
 
J. COMBIN. MATH. COMBIN. COMPUT. 127a (2025) 3961--3978  

 

  

  

 

Journal of Combinatorial Mathematics 
and Combinatorial Computing 
www.combinatorialpress.com/jcmcc 

 
Optimization and Risk Assessment Model of Enterprise 
Supply Chain Management Mode Based on Simulation 
Algorithm 
 
Jing Zhang1,✉ 
 
1 Faculty of Finance and Trade, Guangdong Vocational Institute of Public Administration, Guangzhou, Guangdong, 510800, 

China 

 
ABSTRACT 
The stability of the supply chain has a significant impact on both the strategic deployment and 
operational efficiency of the enterprise, in order to optimize the supply chain management model for 
the enterprise and resolve the major supply chain risks, this paper realizes the optimization 
management and risk assessment of the supply chain through Monte Carlo simulation algorithm and 
SVM. Taking the newsboy problem as an entry point, a supply chain management optimization model 
is constructed, and Monte Carlo simulation algorithm is used to solve it. Using SVM regression and 
assessment ideas, supply chain risk regression assessment is carried out by C-SVR. Applying the supply 
chain management optimization model, it is concluded that when the optimal inventory of 
prefabricated components of the selected construction unit is 2.55×10³m³, the enterprise profit is the 
largest, which is 902.31×10³m³ yuan. Supply chain risk assessment of a port, the training error and 
prediction error of the assessment model in this paper are only 0.043% and 1.76%, which are 
significantly better than the BP neural network assessment method. Therefore, it proves that the work 
in this paper achieves the optimization and risk assessment of enterprise supply chain management 
model through simulation algorithm. 
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1. Introduction 

Supply chain management belongs to a kind of enterprise strategic means, the enterprise based on the 
overall perspective of the supply chain, through maintaining the cooperative relationship with the 
supply chain link suppliers, to maintain the supply chain operation, for the enterprise's own operation 
and development to provide more security support [1-3]. Supply chain management risk is a 
phenomenon that enterprises are bound to encounter in supply chain management, which is mainly 
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manifested in the deviation of the results in the process of supply chain operation, and the uncertainty 
of the value generated by part of the link [4-6]. In order to give full play to the value of supply chain 
management and obtain more economic and social beneϐits, enterprises should strengthen the risk 
management and prevention and control of supply chain [7-8]. In actual operation, enterprises should 
analyze the supply chain risk according to their own situation, identify the common risks, and at the 
same time, respectively, strengthen the risk control from two perspectives: before and during the 
incident, so as to minimize the impact of supply chain risk on the development of the enterprise. 

Supply chain simulation can effectively enhance the collaboration ability of the whole process of the 
supply chain in order to improve the overall effectiveness of the supply chain [9]. By modeling and 
simulation analysis of the supply chain system, it can make the enterprise management personnel 
from the consumer market to the raw material suppliers of the impact of a variety of decisions to carry 
out a more in-depth and intuitive analysis [10-12]. At the same time, different logistics management 
strategies and programs can also be quickly measured in the model, optimization, through the 
continuous optimization of the entire supply chain resources allocation to achieve the lowest total cost 
[13-14]. On this basis, the simulation of different decisions of managers, the simulation of the data 
obtained using statistical analysis methods can be used for enterprises to compare and analyze 
different control measures, to help enterprises to make the correct decision, so that enterprises can 
obtain market competitiveness and supply chain vitality, to fundamentally improve the 
competitiveness of enterprises and supply chain is of great signiϐicance [15-18]. 

Literature [19] designed a dual-objective optimization problem for cold supply chain with minimum 
total cost and minimum global warming impact, and used a hybrid simulation optimization method to 
solve the proposed mixed integer concave minimization problem, and veriϐied that the method has 
certain effectiveness in real cases. Literature [20] shows that the simulation optimization algorithm 
can effectively solve the complexity and stochasticity problems in the enterprise supply chain, and is 
widely used in the decision-making of the enterprise supply chain, which has high practical value. 
Literature [21] focuses on the robustness of optimal solutions for supply chain management in 
uncertain environments, proposes to deϐine the decision-making and environmental variables of the 
supply chain in order to reduce the solution space, and uses simulation optimization methods to 
optimize the supply chain problems that target supply chain operation cost and customer satisfaction. 
Literature [22] examined the role played by simulation optimization methods in supply chain risk 
management and found that for real-world supply chain risk management with dynamics and 
complexity, simulation optimization methods can effectively improve the decision-making process of 
enterprises. Literature [23] established a simulation optimization model for enterprise supply chain 
ϐinance and logistics in an economic uncertainty environment, i.e., a fusion model of mixed-integer 
linear programming model and simulation-based optimization model, and the results of comparative 
study with a single model showed that the proposed fusion model has stronger robustness. Literature 
[24] investigated the optimization-simulation framework for integrating algorithms in a simulation-
based optimization model for a dynamic control system of a supply chain, which fully considered the 
uncertainties expected in the planning stage and faced in the control stage of the optimization model 
and provided a theoretical basis for the supply chain design and planning problems of enterprises. 
Literature [25] proposes a disruptive simulation-based modeling approach to the enterprise supply 
chain digital copy of the roadmap, the real supply chain simulation model for managers to provide the 
ability to understand the decision-making behavior and complex dynamics to produce new supply 
chain coordination policy, to promote the development of the enterprise JIT control ahead of time. 

