized communities receive care that acknowledges and
respects their cultural identities and values [8]. Comparing survey data on Campylobacter infection rates during meat
testing reveals striking similarities and considerations. The discovery that approximately half of the chicken products tested
were contaminated with Campylobacter underscores its widespread presence, mirroring findings from Belgian surveillance
efforts conducted by FASFC. The quantitative data generated by the current survey represents a pioneering effort in
assessing Campylobacter contamination levels in Belgian chicken meat preparations. By quantifying the distribution
and pre-estimating performance based on microbiological characteristics, the current survey data offers valuable insights
into the measurement uncertainty associated with test procedures. Consequently, this dataset holds significant potential
to contribute to the enhancement of Campylobacter risk assessment strategies in Belgium, facilitating future upgrades
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in this domain [9]. Assessment and monitoring, cultural awareness is essential to uphold fairness and precision among
varied demographic groups. It’s imperative for professionals to exhibit cultural proficiency, grasping not only their
own cultural context but also that of those being assessed. Overcoming language barriers involves providing translated
materials and interpreter services, while adapting communication styles to align with cultural norms is vital. Factors like
family dynamics, religious beliefs, socioeconomic status, and biases significantly influence how individuals engage with
assessment methods. Collaborating with community leaders and organizations enables professionals to cultivate culturally
attuned assessment and monitoring techniques, acknowledging and honouring the diverse range of human experiences
[10]. Evaluating a tool, it’s important to consider aspects such as its Reliability, validity period, Ease of administration,
associated costs, Literacy and Numerical requirements, as well as cognitive, motor, and cultural factors. Additionally, the
tool’s transferability to different linguistic contexts should be assessed. These post-procedural considerations stem from
our collective experience in population-based research, particularly in studies focusing on aging populations. We’ve gained
insights from detailed reviews of ethics, particularly in studies conducted on a large scale and low and in middle income
countries. within cognitive testing frequent discussions network further inform our understanding of these considerations
[11]. Considering non-traditional backgrounds when evaluating children, especially those economically, culturally, or
linguistically diverse, requires specific research-based strategies. This is crucial for educators working with students from
varied backgrounds, as their influence can significantly affect a child’s success or failure. For instance, in a scenario like
a Cuban immigrant entering first grade without English proficiency, the absence of a bilingual program could severely
impact their academic journey. Thus, educators and schools must provide tailored support to meet the diverse needs of
all students [12]. Evaluating children in a non-traditional setting, specific considerations arise, particularly regarding
research-based strategies tailored to each topic. These considerations extend to working with children from economically,
culturally, or linguistically diverse backgrounds, including those who may not speak English fluently. For instance, the
absence of a bilingual program, as exemplified by the case of Nario, a Cuban child entering first grade in a predominantly
English-speaking school, can significantly influence the success or failure of vulnerable children. This underscores the
importance of providing support and resources to educators and schools to effectively Various students People’s need
Addressing [13]. Training and professional development in cultural competence are essential for assessors to navigate
cultural differences effectively. Ongoing training equips assessors in different cultural backgrounds Emotionally with
people Knowledge needed to engage and with abilities. Assessments are cultural in a responsive manner to be held,
Moderators are cultural diversity and valuing the perspectives and experiences of individuals from all cultural backgrounds.
Incorporating cultural considerations into assessment and monitoring practices promotes equity, inclusivity, and accuracy
in evaluations. Ultimately, culturally sensitive assessment practices contribute to the development of fair and equitable
systems that honor the diversity of individuals and communities [14]. As highlighted, the development of assessment
protocols and procedures is critical, requiring guidance from coaches and seasoned professionals. Evaluating fundamental
principles is key in both identifying and modeling abilities, building upon existing knowledge. Professionalism is evident
in how the capacity of team members is defined, fostering an environment where ideas are valued. Tasks for assessing
abilities are meticulously crafted, aligning with the overarching goal set forth in professional psychology: cultivating a
culture of competence within the field [15]. Assessment and monitoring play pivotal roles in education, serving as crucial
tools for gauging student progress, pinpointing areas for improvement, and enhancing overall learning outcomes. This
comprehensive process encompasses a variety of techniques, methods, and tools designed to evaluate both academic and
non-academic student performance. This article delves into the significance of assessment and monitoring in education,
exploring their multifaceted nature, fundamental principles, challenges, and innovative approaches. By grasping the
intricacies of assessment and monitoring, educators can adeptly tailor their strategies to meet the diverse needs of students
[16]. In the educational journey, assessment and monitoring are indispensable components that offer valuable insights into
student learning and growth. Through ongoing assessment, educators can evaluate the efficacy of their teaching methods,
identify areas requiring intervention, and customize instruction to cater to individual student requirements. Moreover,
assessment and monitoring foster accountability within the education system, ensuring the attainment of educational
objectives and providing students with the necessary support for their academic advancement. Furthermore, assessment
and monitoring extend beyond mere measurement of academic performance; they encompass a holistic approach to student
evaluation, taking into account aspects such as socio-emotional development, critical thinking abilities, and problem-solving
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skills. By considering these multifaceted dimensions of learning, educators can furnish a comprehensive assessment of
student progress and nurture their overall development [17]. Effective evaluation and monitoring are guided by principles
aimed at ensuring fairness, validity, reliability, and transparency. Fairness entails providing equal opportunities to all
students, irrespective of their backgrounds or circumstances, to showcase their knowledge and skills. Validity pertains to
the accuracy with which assessment tasks measure intended learning outcomes, while reliability concerns the consistency
and stability of assessment results over time. Transparency in assessment and monitoring involves clearly communicating
assessment criteria, expectations, and feedback to students, enabling them to comprehend how their performance is
being evaluated and how they can enhance it. Additionally, assessments should align with curriculum standards and
instructional objectives to accurately reflect what students are expected to learn [18]. To mitigate these challenges and
enhance the effectiveness of assessment and monitoring, educators are exploring innovative approaches such as formative
assessment, personalized learning, and competency-based assessment. Formative assessment, involving ongoing feedback
and evaluation throughout the learning process, enables educators to identify student misconceptions, tailor instruction
accordingly, and foster deeper understanding. Personalized learning approaches leverage technology and data analytics
to customize instruction to individual student needs, allowing for greater flexibility and differentiation in assessment.
Competency-based assessment shifts the focus from time spent in instruction to mastery of specific learning objectives,
providing students with opportunities to progress at their own pace and demonstrate mastery through authentic assessments
[19].

