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ABSTRACT 
Financial performance optimization is an important embodiment of enterprises to improve 
operational efficiency and optimize management level. The article proposes a method of financial 
performance optimization and evaluation using group intelligence algorithm in order to optimize the 
financial performance of enterprises. EVA is introduced to establish the evaluation index of enterprise 
financial performance. The financial performance prediction model is constructed according to the 
propagation process of BP neural network, and the IPSO-BP algorithm is utilized to avoid BP from 
falling into local optimum and improve the prediction accuracy. In the learning ability test, the relative 
errors of the EVA value, EVA payoff and EVA rate of the IPSO-BP algorithm are controlled within 6%, 
8% and 10% respectively, and the average relative error of the model application results is 3.87%. The 
model in this paper can achieve more accurate financial performance assessment and prediction, 
which is conducive to the optimization of financial performance management of enterprises. 

Keywords: IPSO, BP neural network, EVA, group intelligence algorithm, financial performance 
 

1. Introduction 

Financial performance has become one of the basic contents in modern enterprise management. It is 
a reference to the ϐinancial statement data (such as the income statement and balance sheet), to 
measure the business performance indicators, through the ϐinancial indicators to quantitatively 
analyze the economic efϐiciency and ϐinancial status of enterprises, reϐlecting the results of business 
operations, and provide basic data support for subsequent management decisions [1]. Therefore, 
enterprises should pay close attention to the changes in the economic environment and the capital 
market, timely adjust the enterprise business strategy, surplus management, ϐinancial management, 
and improve the enterprise ϐinancial performance can also improve the competitiveness and inϐluence 
of the enterprise market [2-4]. 

Financial performance indicators can be customized according to the needs of different companies, 
but generally relate to income, assets, investment returns and funds, etc., to help assess whether the 
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enterprise has made signiϐicant progress in meeting its expected earnings and compensation goals [5]. 
Financial performance reϐlects the performance of the enterprise as a whole and the performance of 
each department, which in turn helps managers to ϐind out the space to optimize business 
performance, so as to adjust their business strategies and achieve business objectives [6]. At the same 
time, ϐinancial performance can also help analysts to evaluate the company's performance, capital ϐlow 
and asset structure, in order to provide investors with effective investment reference [7]. There are 
many factors affecting the ϐinancial performance of enterprises, which can be categorized into internal 
and external factors. The internal factors are the enterprise's strategic planning, governance structure, 
organizational structure, ϐinancial management level, human resource management, and innovation 
ability [8-11]. Among them, strategic planning is the ϐirst factor, a clear, reasonable and forward-
looking strategic planning can point out the direction of development for the enterprise, clear business 
objectives, if the enterprise strategic positioning is inaccurate, blind pursuit of diversiϐication or over-
expansion, which may lead to the dispersion of resources, the decline in the competitiveness of the 
core business, thus affecting ϐinancial performance. The level of ϐinancial management of the 
enterprise is directly related to the advantages and disadvantages of ϐinancial performance. External 
factors are macroeconomic environment, policy and regulatory changes, market changes, industry 
development trends, social and cultural environment [12-15]. Economic prosperity and recession, 
inϐlation level, high and low interest rates and exchange rate ϐluctuations will have a direct or indirect 
impact on the ϐinancial performance of enterprises. The adjustment of tax policy is directly related to 
the level of tax burden of enterprises. The intensity of market competition directly affects the market 
share and product prices of enterprises. 

Enterprise ϐinancial performance can directly reϐlect the business situation of the enterprise, is a 
good guarantee for the sustainable development of the enterprise, and is also the key to realize the 
effective governance of an enterprise [16]. In the era of intelligence, the optimization of enterprise 
ϐinancial performance can grasp the health of the enterprise in a timely manner, which is of great 
signiϐicance to improve the operating results of the enterprise and enhance the level of management. 
In order to solve various optimization problems, academia and industry have cooperated to introduce 
a variety of algorithms based on group intelligence [17]. Because the algorithms are easy to implement 
and debug, have good robustness; can deal with multi-objective optimization problems, and can 
optimize multiple objectives at the same time; have good global search ability, and can ϐind a more 
excellent solution; and are ϐlexible, and can adjust the model according to the speciϐic problem, and 
have been widely used in various ϐields, including ϐinance, healthcare, and energy, transportation and 
other ϐields [18-21]. 