The newsboy problem is the basic problem to realize the optimal management of supply chain. In 
this paper, a supply chain network equilibrium model is constructed based on the newsboy model by 
considering the factors of storage cost, product price, supply and demand at the same time, and the 
Monte Carlo simulation algorithm is used to solve the optimal inventory in the supply chain. The 
relationship between optimal inventory and factors such as demand factor and expected return under 
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different marginal interest rates is examined in the arithmetic simulation. Using the idea of support 
vector machine regression and assessment, the input vectors are nonlinearly mapped to construct the 
objective function, the original nonlinear model is transformed into a linear regression model with 
high-dimensional feature space, and the C-SVR support vector regression machine is selected to carry 
out the supply chain regression assessment to realize the assessment work of the supply chain risk. 
Finally, a port supply chain is chosen as an example research object to test the application effect of the 
supply chain risk assessment model. 

2. Supply chain management optimization model based on simulation 
algorithms 

2.1. Newsboy model 

The newsboy model is a fundamental problem in the ϐield of supply chain management, and the 
management problem based on the newsboy environment is a popular research problem in the ϐield 
of supply chain, as well as one of the research problems in this paper. The classical newsboy model 
portrays a single-cycle, two-level supply chain that requires the decision maker to minimize the 
expected cost by giving the optimal order quantity in the face of a given price but uncertain demand 
[26]. Assuming that the unit selling price of a product is p , the unit cost is c , and the unit salvage 
value is s  , and based on the statistics of previous periods, the random demand ( 0)x x    of the 
product is a variable obeying a distribution function of ( )F x  , and its corresponding probability 
density function is ( )f x  . The retailer gains ( )p c   for each unit of the product sold, and loses 
( )c s  for each unit of the product left over, so that when the retailer's order quantity is q , the proϐit 
is expressed as follows: 

 ( ) min( , ) max( ,0)q p q x s q x cq      (1) 

Then the retailer's expected proϐit function is: 
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The derivation of the above equation to obtain the retailer's optimal order quantity *q   should 
satisfy the following conditions: 

  * p c
F q

p s





 (3) 

2.2. Monte Carlo simulation algorithm 

Monte Carlo method is a numerical simulation computational method based on statistical principles 
to solve problems by random sampling and statistical analysis. The basic idea is to estimate the value 
function by sampling the actual experience several times. The Monte Carlo method can only estimate 
the true value of a state by sampling a number of sequences of states with complete experiences, by 
which is meant that the sequence must have reached an end point. With many sets of such complete 
state sequences, the algorithm can compute the approximate values of all states that occur throughout 
the process, and thus solve the prediction and control problems. At the end of each complete state 
sequence, the intelligence will update the value function based on the reward of the entire complete 
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state sequence, and the valuation of each state depends on the reward value harvested in the time 
period k  between the time step t  in which the state is located and the end of the round of iteration 
[27]. Its cumulative reward tG  is shown in Equation (4): 

 2
1 2 3 1

k
t t t t t kG r r r r            (4) 

The valuation ( )V S  of the current strategy for state S  can be represented as the mean value of 
cumulative reporting tG  as shown in Equation (5): 

  ( ) | t

N
i
t

iS
t t

G

V S E G S S
N 
  
  (5) 

Where: 
, t
t

N
i
t

i s s

G

  denotes the sum of accumulated returns tG  at each visit to state tS , and N  is 

the visit count of the current state tS . According to the law of large numbers, we can get the exact 
function expectation when N  approaches  . The update process of its state valuation is shown in 
Equation (6): 

       t t t tV S V S G V S      (6) 

The Monte Carlo method updates based on the returns of the entire experienced complete sequence, 
i.e., after taking an action in a state, the intelligent body will keep interacting with the environment 
until it reaches the termination state, and then update the value function based on the returns. Since 
the Monte Carlo method estimates the value function based on actual experiences and each state will 
only be visited once in a sequence, it is closer to unbiased estimation, i.e., the expectation that the 
estimated value is equal to the true value, than the temporal difference method. 

