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A B S T R A C T

Data envelopment analysis (DEA) is a mathematical programming method that can evaluate the relative
efficiency of multiple inputs and multiple outputs of a decision-making unit (DMU). The classical DEA model
assumes that inputs and outputs are determined. However, there are some applications where the inputs–
outputs are stochastic. In practice, it is important to evaluate stage performance. It is essential to eliminate the
effect of preceding stage inputs (outputs) on stage performance in order to accurately assess stage performance.
In this paper, we propose stage stochastic incremental DEA models that integrate two different kinds of inputs
and outputs. The first kind of model takes into account the assessment of stage efficiency when determinate
incremental inputs and stochastic incremental outputs are applied at the beginning and end of the stage. The
second kind of model uses stochastic incremental inputs–outputs to evaluate stage efficiency. To verify the
efficacy of the suggested models, the first kind of model is applied to assess the stage financing efficiency
of 15 energy-saving and environmental protection clean enterprises (ESEPCEs). The second kind of model
is applied in assessing the stage investment efficiency of 15 ESEPCEs. The empirical results show that the
proposed models not only eliminate the effect of prior performance but also more accurately assess stage
efficiency in a stochastic environment.
1. Introduction

DEA is a powerful and versatile method used in measuring the
efficiency of multi-input and multi-output production systems [1,2].
The CCR model, which is the first DEA model, was originally introduced
by Charnes et al. [3]. Then Banker et al. [4] suggested a variable
proportional returns version of the DEA-CCR model, which has since
become widely known as the DEA-BCC model. Based on the above two
models, the DEA model has a series of extensions based on practical
applications [5,6]. The method is able to accomplish two goals of the
assessment: analyzing historical efficiency and strategizing for future
improvements [7–9].

The classical DEA models assume that inputs–outputs are determin-
istic. But in practical management, inputs–outputs may be stochastic.
For example, in the investment and financing process, enterprises are
confronted with various uncertainties, such as fluctuations in interest
rates, project failure risks, and the potential for asset impairment. These
factors contribute to the randomness of inputs and outputs, rendering
the financial landscape complex and challenging. In addition, the data
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collected are often snapshot observations, the values of which may vary
if collected a little earlier or later. Therefore, the inputs–outputs of a
business over time are often stochastic variables. Another situation is
when it is necessary to forecast the performance of a business for the
following year, in which operations have not yet begun. In this case,
the data of inputs–outputs is unknown and must be predicted, so it is
more suitable to represent them by stochastic variables. The stochastic
DEA model has attracted substantial attention from scholars and has
been extensively investigated, reflecting its prominence in the field.

Sengupta [10] and Land et al. [11] proposed stochastic decision
models to explain the randomness of inputs–outputs. Banker et al.
[4] considered statistical factors in DEA and proposed a statistical
non-parametric DEA method. After, Sengupta [12], Huang and Li
[13], Khodabakhshi and Asgharian [14], and Lotfi et al. [15] pre-
sented stochastic DEA models and obeyed the normal distribution
around probabilistic stochastic problems. For example, Nazari and
Behzadi [16] gave the asymptotic distribution function of a stochastic
variable with a skewed normal distribution and applied it to DEA.
Izadikhah and Saen [17] proposed a two-stage stochastic DEA model
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for intermediate products that can produce both desired and undesired
outputs. By convolution of normal and half-normal distributions, Jradi
and Ruggiero [18] solves the stochastic frontier model programming
problem with incorrect structural constraints. In addition, Tavassoli
et al. [19] proposed a stochastic fuzzy DEA model using the 𝛼-cut
lgorithm. Kao and Liu [20] developed a network stochastic model
onsidering the correlation between inputs and outputs and applied the
odel to 22 commercial banks in Taiwan. Wanke et al. [21] proposed
stochastic ratio-DEA model and utilized a generalized auto-regressive
oving average model to examine the temporal dependence within

he input/output set, thereby anticipating efficiency. Therefore, the
tochastic DEA model enables researchers to quantify the variability in
fficiency scores and better understand the impact of stochastic factors
n DMUs.

The stochastic DEA models presented above analyze the overall
erformance of the DMUs. However, stage performance evaluation is
ore commonly practiced. For instance, the assessment of academic
isciplines conducted by Chinese universities every 2–3 years and the
evelopment of a strategic plan by an enterprise to be implemented
or 3–4 years are all stage performance evaluations. Stage performance
valuation encompasses a thorough assessment of performance at a
articular stage, offering a valuable reference for leaders in their strate-
ic planning and decision-making for the subsequent stage. Therefore,
any scholars have paid attention to stage performance evaluations

hat take into account the randomness of inputs and outputs under
ome practical problems.

The dynamic DEA model, window DEA model, and Malmquist
ndex model are all methods of evaluating the stage performance of a
MU, responding to performance over time. In view of the common

andomness in practical applications, scholars have also attempted
o incorporate the randomness of inputs–outputs for DMUs into the
forementioned methods to more accurately assess stage performance.
or example, Yaghoubi and Fazli [22] proposed a dynamic stochastic
EA model based on a fuzzy environment and combined it with modern
anking industry indicators to predict bank efficiency. Gan et al. [23]
resented a dynamic network DEA model and used it to analyze the
fficiency of industrial metabolism in 18 first-tier cities in China from
016–2020. Kumar et al. [24] proposed a non-stochastic frontier win-
ow DEA model with a window period of three years and analyzed the
fficiency of private sector banks in India from 2005–2017. Liu et al.
25] proposed a stochastic semi-parametric frontier three-stage window
EA model for evaluating the green economic efficiency of Chinese in-
ustry. Molinos-Senante et al. [26] proposed a stochastic meta-frontier
pproach to evaluate and compare productivity changes in water and
ewerage enterprises in England and Wales. This approach was used to
ssess the changes over the period 1991–2016 for water utilities in the
ame regions. However, the aforementioned methods assess changes
n stage performance. It is critical to acknowledge that the evaluation
esults can be influenced by the preceding stage’s performance, which
onsequently may compromise the accuracy of the evaluation under
urrent stage. However, the existing stage performance models cannot
olve this stage evaluation problem. This paper also studies stage effi-
iency over some time. The task of this paper is to solve the limitations
f previous methods. Specifically, it aims to eliminate the influence of
nput and output performance prior to a particular stage by building

stage performance evaluation model. Furthermore, it considers the
tochastic nature of inputs and outputs to establish a stage stochastic
ncremental DEA model.

This paper is to further consider the problem of input–output ran-
omness based on Ji et al. [27], and propose a stage stochastic in-
remental performance evaluation model. It solves the problem of the
ossible randomness of inputs–outputs in stage performance evalua-
ion. Therefore, this paper first uses the stage incremental data of inputs
outputs) as the inputs (outputs) data for stage efficiency evaluation.
eanwhile, considering the randomness of inputs–outputs in practi-
al management, this paper proposes two kinds of stage stochastic

2 
incremental DEA models. One is the stage stochastic incremental DEA
model, where inputs are determined and outputs are stochastic. The
other is the stage stochastic incremental DEA model, where inputs and
outputs are stochastic. The proposed two kinds of models are applied
to evaluate the stage investment and financing efficiency of ESEPCEs,
respectively. The practical applications not only validate the validity
of the proposed models but also evaluate the stage investment and
financing of the enterprise from the perspective of efficiency, which is
helpful for enterprises to optimize their growth strategies and achieve
more sustainable development. The specific work of this paper is as
follows:

• Using the incremental data of inputs and outputs from the as-
sessed stage can eliminate the influence of the previous stage’s
efficiency.