In order to realize the optimization and assessment of ϐinancial performance, this paper ϐirstly 
analyzes the necessity and evaluation principle of using EVA index to evaluate the ϐinancial 
performance of enterprises. Based on the propagation process of BP neural network model, a BP 
neural network model that can be used for enterprise ϐinancial performance prediction is proposed. 
Aiming at the defect that traditional BP neural network is easy to fall into the local optimum, the 
standard particle swarm algorithm is used to encode the inter-layer connection weights of the neural 
network and the thresholds of each node in the implicit and output layers into particles, and the PSO 
algorithm is used to solve the global optimum. On this basis, the learning factor of asynchronous 
change is introduced, nonlinear decreasing weights are used to replace inertia weights, and the 
optimized IPSO algorithm is utilized to avoid premature convergence and improve convergence 
accuracy. Learning ability and generalization ability analysis are carried out using the new model, and 
ϐinally the practical application effect of the model is examined. 

2. Introduction of EVA's corporate financial performance evaluation system 

EVA, or Economic Value Added, is to a certain extent the residual value of shareholders, which is 
formed by deducting the cost of capital of the enterprise from the net operating proϐit after tax. With 
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the continuous improvement and development of the EVA theory, the EVA concept can be used as the 
dominant concept of enterprise management, and the EVA index can be an important tool for 
enterprise performance evaluation. 

2.1. Analysis of the need to introduce EVA 

2.1.1. The need to reϐlect the real business situation of enterprises. Compared with the traditional 
ϐinancial indicators, EVA indicators redeϐine the enterprise proϐit, and EVA indicators are based on the 
economic proϐit after the adjustment of accounting items to the accounting proϐit. In addition, the 
adjustment of accounting proϐit can, to a certain extent, effectively avoid the inϐluence of the 
enterprise's inϐlated proϐit, low cost and other behaviors, and correct the deviation of the assessment 
results under the traditional performance evaluation system. Therefore, the EVA index can truly reϐlect 
the operation status and value-added ability of enterprises, and a performance evaluation index that 
can accurately judge the information of enterprise value creation for shareholders is widely needed. 

2.1.2. Need to strengthen capital cost management and improve efϐiciency in the use of funds. The 
introduction of EVA can effectively prevent enterprises from taking up capital resources by over-
investing capital in unimportant businesses in pursuit of short-term beneϐits. In China, due to the 
inϐluence of national preferential policies and subsidies, a large number of small and medium-sized 
enterprises (SMEs) have come into the new energy industry, and enterprises are competing for market 
share and expanding blindly, which leads to the emergence of problems such as overcapacity, serious 
product homogenization, and difϐiculties in the research and development of new products, etc. These 
problems in the new energy industry are also the problems faced by the company. Because of this, the 
introduction of the EVA concept can strengthen the management of the enterprise's cost of capital and 
increase the investment in the research and development of new products, thus improving the 
competitiveness of products. In addition, it is also very important for reducing short-term blind 
investment and improving the efϐiciency of capital utilization. 

2.1.3. The need for sustainable enterprise development. The EVA concept helps guide companies to 
focus on long-term development, incentivize corporate value creation, and focus on shareholder 
wealth growth. In addition, the EVA concept encourages innovation and new product development, 
which is in line with the concept of “innovation for all” that China has been advocating in recent years. 
The sustainable development of enterprises requires them to focus on the improvement of core 
competitiveness, which can effectively reduce external risks and improve the operational efϐiciency of 
enterprises. Therefore, the introduction of EVA ϐinancial performance evaluation system is very 
necessary for the sustainable development of enterprises. 

2.2. Principles of financial performance evaluation 

2.2.1. Principle of combining importance and comprehensibility. The principle of materiality mainly 
emphasizes that in the process of calculating EVA, the enterprise's own development situation and the 
characteristics of the industry in which the enterprise is located should be fully considered, and the 
accounting items that are more relevant to the core competitiveness of the enterprise and more 
affected by the ϐluctuation of the industry should be selected for adjustment, so that the appropriate 
evaluation indexes can be selected in the end. Understandability requires that the performance 
evaluation results based on EVA. It is simple and clear, and can be understood and accepted by 
shareholders, management, employees and so on. Therefore, the evaluation process should combine 
the importance and comprehensibility, select the appropriate performance evaluation indexes, and 
derive the calculation results that can be understood by the information users, so as to provide data 
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support for the future investment decisions of the enterprise and make the enterprise develop in the 
right direction. 

2.2.2. Principle of combining objectivity and operability. The speciϐic goal of the evaluation is to 
make the enterprise resources to be reasonably allocated, the enterprise operation is more robust, so 
as to promote the enterprise value appreciation, and under this premise, it is necessary to do sufϐicient 
research on the enterprise capital structure, organizational structure and the daily operation of the 
enterprise, and fully grasp the actual situation of the enterprise's proϐit and loss projects. The principle 
of operability is that under the direction of the principle of objectivity, the data of ϐinancial and non-
ϐinancial indicators of the enterprise can be obtained in time, and the calculation task can be 
successfully accomplished through the corresponding calculation model, so that the evaluation 
method is more feasible. 