2.3. Enterprise supply chain management optimization model construction 

2.3.1. Parameters and assumptions. The two-tier supply chain management optimization model 
constructed in this paper contains three components: raw material suppliers, product producers, and 
the entire demand market for the product. Assuming that all product producers in the supply chain 
network produce the same type of products, in the supply chain network topology, there is a total of 
m   raw material supplier, there are n  product producers, and all the products produced provide 
services for o  demand markets, node i   represents the raw material suppliers distributed in 
different regions, node j  represents the product producers distributed in different regions, and the 
link between node i  and node j  represents the process of raw material production, manufacturing 
and transportation. Node k  represents the demand market which is distributed in different regions 
and the link between node j  and node k  represents the process by which the product is produced 
from the producer of the product and transported to the demand market from where the target 
consumers of the product can buy the product they need. 

In order to simplify the construction and study of the model, the following assumptions are made in 
this paper: 

First, the demand ϐluctuation of the product obeys a known distribution. This paper focuses on the 
case where the demand ϐluctuation of the product obeys a normal distribution. 

Second, it is assumed that customers' risk preferences are neutral and customers' unsatisϐied 
demand does not affect customers' next purchase. 

Third, the residual value of the unsold surplus product is zero. 
Fourth, the cost functions of raw material suppliers and product producers are monotonically 

increasing convex functions of output: 
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In order to describe the studied problem and mathematical model more clearly, this paper 
summarizes the relevant parameters and descriptions involved in the research process into Table 1. 

Table 1. Parameter description 

Parameter Description 
x  Supply chain yield 
y  Demand for products 
p  Product sales price 

ijc  The cost of the raw material supplier i  to the product manufacturer j  
c  The cost of the entire supply chain 

2( , )N    
 :The expectation when demand is normally distributed 

2 :The variance when demand is normally distributed 
s  Unsold inventory processing price 

HC  Unit storage cost 

*
eEg  Optimal expected return:

*
* *( ) ( ) ( ) ( )

2
e H

e e

Q C
Eg p s c s Q p s

 



        

Z Profit margin:
p c

p s




 
*
eQ  Optimal reservoir:(

* 1( )e

p c
Q

p s
  

 


) 

2.3.2. Modeling. The demand for the product is assumed to be y   throughout the supply chain 
network, and it is assumed that the demand for the product y   obeys a normal distribution of 

 2~ ,N    and the value of the residual product is zero. Where, denote by c  the total cost function 

of supply chain s , which is composed of two parts: the cost from raw material suppliers i  to product 
producers j   and the cost from product producers j   to the demand market k   (including 
production cost and transportation cost). Suppose that the selling price between the product producer 
and the demand market in supply chain s  is sp  and the selling price sp  is related to the mean value 

of the product demand. The total revenue in supply chain s  is s  and the mean of the selling price 
of the product and the demand for the product obey the relationship between supply and demand. 

Since the demand of the product is a random variable obeying normal distribution, when the 

demand of the product is smaller than the output of the producer, the revenue is 1 0
( )

sx

sp y f y dy    . 

When the demand of the product is larger than the output of the producer, the revenue is 

2 ( )
s

s sx
p x f y dy


    . The maximum revenue of the supply chain s   should be the total revenue 

minus the total cost. All supply chains are assumed to be non-cooperative competitive game, in order 
to solve the variable inequality is convenient, this paper will turn the objective function to solve the 
minimum value, that is, when the demand for the product y   obey the normal distribution of 

 2,N   , the objective function of supply chain s  minimization conditions are: 

 
0

min ( ) ( ) ,
s

s

x

H s s sx
C C p y f y dy p x f y dy s


          (8) 

Equilibrium conditions of supply chain network based on newsboy model under normal 
distribution of demand: according to the knowledge of variational inequality, since the whole supply 
chain network has a total of S  supply chains, the equilibrium conditions of the whole supply chain 
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network under normal distribution of demand can be transformed into the following variational 
inequality: 
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Eq. 2 ( )
s

m y
p
    


. 

The economic meaning of Eq. (9) is the optimal strategic equilibrium of price and output of raw 
material suppliers and product producers in the face of demand for normal distribution. That is, to 
determine *

sp  and *
sx  to meet the optimization objectives of the entire supply chain at the same 

time to achieve the optimal conditions, the equilibrium point for the Nash equilibrium, in the demand 
for the normal distribution of conditions, any supply chain unilateral adjustment decisions can not 
improve their own revenue. 

3. Support vector machine-based supply chain risk assessment models 

3.1. SVM model 

SVM, known as Support Vector Machine, is a machine learning algorithm its, mathematically modeled 
as [28]: 
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 (10) 

The Lagrange multipliers can be substituted into Eq. (10) to solve the SVM classiϐication 
mathematical model as: 

      
1

ˆ ˆ, , sgn ,
m

i i i i i j
i

f x K x x b   


 
   

 
  (11) 

Where:  ,i jK x x  is the RBF kernel function: 

  
2

2
, exp

2
i j

i j

x x
K x x

g

   
 
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 (12) 

3.2. SVM-based supply chain risk assessment model construction 

3.2.1. Deϐinition of risk assessment model inputs and outputs. The purpose of constructing a supply 
chain risk assessment model is to assess whether the formed supply chain will be disrupted during its 
life cycle and the degree of impact of the disruption on the supply chain by utilizing the values of 
effective supply chain risk indicators based on the supply chain risk assessment indicator system. In 
this paper, the length of supply chain disruption time is used as a criterion to measure the magnitude 
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of the impact of disruption. So the supply chain risk assessment model actually uses the values of the 
supply chain indicators to assess the disruption time after the formation of the supply chain. This time 
can be 0, i.e. no disruption occurred. It can also be  , i.e., a permanent disruption, where the customer 
order task fails. 

