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ABSTRACT

Fuzzy methodologies in linear programming problems (FLPPs) concern the intrinsic indeterminacy and
vagueness of real-world decision environments. While classical linear programming works on certain crisp,
defined coefficients and constraints, real world scenarios related to supply chain management, production
planning, financial portfolio allocation or resource distribution rarely abide by specific instances. This
empirical research applies fuzzy set theory in the context of linear programming problem settings using
triangular (TFNs) and trapezoidal fuzzy numbers (TrFNs) as.models for uncertain objective function
coefficients and constraints parameters. Leveraging a three-phase dataset developed from 180 simulated
optimization runs of six sectors, the research quantitatively assesses solution quality, computational efficiency
and constraint adherence rates of fuzzy LP models against crisp LP counterparts. An empirical evaluation of
Zimmermann's fuzzy programming methodology, the Bellman Zadeh decision framework and ranking-based
defuzzification techmiques. Statistical analyses (ANOVA, iregression, and paired t-tests) confirm that FLPPs
obtain significantly better objective function values than those computed for imprecision levels greater than
15% of parameter magnitude (p < 0.001). In addition, it is noted that with the presence of uncertain data,
triangular fuzzy number-based models have a 18.7% improvement in mean constraint satisfaction compared to
classical models. The results provide a strong evidence-based background to utilising fuzzy LP in industrial

optimisation scenarios, alongside quantitative benchmarks for method selection.

Keywords: Fuzzy Linear Programming', Triangular Fuzzy Numbers’, Zimmermann's Method>,

Defuzzification®, Fuzzy Optimization®, Membership Functions®, Decision-Making Under Uncertainty’.
I. INTRODUCTION

Linear programming (LP) is one of the most used mathematical optimization frameworks used in engineering,
economics, logistics and operations management. LP has powered resource allocation, production scheduling,
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network flow problems, and financial portfolio design since being formalized by Dantzig in 1947. The classical
LP framework assumes that all parameters (objective function coefficients, constraint coefficients, and right-
hand-side (RHS) values) are known exactly at a point in time with certainty. Nonetheless, data collection
mistakes, imprecise human estimations, linguistic description of limits and temporal variability make much LP
parameters inherently uncertain. The divergence from crispness in theory to vagueness in operations has led to
the development and merging of fuzzy set theory and LP together, resulting in Fuzzy Linear Programming
(FLP). The theoretical framework for this integration was set in place by the seminal papers of Zadeh (1965) on
fuzzy sets and Bellman and Zadeh (1970) on decision making in fuzzy environments. The first feasible fuzzy LP
grounded formulation was formalized by Zimmermann (1978), who proved that vague objective functions and
soft constraints could be transformed into solvable crisp linear programming (LP) problems using piecewise
linear membership functions. Over the decades, extended theoretical constructs — fuzzy goal programming,
possibilistic LP and interval arithmetic methods among others - have emerged but rigorous empirical testing of
these techniques over ‘realistic’ industrial datasets has not been as abundant. This study fills this gap with a
thorough empirical analysis of fuzzy linear programming solution quality, across multiple methodological

frameworks and industrial domains.
1.1 BACKGROUND AND MOTIVATION

The motivation for this study arises from the intersection of three trends inindustry. The first stream observes
how the burgeoning use of data-driven decision support systems used in manufacturing, logistics and finance
exposes a serious limit: P solvers are deterministic, whilst input parameters from market surveys, sensor
measurements and expert elicitation contain naturally measurement error. The solutions obtained can be
technically optimal (under the assumption that parameters follow crisp conditions) but practically infeasible or
sub-optimal, as soon as the realizations of parameters deviate from point estimates. Second, it is now
operationally viable to implement fuzzy LP. methods that were previously an academically promising but
computationally intractable solution method into standard decision support pipelines due to advances in solver
technology and computational power. Three, by way of a recent review (Wee et al., 2015), empirical research in
supply chain optimization (Kumar et al., 2021), portfolio management (Gupta and Mehlawat, 2020) or energy
system planning (Wang and Yang, 2021) has been shown to improve real-world performance under fuzzy-based
optimal frameworks, though domain-specific studies fall short on comparative cross-sector benchmarks. This
work systematically fills these gaps by constructing a controlled multi-sector empirical dataset and applying
standardized evaluation metrics to four fuzzy LP approaches providing both domain-specific insights and

general methodological guidance for practitioners/researchers.
1.2 OBJECTIVES OF THE STUDY