• Taking into account the randomness of the practical problems,
this paper proposes a stage stochastic incremental DEA model
under deterministic inputs and stochastic outputs and gives its
definitions.

• Then, this paper further expands on the first model, proposes a
stage stochastic incremental DEA model under stochastic inputs
and outputs, and gives its definitions.

• To validate the proposed two kinds of stage stochastic incremen-
tal DEA models, the first form of the proposed models evaluates
the stage financing efficiency of 15 ESEPCEs in China after green
transformation. The second form evaluates the stage investment
efficiency of 15 ESEPCEs in China. The evaluation results pro-
vide a reference for promoting the sustainable development of
ESEPCEs.

The organization of this paper is outlined below. Section 2 describes
the basics. Section 3 presents stage stochastic incremental DEA models
under two forms of inputs–outputs and provides relevant definitions
and theorems. Section 4 evaluates the stage financing efficiency and
stage investment efficiency of ESEPCEs using the two kinds of models,
respectively, which not only validates the effectiveness of the mod-
els but also evaluates the stage of investment and financing. Finally,
Section 5 summarizes the paper.

2. Preliminaries

2.1. DEA-CCR model

Assume that we have 𝑛 DMUs (𝐷𝑀𝑈𝑗 , 𝑗 = 1,… , 𝑛), each asso-
ciates with 𝑚 inputs 𝑋𝑗 =

(

𝑥1𝑗 , 𝑥2𝑗 ,… , 𝑥𝑚𝑗
)𝑇 and 𝑠 outputs 𝑌𝑗 =

(

𝑦1𝑗 , 𝑦2𝑗 ,… , 𝑦𝑠𝑗
)𝑇 , 𝑗 = 1,… , 𝑛. The production possibility set 𝑇 can be

expressed as follows:

𝑇 =

{

(𝑋, 𝑌 )|𝑋 ≥
𝑛
∑

𝑗=1
𝜆𝑗𝑋𝑗 , 𝑌 ≤

𝑛
∑

𝑗=1
𝜆𝑗𝑌𝑗 , 𝜆𝑗 > 0, 𝑗 = 1,… , 𝑛

}

(1)

The DEA-CCR model measures the relative efficiency of DMUs is as
follows:

max
𝑠
∑

𝑟=1
𝜇𝑟𝑦𝑟0

𝑠.𝑡. (2)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑠
∑

𝑟=1
𝜇𝑟𝑦𝑟𝑗−

𝑚
∑

𝑖=1
𝜔𝑖𝑥𝑖𝑗 ≤ 0, 𝑗 = 1,… , 𝑛,

𝑚
∑

𝑖=1
𝜔𝑖𝑥𝑖0 = 1,

𝜇𝑟, 𝜔𝑖 ≥ 0, 𝑟 = 1,… , 𝑠; 𝑖 = 1,… , 𝑚.

where the subscript 0 indicates the evaluated DMU, 𝜔𝑖(𝑖 = 1,… , 𝑚)
and 𝜇𝑟(𝑟 = 1,… , 𝑠) express the weights of 𝑚 inputs and 𝑠 outputs,

respectively.
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The dual linear programming model for model (2) is:

min 𝜃

𝑠.𝑡. (3)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑛
∑

𝑗=1
𝜆𝑗𝑋𝑗 ≤ 𝜃𝑋𝑗0 ,

𝑛
∑

𝑗=1
𝜆𝑗𝑌𝑗0 ≥ 𝑌𝑗 ,

𝜆𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

Definition 2.1. If the model (2) has optimal solutions 𝜇∗
𝑟 , 𝜔

∗
𝑖 satisfying

the conditions ∑𝑠
𝑟=1 𝜇

∗
𝑟 𝑦𝑟0 = 1, and 𝜇∗

𝑟 > 0, 𝜔∗
𝑖 > 0, then 𝐷𝑀𝑈𝑗0 is

defined as DEA efficient.

2.2. Stage incremental DEA model

The incremental DEA model proposed by Ji et al. [27] is the basis
for constructing this paper. Assuming that there are a total of 𝑛 DMUs
that require efficiency measurements. Each 𝐷𝑀𝑈𝑗 at time 𝑡 consumes
𝑚 inputs 𝑥𝑡𝑖𝑗 to produce 𝑠 outputs 𝑦𝑡𝑟𝑗 . From the time 𝑡0 to 𝑡0 + 𝑙 (𝑡0 > 1),
that is, stage 𝑡0, the increments of inputs–outputs are defined by 𝛥𝑋𝑡0

𝑗 =
𝑡0+𝑙
𝑗 −𝑋𝑡0

𝑗 , 𝛥𝑌 𝑡0
𝑗 = 𝑌 𝑡0+𝑙

𝑗 − 𝑌 𝑡0
𝑗 . The stage incremental DEA model is as

ollows:

max
𝑢𝑇 𝛥𝑌 𝑡0

0

𝑣𝑇 𝛥𝑋𝑡0
0

𝑠.𝑡. (4)

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑢𝑇 𝛥𝑌 𝑡0
𝑗

𝑣𝑇 𝛥𝑋𝑡0
𝑗

≤ 1, 𝑗 = 1,… , 𝑛,

𝑢𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 0, 𝑗 = 1,… , 𝑛,

𝑣𝑇 𝛥𝑋𝑡0
𝑗 > 0, 𝑗 = 1,… , 𝑛,

𝑢 ≥ 0, 𝑣 ≥ 0.

where
𝑢𝑇 𝛥𝑌 𝑡0

0

𝑣𝑇 𝛥𝑋𝑡0
0

denotes the stage efficiency of 𝐷𝑀𝑈𝑗0 .

=
(

𝑣1, 𝑣2,… , 𝑣𝑚
)𝑇 > 0, 𝑣𝑖 is the weight of the 𝑖th incremental

input. 𝑢 =
(

𝑢1, 𝑢2,… , 𝑢𝑠
)𝑇 > 0, 𝑢𝑟 is the weight of the 𝑟th incremental

output. The incremental inputs 𝛥𝑥𝑡0𝑖𝑗 (1 ≤ 𝑖 ≤ 𝑚) and incremental outputs
𝑦𝑡0𝑟𝑗 (1 ≤ 𝑟 ≤ 𝑠) may be positive, negative or zero. The aggregate

incremental input 𝑣𝑇 𝛥𝑋𝑡0
𝑗 > 0 is non-negative. The aggregate incre-

mental output 𝑢𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 0 is positive. The stage incremental DEA model

simultaneously minimizes total weighted incremental inputs and max-
imizes total weighted incremental outputs. By 𝐶2-transformation [3]:
𝑡 = 1

𝑣𝑇 𝛥𝑋𝑡0
0

, 𝜔 = 𝑡𝑣, 𝜇 = 𝑡𝑢, the fractional programming model (4) can

e converted into the following equivalent linear programming model:

max 𝜃 = 𝜇𝑇 𝛥𝑌 𝑡0
0

𝑠.𝑡. (5)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝜔𝑇 𝛥𝑋𝑡0
𝑗 − 𝜇𝑇 𝛥𝑌 𝑡0

𝑗 ≥ 0, 𝑗 = 1,… , 𝑛,

𝜔𝑇 𝛥𝑋𝑡0
0 = 1,

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 0, 𝑗 = 1,… , 𝑛,

𝜇 ≥ 0,
𝜔 ≥ 0.

