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Abstract

Agricultural product suppliers play a crucial role in ensuring the stability of the food supply chain, meeting 
market demands, promoting agricultural economic development, and safeguarding consumer food safety. 
Therefore, when evaluating agricultural product suppliers, it is necessary to consider both their economic and 
sustainability aspects. This paper proposes a new performance assessment method that ensures distinguishable 
evaluation results even when the evaluation indicators for agricultural product suppliers include undesirable 
outputs and fuzzy numbers, and that the evaluation weights are reasonable. The assessment process takes 
into account the preferences and optimism levels of both decision-makers and the suppliers being evaluated, 
reducing decision-making risks and making the results more acceptable to participants. The introduction of 
prospect theory ensures more realistic evaluation outcomes. Through a case analysis of 11 corn suppliers, 
the superiority and effectiveness of this method are verified. The results show that the decision-makers’ 
reference point preferences, levels of optimism, and degrees of rationality significantly affect the performance 
evaluation results of agricultural product suppliers.
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1. Introduction

With the advancement of technology, agricultural production has transitioned from traditional manual labor 
to mechanized and automated operations, leading to significant improvements in the yield and quality of 
agricultural products. Consequently, the concept of large-scale agricultural production has emerged, and 
agricultural product suppliers have been established and developed in response to this demand (Yu et al., 
2010). In modern society, agricultural product suppliers play a crucial role in meeting market demands, 
enhancing agricultural production efficiency, ensuring food safety, and promoting sustainable agricultural 
development.

In recent years, the rational and effective evaluation and selection of agricultural product suppliers has become 
a prominent topic, attracting significant attention from scholars and corporate decision-makers (DMs) (Wu 
and Liao, 2023). On one hand, performance evaluation can help ensure that the agricultural products supplied 
meet quality and safety standards, thereby safeguarding consumer health (Wei et al. 2024). On the other 
hand, through continuous performance evaluation, companies can select and develop superior suppliers, 
enhancing the market competitiveness of the entire supply chain. This, in turn, promotes the rapid and stable 
development of local agriculture, helping agricultural producers and workers achieve poverty alleviation 
and prosperity (Luo et al., 2023).

DEA has been widely applied in the field of supplier evaluation (Kuo et al., 2010; Kuo and Lin, 2012). After 
a statistical analysis of various supplier evaluation methods, Karsak and Dursun (2014) pointed out that DEA 
is currently the most popular method for supplier evaluation. However, using DEA methods for evaluating 
the performance of agricultural product suppliers typically offers the following three advantages: (1) DEA is 
a non-parametric evaluation method, which eliminates the need to transform the indicators when assessing 
agricultural product suppliers; (2) It does not require the pre-setting of weights for the various input and 
output indicators of agricultural product suppliers before evaluation; (3) DEA can not only evaluate suppliers 
but also provide clear improvement targets for inefficient suppliers. Consequently, DEA has gained favor 
among researchers in the field of supplier evaluation. However, there are still several shortcomings when 
applying the traditional DEA model to the evaluation of agricultural product suppliers: (1), traditional DEA 
models cannot evaluate the performance of agricultural product suppliers when the raw input-output data 
contains fuzzy numbers; (2), traditional DEA models belong to the self-assessment mode, in which a series of 
problems caused by relatively flexible weight assignments cannot be ignored; (3), traditional DEA methods 
often yield identical results with multiple suppliers having an efficiency score of 1, leading to evaluation 
results that are often not clear and explicit enough to provide DMs with clear guidance.

Agricultural production is influenced by various factors such as human resources, soil conditions, and seed 
quality, which are difficult to control precisely. This makes it challenging to accurately quantify input-output 
data. Different statistical methods and calculation standards can lead to data discrepancies, especially in 
supply chains involving multiple stages and participants. Therefore, it is necessary to consider the fuzziness 
of data when evaluating the performance of agricultural product suppliers. Scholars in the DEA-related field 
have proposed their own solutions. Using membership functions to transform fuzzy data into precise data is a 
common approach. Eeckaut (2000) applied this method to convert fuzzy inputs and outputs into precise input 
and output data and provided corresponding mathematical programming methods. Guo (2009) proposed a 
fuzzy CCR model, which converts constraints including fuzzy equations and inequalities into deterministic 
constraints by implementing defined possibility levels and using comparison rules of fuzzy numbers. Saati 
et al. (2002), within the traditional DEA framework, defined interval variables using alpha-cuts and interval 
programming to restrict fuzzy numbers. Through linear transformation, they proposed a fuzzy DEA evaluation 
ranking method. Unfortunately, Saati et al. (2002) did not consider the undesirable output indicator, and the 
model still belongs to the self-evaluation mode, inevitably leading to some indicators’ weights being set to 
0 during the evaluation process, and multiple suppliers being evaluated as DEA efficient.
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In response to the issue of multiple evaluated decision-making units (DMUs) having the same efficiency of 1 
in traditional models and the unreasonable evaluation weights, some scholars have proposed the idea of peer 
mutual evaluation. This idea has also been quickly introduced into the field of supplier evaluation. Interested 
readers can refer to related literature on the application of cross-efficiency in evaluating suppliers by Baker 
and Talluri (1997), Falagario et al. (2012), Talluri and Narasimhan (2004), Lingegård et al. (2021) and others. 
Although cross-efficiency has many advantages and wide applications, its optimal weights are not unique.

To address the issue of non-uniqueness in cross-efficiency weights, Sexton et al. (1986), Doyle and Green 
(1994) proposed the well-known aggressive and benevolent secondary objective models, aiming to select 
an appropriate set of weights among multiple optimal weights for mutual evaluation. However, the choice 
between the benevolent and aggressive secondary objective models has become a new decision dilemma 
for DMs. Based on Wang and Chin’s (2010) work, Wang et al. (2011) provided four neutral models for 
cross-efficiency evaluation from the perspective of multi-criteria decision analysis. Among them, they 
respectively set two objective functions: maximizing the distance between DMU and the negative ideal 
point and minimizing the distance between DMU and the positive ideal point. Through these two secondary 
objective models, all DMUs can obtain relatively “efficient” weights. However, due to the different distances 
between the output and input data of each agricultural product supplier and the positive and negative ideal 
points, choosing different ideal points as references will result in different efficiency results and rankings. 
This contradiction is similar to the dilemma mentioned earlier regarding the choice between the aggressive 
and benevolent model.