The study aims to achieve four related empirical objectives. Its main goal is to quantitatively compare the

performances of four fuzzy LP methods - Zimmermann's symmetric method (M1), min-operator-based
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framework (M2), weighted averaging defuzzification method (M3) and Yager's ranking function approach (M4)
- against those associated with classical crisp LP solutions over 180 benchmark optimization problems. A
secondary aim is to analyze the sensitivity of fuzzy LP solution quality under changes in the modelling degree
of fuzziness in input parameters, which were operationalized as spread ratios concerning their mode for soft
computing type parameters. Third, ANOVA, regression analysis, and pairwise comparison tests are used to see
if the differences in performance across sectors and methods apply with statistical significance. Finally, we hope
the research will alert practitioners to cases in which fuzzy LP methods provide no statistically significant gains
over crisp LP, thus directing them toward empirically supported practices of method choice. Collectively, these
objectives make this study the most extensive empirical cross-sectoral benchmarking of fuzzy LP methods to

date and an analysis that involves a significant gap in the quantitative literature on fuzzy optimization.
1.3 SCOPE AND DELIMITATIONS

The current study restricts itself to a specific domain, single-objective fuzzy LP problems with linear
constraints, and does not provide any direct empirical. comparisons with other fuzzy multi-objective
programming formulations or stochastic programming frameworks or even more general classes of non-linear
fuzzy optimization. Fuzzy maximal flow problems were formulated for two types of imprecision
representations: symmetric and asymmetric TFNs, and symmetric TRFNS; we illustrate the percentage that
these nonlinear formulations of fuzzy LP problems account for in the empirical literature. Each scenario used
are from six industry sectors- manufacturing, supply chain logistics, agricultural resource allocation, financial
portfolio management, transport network optimization and health care resource scheduling. The simulation
framework uses standardized experimental conditions with problem sizes from 5 up to 50 decision variables in
addition to 5 up to 40 constraints, consistent with conventional benchmark problem size as the approaches
developed by Kaur and Kumar (2016) and Nasseri et al. (2019). This work does not generalize for large-scale
LP problems with over 500 variables. Finally, it.does not examine fuzzy LP formulations where some or all
decision variables are also fuzzy (fully fuzzy LP). This is a different type of problem that serves as an even more

complex class of problems requiring empirical evaluation independently.
II. LITERATURE SURVEY

The theoretical foundation for fuzzy linear programming was laid by Zadeh, (1965) who first introduced the
concept of fuzzy set that enhances a mathematical description of linguistic and uncertain quantities in terms of
membership functions. Building upon, Bellman and Zadeh (1970)-also defined fuzzy decisions as the
intersection of fuzzy goals and fuzzy constraints in fuzzy environments by letting the min-operator serve as the
decision criterion. This ground-breaking work allowed fuzzy LP, in concept, finally to be a computationally
tractable exercise. Zimmermann (1978) demonstrated the Bellman-Zadeh formulation for practical LP by
proposing pairwise linear membership functions for both objective function and constraint goals, converting the

fuzzy LP problem into an equivalent crisp LP via maximization of lambda, or minimum satisfaction level; this
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string was still the most commonly cited and implemented fuzzy LP approach for decades. Tanaka and Asai
(1984) offered a new type of fuzzy LP in which the coefficients are fuzzifying numbers while derive
possibilities for LP solutions with h-level sets corresponding to practical applicability in fields such as
production planning. In their work, Dubois and Prade (1980) provided the mathematical framework - fuzz
arithmetic, extension principles and ranking methods etc so that fuzzy number coefficients could be manipulated
in a rigorous way in LP frameworks. The way of ranking that was used in this article was later enhanced by
Yager (1981) with the centroid based ranking function which provides a defuzzification procedure for

converting fuzzy objective values into crisp scalars to facilitate comparison.

Lowe and Anderson reviewed fuzzy LP, highlighting the applicability of fuzzy LP to industry, and set
benchmarks for a number of fuzzy LP methods when tested against crisp LP on production planning datasets
and reported improved decision flexibility (Rommelfanger 1996). Independently from each other, Verdegay
(1984) and Chanas (1983) proposed fuzzy LPs according to parametric programming ideas where the alpha-cut
level is a flexibility parameter producing ranges of solutions instead of single solutions. Parametric approaches
received a new round of empirical interest in the 2000s, as decision-support systems had more need for solution
envelopes accommodating planner preferences. Jimenez et al. Zhu et al. (2007) generalises fuzzy LP problems
with trapezoidal fuzzy numbers for all parameters and presents it-solution method based on expected-value,
providing empirical validation over supply chain network design problems, with a reported 14.2% robustness
improvement as compared to crisp LP under demand uncertainty. A fuzzy LP for facility location based on
imprecise cost data proposed by Liu (2001), and evolution-based solutions for the full fuzzy LP systems in

which all parameters and variables are fuzzy numbers is addressed by Buckley & Feuring (2000).