2.2.3. Principle of combining authenticity and comparability. The principle of authenticity requires 
that the ϐinancial data and non-ϐinancial data obtained from the enterprise should be kept as real and 
effective as possible, and this requirement can be said to be very strict. When acquiring ϐinancial data 
and selecting evaluation indexes, it is also necessary to avoid the inϐluence of human calculation errors 
and ϐinancial fraud data. On the other hand, for the principle of comparability, in the evaluation results 
based on the EVA evaluation system, the calculated results should be vertically comparable in time and 
horizontally comparable in the industry. Under the principle of comparability, enterprises will be more 
comprehensive and objective when making strategic decisions. Therefore, the combination of 
authenticity and comparability, under the premise of obtaining reliable data, performance data can be 
compared with each other to calculate, so as to reϐlect the overall performance status of the enterprise 
[22]. 

2.3. Financial performance evaluation indicators 

2.3.1. EVA. The EVA value, i.e. Economic Value Added, is the core indicator of the system, which is 
the difference between the net operating proϐit after tax and the total cost of capital used by the 
enterprise in a certain period of time. EVA value can objectively reϐlect the value created by the 
enterprise for the shareholders. The EVA value is subject to the E of accounting estimation and 
accounting policy, which is widely used in the performance evaluation of the enterprise. The formula 
of the EVA value is as follows: EVA value = Net operating proϐit after tax - cost of capital. 

2.3.2. EVA rate of return. The EVA rate of return is the ratio of economic value added to the cost of 
capital, which reϐlects the ability of an enterprise to create wealth for its shareholders. Under quality 
constraints, the greater the EVA ratio, the more efϐicient the economic value added generated by 
invested capital and the greater the value created for the enterprise. 

2.3.3. EVA rate. EVA rate can intuitively reϐlect the proϐitability and development ability of the 
enterprise, the larger the EVA rate, the higher the efϐiciency of the enterprise's utilization of capital, 
the more wealth it creates for shareholders. EVA rate for the evaluation of the enterprise's ϐinancial 
performance is an important evaluation index, the formula for calculating the EVA rate is: EVA rate = 
EVA/adjusted capital. 

2.3.4. EVA growth rate. EVA growth rate, also known as EVA growth rate, is a dynamic indicator that 
reϐlects the degree of change in the EVA value within a certain period of time, and it is also a basic 
indicator that reϐlects whether the value creation of an enterprise has vitality. The higher the EVA 
growth rate, the more wealth a company creates for its shareholders. 
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3. Based on the IPSO-BP financial performance prediction model 

3.1. BP Neural Network Prediction Model Fundamentals 

The BP neural network model consists of three modules, the input layer, the hidden layer and the 
output layer, and the neurons between two neighboring layers correspond to each other two by two, 
forming a complete connection. And neurons that are inside the same layer do not form direct 
connections between them. In essence, the process of network learning is an optimization process 
based on the error generated in the propagation process, and the weights and thresholds in the 
network are corrected and adjusted, and the results of its learning are reϐlected in the changes of the 
weights and thresholds. Therefore, the BP algorithm can be divided into forward propagation and 
backward propagation, i.e., the two stages of error calculation and parameter adjustment in the 
practical application of multilayer networks. 

3.1.1. BP neural network propagation process. The BP neural network is trained by calculating the 
model error through forward propagation and backpropagating to each weight threshold for 
numerical updating through back propagation. During forward propagation, the input data enters the 
ϐirst hidden layer through the input layer and is transmitted to the output layer after layer-by-layer 
processing in the hidden layer. During this period, each neuron in the layer only affects the state of the 
next neuron in the propagation path by connecting to each other. If the error between the expected 
result and the output result of the output layer is larger than the acceptable error, it enters the back-
propagation phase of the network propagation, and performs a layer-by-layer original return 
operation on the model error by connecting the channels between the neurons, and adjusts and 
modiϐies the parameter in the direction of the target negative gradient by the gradient descent method, 
so as to minimize the error signal. 

3.1.2. Financial performance prediction model construction based on BP neural network. BP neural 
network before the prediction work needs to train the network, the key is the determination of the 
weights and thresholds in it, through training to determine the main parameters, so that the network 
has the ability to memorize and associate, in order to play its role in prediction. The training process 
of BP neural network includes the following steps [23]: 
1) Structure Determination. Determine the BP neural network topology, i.e., the number of hidden 
layers and the number of neurons in each layer. 
2) Initialization. Initialize all the ownership values and thresholds in the network, and determine the 
activation function, in this paper, the hidden layer activation function  f   adopts the tangent S -
type transfer function tansig, and the output layer activation function  g   adopts the linear transfer 
function purelin, and the model is trained using the L-M optimization algorithm. 
3) Data input. Input training set {( , )}T x y . 
4) Parameter input. Input learning rate  , learning accuracy  , maximum number of iterations R . 
In this paper, when constructing the model, the corresponding BP neural network part of the 
parameters are set to 0.01, 0.001, 5000. 
5) Forward propagation. Calculate the input value and output value of each neuron according to Eqs. 
(1)-(4). 
6) Error calculation. Calculate the network output layer error according to equation (5). 
7) Back propagation. Calculate the hidden layer and output layer gradient terms j   and h  
according to Eq. (7) (11) Update the network weights and thresholds according to Eq. (8) (9) (12) (13). 
8) Return to 5) until the error value is within    or the iteration reaches a value of R  , stop the 
iteration and output the model. 