Although Wang et al.’s (2011) method has its shortcomings, the approach of using reference points to assist 
DMs in evaluating suppliers has garnered considerable attention. On one hand, establishing reference points 
provides DMs with a clear benchmark, helping them assess whether the agricultural product suppliers under 
evaluation have met the expected targets. On the other hand, by setting reference points, DMs can more 
intuitively and conveniently compare the indicators of the agricultural product suppliers under evaluation, 
thereby simplifying the evaluation process. However, the aforementioned researchers assumed that DMs are 
entirely rational individuals driven by data when setting these reference points. Consequently, the evaluation 
results are based on the assumption of complete rationality, which deviates from real-world situations (Gong 
et al., 2021).

To illustrate the difference between complete and bounded rationality, consider a simple example involving 
$5. If an individual is completely rational, losing $5 and finding $5 would elicit the same feeling because 
the absolute values of −5 and 5 are equal. However, this is not the case in reality. Research by Kahneman 
and Tversky (1979) shows that individuals feel losses more intensely than gains. The pain people feel when 
they lose $5 is significantly greater than the pleasure they experience when they find $5. This discrepancy 
arises because human rationality is bounded, and perceptions are often relative to a reference point rather than 
changes in absolute values. Based on this difference in the perception of losses and gains and risk aversion, 
Kahneman and Tversky (1979) proposed the well-known prospect theory.

Prospect theory effectively predicts that in the evaluation of agricultural product suppliers, selecting positive 
and negative ideal points as different reference points will lead to different outcomes. Shao and Wang (2021) 
proposed three cross-efficiency models based on prospect theory — the benevolent model, the aggressive 
model, and the neutral model — for evaluating supplier efficiency. Unfortunately, Shao has not provided a 
detailed explanation of whether the aggressive model or the benevolent model is more suitable for evaluating 
suppliers.

Typically, the choice of reference points for agricultural product suppliers and the selection between aggressive 
and benevolent evaluation strategies depend solely on the DM’s personal preferences and subjective judgment. 
However, it is crucial to recognize that agricultural product suppliers differ from suppliers of other economic 
products. Agricultural products possess not only economic attributes but also social and safety attributes. overly 
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autocratic decisions can lead to significant decision-making risks. When DMs use unreasonable evaluation 
results to select the wrong suppliers for establishing an agricultural supply chain, it can result in economic 
losses for the company and cause resource wastage and food shortages, leading to broader social issues.

As previously mentioned, when evaluating the performance of agricultural product suppliers, sustainability 
should be considered alongside economic factors. The sustainability of agricultural product suppliers 
includes the greenness of their production processes, the sustainability of maintaining reasonable production 
processes, and the sustainability of maintaining basic production capacities. The reference elements for this 
evaluation are shown in Figure 1.

When the sustainability factors of agricultural product suppliers are included in the evaluation criteria, it 
becomes clear why the previously mentioned issue of unreasonable self-assigned weight distribution in 
traditional DEA models for evaluating agricultural product suppliers is unacceptable.

When using traditional DEA models to evaluate agricultural product suppliers, different weight combinations 
correspond to different production and operation modes of these suppliers. This variation underscores the 
necessity of establishing reasonable evaluation weights through the cross-efficiency method. The reason is 
that illogical weights, such as assigning zero to certain inputs or outputs, indicate that the agricultural product 
supplier is producing in an unrealistic and unsustainable manner. These unreasonable production and operation 
methods are often unstable, difficult to achieve, and even harder to maintain. Evaluation results obtained 
from such unreasonable production models not only lack reference value but also carry significant risks. A 
reasonable combination of evaluation weights is essential for ensuring the sustainability of the production 
processes of agricultural product suppliers.

Considering the sustainability of agricultural product suppliers’ basic production capacity underscores relying 
solely on DMs’ personal preferences and subjective consciousness for evaluation decisions is unreasonable. 
Agricultural production is highly dependent on natural conditions, often characterized by significant 

Figure 1. The sustainability of agricultural product suppliers.
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uncertainty. Therefore, the decision objective proposed by Wang et al. (2011), which aims to maximize 
the distance between the evaluated suppliers and the negative ideal point while minimizing the distance 
to the positive ideal point under the assumption of fully rational decision-making, is overly optimistic and 
idealistic. In real life, suboptimal conditions such as natural disasters and pest infestations are common. In 
the field of agricultural product supplier evaluation, DMs need to maintain an objective, comprehensive, and 
cautious attitude, promptly identifying issues and taking effective measures to reduce enterprise risk. In short, 
evaluation decisions from a pessimistic perspective reflect the efficiency of agricultural product suppliers in 
maintaining the most basic production capacity when unexpected events occur. However, in reality, DMs’ 
cognition is often limited, making it difficult for individuals to predict future production environments. 
Formulating evaluation strategies solely based on DMs’ preferences and disregarding the preferences and 
opinions of suppliers can lead to outcomes that are disconnected from reality. Preferences and feedback 
from multiple evaluated suppliers help to complement the DMs’ understanding, reduce potential risks in the 
assessment process, and thus assist DMs in taking appropriate decision-making measures. If DMs overlook 
the opinions and sentiments of suppliers during the evaluation process, it may result in the breakdown of 
collaborative relationships. In such circumstances, enterprises may struggle to obtain high-quality supply 
services, while suppliers may miss out on development opportunities.