Due to the difϐiculty of obtaining enterprise data, we conducted data collection through web 
crawlers and only obtained 20 complete typical samples of supply chains. In addition, there is an 
obvious nonlinear relationship between the individual samples of the supply chain. The support vector 
machine algorithm can well solve the small sample and nonlinear problem, so the support vector 
machine is used to model the supply chain risk assessment model. 

The supply chain risk assessment system contains a training set and a test set. Sixteen of the samples 
are randomly selected as support vector machine training samples to train the model, and the 
remaining four samples are used as the test set to check the accuracy and error of the model 
assessment. 

The supply chain risk assessment system consists of 16 training samples to form the sample set 

 1 2 45, , , , ,
T

ix x x x x    . For ease of expression and computation, the sample is denoted as 

  1 2 17, , , , , 1,2, 45, 1,2, ,16i i i ik ix x x x x i k        consisting of the 15 risk indicator data ikx   of 

the supply chain risk indicator system, iy  as the corresponding supply chain risk level value of the 

sample ix , and iy Y  as the risk level vector. 

3.2.2. Selection of Risk Assessment Model Vector Machines and Kernel Functions. On the basis of 
deϐining the inputs and outputs of the supply chain risk assessment model, using the idea of regression 
and evaluation of support vector machine, we further ϐind a nonlinear mapping that can map the input 
vector ix  of the model to the output value iy  of the model, i.e., it is the objective function of the 
supply chain risk assessment model. The process of solving the objective function for the supply chain 
model is as follows. 

A nonlinear mapping    maps the input vector ix   of the risk assessment model to a high-
dimensional feature space, and the optimal decision function is constructed by applying the principle 
of structural risk minimization. The original nonlinear model is transformed into a linear regression 
model in the high-dimensional feature space as in equation (13): 

    T
i if x x b    (13) 

where   is the weight vector of the hyperplane and b  is the bias term. 
C-SVR is an extension of support vector regression, which adds C parameters to SVM and has better 

efϐiciency, robustness and ϐlexibility. In this paper, C-SVR support vector regression machine is selected 
for supply chain regression evaluation, and regression with strong robustness is realized by 
introducing    insensitive loss function, and the regression estimation is sparse [29]. The penalty 
parameter C   and the relaxation variables i  , *

i   are also introduced. The regression problem is 
transformed into a convex quadratic programming problem with respect to   and b  as in equation 
(14): 
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The Lagrangian function and pairwise principle are used to transform the original problem of the 
above equation into its pairwise problem. The kernel function can transform the inner product 
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operation in high-dimensional space into the kernel function calculation in low-dimensional input 
space, which solves the problem of “dimensional catastrophe” and other problems in high-dimensional 

eigenspaces, and introduces the kernel function      ,i j i jK x x x x    . The original problem is 

transformed into its dual problem as in Eq. (15): 
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Solve ia  and *
ia  by Eq. to get the regression estimation function that is the objective function of 

the supply chain risk assessment model, as in Eq. (16): 

    
45

*

1

( ) ,i i i
i

f x K x x b 


    (16) 

The kernel function  ,iK x x  is a positive deϐinite function that satisϐies Mercer's condition. The 
choice of kernel function has a great impact on the accuracy of regression analysis when nonlinear 
regression modeling using support vector machines. The more commonly used kernel functions are: 
linear kernel function, polynomial kernel function, radial basis kernel function, Sigmoid kernel 
function, Gaussian kernel function and so on. 

In the current research, the radial basis kernel function is the most widely used, and the accuracy 
and performance of the calculation are higher. The radial basis kernel function is chosen as the kernel 
function for the supply chain risk assessment model. The support vector regression machine model 
for supply chain risk assessment is trained using the training set, and the training process is shown in 
Figure 1. 