BP neural network through the back propagation of the error signal, and constantly correct the 
model parameters, until the error between the model output jy  and the desired output jy  in the 
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learning accuracy range, and then input new sample data to repeat the learning process, until the N  
data samples to complete the training or to reach the maximum number of set training times, at this 
time, ( 1)d l q l     to be determined parameters are determined, that is, to complete the training 
of the model. 

3.2. Model Improvement Methods 

3.2.1. Particle Swarm Algorithm. The particle swarm algorithm simulates a sociological behavior of 
a ϐlock of birds interacting with information while foraging for food, and searches for the optimal point 
on a global scale, the algorithm initializes the resulting random particles, and maps the potential 
feasible solutions to the required optimization problem through continuous iterative turnover [24]. 
For S  particles in a D -dimensional search space, the position, velocity, individual historical optimal 
position, and overall optimal position of the particle swarm for the i rd  1 i S   particles at d -
dimensional  1 d D   are respectively: 

  1 2, , ,i i i iDx x x x   (1) 

  1 2, , ,i i i iDv v v v   (2) 

  1 2, , ,i i i iDp p p p   (3) 

  1 2, , ,g g g gDp p p p   (4) 

According to the “positional convergence” and “central aggregation” of clusters, the evolutionary 
formulas for particle velocity and positional update for generation k  are: 

 
  

 
1

2

( 1) ( ) ( ) ( )

( ) ( )

id id id id id

id gd id

v k v k c rand p k x k

c rand p k x k

    

    
 (5) 

 ( 1) ( ) ( 1)i i ix k x k v k     (6) 

Where,    represents the particle inertia weight and [0,1]  . 1c   and 2c   represent the 
acceleration coefϐicients of the particles, all of which are non-negative constants. The  rand   
function represents the random number generated in the [0,1]  interval. 

From the evolution formula, it can be seen that the update of the particle position depends on the 
velocity update, and the update of the velocity depends on the inϐluence of three aspects: ϐirst, the 
current state of the particle, related to the current velocity ( )idv k  and inertia weights  . The second 
is the particle's own experience, related to the distance between the particle's own position ( )idx k  
and its historical optimal position ( )idp k  . The third is the information sharing, and the velocity 
adjustment by the distance between its own position ( )idx k  and the current optimal position ( )gdp k  
in the particle swarm. 

For the particle individual historical optimal position and the particle swarm optimal position 
update formula are respectively: 

      
   

( ) ( 1) ( )
1

( 1) ( 1) ( )
i i i

i
i i i

p k if f x k f p k
p k

x k if f x k f p k

       
 (7) 

  ( 1)( 1) arg min ( 1)
ig p k ip k f p k    (8) 

where,  f   the ϐitness function, which in this paper is set to the mean absolute error MAE. 

3.2.2. Genetic Algorithms. Genetic algorithm is a kind of heuristic algorithm based on the 
phenomenon of biological evolution in nature, following the natural selection law of “survival of the 
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ϐittest” and “survival of the ϐittest”. In practice, the key to the genetic algorithm is to start coding the 
feasible solutions of the research object to form a chromosome, and then combine multiple 
chromosomes to form a research population, and the genes on the chromosome represent the factors 
affecting the feasible solutions or analyzing dimensions. Each iteration in the algorithm is a process of 
selecting the optimal solution by calculating the ϐitness of the individual, retaining the chromosomes 
with high ϐitness, and then mimicking the crossover interchanges during the meiotic division of 
organisms, and the genetic variation during the DNA replication period for the generation of new 
individuals, and conducting a new round of screening based on the ϐitness. After many iterations, the 
individuals left behind are more and more adaptive to the external environment, which also represents 
that the remaining chromosomes are closer and closer to the optimal solution of the problem [25]. 