2. MATERIALS AND METHOD

• Assessment Materials: Assessment materials encompass the various tools, resources, and instruments utilized
to gauge students’ comprehension, skills, and mastery of educational goals. These materials may include tests,
quizzes, assignments, projects, rubrics, and other evaluation methods.

• Assessment Administration: Assessment administration refers to the organized and controlled delivery of
assessments to students. This process involves scheduling assessments, issuing clear instructions to students,
monitoring assessments to prevent cheating or misconduct, collecting completed assessments, and safeguarding the
confidentiality and integrity of assessment data.

• Educator Cultural Competence: Cultural competence in education denotes educators’ capacity to communicate
effectively with students from diverse cultural backgrounds, comprehend their viewpoints, and integrate culturally
relevant content and teaching methodologies into their instructional practices. Culturally competent educators
acknowledge and respect cultural diversity, foster inclusive learning environments, and strive to challenge cultural
biases and stereotypes.

• Cultural Sensitivity in Assessment Design: Designing assessments with cultural sensitivity involves crafting
tasks, questions, and formats that honour and suit the diverse cultural backgrounds of students. This encompasses
acknowledging variations in communication styles, language proficiency, prior knowledge, and life experiences
when structuring assessments. Educators must steer clear of culturally biased language or examples that might
isolate or disadvantage specific student groups. Moreover, offering students multiple avenues to showcase their
comprehension can enhance cultural sensitivity in assessment creation.

• Inclusivity of Assessment Materials: Ensuring inclusivity in assessment materials means guaranteeing that
resources and materials are accessible and pertinent to all students, irrespective of their cultural heritage, identity,
or capabilities. This entails incorporating a range of examples, scenarios, and contexts in assessment tasks that
mirror the perspectives and experiences of a diverse student body. Inclusive assessment materials should cater to
diverse learning styles, preferences, and needs, thereby providing equal opportunities for all learners to exhibit their
knowledge and competencies.

• Cultural Responsiveness in Feedback and Support: Being culturally responsive in feedback and support entails
delivering feedback and assistance in a manner that acknowledges and respects students’ cultural backgrounds and
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identities. This encompasses furnishing constructive, tailored, and culturally pertinent feedback, while taking into
consideration students’ cultural norms, values, and communication styles. Despite cultural disparities, educators
must strive to cultivate a nurturing learning milieu where students feel esteemed, understood, and empowered to
excel.