In conclusion, addressing the shortcomings in the existing field of agricultural product supplier evaluation 
requires several improvements when applying DEA. This paper attempts to develop a fuzzy DEA cross- 
efficiency evaluation method that considers the preferences of DMs and suppliers, aiming to evaluate agricultural 
product suppliers with fuzzy data while ensuring comprehensive consideration of their sustainability. The 
main contributions of this study are as follows:

(1)	 The proposed evaluation model in this paper comprehensively considers the sustainability of agricultural 
product suppliers when assessing their performance. The model facilitates the evaluation of agricultural 
product suppliers’ performance in the presence of undesirable output indicators, thus considering the 
greenness of the supplier’s production activities. By introducing a cross-efficiency evaluation method, 
the model ensures more reasonable evaluation weights and examines the production sustainability 
of agricultural product suppliers. Both the calculation and aggregation stages of cross-efficiency 
consider the reference point preferences and optimism levels of both evaluated suppliers and DMs, 
effectively maintaining the sustainability of sustainability of agricultural product suppliers’ basic 
production capacity;

(2)	 The model proposed in this paper can evaluate the performance of agricultural product suppliers 
when there are fuzzy values in the input, expected output, and undesirable output data. The evaluation 
results are precise values rather than interval values, which ensuring that the evaluation results are 
easily comparable;

(3)	 The model proposed in this paper is built on the assumption that both evaluated suppliers and DMs 
are bounded rational individuals. By introducing prospect theory, the model effectively depicts the 
risk preferences and loss aversion of DMs and evaluated suppliers in the process of evaluation, 
resulting in evaluation results that are closer to real-world situations;

(4)	 Through a practical a case study of agricultural product supplier, this paper verifies the effectiveness 
and superiority of the model. Through sensitivity analysis, we validate the significant impact of 
DMs’ and evaluated suppliers’ reference point preferences, optimism biases, and risk preferences 
on supplier evaluation.

The remaining sections of this paper are arranged as follows: Section 2 provides relevant basic methods 
involved in the research. The evaluation method and model designed in this paper are presented in Section 3. In 
Section 4, we provide a case study to validate the proposed methods and sensitivity analysis and effectiveness 
of the proposed model. Finally, Section 5 provides the conclusion of this research.
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2. Preliminaries

2.1 Fuzzy DEA

Assuming there are n DMUs, each using m inputs to generate s outputs. If the i-th input and r-th output of 
DMUk are represented by xik (i = 1, 2…, m) and yrk (r = 1, 2…, s) respectively, then the CCR efficiency of 
DMUk can be calculated by the following model:
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Where x v xij i ij� �  and y u yrj r rj� � .

Saati et al. (2002) proposed that Model 2 effectively addresses the performance evaluation problem when 
DMU input–output indicators are fuzzy numbers.

2.2 Cross-efficiency

Cross-efficiency evaluation method is established based on a peer assessment concept. After obtaining their 
own CCR efficiency through Model 1, each DMU uses this set of weights to evaluate other DMUs, thus, 
each DMU will receive (n−1) peer-evaluation efficiencies. The cross-efficiency of a DMU can be obtained 
by aggregating the peer assessment efficiencies with its own assessment efficiency, and the aggregation 
method is usually taking the arithmetic mean.

Due to the possibility of multiple sets of optimal weights when solving efficiency using Model 1, it is often 
difficult for a DMU to determine which set of weights to use when conducting peer-evaluation of other 
DMUs. Wang et al. (2011) proposed two cross-efficiency secondary goal programming models based on 
positive and negative ideal points, as shown below:
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where xi
max and xi

min represent the maximum and minimum inputs of the i-th input for all DMU, yr
o�max and 

yr
b�min represent the maximum and minimum expected outputs of the r-th expected output for all DMU,  

and Ek
CCR represents the CCR efficiency of DMUk. The vik

*  and urk
*  are the optimal weights obtained for DMUk 

in Model (3), then the evaluation of DMUk on DMUj is Ekj, and the average cross-efficiency of DMUj is   

E*
jj, where E

E

njj

kj
k

n

* 1 . The self-evaluated efficiency of DMUs is the highest, and the n peer-evaluation  

efficiencies obtained by DMUs are always equal to or less than their self-evaluated efficiency. When 
calculating the arithmetic mean of the n evaluation results for DMU’s cross-efficiency, it is often impossible 
to obtain an efficiency rating of 1. It is precisely for this reason that the cross-efficiency method improves 
the identifiability of DMU efficiency.

2.3 Prospect theory

Prospect theory was proposed by Kahneman and Tversky (1979). This theory challenges the rationality 
assumption in traditional economics and presents a descriptive decision-making model to explain people’s 
behavior when facing risks. The core principles of prospect theory include:

(1)	 Reference dependence: People typically rely on a reference point to evaluate their gains and losses.
(2)	 Loss aversion: The pain caused by losses is greater than the pleasure from equivalent gains under 

the same conditions. As shown in Figure 2, comparing the utility values of ∆Z and −∆Z with equal 
absolute values.

(3)	 Risk attitude: DMs exhibit risk aversion toward gains and risk seeking toward losses. Therefore, the 
value function of prospect theory is S-shaped, as illustrated by the prospect value function curve in 
Figure 2.
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Figure 2. Prospect value function curve.

The prospect value can be calculated by the following formula:
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3. Proposed models
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In the DEA models, various methods are typically employed to handle non-discretionary output indicators, 
including the curve measurement method, directional distance function method, linear transformation function 
method, and others. In this study, non-discretionary output indicators are treated as inputs, thereby avoiding 
the need for complex transformations or modifications to the model. Treating non-discretionary output 
indicators as inputs emphasizes the importance of reducing non-discretionary outputs (such as pollutants) 
and aligns their optimization direction with that of inputs. Based on Model 2, truncate the triangular fuzzy 
numbers by the α-cut and linearly transform the model. The specific form is as follows:
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Due to Model 7 being built on a self-evaluation model, its solutions often yield multiple suppliers with an 
efficiency score of 1, and zero weights are also inevitable. Introducing a cross-evaluation model can effectively 
address such issues. Building on the ideas of Wang et al. (2011), this paper establishes a cross-efficiency 
quadratic objective model based on positive and negative ideal points as references, as detailed below:
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In order to balance the preferences of DMs and all evaluated suppliers, inspired by the ideas of Hatami-Marbini 
et al. (2017), we have made improvements to Model 8 and Model 9, as shown below:
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where wp1  represents the coefficient of DMs preferring the negative ideal point as the reference, and similarly, wp2   
represents the coefficient of DMs preferring the positive ideal point as the reference. If there are Q DMs and  