In case of FLP with equality constraints, Kaur and Kumar (2012, 2016) proposed a new computational scheme
for this problem and showed it to be more efficient as compared to Zimmermann's method on an average by 1.6
times on 24 standard benchmark problems. Their research is one of the most cited recent contributions to fuzzy
LP using algorithms. Nasseri et al. (2019) empirically compared eight fuzzy LP methods on 120 benchmark
problems, all" ranking-function-based methods outperformed membership-function-based ones when the
imprecision exceeded 20% of the range of each parameter. This result is the most straightforward antecedent for
this research and, furthermore, is expanded upon here through a larger sample, multi-sector design, and robust
regression analysis. Pishvaee et al. Jointly fuzzy-stochastic green supply chain network design was investigated
by Drezner et al. (2022) using hybrid fuzzy-stochastic LP, which reduced worst-case cost 22% compared to
deterministic LP across 50 Monte Carlo scenarios. Gupta and Mehlawat (2020) used credibility-based fuzzy LP
in portfolio selection to show that on average the Sharpe ratio would increase by 0.18 over crisp Markowitz LP
for 60 test portfolios from BSE-500 data. Fuzzy LP applications in energy system planning were reviewed
Wang and Yang (2021), including a total of 47 empirical studies and showing that under parameter uncertainty,
fuzzy LP resulted in lower regret values in 89% of the cases. Even with this expanding empirical foundation,
lack of cross-sector comparative benchmarking using standardized statistical protocols - the novel contribution

of the current study - has been identified in the fuzzy optimization literature.
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The past decade has seen both theoretical and computational advances in fuzzy LP, considerably extending the
range of its applicability. In 2018, Ebrahimnejad and Verdegay introduced a methodology of intuitionistic fuzzy
LP to investigate both membership and non-membership uncertainty under the same framework with practical
applications investigating complex hierarchy transportation problems. Hatami Marbini et al. (2011) developed a
systematic framework of sensitivity analysis for fuzzy LP, allowing practitioners to evaluate the robustness of
solutions under perturbation of parameters. The trapezoidal approximation of fuzzy numbers was improved by
Allahviranloo and Firozja (2007), which decreased the error for defuzzification, based LP solution methods. For
example, De and Yadav (2010), who model the combinatorial nature of multi-objective assignment solutions
under triangular fuzzy conditions and show how assignments can be_easily defined within a fuzzy LP
framework. Chanas and Kuchta (1996) examined fuzzy LP in a transportation context with fuzzy cost
coefficients, providing early empirical support for the use of possibilistic models to represent uncertainty with
regards to con straining conditions such as route costs. Hosseinzadeh Lotfi et al. Lexicographic approach for
determining full fuzzy LP systems and its convergence properties was introduced (2009). Overall, this literature
creates an ecosystem with matched hypotheses and empirical studies to support them much like the historical
Svensson paper identified across several domains but lacking this. final component of standardized cross-sector
scholarly benchmarking using robust inferential statistical tests which is at present a deficit addressed with the

current study.
III. METHODOLOGY

Methodologically, this study is structured around an experimental simulation framework which includes four
fuzzy LP solution approaches tested using 180 benchmark optimization problems in six industrial domains. All
these scenarios were generated according to a defined protocol of parameter initialization aiming at mimicking
the level of imprecision associated to real life LP applications. The key LP formulation for each scenario was
defined as: Max.Z = cT x s.t. Ax < b, x =0 where ¢, A and b are fuzzy vectors and matrices representing
objective coefficients, constraint coefficients and right-hand-side values respectively (Oct 2023). We used
triangular fuzzy numbers of type (I, m, u) to represent parameter imprecision with the notation that m is the
modal value and I, u are the lower and upper limits obtained through a fractional spread parameter delta ranging
over {0.05, 0.10, 0.15,0.20, 0.25,.30} which represents a symmetric TFN scenario where | = m(1 - delta) and u
= m(1 + delta). In conditions labelled asymmetric, 1 and u were generated from different delta; and delta,
minimal values sampled from a uniform distribution (0.05;0.35). The model values m were sampled from
uniform distributions parametrized to sector-related ranges identified by prior operational research literature in
order to create domain-realistic problem instances, while still enabling control of the imprecision dimension for

experiment purposes.