3.3. BP neural network model optimized based on improved particle swarm algorithm 

3.3.1. Particle Swarm Algorithm to Optimize BP Neural Network Models： 
1) Standard particle swarm algorithm. Particle Swarm Algorithm (PSO) is a population-based 
stochastic optimization technique. The basic principle of particle swarm algorithm is: ϐirst assume that 
the dimension of the solution is S , randomly generate N  massless particles, one particle represents 
a feasible solution, any particle has two attributes-velocity and position, which are denoted by 

 1 2, , , 1,2, ,
T

i i i itV V V V i N      and  1 2, , ,
T

i i i izX X X X   , respectively. Each particle moves 
continuously in the search space, and the velocity of each particle is constrained by the maximum 
velocity mV , and when ij mV V , then ij mV V ,  1 ,1i N j S    . Similarly, ijX  is constrained by 

mX , and when ij mX X , then ij mX X ,  1 ,1i N j S    . All particles in the swarm complete the 
search for the global optimal solution bestG  based on the currently searched individual extremes bestP . 
The formulas used for updating the velocity and position of the particles are (9) and (10): 

    1
1 1 2 2

k k k k k k
id id beetid id bestid idV V c r P X c r G X       (9) 

 1 1k k k
id id idX X V    (10) 

In Eq. (10): [1, ]d S  is the number of dimensions, k  is the number of current iterations, 1c  and 
2c  are the learning factors, 1c  is the step size of the particle moving to the individual optimal position, 
2c  is the step size of the particle moving to the global optimal position, and 1r  and 2r  are random 

numbers between [0,1] .   is the inertia weight. 
2) Optimization of BP neural network by particle swarm algorithm. BP neural network according to 
the method of error back propagation constantly adjust the connection weights between the nodes of 
each layer and the implied layer, the threshold value of each node of the output layer, in order to 
minimize the error, but it is easy to fall into the local optimum. The PSO algorithm is used to optimize 
the BP neural network by encoding the connection weights between the neural network layers and the 
thresholds of the nodes in the implicit layer and the output layer into particles, and solving for the 
global optimum using the PSO algorithm described previously. This approach not only avoids the 
problem that BP neural networks are easy to fall into the local minimum, but also improves the 
convergence speed of the neural network, and the prediction results will be more accurate. 

3.3.2. Optimization of model parameters. As all the particles in the PSO algorithm constantly 
converge to the individual optimal and global optimal position, it is easy to make the particle swarm 
appear fast convergence effect, which will make the particle swarm fall into the local extremes, and 
even premature convergence or even the phenomenon of the search process stops. In order to avoid 
the above problems of PSO algorithm and further improve the convergence accuracy, so that the 
optimization effect reaches the best, the PSO algorithm is improved, that is, the Improved Particle 
Swarm Algorithm (IPSO) [26]. 

Firstly, asynchronous learning factors are introduced to replace the original learning factors 1c  and 
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2c . In the pre-search phase, the asynchronous learning factors can make the particles in the swarm 
focus more on self-learning and less on global learning, which enhances the global search function of 
the swarm. In the late search stage, each particle focuses more on global learning and less on self-
learning, which makes it easier for the particle swarm to obtain the global optimal solution. The 
variation formula of the learning factor is: 

 
1, 1,

1 1,
max

fin ini
ini

c c
c c t

t


    (11) 

 
2, 2,

2 2,
max

fin ini
ini

c c
c c t

t


    (12) 

In the above equation: 1,inic  and 2,inic  represent the initial values of 1c  and 2c  respectively. 1, finc  
and 2, finc   represent the ϐinal value of iteration 1c   and 2c   respectively. t   represents the current 
number of iterations. maxt  represents the ϐinal number of iterations. 

Since the inertia weight   is throughout the whole search process, it not only plays a role in the 
local search function of the particles, but also has a certain impact on the search for the global optimal 
solution of the particle swarm. If the value of   is large, then the ability of each particle to search for 
the global optimal solution is stronger. On the contrary, with a relatively small value of  , the ability 
of the particles to search for individual extremes bestP   becomes stronger. Therefore, nonlinear 
decreasing weights are used to replace the original direct assignment of values to  : 

      0 1 max 0 1cos / / 2t t            (13) 

where 0  and 1  denote the initial and ϐinal values of  , and 0 1  .   decreases according to 
the cosine function, which ensures that the global search for the optimal solution can be fast at the 
beginning of the iteration and lasts for a long time, so that it does not fall into the local search too early, 
and also completes the local optimisation at a slower speed in the later search phase. 