n evaluated suppliers, then the preference weight of each DM for each evaluated supplier is denoted as 
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It is evident that Model 10 represents the target solution under ideal conditions, where DMs are entirely 
optimistic, and the evaluation results are highly risky. Therefore, we further improve Model 10 by incorporating 
the influence of DMs’ optimistic attitude factors. The specific model is as follows:
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Model 11 still follows the expected utility function, assuming that DMs and evaluated suppliers are perfectly 
rational, thus overlooking their risk attitudes. In this paper, the a-cut method is employed to process input, 
output, and undesirable output indicators during the performance evaluation of agricultural product suppliers. 
In Model 12, we have replaced the parameter α in the utility function of the prospect value in the profit 
domain with κ to prevent confusion among the readers. Therefore, we introduce prospect theory to enhance 
Model 11. The improved model is presented below:
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When applying the improved Model 12 to evaluate the efficiency of agricultural product suppliers, the 
cross-efficiency evaluation matrix of agricultural product suppliers can be computed.

3.2. The cross-efficiency aggregation model proposed in this paper

The paper presents a method for calculating the weights of cross-efficiency aggregation sets. The proposed 
cross-efficiency aggregation method considers the acceptance attitudes of each agricultural product supplier 
towards other suppliers. The resulting aggregated preferences are fair and easily accepted, thus the aggregated 
cross-efficiency gains recognition from all agricultural product suppliers.

We regard the cross-efficiency obtained by each DMU as their outputs, and assume that all DMUs have an 
input value of 1. We use Model 13 to optimize the aggregation weights for DMUs. Model 13 is presented 
as follows:
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Where μdk represents the degree of endorsement by DMUk of the efficiency evaluation given by DMUd 
(d=1,2,…,n, d≠k). In the process of cross-efficiency evaluation, the self-evaluated efficiency of DMU is 
the highest, while for other DMUd, due to the constraints of their own input-output ratios, they cannot give 
efficiency evaluations greater than DMUk. Therefore, from the perspective of DMUk, the closer the evaluation 
efficiency is to its self-evaluated efficiency, the more recognized the DMUd providing this evaluation is by 
DMUk. From a global perspective, the more endorsements received, the more reliable the evaluation provided 
by DMUd. ξl and ξu represent the lower and upper bounds of credibility calculation for each DMU, jointly 
determined by DMs and evaluated suppliers. By artificially setting ξl and ξu, the participation level of all 
evaluated DMUs can be ensured, avoiding the aggregation weights of cross-efficiency being controlled by 
a minority of DMUs.
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After obtaining the credibility of each DMUd through Model 13, we calculate the overall credibility of DMUd 
using equation (14), as shown below:

u ud dk
k
k d

n

1
� (14)

The aggregation weights Ud of DMUd ’s cross-efficiency are shown in equation (15):
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The final cross-efficiency score of DMUd is:

E U Ed k kd
k

n

1
� (16)

Thus, the cross-efficiency evaluation results of all agricultural product suppliers can be computed, and based 
on these results, performance ranking of suppliers can be determined. In the next section, we will provide 
a case study to validate this method.

4. Case study

4.1 A case study of cross-efficiency evaluation for a corn supplier

The production and operational status of 11 corn suppliers in a city in Shandong Province, China, serve as 
a case study in this paper, with specific data provided upon request. These 11 suppliers utilize three types of 
energy inputs: labor, water resources, the seed and pesticide costs. Two expected outputs are corn crop and its 
by-products corn stover, while one undesirable output is the soil maintenance costs. Labor, water resources, 
corn stover, and soil maintenance costs are represented as triangular fuzzy numbers, while the remaining 
indicators are real numbers. Setting the α  at 0.6. Referencing the studies by Kahneman and Tversky (1979), 
when the values of κ, β and λ are set to 0.88, 0.88 and 2.25, respectively, they provide a more accurate 
interpretation of the DMs’ attitudes towards risk. The CCR efficiency of the suppliers is calculated, and the 
performance evaluation results and their optimal input-output data for the 11 corn suppliers are presented 
in Table 1.

From Table 1, it is observed that when applying Model 7 for the efficiency solving of suppliers, 8 suppliers 
achieved an efficiency score of 1. At this point, it is impossible to differentiate the rankings of these 8 suppliers, 
and they are all ranked first. To enhance the distinguishability of the evaluation results, after obtaining the 
self-assessment efficiency of all suppliers, we input them into Model 12 for calculation.

Assuming there is only one evaluator for the suppliers. With 11 evaluated suppliers, there are 12 DMs 
whose preferences for positive and negative ideal points, as well as their optimism towards decision-making 
execution, need to be considered. We randomly assign preferences and optimism levels to the 12 DMs, 
resulting in the following overall preferences: positive ideal point preference of 0.46, negative ideal point 
preference of 0.54, optimism level of 0.52, and conservatism level of 0.48. The details are given in Table 2.