They implementation and evaluation of fuzzy LP solution methods four. Method M1: This is a symmetric fuzzy
LP method called the approach by Zimmermann which converts FLPP to crisp LP simply by defining the
satisfaction level variable A€[0,1] and maximizing it under constraints of membership functions for both the
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objective and all fuzzy constraints. M2 — Bellman-Zadeh min-operator framework, where the fuzzy decision
(the design area) is the intersection under minimum operator between fuzzy objective and all fuzzy constraints
that you iteratively solve as constrained LP via alpha-cut finding within a range of discretization on 20 evenly
spaced levels of alpha cut from alpha = 0 to a=1. M3: Weights averaging defuzzification method, in which the
TFN coefficients were swapped with their weighted average (1 + 4m + u)/6 - a weighting as motivated by the
Beta-distribution - that made LSFP into a crisp LP solved via way of means of the trendy simplex technique.
Method M4: The ranking function method of Yager, the crisp LP from each fuzzy coefficient via centroid
integral is solved by the simplex method. We coded all implementation in MATLAB R2023b and utilized a
common LP solver kernel (linprog with interior-point algorithm) so that‘methods could be computationally
compared. The crisp LP baseline (M0) was solved based on deterministic inputs of the modal values of all fuzzy

parameters.

Performance evaluation was conducted using three metrics each applied to the 180 scenario-method
combinations. An index of Objective Function Quality (OFQ) was obtained as the proportion of the variable
value at the fuzzy LP objective over crisp LP optimal value under generative (modal) parameters, and values
greater than 1.000 suggest superiority of a fuzzy LP in maximization problems. This also indicates how feasible
a solution was, by calculating Constraint Satisfaction Rate (CSR), which is the ratio of 40 random realization
vectors (sampled randomly from the fuzzy parameter distributions) meeting all constraints for each method's
solution. All CT was measured inamilliseconds using MATLAB's tic-toc profiler and averaged across 10 runs to
minimize timer noise. Statistical analyses comprised one-way ANOVA on sample OFQ and CSR to identify
significant differences among the four fuzzy methods (including pairwise post-hoc comparisons using a Tukey's
HSD test), two-factor ANOVA for interaction effects of method type with industry sector, Pearson correlation
analysis between imprecision level delta and OFQs, and multiple linear regression-models with: dependent
variable = OFQ); independent variables include both sense if delta scores as well as descriptors for problem size,
dummy use of each.fuzzy method and sector dummies. All tests (independent samples t-tests for between-group
comparisons and paired sample t-tests for within-group comparisons) were performed at the 5% alpha level
using SPSS v28 and MATLAB's Statistics and Machine Learning Toolbox, which allows full reproducibility of

all reported statistics.
IV. DATA COLLECTION AND ANALYSIS

We generated data in the form of 180 unique benchmark optimization scenarios across six representative
industrial sectors using a structured simulation framework (30 each for manufacturing, supply chain logistics,
agricultural resource allocation, financial portfolio management transportation network optimization and
healthcare resource scheduling). The scenarios were parameterized according to calibrated ranges for the
decision variable count (5-50), constraint count (5—40) and coefficient magnitudes from published operational

datasets. A total of 900 solution instances were obtained by solving each scenario for five selected methods
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(M0—M4). The main dataset contained recordings of OFQ, CSR and CT for all solution instances in addition to

imprecision level delta and problem size attributes as covariates.

Table 1: Scenario Distribution and Average Problem Characteristics by Industry Sector

Industry Sector Scenarios Avg. Vars | Avg. Avg. Param. Range
(n) Constraints | delta

Manufacturing 30 28.4 22.1 0.178 Cost: [50-500]

Supply Chain 30 35.2 31.8 0.192 Demand: [100-
2000]

Agriculture 30 18.6 15.4 0.165 Yield: [10-
300]

Financial Portfolio 30 24.8 20.2 0.183 Return: [0.02-
0.25]

Transportation 30 31.5 27.6 0.196 Distance: [20-
800]

Healthcare 30 22.3 18.9 0.171 Resources: [5-
500]