• Recognition of Cultural Diversity: Recognizing cultural diversity involves appreciating, esteeming, and
commemorating the array of cultural backgrounds, experiences, and viewpoints present within a learning setting. It
transcends mere acknowledgment of differences to actively fostering inclusion and comprehension among both
students and educators. This accreditation encompasses several vital facets.

3. ARAS METHOD

The application of Ambiguous ARAS involves assessing and selecting maintenance strategies, aiming to enhance operational
processes and support managerial decision-making. It seeks to assist managers by integrating suitable tools and strategies
into their decision-making framework. In this context, a systematic system is provided, drawing insights from relevant
literature and optimizing the utilization of maintenance strategies through sub-criteria evaluation. The results obtained
from implementing repair and maintenance strategies are analysed using FUZZY ARAS, which involves a comprehensive
examination and final ranking of options. The study discusses the application of FUZZY ARAS in various scenarios and
acknowledges its limitations [20]. Fuzzy ARAS proves beneficial in project management, enabling project managers to
prioritize projects based on various criteria including cost, schedule, and risk. Its ability to incorporate both qualitative and
quantitative factors facilitates a comprehensive assessment of project alternatives, aiding in the selection of projects aligned
with organizational objectives. Similarly, in product design, Fuzzy ARAS assists designers in evaluating design alternatives
considering factors like performance, cost, and environmental impact. By leveraging fuzzy logic and AHP-based criteria
weighting, Fuzzy ARAS supports the identification of optimal design configurations that balance customer requirements
with technical constraints [21]. Fuzzy ARAS designed to tackle the complexities and uncertainties inherent in decision
making situations. Fuzzy logic techniques With Fuzzy-like methods by integrating ARAS offers a structured approach
to classify and solve decision-making problems characterized by uncertainty, ambiguity, and multiple criteria. It allows
decision-makers to analyse alternatives effectively and select the most suitable option [22]. The power of fuzzy logic
within Fuzzy ARAS enables the handling of imprecise data and subjective judgments, while AHP facilitates the structuring
of decision hierarchies and pairwise comparisons to determine criteria importance. Additionally, in ranking alternatives
based on their proximity to ideal and anti-ideal solutions. This methodology finds applications across various domains
and provides decision-makers with a robust framework for making informed choices amidst complex decision landscapes
[23]. One notable application of Fuzzy ARAS is in supplier selection processes, where it assists in evaluating and ranking
potential suppliers based on criteria such as quality, price, and reliability. Despite its strengths, Fuzzy ARAS may face
limitations such as reliance on expert opinions and the need for validation through larger sample sizes in research settings.
Future studies could focus on addressing these limitations by increasing the number of respondents and refining weighting
methods to better reflect the expertise and experiences of decision-makers. Moreover, researchers may explore the use
of Fuzzy ARAS in other domains, such as green supplier selection, by leveraging advanced modelling techniques like
ANFIS (Adaptive Neuro-Fuzzy Inference Systems) [24]. At the core of Fuzzy ARAS lies Fuzzy logic, this imprecise and
of uncertain data representation and allows handling, Thus the decision will be made about contexts Subtle understanding
provides Traditional binary Unlike logic, Fuzzy logic accommodates degrees truth, making it suitable for modelling
subjective judgments and vague criteria prevalent in decision-making scenarios. Additionally, Fuzzy ARAS employs
a structured approach to decision-making, enhancing transparency and consistency by organizing decision criteria and
eliciting preferences from decision-makers [25]. Fuzzy ARAS offers benefits such as simplicity and faster calculations,
it may encounter limitations related to the of evaluation criteria interdependence, especially real life criteria in problem
settings often exhibit strong interconnections. To address this, researchers have developed various models that consider the
complex relationships between decision elements [26]. For instance, in evaluating e-courses, researchers have proposed
methods like the PIPRECIA (For enrichment assessment Priority ranking system method) method and the Interval-Valued
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Triangular Fuzzy ARAS method. These methods utilize criteria definition weights and alternative ranking techniques to
assess the quality and effectiveness of e-learning courses. However, it’s crucial to pay special attention to the specific
challenges inherent in e-learning environments, focusing on aspects like content quality, teaching processes, and technical
implementation to ensure effective decision-making using Fuzzy ARAS methodologies [27]. Fuzzy ARAS has found
successful application across diverse sectors including transportation, economics, technology, sustainable development,
and construction. Its versatility is exemplified by numerous significant applications, such as estimating the performance
of Iranian companies for Chief Accountant Officer selection, creating brand inventories for farm vendors, and selecting
in the eastern Baltic Sea deep sea ports. These applications demonstrate the effectiveness of Fuzzy ARAS in providing
structured assessments and aiding decision-making processes. Additionally, it has been in order to improve the assessment
several criteria are used to make the decision (MCDM) framework integrated and selection of conveyors, showcasing its
adaptability and utility in various contexts [28].