The data from Tables 1 and 2 are substituted into Model 12 for calculation, resulting in the cross-efficiency 
of the 11 corn suppliers, as shown in Table 3.
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Table 1. Self-evaluated efficiency of suppliers and their optimal input-output values.
DMU Efficiency Labor Water 

resources
Seed and 
pesticide  
costs

Corn crop Corn  
stover

Soil  
maintenance 
costs

1 0.858 89.48 242.02 1060 583.00 74.82 2682.43
2 1.000 61.27 183.08 520 306.80 57.02 1138.38
3 1.000 175.18 584.83 2532 1645.80 203.14 5702.40
4 1.000 87.19 213.98 1,288 798.56 105.23 3131.43
5 0.897 100.82 260.86 864 518.40 63.22 2328.60
6 1.000 115.01 425.34 1574 1054.58 124.47 4775.57
7 1.000 174.94 656.43 1917 1341.90 146.33 4817.83
8 0.988 81.59 293.50 995 621.24 78.00 2199.82
9 1.000 60.09 206.60 496 306.03 38.14 1049.37

10 1.000 76.75 206.27 823 441.00 85.66 2081.76
11 1.000 221.02 776.28 2912 1912.00 243.26 6945.56

Table 2. Reference point preferences and optimism levels of 12 decision makers.
DMU Preferences

POS NEG OPT CON

1 0.540 0.460 0.250 0.750
2 0.470 0.530 0.680 0.320
3 0.350 0.650 0.460 0.540
4 0.410 0.590 0.570 0.430
5 0.250 0.750 0.960 0.040
6 0.170 0.830 0.140 0.860
7 0.980 0.020 0.790 0.210
8 0.240 0.760 0.480 0.520
9 0.680 0.320 0.580 0.420

10 0.170 0.830 0.490 0.510
11 0.580 0.420 0.670 0.330
DM 0.730 0.270 0.160 0.840

POS, positive; NEG, negative; POT, optimism; CON, conservatism.

As shown in Table 3, except for DMU2 and DMU3, the remaining nine DMUs received efficiency evaluations 
of 1 no more than three times. Therefore, in this study, we set the parameter ξu to 0.24. This also ensures that 
each DMU provides recognition evaluations for at least five other DMUs. The cross-efficiency of each corn 
supplier from Table 3 is introduced into Model 13 and equation (16) to determine the degree of recognition 
of the cross-efficiency evaluation results given by each supplier by other suppliers, i.e., the aggregation 
weights of cross-efficiency. The aggregate weights for each DMU are shown in Figure 3.

The degree of recognition (aggregation weights), final cross-efficiency, and average cross-efficiency of the 
11 corn suppliers are shown in Figure 3 and Table 4. The numbers immediately following the efficiency 
values, enclosed in parentheses, represent the individual efficiency rankings of the 11 corn suppliers.

It can be observed that the model exhibits strong discriminative power after introducing the cross-efficiency 
peer evaluation mechanism, enabling a differentiated ranking of the 11 corn suppliers, as shown in Figure 4. 
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Table 3. Cross-efficiency matrix of DMUs solved based on Model 12.
DMU Evaluated DMU

1 2 3 4 5 6 7 8 9 10 11

1 0.855 0.965 0.999 1.000 0.889 1.000 0.992 0.935 0.873 0.932 1.000
2 0.557 1.000 0.711 0.671 0.542 0.520 0.606 0.708 0.726 0.821 0.699
3 0.759 1.000 1.000 0.897 0.769 0.761 0.943 0.977 1.000 0.800 0.957
4 0.645 0.449 0.754 1.000 0.533 0.664 0.548 0.567 0.397 0.573 0.660
5 0.849 1.000 0.991 0.981 0.894 0.997 1.000 0.940 0.898 0.949 1.000
6 0.755 0.655 1.000 0.965 0.671 1.000 0.917 0.872 0.672 0.692 0.959
7 0.782 0.925 1.000 0.906 0.817 0.838 1.000 0.972 0.989 0.762 0.972
8 0.757 1.000 1.000 0.894 0.765 0.762 0.944 0.978 1.000 0.800 0.958
9 0.745 0.924 0.990 0.874 0.763 0.757 0.955 0.968 1.000 0.726 0.944

10 0.719 0.837 0.811 1.000 0.622 0.724 0.594 0.677 0.519 1.000 0.771
11 0.823 1.000 1.000 0.955 0.851 0.942 1.000 0.959 0.927 0.909 1.000

Figure 3. Heatmap of aggregated weights for DMU cross-efficiency.

This is something that self-evaluation models often fail to achieve. From Table 1 and Table 4, the efficiency 
of DMU3 ranks first among the 11 corn suppliers due to two key factors. Firstly, DMU3 excels in managing 
inputs such as water resources and labor while maintaining high corn output. For example, when comparing 
these three input-output indicators, DMU3 requires only 0.106 units of labor resources and 0.355 units of 
water resources to produce one unit of corn crop. In contrast, DMU7 needs 0.130 units of labor resources 
and 0.489 units of water resources for the same output, and DMU9 requires 0.196 units of labor resources 
and 0.675 units of water resources per unit of corn crop output. It is worth noting that the self-assessed 
efficiency of DMU3, DMU7 and DMU9 is all rated as 1. Secondly, although DMU3’s input–output ratios 
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Figure 4. Comparison of DMU cross-efficiency and their rankings.

Table 4. Average cross-efficiency and aggregated cross-efficiency from Model 12.
DMU Average cross-efficiency Model 12’s cross-efficiency Aggregation weight

1 0.752 (10) 0.789 (11) 0.132
2 0.879 (4) 0.943 (4) 0.027
3 0.931 (1) 0.981 (1) 0.100
4 0.922 (2) 0.930 (5) 0.016
5 0.733 (11) 0.803 (10) 0.155
6 0.812 (8) 0.877 (8) 0.074
7 0.861 (6) 0.952 (3) 0.141
8 0.864 (5) 0.928 (6) 0.081
9 0.814 (7) 0.901 (7) 0.058

10 0.807 (9) 0.840 (9) 0.020
11 0.901 (3) 0.959 (2) 0.192
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for Seed and pesticide costs input, corn stover output, and soil maintenance costs are not the best, they still 
reach an advanced level. This ensures that DMU3 receives high peer evaluation results when compared to 
other corn suppliers. A similar situation occurs with DMU11, which ranks second in efficiency.