3.3.3. Basic Steps for Optimising BP Neural Networks with Improved Particle Swarm Algorithm： 
1) Set the values of the parameters in the IPSO algorithm, including the number of particles N , the 
number of loop iteration steps, the particle dimension S , the initial inertia weight 0  and the ϐinal 
inertia weight 1 , the initial value of the learning factor 1,inic , 2,inic  and the ϐinal value of the iteration 

1, finc , 2, finc . 
2) The BP neural network is designed as a three-layer network structure, and the number of nodes in 
each layer is given according to the actual prediction problem. Since the dimension of the particles 
depends on the connection weights between the input layer and the hidden layer, the hidden layer and 
the output layer and the node thresholds of the hidden layer and the output layer, the dimension of the 
particles is calculated as: 

 in h h out outS S S S S S    (14) 

In Eq. (14), inS , hS  and outS  are the number of nodes in the input layer, hidden layer and output 
layer, respectively. 
3) Initialise the BP neural network, import the sample dataset, calculate the mean square deviation 
between the expected output and the actual output, and use the mean square deviation as the ϐitness 
function of the particle swarm algorithm. 
4) According to the speed, position and learning factor of the particle swarm and inertia weights of the 
improvement of the formula to make each particle to complete the required number of speed and 
position changes, while the need to ensure that  ,ij m mV V V  ,  ,ij m mX X X  . 
5) Iterative operation. Determine the ϐitness value of each particle in the particle swarm if  , if 

i bestf P , then best iP f , if i bestf G , then best iG f , until the number of iterative steps are completed, 



A FINANCIAL PERFORMANCE OPTIMIZATION MODEL BASED ON 6019 

 

the global optimal solution searched by the particle swarm is the BP neural network of each 
connection weights and thresholds. 
6) Import the training sample data into the identiϐied neural network to achieve the training of the BP 
neural network, and then import the test sample data to get the prediction results. 

4. Validation of IPSO-BP neural network financial performance prediction 
model 

4.1. Analysis of examples 

The IPSO optimised BP neural network forecasting model is validated, and the forecasting ability of 
IPSO optimised BP neural network, standard PSO optimised BP neural network and BP neural network 
are comparatively analysed and validated. EVA value, EVA payoff ratio and EVA rate are used as 
evaluation indexes of corporate ϐinancial performance, respectively. The ϐinancial data of a company 
for a total of 34 months from March 2021 to December 2024 is selected as the data set, of which 24 
months of data are taken as the training set and 10 months of data are taken as the validation set, and 
the arithmetic analysis is carried out using the method of this paper. 

4.1.1. Learning Capability Validation. The prediction results and relative error comparison curves of 
enterprise EVA value, EVA payoff and EVA rate under 24 sets of training samples are analysed in Figs. 
1-3, respectively.In the prediction value ϐitting results, it can be seen that the prediction value of IPSO-
BP is closer to the target value, i.e., in the relative error comparison curves, the training error of IPSO-
BP is better than the training errors of PSO-BP and BP. In the learning ability of EVA value, EVA payoff 
and EVA rate, the PSO-BP algorithm's training samples are controlled within 13%, 12% and 19% of 
the training error, while the IPSO-BP algorithm's relative errors are controlled within 6%, 8%, and 10% 
of the learning ability, respectively. 

 

Fig. 1. Comparison of learning ability prediction of EVA value 

 

Fig. 2. Comparison of learning ability prediction of EVA reward rate 
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Fig. 3. Comparison of learning ability prediction of EVA rate 

4.1.2. Veriϐication of generalisation capabilities. Figures 4 to 6 show the prediction results and 
relative error comparison curves for EVA, EVA payoff and EVA rate for the 10 groups of test samples, 
respectively. In the ϐitting results of the predicted values, it can be seen that the predicted values of 
IPSO-BP are the closest to the target values, and the prediction accuracy is better than that of BP and 
PSO-BP.In the relative error comparison curves, it can also be intuitively compared to ϐind that the test 
error of IPSO-BP is lower than that of PSO-BP and BP. 

 

Fig. 4. Comparison of generalization ability prediction of EVA value 

 

Fig. 5. Comparison of generalization ability prediction of EVA rewards rate 
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Fig. 6. Comparison of generalization ability prediction of EVA rate 

The optimisation and improvement of the BP algorithm based on the learning ability and 
generalisation ability of the neural network, it can be seen from the sample prediction results and 
relative error results, the optimisation and improvement of the error reduction, the reduction of the 
relative error, shows the advantages of the optimisation and improvement of the prediction accuracy 
of the BP neural network, and the improvement of the prediction results are more accurate and 
credible. 

4.2. Modelling applications 

For the enterprise ϐinancial performance sample data, the EVA growth rate is selected as the evaluation 
index, 12 groups of ϐinancial data of an enterprise are randomly selected as training samples, and the 
remaining 12 groups are used as test samples. The BP model, PSO-BP model and IPSO-BP model were 
established, and the comparison charts of the prediction results and relative errors of the three models 
are shown in Figures 7 and 8, respectively. It can be seen that the prediction results of IPSO-BP 
algorithm are more accurate, with smaller errors and stable performance. 