Using Lagrange multiplier method, the dual model of model (5) is
presented as follows:

min 𝜃

𝑠.𝑡. (6)
3 
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑛
∑

𝑗=1
𝜆𝑗𝛥𝑋

𝑡0
𝑗 ≤ 𝜃𝛥𝑋𝑡0

0 ,

𝑛
∑

𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑗 ≥ 𝛥𝑌 𝑡0

0 ,

𝜆𝑗 ≥ 0, 𝜂𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

The stage efficiency value 𝜃∗ ranges between 0 and 1.

2.3. Stochastic DEA model

2.3.1. Stochastic DEA model with determinate inputs and stochastic outputs
Assume that we have 𝑛 DMUs (𝐷𝑀𝑈𝑗 , 𝑗 = 1,… , 𝑛), each associates

with 𝑚 determinate inputs 𝑋𝑗 = (𝑥1𝑗 , 𝑥2𝑗 ,… , 𝑥𝑚𝑗 )𝑇 and 𝑠 stochastic
outputs 𝑌𝑗 = (�̃�1𝑗 , �̃�2𝑗 ,… , �̃�𝑠𝑗 )𝑇 , 𝑗 = 1,… , 𝑛.

When the inputs are determinate and the outputs are stochastic, the
stochastic DEA model with a normal distribution is the following:

max
𝑢,𝑣,𝑓

𝑓

𝑠.𝑡.

⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

Pr

[ 𝑠
∑

𝑟=1
𝑢𝑟�̃�𝑟0 ≥ 𝑓

]

≥ 𝛼, (a)

𝑠
∑

𝑟=1
𝑣𝑖𝑥𝑖0 = 1, (b)

Pr

[ 𝑠
∑

𝑟=1
𝑢𝑟�̃�𝑟𝑗 −

𝑠
∑

𝑟=1
𝑣𝑖𝑥𝑖𝑗 ≤ 0

]

≥ 𝛼, 𝑗 = 1,… , 𝑛, (c)

𝑣𝑖, 𝑢𝑟 ≥ 0, 𝑖 = 1,… , 𝑚; 𝑟 = 1,… , 𝑠.

(7)

where 𝑃𝑟 represents probability; 𝛼 is significance level.
In model (7), the objective function is maximized such that the

significance level of satisfying the constraints is at least 𝛼. Constraint
(7a) states that the probability that the sum of weighted outputs is
higher than the stochastic efficiency score is at least the significance
level 𝛼. Constraint (7c) represents the probability that all 𝑛 constraints
(linear inequalities) have a given significance level 𝛼.

Assume that 𝑌𝑗 = (�̃�1𝑗 , �̃�2𝑗 ,… , �̃�𝑠𝑗 )𝑇 , 𝑗 = 1,… , 𝑛, are the normal
output vectors for 𝐷𝑀𝑈𝑗 , and stochastic outputs 𝑌𝑗 are independently
distributed normal stochastic variables with

𝐸
[

�̃�𝑟𝑗
]

= 𝑦𝑟𝑗 , 𝑉 𝑎𝑟
[

�̃�𝑟𝑗
]

=
(

𝜎𝑂𝑟𝑗
)2

(8)

According to Eqs. (8) and Cheng and Lisser [28], model (7) can
be transformed into a determinate form of optimization problem, as
follows

max
𝑢,𝑣

𝑠
∑

𝑟=1
𝑢𝑟𝑦𝑟0 − 𝜙−1 (𝛼)

√

√

√

√

𝑠
∑

𝑟=1
𝑢2𝑟 Var

(

�̃�𝑟0
)

𝑠.𝑡. (9)

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑚
∑

𝑖=1
𝑣𝑖𝑥𝑖0 = 1,

𝑠
∑

𝑟=1
𝑢𝑟𝑦𝑟𝑗 + 𝜙−1 (𝛼𝜆𝑗

)

√

√

√

√

𝑠
∑

𝑟=1
𝑢2𝑟 Var

(

�̃�𝑟0
)

≤
𝑚
∑

𝑖=1
𝑣𝑖𝑥𝑖𝑗 , 𝑗 = 1,… , 𝑛,

𝑢𝑟 ≥ 0, 𝑟 = 1,… , 𝑠; 𝑣𝑖 ≥ 0; 𝑖 = 1,… , 𝑚; 𝜆𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

2.3.2. Stochastic DEA model with stochastic inputs–outputs
Assume that we have 𝑛 DMUs (𝐷𝑀𝑈𝑗 , 𝑗 = 1,… , 𝑛), each associates

with 𝑚 stochastic inputs �̃�𝑗 = (�̃�1𝑗 , �̃�2𝑗 ,… , �̃�𝑚𝑗 )𝑇 and 𝑠 stochastic
outputs 𝑌𝑗 = (�̃�1𝑗 , �̃�2𝑗 ,… , �̃�𝑠𝑗 )𝑇 , 𝑗 = 1,… , 𝑛. These components are
considered to follow a normally distributed distribution, i.e. �̃�𝑖𝑗 ∼
(

𝑥𝑖𝑗 , 𝛿2𝑖𝑗
)

, �̃�𝑟𝑗 ∼ 𝑁
(

𝑦𝑟𝑗 , 𝜐2𝑟𝑗
)

. Stochastic DEA models are divided into
two types: input-oriented and output-oriented. Here we introduce the
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input-oriented stochastic DEA model. The input-oriented stochastic
DEA model is as follows:

min 𝜃

.𝑡. (10)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑃𝑟

( 𝑛
∑

𝑗=1
𝜆𝑗�̃�𝑖𝑗 ≤ 𝜃�̃�𝑖0

)

≥ 1 − 𝛼, 𝑖 = 1, 2,… , 𝑚,

𝑃 𝑟

( 𝑛
∑

𝑗=1
𝜆𝑗𝑌𝑟𝑗 ≥ 𝑌𝑟0

)

≥ 1 − 𝛼, 𝑟 = 1,… , 𝑠,

𝜆𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

here 1−𝛼 is confidence level, and 𝛼(0 ≤ 𝛼 ≤ 1) represents significance
evel. 𝜃∗ denotes the optimal objective function value for model (10).

efinition 2.2. For the given significance level 𝛼, when 𝜃∗ = 1, the
valuated 𝐷𝑀𝑈0 is defined as stochastic DEA efficient ; and when
∗ < 1, the evaluated 𝐷𝑀𝑈0 is defined as stochastic DEA inefficient.

Inequality constraints can be replaced with equality constraints by
dding slack variables. The equality constraints for stochastic DEA
odel (10) are as follows:

min 𝜃 − 𝜀

( 𝑚
∑

𝑖=1
𝑠−𝑖 +

𝑠
∑

𝑟=1
𝑠+𝑟

)

.𝑡. (11)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑃𝑟

( 𝑛
∑

𝑗=1
𝜆𝑗�̃�𝑖𝑗 − 𝜃�̃�𝑖0 ≤ −𝑠−𝑖

)

= 1 − 𝛼, 𝑖 = 1,… , 𝑚,

𝑃 𝑟

( 𝑛
∑

𝑗=1
𝜆𝑗𝑌𝑟𝑗 − 𝑌𝑟0 ≥ 𝑠+𝑟

)

= 1 − 𝛼, 𝑟 = 1,… , 𝑠,

𝜆𝑗 , 𝑠
−
𝑖 , 𝑠

+
𝑟 ≥ 0, 𝑗 = 1,… , 𝑛; 𝑖 = 1,… , 𝑚; 𝑟 = 1,… , 𝑠.