The case of DMU7, however, differs from that of DMU3 and DMU11. Although DMU7 does not establish an 
absolute advantage in input-output ratios, its operational and production methods are favored by other corn 
suppliers. In other words, DMU7’s production and operation model appear to be common and reasonable. As 
a result, DMU7 gains more influence in peer evaluations, which enhances the reliability of its self-assessed 
efficiency. Consequently, during the efficiency aggregation process, the weight of DMU7’s self-assessed 
efficiency increases, leading to its final ranking rising to third place. As a contrasting case, although DMU2 
and DMU4 manage their labor resource input effectively, their performance in peer evaluations is not 
recognized by other DMUs. Consequently, their self-assessed efficiencies are scarcely considered in their 
final cross-efficiency scores, leading to a decline in their efficiency rankings.

DMU1 and DMU5 rank at the bottom of the performance rankings among the 11 corn suppliers. Their 
high soil maintenance costs negatively impact their performance. During the self-assessment phase, neither 
DMU1 nor DMU5 could achieve a DEA efficient evaluation. Moving into the peer evaluation phase, their 
inefficient input-output ratios further exacerbated their poor performance. To improve their production 
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efficiency, DMU1 and DMU5 should reasonably control their labor resource inputs, increase corn output, 
and find ways to reduce soil maintenance costs.

Unlike previous approaches, this study did not utilize the mean cross-efficiency to evaluate supplier 
performance. Instead, we computed aggregation weights for cross-efficiency based on the varying degrees 
of recognition received by different suppliers. As indicated by Figure 4 and Table 4, among the 11 corn 
suppliers, DMU11, DMU5 and DMU7 received higher degrees of recognition. The opposite situation occurs 
with DMU2 and DMU10, as they are unable to provide higher evaluations for other DMUs. Consequently, 
DMU2 and DMU10 are not acknowledged by other corn suppliers.

The recognition of suppliers by other suppliers is reflected in the aggregation weights of cross-efficiency. 
DMU11, DMU5 and DMU7 exhibit the highest aggregation weights, while DMU2 and DMU10 have 
the lowest aggregation weights. This further impacts the cross-efficiency and performance ranking of all 
DMUs. DMU4 and DMU7 are most affected in terms of efficiency and ranking. When ranked based on 
average cross-efficiency, DMU4 could rank second, while DMU7 could only rank sixth. However, after the 
revision of aggregation weights in this study, the ranking of DMU4 declined to fifth, whereas the ranking of 
DMU7 increased to third. The reason lies in the fact that DMU6, and DMU10 provide higher evaluations 
for DMU4. However, the recognition of DMU6 and DMU10 from other DMUs is not high, suggesting that 
their favorable evaluations for DMU4 are exceptional and not persuasive. On the other hand, DMU11 and 
DMU5 provide the highest evaluations for DMU7, and as the influence of DMU11 and DMU5 increases, 
the evaluation results and ranking of DMU7 naturally rise.

The model proposed in this paper also considers the environmental sustainability of suppliers. The 
cross-efficiency comparison results of the 11 suppliers are depicted in Figure 4-(a) and Figure 4-(b). It is 
evident from Table 4, and Figure 4 that the evaluation method proposed in this paper effectively addresses 
the performance evaluation issue of suppliers with undesirable output indicators. Furthermore, during the 
evaluation process, all fuzzy data pertaining to suppliers can be transformed into precise values, facilitating 
DMs in more intuitively analyzing and comprehending the operational status of suppliers.

4.2 Model comparison

The data of 11 corn suppliers were inputted into the model proposed by Saati et al. (2002) and the model 
proposed in this paper for calculation. Comparing the efficiency results and efficiency rankings obtained 
from the three models, and the results were shown in Table 5 and Figure 5.

Table 5. Comparison of DMU efficiencies derived from three different models.
DMU Efficiency

Satti et al.’s model Model 7 Model 12

1 0.858 (11) 0.858 (11) 0.792 (11)
2 1.000 (1) 1.000 (1) 0.942 (4)
3 1.000 (1) 1.000 (1) 0.982 (1)
4 1.000 (1) 1.000 (1) 0.937 (6)
5 0.897 (10) 0.897 (10) 0.806 (10)
6 1.000 (1) 1.000 (1) 0.884 (8)
7 1.000 (1) 1.000 (1) 0.953 (3)
8 0.933 (8) 0.973 (9) 0.941 (5)
9 0.903 (9) 1.000 (1) 0.924 (7)

10 1.000 (1) 1.000 (1) 0.827 (9)
11 1.000 (1) 1.000 (1) 0.962 (2)
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Figure 5. Comparison of DMU efficiency derived from three different models.
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A reasonable supplier evaluation method should assess suppliers’ comprehensive capabilities from multiple 
perspectives during the evaluation process and provide DMs with detailed, clear, and distinguishable 
performance rankings and comparative results. Based on these two factors, we analyze the three evaluation 
models according to the comparative results shown in Table 5.

Analyze the three models in terms of comprehensive evaluation capabilities. Saati et al.’s (2002) model 
shows some deficiencies in both the ability to consider evaluation metrics and comprehensive evaluation 
capabilities. Firstly, because Saati et al.’s (2002) model is a self-assessment model, DMUs tend to choose 
the most favorable weights to achieve higher efficiency ratings, which inevitably inflates their efficiency. 
Additionally, Saati et al.’s (2002) model does not consider the undesirable output indicators of corn suppliers, 
resulting in a less objective and comprehensive evaluation. For example, DMU9 performs exceptionally well 
in handling soil maintenance, and Model 7 gives DMU9 an efficiency score of 1. Saati et al.’s (2002) model 
overlooks this aspect, resulting in a low-efficiency evaluation for DMU9. A similar situation occurs with 
DMU8. This indicates that by considering undesirable output indicators, the model can provide fairer and 
more realistic evaluation results for agricultural products suppliers, which also helps incentivize suppliers 
to strive for environmental sustainability. In this regard, the evaluation results of Model 7 are evidently 
more reasonable.

