A Networked Intuitionistic Fuzzy Preference Model with Robust Median Normalization for Portfolio Decision Making
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Abstract. Decision-making in portfolio selection is challenging due to uncertainty, interdependent criteria, and sensitivity to outliers. Traditional fuzzy multi-criteria decision-making (MCDM) models often assume independence and crisp data, limiting their realism. This study proposes a Networked Intuitionistic Fuzzy Preference Relation (NIFPR) model with median-based normalization to address these gaps. Intuitionistic fuzzy sets capture membership, non-membership, and hesitation, while network modelling ensures transparency by reflecting inter-criteria relationships. A case study of 15 Shariah-compliant asset funds from the Employees Provident Fund (EPF) i-Invest platform, evaluated across six (6) financial criteria, validates the approach. Results show that the Robust NIFPR model achieves the lowest root mean square error (RMSE) compared with standard Intuitionistic Fuzzy Preference Relation (IFPR) and NIFPR, indicating stable rankings and improved agreement with actual return-on-investment (ROI) outcomes. The results demonstrate that integrating fuzzy logic with robust statistics enhances portfolio decisions under uncertainty.

introduction
Decision-making models are important tools in financial settings, particularly in portfolio selection where investors must evaluate multiple alternatives under uncertain and often conflicting criteria. A robust model should address challenges such as the ambiguity of expert opinions, the interdependence of criteria, and the influence of outliers or skewed data distributions. However, the traditional approaches often assume criterion independence and rely on crisp input values, which fail to capture the complexity of real-world financial environments. 

Standard fuzzy sets, while widely applied in multi-criteria decision-making (MCDM) are limited because they only capture the degree of membership of an element to a set that neglecting non-membership and hesitation [1]. By contrast, they emphasized that intuitionistic fuzzy sets (IFS), which incorporate membership (μ), non-membership (ν), and hesitation (π), which provide a more sensitive and realistic framework for modelling human assessments under uncertainty. Networked Intuitionistic Fuzzy (NIF) theory to enhance transparency in decision processes and to account for interrelationships among criteria [2]. These contributions are particularly relevant in financial contexts where attributes such as fund size, leverage ratio, and return on assets (ROA) are interconnected, and neglecting such dependencies may result in oversimplified evaluations. Moreover, previous studies have shown that common normalization techniques, including average-based and min–max methods, remain highly sensitive to outliers, reducing their reliability in uncertain decision environments. 

To address these limitations, this study develops the Networked Intuitionistic Fuzzy Preference Relation (NIFPR) model. The model integrates intuitionistic fuzzy theory, network-based evaluation, and median-based normalization to enhance decision-making under uncertainty. In addition to addressing conceptual gaps in traditional MCDM approaches, the study demonstrates the empirical application of the NIFPR model through portfolio selection involving 15 Shariah-compliant asset funds from the Employees Provident Fund (EPF) i-Invest platform, highlighting its practical relevance in real-world financial decision-making. The remainder of this paper is structured as follows: Section 2 reviews related literature, Section 3 details the methodology, Section 4 presents the case study results, and Section 5 provides the conclusion.
literature review
Fuzzy MCDM models have been widely applied to support decision-making processes where imprecision and uncertainty are present. Methods such as the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), the Analytic Hierarchy Process (AHP), and Fuzzy Preference Relations (FPR) have been used across domains ranging from supply chain management to financial portfolio evaluation [3, 4]. These models extend classical decision tools by incorporating fuzzy numbers to represent linguistic or vague judgments [5]. Within this stream, FPR models have been extensively utilized to represent the relative importance or preference of one alternative over another. FPRs allow pairwise comparisons to be expressed in linguistic terms, thereby improving the consistency and reliability of human-centred evaluations [6].
In financial contexts, FPRs are advantageous because they enable decision-makers to compare investment alternatives without requiring precise numerical inputs [7]. Several studies have applied FPRs to portfolio selection problems, producing intuitive rankings of assets across multiple criteria. However, classical FPRs assume precise membership values and often fail to account for hesitation or indecision that experts naturally express during complex evaluations. To address these limitations, Intuitionistic Fuzzy Preference Relations (IFPRs) extend preference matrices by incorporating not only preference (μ) and non-preference (ν), but also hesitation (π). This extension improves the accuracy of decision-making under ambiguous conditions [8].
In portfolio evaluation, criteria such as fund size, leverage ratio, sales growth, and return on assets are rarely independent, and their interrelationships strongly influence overall performance. Network-based models can capture decision-making flows, score aggregation, and interdependencies among criteria, making the process more transparent [9]. Nevertheless, the integration of networked approaches with IFPRs remains limited. In addition, normalization plays a critical role in fuzzy MCDM models. Common normalization techniques, such as linear scaling and mean-based methods, are highly sensitive to outliers or skewed distributions, which can distort preference matrices and amplify inconsistencies in expert judgment [10]. Median-based normalization offers a more robust alternative due to its resilience to anomalies, yet its application within IFPR models is still scarce.
To address these gaps, this paper introduces the NIFPR model, which integrates intuitionistic fuzzy theory, network-based modelling, and median-based normalization to enhance portfolio decision-making under uncertainty.
Methodology
This study adapts the NIFPR model, which follows a nine-step MCDM process, from constructing the decision matrix and calculating expert and criterion weights to computing benefit and cost evaluations, aggregating pairwise values, forming preference relations, and ranking alternatives via non-dominated degrees. The model is applied to 15 Shariah-compliant EPF i-Invest funds, evaluated using six interdependent financial criteria: fund size, leverage ratio, tenor, sales growth, ROA, and cash flow. Three domain experts provided assessments using linguistic terms, which were converted into intuitionistic fuzzy numbers (IFNs) to form the decision matrix and capture uncertainty and hesitation in expert judgments.