Radial basis kernel 
function

x1  1,RBFK x x

x1  2 ,RBFK x x

x1  45 ,RBFK x x

   
45

*

1

( ) ,i i i
i

f x K x x b 


  

*
1 1a a

*
2 2a a

*
45 45a a

( )f x

C-SVR vector 

machine

 

Fig. 1. The training process of the supply chain risk assessment model 

3.2.3. Parameter optimization of risk assessment models. In the SVR model, the penalty parameter 
C  and the kernel function parameter   together affect the performance of SVR. A smaller value of 
C  indicates a smaller penalty for empirical error, a smaller complexity of the learning machine and a 
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larger value of empirical risk. A smaller value of   means that the structural risk value of the optimal 
hyperplane is smaller while the empirical risk value is larger. Therefore choosing the optimal SVR 
parameters has a great impact on the accuracy of the model. The particle swarm optimization 
algorithm (PSO algorithm) is introduced to optimize parameters C  and  . 

The PSO algorithm abstracts entities as particles, and the particle coordinates are the solution of the 
algorithm. In the SVR model for supply chain risk assessment, the parameters to be optimized are the 
penalty parameter C  and the kernel function parameter  , so the particle dimension is ( , )C  and 
the solution space is 2-dimensional. There are n particles and three d -dimensional vectors are used 
to represent the information of a particle. The particle information is shown in equation (17): 
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The PSO algorithm is an optimization algorithm based on an iterative model. During each iteration, 
the position objective function of each particle is evaluated. If the current position of particle 

( 1, 2, , )s s n   is better than its historical optimal position, it is updated sp . The historical optimal 

position of the whole population is noted as  1 2,g g gP P P . 

For the s th particle the t th dimension ( 1, 2)t   values are updated according to equation (18): 
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In the formula k   is the number of iterations. 1c  , 2c   is the learning factor, which is positively 
related to the local search capability. ()rand   is the random number belonging to [0,1]  .    is the 
inertia weight, which determines the degree of inϐluence of the previous speed of the particle on the 
current speed, and can balance the global and local search ability of the algorithm. 

The basic ϐlow of the PSO optimization SVR model parameter algorithm is as follows: 
Step1: Initialization. Iteration number 0t  , SVR  The parameters to be optimized for the model 

are C  and  , and the set of particles is generated in the 2-dimensional space ( , )C  . 
Step2: Set the range of parameter values and set the range of particle update rate. 
Step3: Calculate the ϐitness value  iF x   for each particle and compare it with the historical 

optimal ϐitness value for that particle.  iF pbest  compare it and if    i iF x F pbest  we replace 
the value of ipbest  with ix . 

The PSO objective function is: 

   2

1

1
min ( , ) , ,

n

mse i i
i

F C y x C
n

  


     (19) 

The PSO algorithm ϐitness function is taken: 

 ( , )fitness mseF F C   (20) 

Step4: Compare the optimal evaluated value ipbest  of the current position of each particle with the 

population global optimal value igbest , if    i iF pbest F gbest , we replace igbest  with ipbest . 

Step5: Make 1t t    and update the particle position and velocity. The particle position and 
particle velocity are updated according to equation (18). 

Step6: Update the inertia weights. 
Step7: Execute step3~step6 in a loop until the loop termination condition, iteration number 

requirement or best ϐitness requirement is satisϐied. 
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Step8: Validate the SVR model using the optimal parameters obtained from the optimization search. 

4. Supply chain management optimization and risk assessment simulation 
analysis 

4.1. Monte Carlo simulation solution 

A Monte Carlo simulation algorithm is used to optimize the inventory management model of a 
construction unit's supply chain as an example. In this work, the up and down ϐluctuations of the 
sample mean and standard deviation are correlated using the output factor information, and the 
effects of the ϐluctuations of the mean and standard deviation on the optimal inventory and the 
expected returns are analyzed. 

It is assumed that a certain PC prefabricated component is used as the object of study. Where the 
price of prefabricated components unit production of ϐinished products c=1628 (yuan/m³), the price 
of sold units of products p=2211 (yuan/m³) (the price of components transported to the construction 
site), and the price of unsold inventory units of products disposed of s=1,131 (yuan/m³) (the disposal 
price of the components can not be lower than the cost price of raw materials at least). Unit product 
storage rate h = 2%. Maximum demand per cycle x = 2 thousand cubic meters. 

According to the ϐield research and study to determine the following distribution of uncertainty 
factors affecting the “zero inventory” parameters. 

The demand for prefabricated components by construction units obeys a normal distribution, and 
the range of mean, standard deviation and other parameter values are shown in Table 2.The marginal 
proϐitability of prefabricated component ϐirms is denoted by Z, which corresponds to Z=25%, Z=40%, 
Z=55% and Z=70%. 

Table 2. Uncertainty factor parameter distribution 

Uncertainty factor Distribution Computational standard 

x  Normal distribution μ=[1.5,3], σ=[0.1,2.5] 
p  Triangular distribution a=1982.3, m=2211, b=2438.3 
c  Uniform distribution a=1459.3, b=1782.9 
s  Triangular distribution a=1022.8, m=1131, b=1258.6 

First, the standard deviation σ = 1 such that the mean μ varies between [1.5, 3], corresponding to 
the optimal inventory and expected return variations as shown in Fig. 2(a) and (b). 