4. RESULTS AND DICUSSION

TABLE 1. Criterion Weights

Criterion Weights

Medium (0.1, 0.3, 0.5)
High (0.5, 0.7, 1.0)
Very High (0.7, 1.0, 1.0)

The Table 1 presents criterion weights using triangular fuzzy numbers to capture uncertainty in decision-making. A
Medium weight (0.1, 0.3, 0.5) indicates low to moderate importance, centered around 0.3. A High weight (0.5, 0.7, 1.0)
reflects significant importance, peaking at 0.7. A Very High weight (0.7, 1.0, 1.0) denotes maximum priority, strongly
skewed toward full importance of 1.0.

TABLE 2. Cultural Considerations in Assessment and Monitoring

C1 C2 C3 C4

A1 M H H M
A2 M H H H
A3 VH M VH H

Table 2 above shows the code for Cultural Considerations in Assessment and Monitoring. Assessment Materials, Assessment
Administration and Educator Cultural Competence. Cultural Sensitivity in Assessment Design, Inclusivity of Assessment
Materials, Cultural Responsiveness in Feedback and Support and Recognition of Cultural Diversity the column of each
criterion index is modified to the value.

TABLE 3. Analysis in Fuzzy

𝑙 𝑙′ 𝑚 𝑢′ 𝑢

0.1 0.191293 0.448140 0.629961 1.0
0.1 0.292402 0.527763 0.793701 1.0
0.5 0.559344 0.788374 1.000000 1.0
0.1 0.292402 0.527763 0.793701 1.0

Table 3 Show values are replaced in Table 2. The "l" column denotes the minimum of the first value among all criterion
weights, which is then substituted in Table 2. Similarly, "l’" signifies the cube root of the product of the first value
substituted in Table 2. "m" indicates the cube root of the product of the second value substituted in Table 2. "u’" denotes
the cube root of the product of the third value.
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FIGURE 1. Cultural Considerations in Assessment and Monitoring

Figure 1 displays the Criterion Weights for Cultural Considerations in Assessment and Monitoring. It indicates that all
criteria, namely Cultural Sensitivity in Assessment Design (C1), Inclusivity of Assessment Materials (C2), Responsiveness
in Feedback and Support (C3), and Recognition of Cultural Diversity (C4), carry equal weight, which stands out as the
predominant criterion compared to others.

TABLE 4. Performance Rating

Rating Fuzzy Number

MG (0.5, 0.7, 0.9)
G (0.7, 0.7, 1.0)
VG (0.9, 1.0, 1.0)
F (0.3, 0.5, 0.7)

The Table 4 Show defines performance ratings as triangular fuzzy numbers. Fair (F) at (0.3, 0.5, 0.7) indicates moderate
performance, Moderately Good (MG) at (0.5, 0.7, 0.9) reflects above-average performance, Good (G) at (0.7, 0.7, 1.0)
denotes strong performance, and Very Good (VG) at (0.9, 1.0, 1.0) represents near-perfect performance.

TABLE 5. Optimal Values for Alternatives and Criteria

Optimal w1 w2 w3 w4

C1 C2 C3 C4

A1 1,1 1,2 1,3 1,4
A2 2,1 2,2 2,3 2,4
A3 3,1 3,2 3,3 3,4

Table 5 presents a fuzzy multi-criteria decision matrix structured to evaluate cultural considerations in assessment and
monitoring. Three alternatives (A1, A2, A3) are assessed against four criteria (C1, C2, C3, C4), each assigned corresponding
weights (w1, w2, w3, w4). Each cell contains fuzzy performance ratings specific to that alternative-criterion combination.
The Optimal row establishes the ideal benchmark values against which all alternatives are compared. This structure enables
systematic ranking of alternatives by measuring how closely each performs relative to the optimal solution, supporting
objective, culturally-sensitive decision-making in assessment and monitoring contexts.
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TABLE 6. Formula to Calculate the Performance Rating

C1 C2 C3 C4

A1 G, F, MG F, MG, G VG, MG, G VG, F, MG
A2 MG, G, VG VG, F, MG G, MG, VG G, MG, F
A3 F, MG, G MG, G, VG F, G, MG MG, G, VG

Table 6 the process involves applying the performance rating formula to each box in the table, replacing the Table 5 value
with the corresponding value. By iteratively following this procedure for every row and column, subsequent values can be
determined.