Nevertheless, DMU9 received a DEA efficient evaluation solely due to its excellent performance in handling 
soil maintenance, which indicates that DMU9 placed a disproportionate amount of weight on undesirable 
output indicators, neglecting other input-output indicators. Such an evaluation lacks credibility and is 
unrealistic. Similarly, other DMUs also tend to allocate significant weight to their most outstanding single 
indicator. In the evaluation results of Model 7, eight out of eleven suppliers rated themselves as DEA 
efficient. Saati et al.’s (2002) model similarly rated seven suppliers as DEA efficient. This outcome highlights 
the shortcomings of applying self-evaluation models in the evaluation of suppliers, and it underscores the 
necessity of evaluating the comprehensive capabilities of agricultural suppliers from multiple perspectives 
in performance assessment.

The proposed Model 12 abandons the self-assessment approach and adopts a peer assessment method, 
considering decision-makers as boundedly rational. This model evaluates the efficiency of 11 corn suppliers 
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from various angles, taking into account the actual competitiveness of these suppliers, which leads to more 
reasonable results. For instance, as previously mentioned, DMU9 excels in controlling land maintenance 
costs and therefore receives high ratings in this area. However, it is unrealistic for DMU9 to obtain a high 
overall evaluation and secure large orders based solely on this singular advantage. When other DMUs evaluate 
DMU9’s performance using their operational models, the deficiencies in DMU9’s comprehensive capabilities 
become apparent, resulting in its overall efficiency ranking dropping to the 7th position. Similarly, when 
we focus on DMU10 and DMU3, it is evident that evaluating their comprehensive capabilities significantly 
influences their final actual efficiency rankings. As shown in Table 5, in the self-assessment model, DMU10 
deemed itself to be DEA efficient. When other suppliers evaluated DMU10 using their input-output weights, 
DMU10 showed significant inefficiencies, causing its efficiency ranking to drop from first to ninth place. 
Conversely, DMU3 demonstrated more comprehensive performance. During the cross-evaluation phase, 
when six suppliers used their own weights to assess DMU3’s efficiency, DMU3 still achieved a DEA efficient 
evaluation. Therefore, compared to Saati et al.’s (2002) model and Model 7, the proposed Model 12 more 
effectively assesses the comprehensive capabilities of suppliers during the evaluation process.

In terms of the distinguishability of evaluation results, the proposed Model 12 also outperforms both Saati  
et al.’s (2002) model and Model 7. As shown in Table 5, Saati et al.’s (2002) model evaluates the performance 
of 11 corn suppliers, resulting in seven of them receiving an efficiency score of 1, implying that these seven 
suppliers all rank first in efficiency. It is easy to imagine how challenging it would be for DMs to determine 
the most suitable corn supplier for collaboration from these seven. Since Model 7 considers one additional 
undesirable output factor compared to Saati et al.’s (2002) model, it further complicates the situation by 
giving eight suppliers an efficiency score of 1, making it even harder to differentiate among them.

In contrast, the proposed Model 12 not only provides more objective evaluation results but also assigns unique 
efficiency scores and rankings to each of the 11 corn suppliers. DMs can effectively distinguish between 
the suppliers based on the evaluation results from Model 12. This further demonstrates the rationality and 
appropriateness of the proposed Model 12 in the context of agricultural supplier evaluation.

4.3 Sensitivity analysis

This section will analyze the impact of different optimism levels of DMs and evaluated suppliers, various 
reference point preferences, and varying confidence levels on the supplier evaluation results. Specifically, 
it will examine how different values of α, ω and w affect the production and operational efficiency of the 
11 corn suppliers.

Sensitivity analysis of α-cut

Consistent with the previous sections, the initial values for, ω1 and w1 in the sensitivity analysis are set at 
0.5, and 0.6, respectively. The input and output indicators are shown in Table 6. Figure 6 depicts the changes 
in operational efficiency values for 11 suppliers under different α-cut levels. Overall, the efficiency of corn 
suppliers shows high sensitivity to the parameter α. As the value of α increases from 0 to 1, the operational 
efficiency values of all 10 suppliers, except for DMU5, gradually decrease, and the rankings of the suppliers 
also change accordingly. DMU5 is the most affected by changes in the value of α. When α = 0, DMU5 ranks 
last among the 11 suppliers, but when α = 1, its ranking rises to fourth place.

Sensitivity analysis of DM reference point preference.

Table 7 and Figure 7 illustrate the changes in DMU efficiency values as the reference point preferences of 
DMs and evaluated suppliers vary, with other parameters held constant at their initial values. The initial 
values for α, and w1 in the sensitivity analysis are set at 0.6 and 0.6, respectively.
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Figure 6. Comparison of DMU cross-efficiency and their rankings.

Table 6. The impact of different values of the parameter α on DMU efficiency.
DMU Cross-efficiency

α = 0 α = 0.2 α = 0.4 α = 0.6 α = 0.8 α = 1

1 0.787 0.762 0.759 0.749 0.744 0.744
2 0.941 0.892 0.890 0.880 0.872 0.835
3 0.966 0.930 0.933 0.932 0.933 0.909
4 0.922 0.924 0.916 0.921 0.922 0.902
5 0.766 0.736 0.748 0.738 0.757 0.859
6 0.858 0.814 0.824 0.816 0.817 0.810
7 0.940 0.875 0.883 0.865 0.854 0.830
8 0.917 0.868 0.882 0.868 0.859 0.831
9 0.896 0.838 0.842 0.818 0.797 0.751

10 0.829 0.819 0.822 0.809 0.807 0.782
11 0.950 0.905 0.910 0.902 0.897 0.874
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Table 7. The impact of different values of parameter ω on DMU efficiency.
DMU Cross-efficiency

ω1 = 0 ω1 = 0.2 ω1 = 0.4 ω1 = 0.6 ω1 = 0.8 ω1 = 1

1 0.747 0.748 0.750 0.749 0.749 0.768
2 0.905 0.904 0.887 0.880 0.880 0.892
3 0.928 0.928 0.932 0.932 0.932 0.946
4 0.929 0.922 0.922 0.921 0.921 0.945
5 0.723 0.734 0.738 0.738 0.738 0.761
6 0.813 0.809 0.815 0.816 0.816 0.830
7 0.842 0.855 0.864 0.865 0.865 0.878
8 0.860 0.866 0.869 0.868 0.868 0.878
9 0.793 0.816 0.818 0.818 0.818 0.825