Overall Mean 180 26.8 22.7 0.181 --

In Tablel, we summarize the structural properties of 180 benchmark scenarios. The average imprecision levels
(delta = 0.192 and 0.196, respectively) are highest for supply chain and transportation, which is in accordance
with the fact that demand and routing parameters themselves tend to be volatile in these areas of application.
Problems in agricultural scenario are the overall smallest because farm resource allocation problems have a
realistic bound The global text of imprecision level equal to 0.181 locates the dataset within moderate-to-high
suspicion areas, exemplifying suitable enough uncertainty henceforth for assessing Fuzzy LP efficacy and
hypothesizing their functions compared with traditional approaches in this empirical context. The financial
portfolio sector represents characteristics that are intermediate across all structural dimensions, and it serves as

baseline for comparisons of performance between methods.
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Table 2: Mean Objective Function Quality (OFQ) by Method and Imprecision Level
Imprecision MO0 (Crisp | M1 M2 M3 M4 (Yager
(delta) LP) (Zimmermann) | (Bellman- (Defuzzification) | Ranking)

Zadeh)

0.05 1.000 1.012 1.008 1.019 1.015
0.10 1.000 1.048 1.031 1.062 1.057
0.15 1.000 1.093 1.074 1.118 1.109
0.20 1.000 1.152 1.128 1.187 1.176
0.25 1.000 1.224 1.189 1.268 1.251
0.30 1.000 1.318 1.271 1.362 1.347
Grand Mean 1.000 1.141 1.117 1.169 1.159

Mean OFQ ratios across all‘'180 scenarios, grouped by imprecision level delta. — Table 2 OFQ > 1.000 shows
that the fuzzy LP outperforms the crisp LP benchmark. For all four fuzzy methods, the relationship between
delta and OFQ is clearly monotonic increasing. Results reveal that all fuzzy approaches provide very modest
improvements (1.2-1.9%) at delta=0.05, suggesting the continued competitiveness of crisp LP even when
moving into near-deterministic operating regimes. Once delta passed 0.20-0.30 fuzzy LP becomes extremely
competitive also withperformance advantage of 15-36% over M4(Detection) and other methods (i.e.,
consistently the best OFQ achieved for M3 (Defuzzification), while overall most conservative improvements
obtained for M2 (Bellman-Zadeh)). As for the overall mean OFQ, we have that M3 performs better on average
(OFQ = 1.169) and only a short line after comes M4 (Yager, 1.159) and worse for M1 (Zimmermann, 1.141)—

confirming that defuzzification-based approaches give best performances on average among all others (DPs).

Table 3: Mean Constraint Satisfaction Rate (CSR, %) by Method and Industry Sector

www.mjapjournal.com

Industry Sector | M0 (Crisp | M1 M2 M3 M4
LP) (Zimmermann) | (Bellman- (Defuzzification) | (Yager)
Zadeh)
Manufacturing 72.4 85.6 83.1 88.2 87.4
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Supply Chain 68.9 83.4 80.8 87.1 86.3

Agriculture 76.3 88.9 86.5 91.4 90.6

Financial 74.1 86.7 84.3 89.8 88.9

Portfolio

Transportation 67.5 82.1 79.6 85.9 85.1

Healthcare 73.8 87.3 85.0 90.3 89.5

Overall Mean 72.2 85.7 83.2 88.8 88.0

Table 3 Mean Constraint Satisfaction Rates by Industry Sector and Method The LP baseline (MO), crisp, gives
an average CSR of 72.2%, suggesting that point-estimated optimal solutions violate at least one constraint in
around 28% of realizations of each actual parameter pairwise combination. Results show that CSR is
significantly improved with the fuzzy LP methods: M3 attains a mean value of 88.8% (16.6 percentage points
higher), and M1 (Zimmermann) a score of 85.7% (13.5 points improvement). Agricultural scenarios obtain the
highest CSR across all methods consistently, with likely reason for this due to a smaller problem size and less
variability in parameters in this domain. In contrast, transportation scenarios have the lowest absolute CSR
values, indicating more levels of imprecision and more complicated structure belonging to routing problems.
The rank order of M3 >M4 >M1 >M2 >MO (in all six sectors) provides very good evidence that the

performance hierarchy identified in Table 2 is indeed robust.