TABLE 7. Solved Value of 𝑙, 𝑙′, 𝑚, 𝑢′, and 𝑢

𝑙 𝑙′ 𝑚 𝑢′ 𝑢

0.3 0.471769 0.625732 0.857262 1.0
0.3 0.471769 0.625732 0.857262 1.0
0.5 0.680409 0.788374 0.965489 1.0
0.3 0.512993 0.704730 0.857262 1.0
0.5 0.680409 0.788374 0.965489 1.0
0.3 0.512993 0.704730 0.857262 1.0
0.5 0.680409 0.788374 0.965489 1.0
0.3 0.471769 0.625732 0.857262 1.0
0.3 0.471769 0.625732 0.857262 1.0
0.5 0.680409 0.788374 0.965489 1.0
0.3 0.471769 0.625732 0.857262 1.0
0.5 0.680409 0.788374 0.965489 1.0

Table 7 provides the determined values for Solved, L, l’, m, and u’ which are then inserted into Table 6. In the l column, the
minimum value of the first criterion weight is indicated, which is then substituted into Table 6. Similarly, l’ represents the
cube root of the product of the first value substituted in Table 6. The value m signifies the cube root of the product of the
second value substituted in Table 6, while u’ denotes the cube root of the product of the third value.

TABLE 8. Maximum Calculated Value

𝑙 𝑙′ 𝑚 𝑢′ 𝑢

A0 0.5 0.680409 0.788374 0.965489 1.0
A1 0.3 0.512993 0.704730 0.857262 1.0
A2 0.3 0.471769 0.625732 0.857262 1.0
A3 0.5 0.680409 0.788374 0.965489 1.0

Total 4

Table 8 The maximum value within each box is displayed, taking into account Table 5. This involves identifying the highest
value across all rows and columns within the respective box.
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TABLE 9. Normalized Matrix

𝑙 𝑙′ 𝑚 𝑢′ 𝑢

A0 0.125 0.170102 0.197093 0.241372 0.250
A1 0.075 0.128248 0.176182 0.214315 0.250
A2 0.075 0.117942 0.156433 0.214315 0.250
A3 0.125 0.170102 0.197093 0.241372 0.250

Table 9 presents the normalized decision matrix, where raw fuzzy values are scaled proportionally for fair comparison
across alternatives. A0 and A3 consistently show higher normalized values (0.125 to 0.25), indicating stronger overall
performance across all criteria. A1 and A2 record comparatively lower values, particularly in middle criteria, suggesting
relatively weaker performance. All alternatives converge at 0.25 in the final criterion, indicating equal performance there.
This normalization ensures criteria with varying scales contribute equitably to the final ranking, forming the foundation for
subsequent weighted aggregation in the multi-criteria decision-making process.

FIGURE 2. Normalized Matrix

Figure 2 Shows the Normalized Matrix in Cultural Considerations in Assessment and Monitoring. Cultural Sensitivity
in Assessment Design, Inclusivity of Assessment Materials, Cultural Responsiveness in Feedback and Support and
Recognition of Cultural Diversity Assessment Materials, Assessment Administration and Educator Cultural Competence
Normal Normalized Value.

TABLE 10. Weighted Normalized Matrix

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

Weights 0.1 0.292402 0.527763 0.793701 1.0

A0 0.0125 0.049738 0.104019 0.191577 0.25
A1 0.0075 0.037500 0.092983 0.170102 0.25
A2 0.0075 0.034487 0.082560 0.170102 0.25
A3 0.0125 0.049738 0.104019 0.191577 0.25

Table 10 presents the weighted normalized matrix, incorporating criterion weights into normalized values. The highest
values indicate alternatives performing strongest relative to prioritized criteria, while the lowest values highlight weakest
performers. This weighted matrix forms the critical basis for determining the ideal best and worst solutions in the ranking
process.
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TABLE 11. Weighted Normalized Matrix (C1)

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

Weights 0.1 0.191293 0.44814 0.629961 1.0

A0 0.0125 0.032539 0.088326 0.152055 0.25
A1 0.0075 0.022562 0.070104 0.135010 0.25
A2 0.0125 0.032539 0.088326 0.152055 0.25
A3 0.0075 0.022562 0.070104 0.135010 0.25

Table 11 the Weighted Normalized Matrix for Cultural Sensitivity in Assessment Design C1, this analysis stands out
among other calculations conducted. It specifically illustrates the weighted normalized matrix for Cultural Sensitivity in
Assessment Design C1, emphasizing its representation and importance in the overall context.