 

Fig. 7. The EVA prediction of the three models 
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Fig. 8. The comparison of the prediction relative error of the three models 

The predicted output values and error analysis results of the three prediction models are shown in 
Table 1.The prediction effect of the BP model is poorer, the maximum relative error reaches 32.69%, 
the minimum relative error is only 0.43%, the average relative error is 8.38%, and the root-mean-
square error is 1.235.It can be seen that the ϐluctuation of the BP model is large when it comes to the 
prediction, and it is not sufϐiciently stable, and compared with the BP model, the PSO- The prediction 
accuracy of the BP model has improved substantially, with an average relative error of 4.58% and a 
root mean square error of 0.813. The maximum relative error of the predicted values of the IPSO-BP 
prediction model is only 5.86%, the minimum relative error is 0.08%, and the average relative error is 
3.87%, with a root mean square error of 0.621, which are lower than that of the PSO-BP and BP 
prediction models, respectively, showing higher stability and accuracy. They are lower than PSO-BP 
and BP prediction models, showing high stability and accuracy. 

Table 1. The output values and error analysis of each prediction model 

No. Real value (%) 
BP PSO-BP IPSO-BP 

P.V (%) R.E. P.V (%) R.E. P.V (%) R.E. 

1 2.7 2.92 8.07% 2.65 -1.89% 2.75 1.93% 

2 3.2 3.24 1.10% 3.12 -2.50% 3.25 1.61% 

3 2.9 3.07 6.03% 2.92 0.84% 2.91 0.21% 

4 0.5 0.34 -31.70% 0.53 6.60% 0.50 0.08% 

5 2.1 2.11 0.43% 2.13 1.28% 2.12 1.13% 

6 -0.5 -0.66 32.69% -0.40 -20.76% -0.53 5.86% 

7 2.4 2.39 -0.47% 2.26 -5.89% 2.44 1.55% 

8 0.6 0.53 -11.31% 0.71 17.64% 0.58 -3.06% 

9 -1.9 -2.07 9.13% -2.09 10.13% -1.99 4.95% 

10 1.5 1.16 -22.58% 1.52 1.45% 1.52 1.61% 

11 1.4 1.39 -0.67% 1.53 9.01% 1.37 -2.23% 

12 0.4 0.51 27.70% 0.28 -29.59% 0.40 0.97% 

MAPE 8.38% 4.58% 3.87% 
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RMSE 1.235 0.813 0.621 

5. Conclusion 

The research path of this paper mainly focuses on the prediction of enterprise ϐinancial performance 
through the improved particle swarm and genetic algorithm, combined with the EVA index system, 
which facilitates the enterprises to optimise their ϐinancial management and assess their ϐinancial 
performance based on the prediction results. The ϐinancial data of a company is used as a data set for 
example analysis. The results of the example point out that the IPSO-BP algorithm in this paper is 
signiϐicantly better than the BP algorithm and the PSO-BP algorithm before the improvement in the 
learning ability test, with the relative errors controlled within 6%, 8%, and 10%, respectively. In 
unfamiliar samples, this paper's algorithm also has better generalisation ability, and the test error is 
smaller than the comparison algorithm. In the application analysis, the maximum relative error of 
IPSO-BP is only 5.86%, the average relative error is 3.87%, and the root mean square error is 0.621 
respectively, which has high stability and accuracy. The above analysis shows that the IPSO-BP model 
is able to achieve a more accurate prediction and assessment of corporate ϐinancial performance, 
providing a feasible path for the optimal assessment of ϐinancial performance. 

References 

[1] Almashhadani, M., & Almashhadani, A. A. (2023). Corporate Governance Science, Culture and Financial 
Performance. International Journal of Business and Management Invention, 11(2), 55-60. 

[2] Feng, M., Yu, W., Wang, X., Wong, C. Y., Xu, M., & Xiao, Z. (2018). Green supply chain management and 
ϐinancial performance: The mediating roles of operational and environmental performance. Business 
strategy and the Environment, 27(7), 811-824. 

[3] Chakroun, S., Ben Amar, A., & Ben Amar, A. (2022). Earnings management, ϐinancial performance and the 
moderating effect of corporate social responsibility: evidence from France. Management Research Review, 
45(3), 331-362. 

[4] Olayinka, E., Emoarehi, E., Jonah, A., & Ame, J. (2017). Enterprise Risk Management and Financial 
Performance: Evidence from Emerging Market. International Journal of Management, Accounting & 
Economics, 4(9). 

[5] Tudose, M. B., Rusu, V. D., & Avasilcai, S. (2022). Financial performance–determinants and 
interdependencies between measurement indicators. Business, Management and Economics Engineering, 
20(1), 119-138. 

[6] Ayuba, H., Bambale, A. J. A., Ibrahim, M. A., & Sulaiman, S. A. (2019). Effects of Financial Performance, 
Capital Structure and Firm Size on Firms' Value of Insurance Companies in Nigeria. Journal of Finance, 
Accounting & Management, 10(1). 