Table 4: Computational Time (CT in milliseconds) by Method and Problem Size Category

Problem Size | M0 (Crisp | M1 M2 M3 M4
Category LP) (Zimmermann) | (Bellman- (Defuzzification) | (Yager)
Zadeh)

Small (<=10x 10) |2.3 5.1 18.4 3.8 4.2

Medium (11-25 x | 8.7 17.6 62.3 12.4 13.9

25)

Large (26-40 x 35) | 24.6 48.2 168.7 34.8 39.1

Very Large (>40 x | 61.4 118.9 397.2 85.6 96.4
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Grand Mean 243 47.5 161.7 34.2 38.4
CT Ratio vs MO 1.00x 1.96x 6.65x 1.41x 1.58x

Table 4 lists the computational time needed for all five solution methods. M2 (Bellman-Zadeh), involving
iterative LP solution at 20 alpha-cut levels, turned to be more costly from-the computational cost perspective
than crisp LP throughout all problem size categories >4.2—6.5x comparison with respective crisp baseline; grand
mean CT ratio = 6.65x: enabling practical constraints for real-time optimization applications. In comparison, the
cost of M3 (Defuzzification) is equivalent to 1.4—1.6 times the crisp LP computation time only, since from its
already reduced FLPP for every parameter transformation, it generates just a single crisp LP. M4 (Yager) also
needs 1.6-1.7 times the crisp LP time, in an identical way. M1 (Zimmermann) is performed roughly two times
longer than a crisp LP due to the introduction of the A variable and related membership constraints. The ratios
between these two computational measures are independent of problem:size class, indicating that the relative

overheads associated with each approach scale predictably with problem size.

Table 5: Pearson Correlation Matrix - OFQ, CSR, CT, Imprecision Level (delta), and Problem Size

Variable OFQ CSR CT (ms) Imprecision Problem  Size
(delta) o)

OFQ 1.000 0.814%* -0.128 0.923** -0.042

CSR 0.814** 1.000 -0.091 0.786%* -0.063

CT (ms) -0.128 -0.091 1.000 0.074 0.941%**

Imprecision 0.923** 0.786** 0.074 1.000 0.048

(delta)

Problem Size | -0.042 -0.063 0.941%** 0.048 1.000

M)

Table 5 shows the Pearson correlation matrix between five core study variables. The marked finding is the very
strong positive correlation between imprecision level delta and OFQ (r = 0.923, p < 0.01) supporting that the
performance benefit of fuzzy LP over crisp LP sharply increases with increasing parameter uncertainty [7]. The

strong correlation between OFQ-CSR (r = 0.814, p < 0.01) suggests concurrent improvement of dual
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heterogeneous performance dimensions by fuzzy LP methods, particularly that scenarios with higher objective
values achieved via fuzzy LP modeling are those with higher constraint feasibility rates and vice versa which
would preclude substitution between these two dimensions. Despite abundant data, computational time is best
predicted by problem size (r = 0.941, p < 0.01), with neither OFQ nor CSR showing a systematic effect on
solution quality indicating that the computational burden of fuzzy LP methods does not systematically penalize
solution quality. Problem size and imprecision level are virtually uncorrelated (r = 0.048), thus confirming the

independence of these two central experimental factors and validating the factorial design of the experiment.

V. RESULTS AND DISCUSSION

5.1 Statistical Analysis

The one-way ANOVA performed on OFQ values for the four fuzzy LP methods (M1-M4) was significant, F(3,
716) = 47.83, p M1 (Zimmermann) > M2 (Bellman Zadeh). The comparison between M3 and M2 returns the
largest mean difference (delta = 0.052, p < 0.001) while. there is no statistically significant difference found
between models 3 and 4 at all (delta = 0.010, p = 0.384), which indicates that the Yager ranking approach
outperforms both defuzzification approaches in OFQ nearly equally well. M1-M2 comparison also hits the very
significant level ( p = 0.002), confirming that even classical Zimmermann's method beats Bellman-Zadeh
iterative in terms of objective quality. The narrow confidence intervals over all comparisons are evidence of the
large sample size (n = 180 scenarios) and support the robustness of these pairwise estimates. Codes for

significance: * p <0.001; **p < 0.01; *p < 0.05, ns = not significant:

Table 6: One-Way ANOVA Results for Objective Function Quality (OFQ) Across Fuzzy LP Methods

Source of | Sum of | df Mean F- p- Eta-
Variation Squares Square | Statistic | value Squared
Between 2.847 3 0.949 47.83 <0.001 | 0.167
Methods

Within Methods | 14.209 716 0.020 -- - -

Total 17.056 719 -- - - -

In details, the ANOVA results for OFQ on the four fuzzy LP methods is reported in Table 6. The resulting
between-methods F-statistic of 47.83 (p < 0.001) clearly demonstrates that objective function value is
significantly affected by solution method choice here. The eta-squared showed that method type accounts for
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16.7% of total OFQ variance across the dataset, a practically meaningful effect size (Cohen's f = 0.447, large
effect). The within-methods mean square of 0.020 indicates the amount of OFQ variability, controlled for the
method effects and attributable to traits characteristics (scenario specific sectors, levels of problem imprecision
as well as size). Such separation indicates that although the selection of the method has a significant effect, the
scenario features -- especially level of imprecision identified through correlation analysis -- contribute to most
OFQ variability. The results warrant post-hoc pairwise comparisons to ascertain which method pairs are

specifically responsible for the between-group differences, and how large those differences are.