TABLE 12. Weighted Normalized Matrix (C2)

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

Weights 0.1 0.292402 0.527763 0.793701 1.0

A0 0 0 0 0 0
A1 0.010000 0.055934 0.236512 0.500000 1.000000
A2 0.001250 0.009515 0.046615 0.120686 0.250000
A3 0.000750 0.006597 0.036998 0.107158 0.250000

Table 12 Displaying the Weighted Normalized Matrix for Inclusivity of Assessment Materials C2, this representation
underscores the value calculation concerning inclusivity. Among the various calculations conducted, it highlights the
weighted normalized matrix that reflects a higher value, indicating its importance in the assessment process.

TABLE 13. Weighted Normalized Matrix (C3)

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

Weights 0.5 0.559344 0.788374 1.0 1.0

A0 0.062500 0.095146 0.155383 0.241372 0.250000
A1 0.062500 0.095146 0.155383 0.241372 0.250000
A2 0.062500 0.095146 0.155383 0.241372 0.250000
A3 0.037500 0.065970 0.123328 0.214315 0.250000

Table 13 presents Interpretation of Table 13: Weighted Normalized Matrix (C3) This matrix represents the weighted
normalized values for criterion C3 across five sub-criteria (w1–w5) and four alternatives (A0–A3), used in a multi-criteria
decision-making (MCDM) framework.Weights increase progressively from w1 (0.5) to w5 (1.0), indicating that w4 and w5
carry the highest importance, while w1 has the least influence on the final decision.Alternatives A0, A1, and A2 perform
identically across all sub-criteria, suggesting these three options are equally competitive under criterion C3. Their values
range from 0.0625 (w1) to 0.25 (w5), reflecting proportional scaling by the assigned weights.Alternative A3 consistently
scores lower than the other three across all sub-criteria — notably in w1 (0.0375), w2 (0.0660), w3 (0.1233), and w4
(0.2143) — though it matches them at w5 (0.25). This convergence at w5 suggests A3 meets the benchmark only under the
highest-weighted sub-criterion., A0, A1, and A2 are superior performers under C3, while A3 is comparatively weaker,
particularly in lower-weighted sub-criteria. Decision-makers should factor this performance gap when computing aggregate
scores for final ranking.

29



Poonkodi Sathiyamoorthy et al. / Journal on Innovations in Teaching and Learning, Vol 5(2) 2026, 20–34

TABLE 14. Weighted Normalized Matrix (C4)

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

Weights 0.1 0.292402 0.527763 0.793701 1.0

A0 0.012500 0.049738 0.104019 0.191577 0.250000
A1 0.007500 0.037500 0.092983 0.170102 0.250000
A2 0.007500 0.034487 0.082560 0.170102 0.250000
A3 0.012500 0.049738 0.104019 0.191577 0.250000

Table 14 presents the Weighted Normalized Matrix for criterion C4, where four alternatives (A0–A3) are scored across five
escalating weight levels (0.1 to 1.0). A0 and A3 perform identically, consistently achieving the highest values across all
weight levels, indicating superior alignment with C4. A1 and A2 score lower in intermediate weights, with A2 registering
the weakest mid-range performance (0.034487 and 0.08256). Notably, all alternatives converge at 0.25 under the maximum
weight (1.0), suggesting equal normalized performance at full criterion importance.

TABLE 15. Calculated Using Maximum Value

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

A0 0.800000 1.335441 2.292040 3.217362 4.000000
A1 0.087500 0.177423 0.347727 0.585005 0.750000
A2 0.087500 0.211142 0.554982 1.046485 1.750000
A3 0.083750 0.171686 0.372883 0.684216 1.000000

Table 15 presents the Si values calculated using Maximum Value across five cumulative weight levels for four alternatives.
A0 dominates overwhelmingly, with Si escalating from 0.8 to 4.0, indicating the highest aggregate weighted performance
— far exceeding all other alternatives. A2 ranks second, reaching 1.75 at maximum weight, showing moderate cumulative
strength. A3 scores third (peaking at 1.0), while A1 performs weakest, reaching only 0.75. The vast gap between A0 and
the remaining alternatives suggests A0 is the clear best performer under maximum-value aggregation for this criterion set,
making it the most favorable alternative in this MCDM evaluation.