Figure 2(a) learns that the optimal inventory of components *
eQ  increases with the increase of the 

demand factor µ at different marginal rates. However, when the marginal proϐit rate Z = 55%, the ϐirm's 
optimal inventory converges to the market demand, indicating that each increase in the sales volume 
of the precast component ϐirm brings higher proϐits to the ϐirm. When the marginal proϐit margin Z = 
70%, the enterprise inventory is much larger than the average market demand, when the inventory 
storage is larger than the maximum demand, at this time, the components are stored too much, 
resulting in management costs as well as increased component loss. This makes the enterprise beneϐit 
plummet or even loss, according to the market demand to consider stopping the reproduction. When 
the marginal proϐit margin Z = 40% and Z = 25%, the enterprise's optimal inventory is less than the 
average market demand, at this time the enterprise should speed up production to reduce the 
opportunity cost lost. 

Figure 2(b) shows that only under the condition of marginal interest rate Z=55%, expected return 
*
eEg  and optimal inventory *

eQ  are positively correlated with respect to the mean value μ, while all 
other marginal interest rates are negatively correlated with expected return *

eEg . This indicates that, 
whether faced with high or low proϐit ϐinished goods, the enterprise can not produce at the proϐit level, 
but only according to the market demand, and the production choice of optimal inventory is slightly 
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larger than the market demand can be. Ensure that there will be no opportunity cost loss, while 
striving to realize the assembly prefabricated components enterprise inventory management close to 
“zero”. At this time, the stakeholders in the supply chain have high returns and the supply chain 
operation is relatively stable. 

The mean value μ = 2.5, so that the standard deviation σ varies between [0.1, 2], which corresponds 
to the optimal inventory and the change of expected returns as shown in Fig. 2(c) and (b). 

Figure 2(c) learns that the change in standard deviation affects optimal inventory differently at 
different marginal proϐit margins. Under higher marginal proϐitability, optimal inventory *

eQ   is 
positively correlated with respect to the standard deviation σ, indicating that as the standard deviation 
σ continues to increase, the range of market demand μ expands, and therefore the ϐirm's inventory 
increases to ensure that the ϐirm's supply of components is greater than the demand and to prevent 
the loss of customers. Under lower marginal proϐit margin, the optimal inventory *

eQ  is negatively 
correlated with respect to the standard deviation σ. The result shows that under lower marginal proϐit 
margin, with the unstable market demand, the precast component enterprise adopts a conservative 
production strategy to ensure the normal operation of the enterprise. At this time, the production of 
components gradually decreases and the inventory storage is lower than the market demand to 
prevent inventory backlog. 

Figure 2(d) learns that expected returns *
eEg   are negatively correlated about the standard 

deviation σ under the conditions of marginal interest rate Z=55% and Z=70%. As the standard 
deviation σ keeps changing, the market demand ϐluctuates greatly, the enterprise fails to accurately 
respond to the market changes, and the enterprise's returns are gradually decreasing. Therefore, the 
stakeholders in the supply chain to establish enterprise supply chain management optimization model 
for optimization, through data analysis, can timely and accurately grasp the demand for prefabricated 
components of the construction unit, so as to achieve the immediate supply of raw materials, the 
standardized production of prefabricated components, and the transportation time in place on time. 
Thus, the expected return of the enterprise can be improved. When the marginal interest rate is low, 
the expected return *

eEg   about the standard deviation σ is positively correlated. As the standard 
deviation σ keeps changing, the market demand ϐluctuates. The enterprise adopts the strategy that the 
production of components is smaller than the market demand, reducing the storage loss of 
components and lowering the daily management cost to make the enterprise proϐitable. 
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Fig. 2. The relationship between mean, inventory and expected return 

To summarize, the enterprise's optimal revenue shows a growing trend in the case of high marginal 
interest rate and relatively stable market demand. Next, this paper applies Crystal Ball software to 
analyze and study the optimal inventory and optimal expectation of the enterprise's prefabricated 
components in 10,000 simulations, and ϐinds that the statistical predictions and probability 
distributions under the conditions of marginal interest rate Z = 55%, μ = 2.5, and σ = 0.5 are obtained 
as shown in Fig. 3 (a), (b), and (c), respectively. 

Under the condition that the average order quantity of components in a single cycle is μ=2.5×10³m³, 
through Monte Carlo simulation, the statistical results show that the optimal inventory of 
prefabricated components *

eQ  = 2.55×10³m³, and the inventory management of the enterprise 
basically realizes that the storage tends to be close to "zero", at this time, the optimal expected income 
of the enterprise *

eEg  = 902.31×10³m³ yuan, the proϐit of the enterprise is also the largest, and it 
requires a high degree of cooperation between stakeholders in the supply chain. As inventory 
increases, expected returns are decreasing. When the optimal inventory *

eQ = 3.2×10³m³, then the 
optimal expected return of the enterprise *

eEg = 482.31×10³m³ yuan. Due to the increase in inventory, 
the enterprise has to bear the corresponding warehousing costs and other forms of expenses, so the 
expected return is in a downward trend, while the whole supply chain operation is facing challenges. 
In short, the optimal inventory is based on the enterprise supply chain management optimization 
model to accurately analyze the market demand and decide. 