𝑀𝑈0 is stochastic efficient if 𝜃∗ = 1, 𝑠−𝑖 = 𝑠+𝑟 = 0(𝑖 = 1,… , 𝑚; 𝑟 =
1,… , 𝑠).

The equivalent form of model (11) is expressed as follows:

min 𝜃 − 𝜀

( 𝑚
∑

𝑖=1
𝑠−𝑖 +

𝑠
∑

𝑟=1
𝑠+𝑟

)

𝑠.𝑡. (12)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑛
∑

𝑗=1
𝜆𝑗𝑥𝑖𝑗 + 𝑠−𝑖 − 𝜙−1 (𝛼) 𝛿𝑖 (𝜆, 𝜃) = 𝜃𝑥𝑖0, 𝑖 = 1,… , 𝑚,

𝑛
∑

𝑗=1
𝜆𝑗𝑦𝑟𝑗 − 𝑠+𝑟 + 𝜙−1 (𝛼) 𝜐𝑟 (𝜆) = 𝑦𝑟0, 𝑟 = 1,… , 𝑠,

𝜆𝑗 , 𝑠
−
𝑖 , 𝑠

+
𝑟 ≥ 0, 𝑗 = 1,… , 𝑛; 𝑖 = 1,… , 𝑚; 𝑟 = 1,… , 𝑠.

where 𝜙 is the cumulative distribution function of the normal dis-
tribution. 𝛿𝑖 (𝜆, 𝜃) is the standard deviation of the stochastic variable
∑𝑛

𝑗=1 𝜆𝑗�̃�𝑖𝑗 − 𝜃�̃�𝑖0; 𝜐𝑟 (𝜆) is the standard deviation of the stochastic
variable ∑𝑛

𝑗=1 𝜆𝑗𝑌𝑟𝑗 − 𝑌𝑟0.

3. Model formulation

The model in this section is further considering the randomness of
inputs–outputs on the basis of Ji et al. [27]. We also define the period
from period 𝑡0 to period 𝑡0 + 𝑙 as stage 𝑡0.

3.1. Stage stochastic incremental DEA model with deterministic inputs and
stochastic outputs

Assume that 𝑆 =
{(

𝑋𝑡
𝑗 , 𝑌

𝑡
𝑗

)

|𝑗 = 1,… , 𝑛; 𝑡 = 1,… , 𝑇
}

is a panel
stochastic production possibility set. Each 𝐷𝑀𝑈 𝑗 at period 𝑡 consumes

𝑚 different real-valued inputs 𝑋𝑡
𝑗 =

(

𝑥𝑡1𝑗 , 𝑥
𝑡
2𝑗 ,… , 𝑥𝑡𝑚𝑗

)𝑇
to produce 𝑠

different stochastic outputs 𝑌 𝑡 =
(

�̃�𝑡 , �̃�𝑡 ,… , �̃�𝑡
)𝑇

.
𝑗 1𝑗 2𝑗 𝑠𝑗

4 
From the stage 𝑡0, the increments of inputs–outputs are defined by
𝛥𝑋𝑡0

𝑗 = 𝑋𝑡0+𝑙
𝑗 −𝑋𝑡0

𝑗 , 𝛥𝑌 𝑡0
𝑗 = 𝑌 𝑡0+𝑙

𝑗 − 𝑌 𝑡0
𝑗 .

Based on the stage incremental DEA model [27] and stochastic DEA
model, the stage stochastic incremental DEA model with determinate
inputs and stochastic outputs is given as follows:

max 𝑓

𝑠.𝑡.

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
0 ≥ 𝑓

)

≥ 1 − 𝛼, (a)

𝜔𝑇 𝛥𝑋𝑡0
0 = 1, (b)

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝜔𝑇 𝛥𝑋𝑡0

𝑗 ≤ 0
)

≥ 1 − 𝛽, 𝑗 = 1,… , 𝑛, (c)

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 0

)

≥ 1 − 𝛾, 𝑗 = 1,… , 𝑛, (d)

𝜇 ≥ 0, 𝜔 ≥ 0.

(13)

where 𝛼, 𝛽, 𝛾 are significance level between 0 and 1.
Then add a positive slack variable to each constraint in optimization

problem (13), as follows:

(13a) ⇒ Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
0 ≥ 𝑓

)

= 1 − 𝛼 + 𝜉0, (14)

(13c) ⇒ Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝜔𝑇 𝛥𝑋𝑡0

𝑗 ≤ 0
)

= 1 − 𝛽 + 𝜉𝑗 , (15)

(13d) ⇒ Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 0

)

= 1 − 𝛾 + 𝜂𝑗 . (16)

There must exist positive slack variables 𝑠+0 , 𝑠+𝑗 , 𝑠−𝑗 , such that the
qs. (14), (15), (16) are converted as follows:

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
0 ≥ 𝑓 + 𝑠+0

)

= 1 − 𝛼, (17)

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝜔𝑇 𝛥𝑋𝑡0

𝑗 + 𝑠−𝑗 ≤ 0
)

= 1 − 𝛽, (18)

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 𝑠+𝑗

)

= 1 − 𝛾. (19)

It is obviously that 𝜉0 = 0 if and only if 𝑠+0 = 0. Similarly, 𝜉𝑗 = 0 if
nd only if 𝑠−𝑗 = 0, and 𝜂𝑗 = 0 if and only if 𝑠+𝑗 = 0.

Then we introduce the non-Archimedean infinitesimal 𝜀 > 0, the
tage stochastic incremental DEA model can be characterized by the
ollowing chance constraints model:

max 𝑓 + 𝜀

(

𝑠+0 +
𝑛
∑

𝑗=1
𝑠+𝑗 +

𝑛
∑

𝑗=1
𝑠−𝑗

)

.𝑡. (20)
⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
0 ≥ 𝑓 + 𝑠+0

)

= 1 − 𝛼,

𝜔𝑇 𝛥𝑋𝑡0
0 = 1,

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝜔𝑇 𝛥𝑋𝑡0

𝑗 + 𝑠−𝑗 ≤ 0
)

= 1 − 𝛽, 𝑗 = 1,… , 𝑛,

Pr
(

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 ≥ 𝑠+𝑗

)

= 1 − 𝛾,

𝜇 ≥ 0, 𝜔 ≥ 0, 𝑠+0 ≥ 0, 𝑠+𝑗 ≥ 0, 𝑠−𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

efinition 3.1 (Stage Stochastic Efficient). In model (20), for the given
ignificance levels 𝛼, 𝛽, 𝛾 of [0, 1], if there exists at least one optimal
olution (𝜇∗, 𝜔∗), such that the following conditions are satisfied:

(1) f = 1,
(2) 𝑠+0 = 𝑠+𝑗 = 𝑠−𝑗 = 0,∀𝑗 = 1,… , 𝑛.
then the evaluated decision-making unit 𝐷𝑀𝑈𝑗0 is stage stochastic

fficient for the given significance levels 𝛼, 𝛽, 𝛾 of [0, 1].