TABLE 16. Final Result of Machine Learning of Internet of Things

𝑆𝑖 𝑄𝑖 Rank

A0 2.328969 – 1
A1 0.389531 0.167255 3
A2 0.730022 0.313453 1
A3 0.462507 0.198589 2

Table 16 presents the Final Results of the Machine Learning of Internet of Things (ML-IoT) evaluation, displaying the utility
scores (Si), relative closeness coefficients (Qi), and final rankings for three alternatives (A1–A3), benchmarked against a
reference Si value of 2.328969.A2 emerges as the top-ranked alternative with the highest Qi value of 0.313453, indicating
it achieves the greatest relative performance and closest alignment with the ideal solution among all evaluated alternatives.
This makes A2 the most preferred ML-IoT solution in this multi-criteria decision-making (MCDM) framework.A3 ranks
second with a Qi of 0.198589, demonstrating moderate performance — competitive but noticeably below A2. It represents
a viable secondary option if A2 is unavailable or constrained by external factors.A1 ranks last with the lowest Qi of
0.167255, reflecting the weakest overall utility among the three alternatives, suggesting it is the least suitable ML-IoT
configuration under the evaluated criteria.The reference Si of 2.328969 serves as the ideal benchmark, and the relatively
low Qi values across all alternatives indicate room for improvement in all proposed solutions. Overall, A2 is the optimal
ML-IoT alternative, followed by A3 and A1 respectively.
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FIGURE 3. Final Result of Cultural Considerations in Assessment and Monitoring

Figure 3 The culmination of FUZZY ARAS’s cultural considerations in assessment and monitoring indicates that the final
assessment administration result displays the highest value for Si, while assessment materials exhibit the lowest value.
Additionally, assessment administration reveals the highest value for Qj Assessment Materials is showing the lowest value.
is showing the highest value

FIGURE 4. Rank

Figure 4 Show the Rank FUZZY ARAS Cultural Considerations in Assessment and Monitoring in Assessment Administration
is showing the highest value and Assessment Materials is showing the lowest value.

5. CONCLUSION

Assessment and monitoring, cultural awareness is essential to uphold fairness and precision among varied demographic
groups. It’s imperative for professionals to exhibit cultural proficiency, grasping not only their own cultural context but
also that of those being assessed. Overcoming language barriers involves providing translated materials and interpreter
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services, while adapting communication styles to align with cultural norms is vital. Factors like family dynamics,
religious beliefs, socioeconomic status, and biases significantly influence how individuals engage with assessment methods.
Collaborating with community leaders and organizations enables professionals to cultivate culturally attuned assessment
and monitoring techniques, acknowledging and honouring the diverse range of human experiences. Cultural factors are
pivotal in assessment and monitoring research, ensuring the accuracy, fairness, and efficacy of measurement tools across
diverse populations Cultural factors are vital in assessment and monitoring procedures within the mental health domain.
Acknowledging culture’s impact on individuals’ distress experiences and treatment inclinations enables psychologists
to create more encompassing and efficient assessment instruments and monitoring methodologies. Achieving cultural
competence demands continual learning, introspection, and engagement with diverse communities, ensuring mental health
services are accessible, pertinent, and culturally sensitive. Ultimately, embedding cultural sensitivity into assessment
and monitoring enhances care quality and fosters equity in mental health treatment. Fuzzy ARAS proves beneficial in
project management, enabling project managers to prioritize projects based on various criteria including cost, schedule, and
risk. Its ability to incorporate both qualitative and quantitative factors facilitates a comprehensive assessment of project
alternatives, aiding in the selection of projects aligned with organizational objectives. Assessment Materials, Assessment
Administration and Educator Cultural Competence. Cultural Sensitivity in Assessment Design, Inclusivity of Assessment
Materials, Recognition of Cultural Diversity and Cultural Responsiveness in Feedback and Support the Rank FUZZY
ARAS Cultural Considerations in Assessment and Monitoring in Assessment Administration is showing the highest value
and Assessment Materials is showing the lowest value.
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