 

Fig. 3. The relationship between optimal inventory and expected gain 
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4.2. Example Analysis of Supply Chain Risk Assessment Based on Support Vector Machines 

The risk assessment model in this paper is applied to a real case of a port to test the practical utility of 
the model. 

4.2.1. Port Supply Chain Risk Assessment Indicator System Setting. To assess the risk of port supply 
chain ϐirstly, we need to identify the supply chain risk so as to determine the indicators for risk 
assessment. 

In this section, the Delphi method is used to set up the risk assessment index system of port supply 
chain, which assesses the risk of port supply chain from three major indexes, namely, external 
environment risk, supply chain internal operation process risk and supply chain cooperation risk. Each 
major indicator has multiple sub-indicators, so the port supply chain risk assessment indicator system 
consists of 15 indicators, see Table 3 for the speciϐic indicator settings. 

Table 3. Port supply chain risk assessment index system 

Primary indicator Secondary indicator 

External environmental risk 

Stock earnings(R1) 
Exchange rate fluctuation(R2) 
Government intervention(R3) 

Instability and other instability(R4) 
Impact of disaster(R5) 

Internal operational process risk 

Suppliers cannot deliver on time(R6) 
Lower demand for downstream customers(R7) 

Risk of shipping enterprise capability(R8) 
Port clearance efficiency(R9) 

Openness of information management(R10) 

Cooperative risk 

Management model(R11) 
Partner exits the supply chain(R12) 

Unequal distribution of benefits(R13) 
The existence of conversion costs(R14) 

Backward selection(R15) 

The supply chain risk assessment results are within the interval [0,1], and it is stipulated that the 
risk assessment level is "large" when the risk score is 0.8~1.0, the risk assessment level is "large" when 
the score is 0.6~0.8, the assessment level is "fair" when the score is 0.4~0.6, the risk level is "small" 
when the risk score is 0.2~0.4, and the risk level is "small" when the score is less than 0.2. 

4.2.2. Analysis of assessment results. The model takes the ϐirst 16 sets of data as the training sample 
set for sample ϐitting, and takes the last 4 sets of data as the extrapolation prediction samples to test 
its generalization ability. Each set of data has 15 inputs and 1 output, corresponding to 15 indicators 
and 1 desired output in the risk indicator system. The optimal kernel width parameter δ of 0.001 and 
C=120 is obtained by iterative testing using the cross-validation method.The results are analyzed 
below. 

The risk assessment results and relative errors are shown in Table 4. The ϐitted image of the training 
sample set is shown in Fig. 4, where “◇” denotes the original data and “×” denotes the assessment 
data. 

Assessed value minus the actual value and then take the absolute value is equal to the absolute error, 
the absolute error divided by the actual value of the relative error, i.e., relative error = | forecast actual 
value | / actual value. In this paper, the relative error is expressed as a percentage. As can be seen from 
the image, the ϐitting results to the training sample set are very good, the evaluation results are ideal, 
and the evaluation success rate is close to 100%. The ϐlat coincident relative error of using support 
vector machine to predict the ϐirst 16 sets of training sample data is 0.043%, and the average relative 
error of predicting the last four sets of extrapolated sample data is 4.35%, which indicates that the 
support vector machine not only has high assessment accuracy, but also has a strong generalization 
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ability, so it is completely feasible to use it for the port supply chain risk assessment. The average 
relative error of the extrapolated sample set will be even smaller if there are enough training data. 

Table 4. The risk assessment results and the relative error based on SVM 

Code Actual value Estimated value Relative error (%) 

1 0.52618 0.52624 0.01140 

2 0.45918 0.45911 0.01524 

3 0.65498 0.65465 0.05038 

4 0.54383 0.54399 0.02942 

5 0.38035 0.38059 0.06310 

6 0.49310 0.49263 0.09532 

7 0.55323 0.55289 0.06146 

8 0.31306 0.31323 0.05430 

9 0.42637 0.42672 0.08209 

10 0.5226 0.52287 0.05166 

11 0.42701 0.42717 0.00884 

12 0.33928 0.33931 0.02018 

13 0.64429 0.64416 0.04478 

14 0.62521 0.62549 0.03599 

15 0.30561 0.30572 0.03306 

16 0.57477 0.57458 0.03306 

17* 0.42637 0.45672 7.11823 

18* 0.5226 0.53287 1.96517 

19* 0.4643 0.43421 6.48072 

20* 0.55399 0.54389 1.82314 

 

Fig. 4. The ϐitting image of the training sample set 

4.2.3. Comparative analysis with other risk assessment methods. BP neural network can learn and 
store a large number of input and output pattern mapping relationships, without prior knowledge of 
the mathematical equations describing the mapping relationships, as long as enough sample pattern 
pairs can be provided for the network to learn and train, it will be able to complete the nonlinear 
mapping from the n-dimensional input space to the m-dimensional output space. At the same time, BP 
neural network also has strong fault tolerance and generalization ability, so BP neural network has a 



OPTIMIZATION AND RISK ASSESSMENT MODEL OF ENTERPRISE 3975 

 

wide range of applications in pattern recognition, data compression, function approximation and so 
on. 