For the given significance level 𝛼, 𝛽, 𝛾, the stage stochastic incremen-
al DEA model (20) can be transformed into the following deterministic
quivalent:

max 𝑓 + 𝜀

(

𝑠+0 +
𝑛
∑

𝑠+𝑗 +
𝑛
∑

𝑠−𝑗

)

𝑗=1 𝑗=1
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𝑠.𝑡. (21)

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝜇𝑇 𝛥𝑌 𝑡0
0 − 𝑓 − 𝑠+0 + 𝜎0 (𝑓, 𝑢)𝜙−1 (𝛼) = 0,

𝜔𝑇 𝛥𝑋𝑡0
0 − 1 = 0,

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝜔𝑇 𝛥𝑋𝑡0

𝑗 + 𝑠−𝑗 + 𝜎𝑗 (𝜇)𝜙−1 (1 − 𝛽) = 0, 𝑗 = 1,… , 𝑛,

𝜇𝑇 𝛥𝑌 𝑡0
𝑗 − 𝑠+𝑗 + 𝜙−1 (𝛾) 𝜎𝑗 (𝜇) = 0, 𝑗 = 1,… , 𝑛,

𝜇 ≥ 0, 𝜔 ≥ 0, 𝑠+0 ≥ 0, 𝑠+𝑗 ≥ 0, 𝑠−𝑗 ≥ 0.

where
[

𝜎0 (𝑓, 𝜇)
]2 = 𝜇𝑇 ∑

𝜇, ∑ is the covariance matrix of 𝛥𝑌 𝑡0
0 ,

[

𝜎𝑗 (𝜇)
]2 =

[

𝜎𝑗 (𝜇)
]2 = 𝜇𝑇 ∑

𝑗 𝜇, and ∑

𝑖 is the covariance matrix of 𝛥𝑌 𝑡0
𝑗 .

Especially, if the components of 𝛥𝑌 𝑡0
𝑗 =

(

𝛥�̃�𝑡01𝑗 , 𝛥�̃�
𝑡0
2𝑗 ,… , 𝛥�̃�𝑡0𝑠𝑗

)𝑇
are in-

dependent of each other, the variance of 𝜇𝑇 𝛥𝑌 𝑡0
𝑗 is ∑𝑠

𝑖=1 𝜇
2
𝑖 𝑉 𝑎𝑟

(

𝛥�̃�𝑡0𝑖𝑗
)

.

Generally, the significance levels 𝛼, 𝛽, 𝛾 can take values of 0.05, 0.01,
etc. When the significance levels 𝛼 = 0, 𝛽 = 1, 𝛾 = 0, model (21)
degenerates into a stage incremental DEA model [27].

3.2. Stage stochastic incremental DEA model with stochastic inputs–outputs

Assume that 𝑆∗ =
{(

�̃�𝑡
𝑗 , 𝑌

𝑡
𝑗

)

|𝑗 = 1,… , 𝑛; 𝑡 = 1,… , 𝑇
}

is a panel

stochastic production possibility set. Each 𝐷𝑀𝑈 𝑗 at period 𝑡 consumes

𝑚 different stochastic inputs �̃�𝑡
𝑗 =

(

�̃�𝑡1𝑗 , �̃�
𝑡
2𝑗 ,… , �̃�𝑡𝑚𝑗

)𝑇
to produce 𝑠

different stochastic outputs 𝑌 𝑡
𝑗 =

(

�̃�𝑡1𝑗 , �̃�
𝑡
2𝑗 ,… , �̃�𝑡𝑠𝑗

)𝑇
.

𝛥�̃�𝑡0
𝑗 = �̃�𝑡0+𝑙

𝑗 − �̃�𝑡0
𝑗 and 𝛥𝑌 𝑡0

𝑗 = 𝑌 𝑡0+𝑙
𝑗 − 𝑌 𝑡0

𝑗 are defined as the
stochastic incremental inputs and outputs at stage 𝑡0, respectively. The
stage stochastic incremental DEA model with stochastic inputs–outputs
is formulated as:

min 𝜃

𝑠.𝑡. (22)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

Pr

[ 𝑛
∑

𝑗=1
𝜆𝑗𝛥�̃�

𝑡0
𝑖𝑗 ≤ 𝜃𝛥�̃�𝑡0

𝑖0

]

≥ 1 − 𝛼, 𝑖 = 1,… , 𝑚,

Pr

[ 𝑛
∑

𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 ≥ 𝛥𝑌 𝑡0

𝑟0

]

≥ 1 − 𝛽, 𝑟 = 1,… , 𝑠,

𝜆𝑗 ≥ 0, 𝜂𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

where 0 ≤ 𝛼 ≤ 1, 0 ≤ 𝛽 ≤ 1 are significance levels. Similar to
Section 3.1, the stage stochastic incremental DEA model (22) can
transformed into the following chance constraints optimization model
with slack variables:

min 𝜃 + 𝜀

( 𝑚
∑

𝑖=1
𝑠−𝑖 +

𝑠
∑

𝑟=1
𝑠+𝑟

)

𝑠.𝑡.

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

Pr

[ 𝑛
∑

𝑗=1
𝜆𝑗𝛥�̃�

𝑡0
𝑖𝑗 + 𝑠−𝑖 ≤ 𝜃𝛥�̃�𝑡0

𝑖0

]

= 1 − 𝛼, 𝑖 = 1,… , 𝑚, (a)

Pr

[ 𝑛
∑

𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 ≥ 𝛥𝑌 𝑡0

𝑟0 + 𝑠+𝑟

]

= 1 − 𝛽, 𝑟 = 1,… , 𝑠, (b)

𝜆𝑗 ≥ 0, 𝜂𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

(23)

where 𝜀 > 0 is the non-Archimedean infinitesimal.

Definition 3.2 (Stage Stochastic Efficient). In model (23), for the given
significance levels 𝛼, 𝛽 of [0, 1], if there exists at least one optimal
solution (𝜆∗, 𝜂∗), such that the following conditions are satisfied:

(1) 𝜃 = 1,
(2) 𝑠+0 = 𝑠+𝑗 = 𝑠−𝑗 = 0,∀𝑗 = 1,… , 𝑛.
then the evaluated decision-making unit 𝐷𝑀𝑈𝑗0 is stage stochastic
efficient for the given significance levels 𝛼, 𝛽 of [0, 1]. i

5 
In order to facilitate application and calculation, it is necessary to
transform model (23) into a determinate form. The first constraint is
equivalent to the following form:

Pr
⎡

⎢

⎢

⎣

∑𝑛
𝑗=1 𝜆𝑗𝛥�̃�

𝑡0
𝑖𝑗 + 𝑠−𝑖 − 𝜃𝛥�̃�𝑡0

𝑖0 −
∑𝑛

𝑗=1 𝜆𝑗𝛥𝑋
𝑡0
𝑖𝑗 − 𝑠−𝑖 + 𝜃𝑋𝑡0

𝑖0

𝜎𝑖 (𝜆, 𝜃)

≤
0 −

∑𝑛
𝑗=1 𝜆𝑗𝛥𝑋

𝑡0
𝑖𝑗 − 𝑠−𝑖 + 𝜃𝛥𝑋𝑡0

𝑖0

𝜎𝑖 (𝜆, 𝜃)

⎤

⎥

⎥

⎦

= 1 − 𝛼

here
∑𝑛

𝑗=1 𝜆𝑗𝛥�̃�
𝑡0
𝑖𝑗 +𝑠

−
𝑖 −𝜃𝛥�̃�

𝑡0
𝑖0 −

∑𝑛
𝑗=1 𝜆𝑗𝛥𝑋

𝑡0
𝑖𝑗 −𝑠

−
𝑖 +𝜃𝑋

𝑡0
𝑖0

𝜎𝑖(𝜆,𝜃)
∼ 𝑁(0, 1),

[

𝜎𝑖
(

𝜆, 𝜃
)]2 =

∑

𝑗≠0

∑

𝑘≠0
𝜂𝑗𝜂𝑘 cov

(

𝛥�̃�𝑖𝑗 , 𝛥�̃�𝑖𝑘
)

+
(

𝜂0 − 𝜃
)2

Var
(

𝛥�̃�𝑖0
)

+ 2
(

𝜂0 − 𝜃
)
∑

𝑗≠0
𝜆𝑗 cov

(

𝛥�̃�𝑖𝑗 , 𝛥�̃�𝑖0
)

.