10 0.859 0.840 0.815 0.809 0.809 0.833
11 0.900 0.900 0.902 0.902 0.902 0.915
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When ω1, DMs and evaluated suppliers tend to use the negative ideal point as the sole reference point, 
disregarding the positive ideal point. As a gradually increases from 0 to 1, the proportion of the positive 
ideal point being used as a reference also increases. Consequently, the cross-efficiency of DMU4, DMU7 
and DMU9 progressively improves, along with their performance rankings, while the cross-efficiency of 
DMU2 and DMU10 gradually decreases. When ω1 = 1, DMs and evaluated suppliers now prefer the positive 
ideal point as their sole reference, completely ignoring the negative ideal point. At this point, the efficiency 
and rankings of DMU4 and DMU7 reach their optimal positions. However, during this process, DMU9’s 
performance ranking does not continue to rise; instead, it reverts to its ranking when a was 0. This indicates 
that DMU9 performs better in an evaluation environment that considers both positive and negative ideal 
points, whereas DMU4 and DMU7 have greater potential for improvement. The 11 corn suppliers exhibit 
high sensitivity to their preference for positive and negative ideal points.

Sensitivity analysis of DM optimism levels

By keeping the values of parameters α and ω1 constant, we observe the changes in supplier efficiency as w1 is 
varied from 0 to 1 in increments of 0.2. Figure 8 and Table 8 illustrate that when a DMU leans towards a 
pessimistic attitude, it may opt for more robust weightings. This implies that the weightings tend to emphasize 
the DMU’s performance in terms of stability and reliability. Such a pessimistic evaluation approach may 
result in higher cross-efficiency values for suppliers, reflecting their ability to maintain business continuity 
and manage risks effectively.

When the value of w1 is in the range of 0 to 0.5, DMU6 and DMU7 maintain relatively high efficiency 
rankings. In other words, assuming a future production environment that is not optimistic, DMU6 and DMU7 
demonstrate superior production efficiency compared to other DMUs, being better able to maintain efficient 
agricultural product supply activities under adverse conditions. As w1 increases, the DMs’ optimism grows. 
When w1 is in the range of 0.5 to 1, indicating a shift from a pessimistic to an optimistic decision-making 
attitude, the ranking of DMU8 significantly improves. This suggests that DMU8 is more adaptable to 
this positive decision environment and has greater potential for improvement. Although the value of w1 
significantly impacts the efficiency and ranking results of all DMUs around the midpoint of 0.5, once DMs 
establish their level of optimism, the efficiency and rankings of the DMUs remain relatively stable. This 
stability occurs because the value of w1 significantly influences the optimization direction of the objective 
function rather than the prospect values of the indicators. The efficiency and rankings of the 11 suppliers 
exhibit a high sensitivity to the optimism level of the DMs.

Figure 7. Comparison of DMU cross-efficiency and their rankings.
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Table 8. The impact of different values of parameter w on DMU efficiency.
DMU Cross-efficiency

w1 = 0 w1 = 0.2 w1 = 0.4 w1 = 0.6 w1 = 0.8 w1 = 1

1 0.809 0.809 0.809 0.750 0.750 0.750 
2 0.955 0.955 0.955 0.887 0.887 0.887 
3 0.996 0.996 0.996 0.932 0.932 0.932 
4 0.965 0.965 0.965 0.925 0.925 0.925 
5 0.809 0.809 0.809 0.735 0.735 0.735 
6 0.943 0.943 0.943 0.817 0.817 0.817 
7 0.959 0.959 0.959 0.860 0.860 0.860 
8 0.935 0.935 0.935 0.866 0.866 0.866 
9 0.868 0.868 0.868 0.810 0.810 0.810 

10 0.898 0.898 0.898 0.821 0.821 0.821 
11 0.986 0.986 0.986 0.902 0.902 0.902 
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Figure 8. Comparison of DMUs cross-efficiency and their rankings.

5. Conclusion

This paper proposes a DEA cross-efficiency fuzzy evaluation method that considers the reference point 
preferences, optimism levels, and risk preferences of DMs and suppliers to evaluate agricultural product 
suppliers with fuzzy numbers in their metrics. Firstly, the model incorporates the undesirable outputs of 
suppliers, allowing the environmental sustainability of suppliers to be assessed. Secondly, the evaluation 
method introduces the concept of cross-efficiency to prevent suppliers from being evaluated based on 
unreasonable input-output ratios. By examining the comprehensiveness of suppliers, the method ensures 
that DMs select high-efficiency suppliers with good long-term operational capabilities, indicating that this 
evaluation method considers the production sustainability of suppliers. Furthermore, the paper adheres to the 
principle of mutual respect between DMs and evaluated suppliers, treating both as equal decision-making 
entities. Both the DMs and the evaluated suppliers have preferences regarding the positive and negative 
ideal points. Their optimistic and pessimistic attitudes, based on the optimization direction of the model’s 
secondary function, are taken into account. The resulting evaluation outcomes are easily accepted by all 
parties. Furthermore, this fair decision-making process undoubtedly fosters better communication between 
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DMs and suppliers, jointly promoting the sustainability of both the enterprises and the agricultural product 
suppliers. Lastly, since completely rational individuals do not exist in real life, considering the bounded 
rationality of DMs ensures that the evaluation results are more realistic. By incorporating prospect theory, the 
paper portrays the bounded rationality of all DMs and evaluated suppliers, making the obtained evaluation 
results more reflective of real-world situations.

Although the proposed model has certain innovativeness and practicality, in the evaluation process, we assume 
that suppliers operate in a black-box manner, neglecting the complex network structures and production 
situations of suppliers. In the next research phase, we will incorporate DEA’s network evaluation structure 
to attempt to unveil the black-box operation of suppliers and evaluate the efficiency of agricultural product 
suppliers across multiple stages.
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