Table 7: Tukey's HSD Post-Hoc Pairwise Comparisons for OFQ (Methods M1-M4)

Method Mean Diff. | Std. 95% CI | 95% CI | p-value Sig.
Pair (OFQ) Error Lower Upper (adj.)

M3 vs M1 0.028 0.006 0.012 0.044 0.001 *x
M3 vs M2 0.052 0.006 0.036 0:068 <0.001 Ak
M3 vs M4 0.010 0.006 -0.006 0.026 0.384 ns
M4 vs M1 0.018 0.006 0.002 0.034 0.018 *
M4 vs M2 0:042 0.006 0.026 0.058 <0.001 ol
M1 vs M2 0.024 0.006 0.008 0.040 0.002 o

Results of Tukey's HSD post-hoc pairwise comparison for OFQ over the four fuzzy methods are shown in Table
7. The analysis shows that M3(Defuzzification) *M4(Yager) >>M1(Zimmermann)>>M2(Bellman-Zadeh). The
M3-M2 comparison produces the greatest mean difference (delta = 0.052, p < 0.001), while M3 and M4
comparisons are statistically indistinguishable (delta = 0.010, p = 0.384), indicating that weighted
defuzzification and Yager ranking approaches are effectively equivalent in OFQ efficacy. Equally notable
significance (p = 0.002) appears in the M1-M2 comparison as well, validating that even such a well-known
method like Zimmermann's method surpassed Bellman-Zadeh iterative method by objective quality measure
(the less value is, the better). The narrow confidence intervals for all comparisons indicate that the large sample
size (n = 180 scenarios) confirms the reliability of these pairwise estimates. Standard significance codes are

used: * p <0.001; ** p<0.01; * p <0.05; ns = not significant.
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Table 8: Multiple Linear Regression - Predictors of OFQ (n = 180, R2 = 0.894)

Predictor Variable | B (Unstd.) | Std. Error Beta t-statistic p-value
(Std.)

Constant 0.782 0.024 -- 32.58 <0.001

Imprecision Level | 1.642 0.047 0.871 34.94 <0.001

(delta)

Problem Size (N) -0.0003 0.0004 -0.019 -0.75 0.456

Method: M1 (ref = | -0.028 0.007 -0.108 -4.00 <0.001

M3)

Method: M2 (ref = | -0.052 0.007 -0.201 -7.43 <0.001

M3)

Method: M4 (ref = | -0.010 0.007 -0.039 -1.43 0.155

M3)

Sector: Supply | -0.024 0.009 -0.074 -2.67 0.008

Chain

Sector: -0.031 0.009 -0.095 -3.44 0.001

Transportation

Model Fit R2=0.894 | Adj.R2=0.888 F=89.72 df=14,165 | p<0.001

Table 8 outlines the multi-linear regression for OFQ as a dependent variable based on imprecision level,
problem size, method type and sector of industry. Model summary stats Show the model with R-squared 0.894,
which means 89.4% of OFQ variance is explained by the specified predictors. Imprecision level (delta) appears
as the unquestionable leading predictor with a standardized coefficient beta = 0.871 (t = 34.94, p < 0.001),
supporting that parameter uncertainty should be the primary predictor for LP performance advantage with fuzzy
approximation. The size of the problem is not significantly correlated with OFQ (beta = —0.019, p = 0.456),
implying that fuzzy LP advantages are preserved independent of problem dimensionality within experimental

limits. Among method dummies (reference = M3), coefficients are significant and negative for both M1 and M2
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(-0.028 and -0.052, respectively) but do not differ significantly from 0 among the sensitized subjects tried with
M4 (p = 0.155), confirming the ANOVA post-hoc findings. The dummy for supply chain & transportation is
also highly negative and is consistent with the CSR data suggesting these sectors have higher proportions of
constraint violations, leading to downward pressure on OFQ in respect to agriculture & health care comparable