Step 1: Define the decision matrix

The process begins with the formulation of a decision matrix, where each row corresponds to an alternative, and each column represents a criterion. The elements of this matrix consist of fuzzy ratings that quantify the performance of each alternative relative to each criterion. Let  denote the set of alternatives and the set of criteria. The decision matrix is defined as:
	
	(1)


where ​ represents the fuzzy rating of alternative ​ with respect to criterion ​, based on the linguistic terms in Table 1. 


TABLE 1. Linguistic terms and their corresponding intuitionistic fuzzy numbers (IFNs).
	[bookmark: _heading=h.itk2ugwmj9jq]Linguistic term
	IFNs

	Very poor 
	(0.1,0.9,0.0)

	Poor 
	(0.15,0.75,0.1)

	Below Average
	(0.3,0.6,0.1)

	Average
	(0.5,0.4,0.1)

	Good
	(0.6,0.3,0.1)

	Very Good
	(0.75,0.15,0.1)

	Excellent 
	(09,0.1,0.0)



Step 2: Calculate expert and criterion weights

Expert evaluations and criterion significance are rarely uniform; therefore, weighting is necessary. Experts are assigned weights reflecting their reliability or importance in the decision-making process. These weights are expressed linguistically and transformed into intuitionistic fuzzy numbers (IFNs).
 is the intuitionistic fuzzy number for th decision makers rating.
The weight of  is determined by formula:
	
	(2)


where,

 denote the weights assigned to lth experts, reflecting their reliability or importance in the decision-making process.
While for criterion weights, each criterion’s relative importance is also determined through expert assessments in IFN form. The Intuitionistic Fuzzy Weighted Averaging (IFWA) operator [11] aggregates these individual judgments into a single set of criterion weights. Let  represent an IFN of the  criterion of the th expert.
	,                 


	(3)


Step 3: Construct the Intuitionistic Fuzzy Decision Matrix (IFDM)

In this phase, the qualitative evaluations provided by experts are translated into a decision matrix in IFN format based on predefined linguistic terms. Each expert’s judgment is represented independently, resulting in multiple IFDMs, one for each decision-maker. These matrices encode not only membership and non-membership degrees but also the degree of hesitation, capturing a fuller spectrum of uncertainty.
Let  be the IFDM of each DM.
	

	(4)


Step 4: Computation of the Weighted IFDM (WIFDM)

The WIFDM is obtained by multiplying the IFDM by the corresponding criterion weights. This transformation integrates both performance scores and the relative importance of each criterion into a unified representation. The WIFDM,  is the product of W and R:

	 

	(5)




Step 5: Calculation of Final Fuzzy Evaluation Values for Benefit and Cost Systems

A significant enhancement of the NIFPR model is its fuzzy network integration, which distinguishes explicitly between benefit criteria (where higher scores indicate better performance) and cost criteria (where lower scores are preferable). For benefit criteria, evaluations are computed such that higher values correspond to superior alternatives. For cost criteria, evaluations are computed inversely, ensuring that higher cost-related values yield lower performance scores. The results from both systems are then combined to generate the Final Fuzzy Evaluation (FF) for each alternative, allowing a balanced consideration of benefit and cost criteria. The FF value is calculated as:
	
	(6)



Step 6: Robust Aggregation of Pairwise Evaluation Values

Before constructing the preference relation, the membership and non-membership degrees of each pair of alternatives  are aggregated to produce a robust representative value. The aggregated membership degree μ̃ij is computed as:
	
	(7)



where,

 and  represent the direct membership evaluations of alternatives i and j,
 and  represent the direct non-membership evaluations of alternatives i and j.

The median operator ensures robustness by reducing the effect of extreme values or inconsistencies in expert judgments. The resulting  will be used as the input to the preference relation construction in the following step.