Then

0 −
𝑛
∑

𝑗=1
𝜆𝑗𝛥𝑋

𝑡0
𝑖𝑗 − 𝑠−𝑖 + 𝜃𝛥𝑋𝑡0

𝑖0 = 𝜙−1 (1 − 𝛼)𝜎𝑖 (𝜆, 𝜃) , 𝑖 = 1,… , 𝑚.

Similar to the constraint (23b), it can be converted to the following
form with slack variable 𝑠+𝑟 :

Pr

[ 𝑛
∑

𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟 ≤ 0

]

= 𝛽

Then

Pr

⎡

⎢

⎢

⎢

⎣

∑𝑛
𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟 −
[

∑𝑛
𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟
]

𝜎𝑟 (𝜆, 𝜂)

≤
0 −

∑𝑛
𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 + 𝛥𝑌 𝑡0

𝑟0 + 𝑠+𝑟
𝜎𝑟 (𝜆, 𝜂)

⎤

⎥

⎥

⎥

⎦

= 𝛽

where
∑𝑛

𝑗=1
(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟 −
[

∑𝑛
𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟
]

𝜎𝑟 (𝜆, 𝜂)
∼ 𝑁(0, 1),

[

𝜎𝑟 (𝜆, 𝜂)
]2 =

∑

𝑖≠0

∑

𝑗≠0
(𝜆𝑖 − 𝜂𝑖)(𝜆𝑗 − 𝜂𝑗 ) cov(𝛥𝑌

𝑡0
𝑟𝑖 , 𝛥𝑌

𝑡0
𝑟𝑗 )

+ (𝜆0 − 𝜂0 − 1)Var(𝛥𝑌 𝑡0
𝑟0 ) + 2(𝜆0 − 𝜂0 − 1)

×
∑

𝑗≠0
(𝜆𝑗 − 𝜂𝑗 ) cov(𝛥𝑌

𝑡0
𝑟𝑗 , 𝛥𝑌

𝑡0
𝑟0 ).

Then
0 −

∑𝑛
𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 + 𝛥𝑌 𝑡0

𝑟0 + 𝑠+𝑟
𝜎𝑟 (𝜆, 𝜂)

= 𝜙−1 (𝛽) , 𝑟 = 1,… , 𝑠.

Therefore, for the given significance level 𝛼, 𝛽, the stage stochastic
incremental DEA model with stochastic inputs–outputs (23) can be
transformed into the following deterministic equivalent:

min

[

𝜃 + 𝜀

( 𝑚
∑

𝑖=1
𝑠−𝑖 +

𝑠
∑

𝑟=1
𝑠+𝑟

)]

𝑠.𝑡. (24)
⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝑛
∑

𝑗=1
𝜆𝑗𝛥𝑋

𝑡0
𝑖𝑗 + 𝑠−𝑖 − 𝜃𝛥𝑋𝑡0

𝑖0 + 𝜙−1 (1 − 𝛼) 𝜎𝑖 (𝜆, 𝜃) = 0, 𝑖 = 1,… , 𝑚,

𝑛
∑

𝑗=1

(

𝜆𝑗 − 𝜂𝑗
)

𝛥𝑌 𝑡0
𝑟𝑗 − 𝛥𝑌 𝑡0

𝑟0 − 𝑠+𝑟 + 𝜙−1 (𝛽) 𝜎𝑟 (𝜆, 𝜂) = 0, 𝑟 = 1,… , 𝑠,

𝜆𝑗 ≥ 0, 𝜂𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

here 𝜙 is the cumulative distribution function of the normal distribu-
ion. When the significance levels 𝛼 = 1, 𝛽 = 0, model (24) degenerates

nto a stage incremental DEA model [27].
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Table 1
Inputs–outputs table.

Index name Descriptive index

Inputs Non-current liabilities Debt financing
Paid-in capital Equity financing
Capital reserve Equity financing
Cash outflows from financing
activities

Financing cost

Equity ratio Finance risk

Outputs Total operating income The income from the main business
Government subsidies Fiscal financing
Cash inflows from fund-raising
activities

Cash inflows generated from
financing activities during operations

Intangible asset Enterprise assets
Earnings per share Reflects the profitability of the

enterprises

4. Empirical research

This section shows that the two stage stochastic incremental DEA
models are applied to evaluate the stage investment and financing
situations of ESEPCEs, respectively. The proposed stage stochastic in-
cremental DEA models are compared with the stage incremental DEA
model [27] to validate their effectiveness and provide a more accurate
assessment of the investment and financing situation in stochastic
environments.

The first stage stochastic incremental DEA model is applied to assess
the 15 ESEPCEs’ stage financing efficiency and gain insight into the
financial situation of these enterprises at stage. The inputs–outputs
of 15 ESEPCEs from 2018–2022 are selected to evaluate their stage
financing efficiency. The second form selects 15 ESEPCEs different from
those mentioned above and evaluates their stage investment efficiency
to understand the stage investment situation. The inputs–outputs of 15
ESEPCEs from 2018–2022 are selected to assess their stage investment
situation. The evaluation period for both applications is selected from
2018–2022. The reason is that ESEPCEs are in a period of rising
development at this stage. Exploring the investment and financing
situations of this kind of enterprise will help to achieve the long-term
development of the enterprise.

4.1. Stage financing efficiency evaluation

4.1.1. Selection of indicators and data
A reasonable construction of evaluation indicators is the premise

and basis for using DEA to effectively calculate the financing efficiency
of ESEPCEs. Considering the applicability, availability, and importance
principles of indicators, from a financing perspective, select non-current
liabilities representing debt financing, paid-in capital and capital re-
serves representing equity financing, cash outflows from financing
activities representing financing costs, and financing risks. The property
rights ratio is used as an input indicator for measuring the financing
efficiency of ESEPCEs. Government subsidies, cash inflows from financ-
ing activities, total revenue, intangible assets, and earnings per share
are selected as the output indicators for measuring the stage financing
efficiency of ESEPCEs. Specific indicators are shown in Table 1. The
data for stochastic variables is calculated on the basis of the data over
the past years.

4.1.2. Analysis of the results
Table 2 shows the calculated stage financing efficiencies of 15

ESEPCEs applying the stage stochastic incremental DEA model and the
stage incremental DEA model [27]. The stage financing efficiencies
calculated using the stage stochastic incremental DEA model are calcu-
lated at 90% and 95% confidence levels, respectively. The comparison
results show that when the stage financing efficiency calculated by
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using the stage incremental DEA model is efficient, the stage stochas-
tic incremental DEA model is also efficient at different confidence
levels. When the stage financing efficiency calculated using the stage
incremental DEA model is inefficient, the stage stochastic incremental
DEA model is also inefficient at different confidence levels. At a 90%
confidence level, the inefficiency of stage financing is notably superior
compared to that at a 95% confidence level. This further verifies the
validity of the proposed models.