situations.
5.2 Critical Analysis of Data and Comparison with Past Work

While the empirical results of this paper broadly support prior research on-benchmarking, it broadens the
existing literature in a few key ways. The preference of approaches relying on defuzzification (M3 and M4) over
the min-operator based model of Zimmermann (M1) support the observation made by Nasseri et al. (2019)
reported superior performance of ranking-function methods in 73% of a total 120 benchmark scenarios when
imprecision was more than 20%. This paper validates this finding at a higher level of statistical certainty (n =
180, R2 = 0.894) and extends it to six specific industry sectors. OFQ improvements found here (grand mean
1.169 for M3) are also somewhat larger than the 1.14 reported by Nasseri et al., a discrepancy likely due to the
higher level of imprecision influence in the present dataset (delta = 0.181 vs delta = 0.152 in Nasseri et al). The
regression coefficient beta = 0.871 for delta empirically validates this sensitivity, quantifying the degree to
which OFQ responds to changes in _imprecision. The 'CSR enhancement approach of fuzzy LP methods
improving constraints satisfactions’ by 13—17 percentage points comparing to crisp LP is confirmed with
theoretical expectations established in Zimmermann ( 1978) and findings supported by Jimenez et al. and supply
chain network design [2007] with CSR 14.2, 3) This benchmark is slightly exceeded by the 18.2% (M3 over
MO) improvement in supply chain CSR associated with the present study, ultimately reflecting the higher delta

values for the present scenarios within this supply chain context.

The fact that- M3 and M4 are statistically equivalent (p = 0.384) in OFQ performance contradicts a common
practitioner belief that the Yager ranking function, because of its theoretical basis in probability-weighted
averaging, cannot help but outperform simple weighted defuzzification. The high degree of statistical
equivalence indicates that the speecific ranking scheme does not have a significant impact on solution quality at
moderate levels of imprecision (delta <= 0.30) and for symmetric TFNs, which has immediate implications in
influencing how practitioners might choose methods. Since M3 has lower computational overhead than and is
simpler to implement than M4, this result further confirms that it is more suitable as a practical option for
industrial applications over M4. The analysis of computational costs shows that M2 is 4-7 times more expensive
than crisp LP, supporting previous claims made by Kaur and Kumar (2016) that the iterative alpha-cut approach
results in prohibitive computation cost growth as problem sizes increase and they proposed a single-pass method
for solving large-scale problems. This study provides further evidence for the suitability of defuzzification-
based techniques that produce competitive performance OFQ at small computational costs. The finding that
problem size was not a significant predictor of OFQ in regression is what separates this study from earlier
smaller-sample studies, where confounding between problem size and degree of imprecision made it unclear
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which factor really drove fuzzy LP advantage. The interaction effect (F(15,704) = 3.14, p < 0.001), however
indicates that method selection recommendation needs to consider domain context where M3 and M4 lack a
larger relative advantage margin in the other domains like transportation & supply chain where both M3 and M4
are relatively less advantageous compared to agriculture & healthcare sectors. Overall, this study presents to our
knowledge the strongest data yet confirming that fuzzy LP can provide real, practically important performance
improvements in the face of realistic parameter uncertainty, and imprecision level is an actionable operational

measure for choosing between crisp and fuzzy LP.
VI. CONCLUSION

This work observes that its empirical findings have systematically and statistically soundly demonstrated that
fuzzy linear program benefit from classes of solutions which classical erisp LP systems do not offer measurable
improvement over anything except for rather trivial instances of imprecision in decision parameters. Compared
to the crisp LP baseline, fuzzy LP methods improved mean Objective Function Quality (OFQ) across 180
benchmark scenarios of six industrial sectors and Constraint Satisfaction Rates by 11.7-16:9% (p<0.001) and
13.5-16.6% (p<0.009), respectively, with a success rate that monotonically increased with level of imprecision
delta (r = 0.923). The methods based on defuzzification (M3) and Yager's ranking function method (M4) are
shown to be the most powerful methods, showing statistical parity in OFQ (p = 0.384), but significantly better
than Zimmermann's method (p M4 > M1 > M2 > MO ranking across all six sectors confirms a cross-sector
validity of these results and generalizability of these recommendations. In the future, we plan to expand this
benchmarking framework by including the other objective fuzzy LPs (multi-objective fuzzy LP and fully fuzzy
LP with imprecise decision variables), large scale industrial problems containing more than 500 variables, solve
the problem approximately using integrated machine learning methods for prediction of degree of imprecision

from previous experimental data.
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