Step 7: Construction of the Preference Relation

The fuzzy preference relation matrix is derived from the FF values through pairwise comparisons between alternatives. Given two (2) alternatives,  and , the degree of preference of  over  denoted by .
	
	(8)



Each pairwise represents the degree to which one alternative is preferred over another on a [0,1] scale:

Values > 0.5 indicate preference,
Values < 0.5 indicate the opposite,
Values = 0.5 indicate indifference.

Step 8: Derivation of the Fuzzy Strict Preference Relation

[bookmark: _heading=h.4la3qqqxtvje]The fuzzy preference relation is then converted into a fuzzy strict preference relation, which isolates the degree of strict dominance of one alternative over another by eliminating cases of indifference. This step refines the comparative analysis by focusing on decisive preferences only. Fuzzy preference relation denoted as . According to , the fuzzy strict preference relation is defined as , 
where

	
	(9)



Step 9: Ranking via Non-Dominated Degree

In the final stage, the non-dominated degree of each alternative is calculated to measure the extent to which it is not outperformed by others. The ranking procedure is carried out iteratively. First, the alternative with the highest non-dominated degree is identified and assigned the top rank. Next, this alternative is removed from the preference matrix, and the non-dominated degrees of the remaining alternatives are recalculated. The process is repeated until all alternatives are ranked. The alternative selected in the first iteration, with the highest non-dominated degree, is considered the optimal choice.

Root Mean Square Error (RMSE) Calculation

Where  and  are the predicted and actual return-on-investment (ROI) rankings of fund , and  is the number of funds. 
RESULTS AND DISCUSSION
To validate the proposed NIFPR model, a case study was conducted on the performance evaluation of 15 asset funds listed on the EPF i-Invest platform. The selected funds are Shariah-compliant fixed-income instruments, which play an increasingly important role in Islamic portfolio diversification. The evaluation was carried out by three domain experts using six (6) interdependent financial criteria identified from the literature and industry consultation: fund size (RM million), leverage ratio (debt-to-asset ratio), tenor (years), sales growth (%), return on assets (ROA, %), and cash flow (RM million).

The ranking results of the IFPR, NIFPR, and Robust NIFPR models in comparison with the actual ROI rankings of the 15 funds are presented in Table 2. Among the models, the Robust NIFPR showed the closest alignment with actual ROI, as indicated by its smallest RMSE value (5.05), compared with NIFPR (5.20) and IFPR (6.46), as reported in Table 3. Lower RMSE values indicate closer alignment with actual rankings, reflecting the robustness and reliability of each model in portfolio evaluation.

These findings indicate that the threefold advantage of the proposed model. Networked criteria modelling improved the realism of evaluations by capturing the interdependence among financial factors, while intuitionistic fuzzy logic enhanced the ability to represent uncertainty and hesitation in expert assessments. Furthermore, median-based normalization reduced sensitivity to extreme values, resulting in stable rankings even in the presence of outlier funds. From an investment decision-making perspective, the model not only achieved higher statistical agreement with actual ROI but also generated interpretable rankings that can guide fund managers in portfolio allocation decisions.
TABLE 2. Rankings of 15 Shariah-compliant asset funds by actual ROI, IFPR, NIFPR, and Robust NIFPR models.
	Alternative
	Actual ROI Ranking
	IFPR Ranking
	NIFPR Ranking
	Robust NIFPR Ranking

	S1
	3
	11
	9
	5

	S2
	15
	15
	8
	15

	S3
	5
	5
	10
	12

	S4
	1
	4
	7
	8

	S5
	6
	12
	11
	14

	S6
	7
	1
	12
	13

	S7
	2
	8
	13
	3

	S8
	12
	13
	4
	9

	S9
	13
	14
	8
	10

	S10
	10
	2
	9
	1

	S11
	9
	9
	14
	4

	S12
	8
	10
	3
	6

	S13
	14
	3
	2
	7

	S14
	11
	6
	6
	11

	S15
	4
	7
	5
	2



TABLE 3. RMSE values for IFPR, NIFPR, and Robust NIFPR models in comparison with actual ROI rankings.
	Model
	RMSE Value

	IFPR
	6.46

	NIFPR
	5.20

	Robust NIFPR
	5.05


Conclusion
The results demonstrate that the NIFPR model with robust median-based normalization outperforms earlier approaches in portfolio decision-making. By integrating intuitionistic fuzzy theory, the model captures membership, non-membership, and hesitation degrees, while network-based modelling ensures transparency by representing interdependencies among criteria. The inclusion of median-based normalization further enhances robustness by reducing the influence of extreme values. Furthermore, these elements provide a more realistic, interpretable, and stable decision-making process. The analysis indicates that the proposed model’s effectiveness in producing rankings that are both statistically reliable and managerially meaningful. Future research may extend this model by exploring additional constraints, applying it to broader datasets, or incorporating machine learning techniques to enhance automation and adaptability in financial decision-making.
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