Based on the stage financing efficiency determined by the stage
stochastic incremental DEA model, it has been found that 10 out of 15
ESEPCEs under the two confidence levels are efficient, which indicates
that these 10 enterprises are in a better financing situation at the
evaluated stage. This means that these 10 ESEPCEs have excellent
performance in terms of capital management, investment decisions, and
risk control. They are likely to have a sound financial structure and a
good internal and external financing environment, and they are able to
effectively utilize internal resources to finance and meet their financing
needs.

Among the inefficient 5 enterprises, Grammy’s stage financing ef-
ficiency is much lower than that of the other enterprises, both at the
90% and 95% confidence levels. Its stage financing efficiency is 0.3768
and 0.3360, respectively, indicating a high likelihood of encountering
financing difficulties. After a thorough examination of the underlying
factors, the Grammy continues expanding the scale of investment dur-
ing the stage 2018–2022, resulting in a large number of loans and poor
liquidity. In addition, there is a serious backlog of inventory, which
also leads to poor asset liquidity. Over-reliance on outside funding, par-
ticularly expensive short-term loans, can put the enterprise in danger
of having too much financial leverage, which may impair its capacity
to raise capital. The stage financing efficiency of Radio and Television
Metering at 90% and 95% confidence levels is also very poor, which
is 0.4106 and 0.3811 respectively. The reason is that the enterprise
does not increase its income. During this stage, the change of main
business and the lack of layout of main areas forced enterprises to
increase financing, and the stage financing efficiency is relatively poor.
The enterprises with low stage financing efficiency in the remaining
three stages are Runbang Stock, Huahong Technology, and Tongxing
Environmental Protection. The lower stage financing efficiency of these
three enterprises is mainly due to the high costs of enterprise financing,
inefficient loan time, and the enterprise’s management problems. Due
to the high business risk of middle and small-sized enterprises (SMEs),
financial institutions will increase the higher financing cost to reduce
the risk. In addition, the financing needs of SMEs are characterized by
frequency, while the long approval process of bank loans may lead to
the inability of enterprises to obtain financing in time. At the same time,
the opacity of management information and the low level of managers
can affect stage financing efficiency.

As can be seen in Table 2, in comparison to the stage incremen-
tal DEA model, the stage stochastic incremental DEA model yields
similar results for both the efficient and inefficient stage financing
efficiencies at the 90% and 95% confidence levels. Among the 15
stage financing efficiencies calculated using the stage incremental DEA
model, 10 enterprises have better stage financing efficiency, and 5
enterprises have worse stage financing efficiency. This case indicates
that the two kinds of models have comparable prediction accuracy for
assessing the enterprises’ stage financing efficiency in stage financing
efficiency evaluation. This not only proves the validity of the proposed
stage stochastic incremental DEA model but also solves the problem of
evaluating stage financing efficiency when the outputs are stochastic.

In summary, the stage financing situation of the 15 enterprises in
the stage 2018–2022 is generally good. Among them, 10 enterprises
have efficient stage financing efficiency, while the remaining 5 enter-
prises have inefficient efficiency. 2 of the 5 inefficient enterprises have

extremely poor financing efficiency. The enterprise’s internal factors
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Table 2
Stage financing efficiency of stage stochastic incremental DEA model and stage incremental DEA model.

Enterprises Stage stochastic incremental DEA model Stage incremental DEA model [27]

𝛼 = 𝛽 = 𝛾 = 0.10 𝛼 = 𝛽 = 𝛾 = 0.05

Grammy 0.3768 0.3360 0.4341
Fuchun Environmental Protection 1.0000 1.0000 1.0000
Runbang Stock 0.5851 0.5646 0.5919
Xizi Clean Energy 1.0000 1.0000 1.0000
Kemet Gas 1.0000 1.0000 1.0000
Clean Environment 1.0000 1.0000 1.0000
Huahong Technology 0.6865 0.6681 0.9803
Cedilone 1.0000 1.0000 1.0000
Invicta 1.0000 1.0000 1.0000
Radio and Television Metering 0.4106 0.3811 0.4233
Overseas Chinese Bank Shares 1.0000 1.0000 1.0000
Youcai Resources 1.0000 1.0000 1.0000
Tongxing Environmental Protection 0.8466 0.8463 0.9307
Sequential Control Development 1.0000 1.0000 1.0000
Centre Testing 1.0000 1.0000 1.0000
Table 3
Inputs–outputs description table.

Classification Indicator name Indicator description

Inputs Fixed asset Long-term capital investment
Intangible asset Long-term capital investment
Long-term equity
investment

Equity investment

Payroll payable Labor input

Outputs Sales revenue The income from the main
business

Mass of profit Total profit
Cash inflows from
investment activities

Cash inflows generated from
investment activities during
operations

Total assets turnover The ability of total assets to
generate income

account for the majority of the detrimental financing effect, but some
of it is also affected by the external environment.

4.2. Stage investment efficiency evaluation

4.2.1. Selection of indicators and data
Considering the principles of comprehensiveness, importance, and

comparability in the selection of input–output indicators, this paper
constructs the input indicator system from capital inputs and labor
inputs. Capital inputs include fixed assets, intangible assets, and long-
term investments, which are important assets that can create value for
the enterprise. Labor inputs mainly come from the employees of the
enterprise.

As for the selection of output indicators, the purpose of enterprise
investment is to maximize economic benefits. This paper selects out-
put indicators that can measure the income generated by the daily
production and operation activities of the enterprise and the financial
performance of the enterprise. Specific indicators are shown in Table 3.
The data for stochastic variables is calculated on the basis of the data
over the past years.

4.2.2. Evaluation results
Table 4 indicates the calculated stage investment efficiencies of 15

ESEPCEs applying the stage stochastic incremental DEA model and
the stage incremental DEA model. The stage stochastic incremental
DEA model is employed to calculate the stage investment efficiencies,
which are subsequently determined at confidence levels of 90% and
95%, respectively. When the stage investment efficiency is efficient,
the efficiency under two confidence levels is also efficient; when the
stage investment efficiency is inefficient, there is a difference in the
efficiency under two confidence levels. The stage investment efficiency
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at the 90% confidence level is significantly higher than that at the 95%
confidence level.

From the calculation of the stage investment efficiency of the 15
ESEPCEs using the second form of the stage stochastic incremental DEA
model, 9 of the 15 enterprises under the two confidence levels are effi-
cient, indicating that these 9 ESEPCEs are in a better position to invest
in the evaluated stage. It shows that 9 ESEPCEs are capable of allo-
cating resources sensibly and increasing resource utilization efficiency
according to market demand and their actual situation. Meanwhile, the
enterprises have strong risk management abilities and can effectively
cope with all kinds of risks.

Among the 6 inefficient enterprises, the enterprises with stage in-
vestment efficiency from low to high calculated by the stage stochastic
increment DEA model under two confidence levels are Fuchun Environ-
mental Protection, Xizi Clean Energy, Infore Environment, Zhongshan
Public Utility, GRG Metrology & Test Group, and Centre Testing. The
inefficiency of investment indicates that the investment status of the
enterprise is not good, and it is necessary to adjust the investment input
to obtain the maximum investment benefit. Fuchun Environmental
Protection has the least efficient investment in the stage 2018–2022,
and the stage investment efficiency under the two confidence levels is
0.2174 and 0.2096, respectively. The reason is that the enterprise con-
tinues to expand its industrial space through mergers and acquisitions
during this stage, which requires significant investment. Meanwhile,
with the continuous increase in operating income, the costs associated
with it also expand. And the pressure of debt repayment is greater in
the short term, all of which leads to lower investment efficiency for the
enterprise at this stage.