Since the indicator system of port supply chain risk assessment contains 15 indicators, and the ideal 
output is only one, the BP neural network is set as a three-layer network, with a total of 15 neurons in 
the input layer, one neuron in the output layer, and the number of neurons in the hidden layer is 10. 

In order to compare with the support vector machine method, the ϐirst 16 sets of data are still taken 
as the training sample set to train the network, and the last 4 sets of data are taken as the extrapolation 
sample set to test the generalization ability of the network. The risk assessment results obtained from 
the BP network are shown in Figure 5. From the image, it can be seen that the assessment results of 
the training sample set are average, and there are 3 sets of data with large differences. 

 

Fig. 5. The risk assessment results obtained by the BP network 

The assessment results obtained from the BP neural network are compared with the support vector 
machine method to obtain a comparison table of risk assessment results as shown in Table 5. 

For the BP neural network, the average relative error of the training sample set is 1.67%, and the 
average relative error of the test sample set is chemically 12.73%. This indicates that the BP neural 
network is not only less capable of generalization compared with the support vector machine, but also 
the evaluation results of the training sample set do not reϐlect its superiority. On the contrary, in the 
test set of SVM, the value of each test result is closer to the ideal value, so in a comprehensive 
comparison, it can be considered that the network performance of the supply chain risk assessment 
model based on the Support Vector Machine is better, and has a greater superiority than the BP neural 
network. 

Table 5. The comparison table of risk assessment results 

Code Actual value 
SVM BP 

Assessment value Error (%) Assessment value Error (%) 

1 0.52618 0.52624 0.01140 0.52510 0.20525 

2 0.45918 0.45911 0.01524 0.42866 6.64663 

3 0.65498 0.65465 0.05038 0.68962 5.28871 

4 0.54383 0.54399 0.02942 0.54738 0.65278 

5 0.38035 0.38059 0.06310 0.38220 0.48639 

6 0.49310 0.49263 0.09532 0.49007 0.61448 

7 0.55323 0.55289 0.06146 0.55506 0.33078 

8 0.31306 0.31323 0.05430 0.31487 0.57816 
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9 0.42637 0.42672 0.08209 0.42429 0.48784 

10 0.5226 0.52287 0.05166 0.51769 0.93953 

11 0.42701 0.42717 0.00884 0.42721 0.04684 

12 0.33928 0.33931 0.02018 0.34180 0.74275 

13 0.64429 0.64416 0.04478 0.64163 0.41286 

14 0.62521 0.62549 0.03599 0.58079 7.10481 

15 0.30561 0.30572 0.03306 0.30207 1.15834 

16 0.57477 0.57458 0.03306 0.56862 1.06999 

17* 0.42637 0.45672 7.11823 0.51264 20.23290 

18* 0.5226 0.53287 1.96517 0.59260 13.39457 

19* 0.4643 0.43421 6.48072 0.49430 6.46134 

20* 0.55399 0.54389 1.82314 0.61399 10.83052 

5. Conclusion 

In this paper, based on the newsboy model and Monte Carlo simulation algorithm, the enterprise 
supply chain management mode was modeled and optimized to solve the problem, and the model used 
to assess the supply chain risk was established based on SVM. 

The supply chain management model of a construction unit is analyzed, and it is found that the 
market demand profoundly affects the production management of the supply chain. Too high or too 
low a marginal proϐit margin will bring the problems of increased overhead and lost opportunity cost, 
respectively, and only when the enterprise produces according to the market demand can it ensure the 
stability of the supply chain. At the same time, it is concluded that the optimal inventory of 
prefabricated components of the construction unit is 2.55×10³m³, and the proϐit of the enterprise is 
maximized. 

Supply chain risk assessment of a port, the training error of the assessment model in this paper is 
only 0.043%, and the prediction error is 1.76%. While the training error and prediction error of BP 
neural network assessment method are 1.67% and 12.73% respectively. This indicates that the model 
in this paper has better assessment accuracy and generalization ability, and can provide decision 
support for enterprise supply chain management model optimization and risk control. 

The shortcoming of this paper is that it does not consider the impact of demand uncertainty changes 
on the optimal inventory of enterprises under different lead times, which is the work that can be 
continued in this paper. 
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