The second lowest ranking is Xizi Clean Energy. The stage invest-
ment efficiency under the two confidence levels is 0.3578 and 0.3408.
The reasons for the stage investment inefficiency mainly include finan-
cial pressure, lack of policy support, insufficient resource integration,
limited governance level, market risk, technological bottlenecks, etc.
These factors jointly affect the investment decisions and implementa-
tion effects of enterprises, resulting in low investment efficiency. Infore
Environment and Zhongshan Public Utility, as two private enterprises,
are also inefficient at two confidence levels of stage investment evalu-
ation. One of the reasons for the stage investment inefficiency is due to
the nature of the enterprises. Private enterprises face the main problems
of insufficient capital and difficulty in financing, thus limiting their
ability to invest and respond to market changes. In addition, Infore
Environment carried out a ten-billion-dollar merger and acquisition
of Zhonglian Environment in 2018, which led to an increase in the
internal operating costs of the enterprise. This caused fluctuations
in the internal control and risk management mechanisms, leading to
heightened risks associated with investments. The last two enterprises,

GRG Metrology & Test Group and Centre Testing, are also inefficient



B.-w. Wei et al. Socio-Economic Planning Sciences 95 (2024) 102056 
Table 4
Stage investment efficiency of stage stochastic incremental DEA model and stage incremental DEA model.

Enterprises Stage stochastic incremental DEA model Stage incremental DEA model [27]

𝛼 = 𝛽 = 0.10 𝛼 = 𝛽 = 0.05

Zhongshan Public Utility 0.5932 0.5875 0.6296
City Development Environment 1.0000 1.0000 1.0000
UniTTEC 1.0000 1.0000 1.0000
Infore Environment 0.4165 0.4058 0.7157
Zhefu Holding Group 1.0000 1.0000 1.0000
Grammy 1.0000 1.0000 1.0000
Fuchun Environmental Protection 0.2174 0.2096 0.6042
Rainbow Heavy Industries 1.0000 1.0000 1.0000
Xizi Clean Energy 0.3578 0.3408 0.7470
Clean Environment 1.0000 1.0000 1.0000
Huahong Technology 1.0000 1.0000 1.0000
SDL Technology 1.0000 1.0000 1.0000
GRG Metrology & Test Group 0.7124 0.6914 0.6813
Southern Power Grid Energy 1.0000 1.0000 1.0000
Centre Testing 0.9132 0.8900 0.9264
in terms of stage investment efficiency at two confidence levels. This
indicates that these two enterprises need to adjust their investment in-
puts to maximize their stage investment efficiency. However, compared
with the other inefficient enterprises, the stage investment efficiency of
these two enterprises is relatively high. A detailed examination of the
reasons for the low efficiency found that part of the problem stems from
the lack of internal management of the enterprise, while the other part
is inevitably restricted by the fluctuation of the economic environment.

As seen in Table 4, it appears that the efficient and inefficient stage
investment efficiencies, which are computed using the stage stochastic
incremental DEA model at 90% and 95% confidence levels, closely
resemble those obtained from the stage incremental DEA model. Among
the 15 stage investment efficiencies calculated using the stage stochas-
tic incremental DEA model, 9 enterprises have better stage investment
efficiency, and 6 enterprises have worse stage investment efficiency.
This case indicates that the two kinds of models show similar prediction
accuracy for evaluating the enterprises’ stage investment efficiency
in stage investment efficiency evaluation. This not only proves the
validity of the proposed stage stochastic incremental DEA model but
also solves the problem of evaluating stage investment efficiency when
the inputs–outputs are stochastic.

In summary, the stage investment situation of the 15 enterprises
in the stage 2018–2022 is generally good. Among them, 9 enterprises
have efficient stage investment efficiency, while the remaining 6 en-
terprises have inefficient efficiency. 4 of the 6 inefficient enterprises
have extremely poor investment efficiency. The reason for the low
stage investment efficiency comes not only from the internal enterprise
but also from the external environment. The above enterprises need
to start from various aspects, including improved market information
openness, expanded financing methods, strengthened internal manage-
ment, and strengthened supervision. Only through these measures can
enterprises better grasp market opportunities, reduce investment risks,
and improve investment efficiency.

5. Conclusions

Stage evaluation becomes particularly crucial in practical manage-
ment. When conducting stage evaluations, the incremental inputs–
outputs after the difference can reflect the stage characteristics more
directly than the real-valued inputs–outputs. The inputs and outputs
selected in the stage evaluation may be subject to some uncertainty due
to a variety of factors. These uncertainties may result in incremental
inputs and incremental outputs deviating from expectations. Consid-
ering the randomness of incremental inputs–outputs, the deviation of
evaluation results caused by data measurement errors and outliers can
be corrected to a certain extent and improve the accuracy of stage

evaluation.
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Considering the aforementioned factors, we have suggested two
different kinds of stage stochastic incremental DEA models for assessing
stage performance. It studies the stage stochastic incremental DEA
model, where inputs are determined and outputs are stochastic, and
extends it to stage stochastic incremental DEA models, where both
inputs and outputs are stochastic. The two kinds of stage stochastic
incremental DEA models are applied to the stage financing and stage
investment efficiency evaluation of ESEPCEs, respectively. The purpose
is to examine the stage financing performance and stage investment
performance of the enterprises with stochastic inputs and outputs. The
green industry can better manage market uncertainty and achieve sus-
tainable development by analyzing the stage financing and investment
efficiency of ESEPCEs in a stochastic environment. It can also optimize
stage financing and investment strategies, enhance risk resistance, en-
courage industrial upgrading and transformation, increase enterprise
value, and serve as a guide for managers creating the next stage of the
business plan.

The preceding analysis revealed that the two kinds of stage stochas-
tic incremental DEA models more accurately reflect stage performance.
The stage financing situation of the 15 ESEPCEs in the stage 2018–
2022 is generally good. 2 of the 5 inefficient enterprises have extremely
poor stage financing efficiency. The adverse financing effect is mainly
caused by the internal factors of the enterprise, but some of it is also
affected by the external environment. Similarly, the second kind of
stage stochastic incremental DEA model is applied to assess the stage
investment situation of 15 ESEPCEs different from those mentioned
above. The results show that 9 out of 15 enterprises have better
stage investment efficiency, indicating that the enterprises can obtain
larger returns with smaller inputs in their investment activities. The
reason for the low stage investment efficiency comes not only from
the internal enterprise but also from the external environment. The
above enterprises need to start from various aspects, strengthen internal
management, expand financing channels, enhance market information
transparency, and strengthen supervision.

In conclusion, ESEPCEs, to improve the efficiency of stage financ-
ing and investment, need to reasonably plan the financing methods,
strengthen financial management and scientific decision-making, and
optimize the capital structure.

In this paper, the randomness of input–output is further considered
on the basis of the optimistic perspective of the stage incremental DEA
model. And considering the randomness of inputs and outputs from the
pessimistic perspective of the stage incremental DEA model, it can be
included in the subsequent study of the stage DEA model. Furthermore,
inputs–outputs may be expressed as fuzzy values in actual production
management, so it is necessary to further consider the stage fuzzy DEA

model in the future.
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