[7] Waibe, B. S., Salihu, A., & Akudo, N. J. (2023). Nexus between Working Capital Management and Financial 
Performance of Small Enterprises. Lapai Journal of Economics, 7(1), 145-158. 

[8] Wall, W. P. (2021). DETERMINANTS OF SMEs’ PERFORMANCE FROM BUSINESS STRATEGY TO 
INNOVATION. Polish Journal of Management Studies, 23(2), 537-554. 

[9] Saidat, Z., Silva, M., & Seaman, C. (2019). The relationship between corporate governance and ϐinancial 
performance: Evidence from Jordanian family and nonfamily ϐirms. Journal of Family Business 
Management, 9(1), 54-78. 

[10] Kader, A., & Khan, A. Z. (2019). Financial management practices on ϐinancial performance. Globus-An 
International Journal of Management and IT, 11(1), 6-20. 



6024 MENG AND HE 

 

[11] Centobelli, P., Cerchione, R., & Singh, R. (2019). The impact of leanness and innovativeness on 
environmental and ϐinancial performance: Insights from Indian SMEs. International Journal of Production 
Economics, 212, 111-124. 

[12] Egbunike, C. F., & Okerekeoti, C. U. (2018). Macroeconomic factors, ϐirm characteristics and ϐinancial 
performance: A study of selected quoted manufacturing ϐirms in Nigeria. Asian Journal of Accounting 
Research, 3(2), 142-168. 

[13] Chomachaei, F. R., & Golmohammadi, D. (2024). The impact of a carbon tax on ϐinancial performance and 
innovation performance: an empirical study of the automotive industry. Environmental Economics and 
Policy Studies, 1-24. 

[14] Zhou, J., Mavondo, F. T., & Saunders, S. G. (2019). The relationship between marketing agility and ϐinancial 
performance under different levels of market turbulence. Industrial Marketing Management, 83, 31-41. 

[15] Kim, J., Kim, J., Lee, S. K., & Tang, L. R. (2020). Effects of epidemic disease outbreaks on ϐinancial 
performance of restaurants: Event study method approach. Journal of Hospitality and Tourism 
Management, 43, 32-41. 

[16] Xu, J., & Wang, B. (2018). Intellectual capital, ϐinancial performance and companies’ sustainable growth: 
Evidence from the Korean manufacturing industry. Sustainability, 10(12), 4651. 

[17] Chakraborty, A., & Kar, A. K. (2017). Swarm intelligence: A review of algorithms. Nature-inspired 
computing and optimization: Theory and applications, 475-494. 

[18] Ertenlice, O., & Kalayci, C. B. (2018). A survey of swarm intelligence for portfolio optimization: Algorithms 
and applications. Swarm and evolutionary computation, 39, 36-52. 

[19] Zemmal, N., Azizi, N., Sellami, M., Cheriguene, S., Ziani, A., AlDwairi, M., & Dendani, N. (2020). Particle 
swarm optimization based swarm intelligence for active learning improvement: Application on medical 
data classiϐication. Cognitive Computation, 12, 991-1010. 

[20] Mohamed, M. A., Eltamaly, A. M., & Alolah, A. I. (2017). Swarm intelligence-based optimization of grid-
dependent hybrid renewable energy systems. Renewable and Sustainable Energy Reviews, 77, 515-524. 

[21] Nguyen, T. H., & Jung, J. J. (2021). Swarm intelligence-based green optimization framework for sustainable 
transportation. Sustainable Cities and Society, 71, 102947. 

[22] Sura Jasvir S.,Panchal Rajender & Lather Anju. (2023). Economic value-added (EVA) myths and realities: 
evidence from the Indian manufacturing sector. IIM Ranchi journal of management studies(1),82-96. 

[23] Junyu Xu,Anwar Eziz,Alishir Kurban,Uǆ müt Halik,Zhiwen Shi,Saif Ullah... & Hossein Azadi. (2025). Spatio-
temporal analysis of litterfall load in the lower reaches of Qarqan and Tarim rivers using BP neural 
networks. Scientiϐic Reports(1),1140-1140. 

[24] Yansong Zhang,Yanmin Liu,Xiaoyan Zhang,Qian Song,Aijia Ouyang & Jie Yang. (2025). Multi-objective 
Particle Swarm Optimization with Integrated Fireworks Algorithm and Size Double Archiving. 
International Journal of Computational Intelligence Systems(1),2-2. 

[25] Ilyas Mudassar Qazi,Ahmad Muneer,Rauf Sonia & Irfan Danish. (2022). RDF Query Path Optimization 
Using Hybrid Genetic Algorithms: Semantic Web vs. Data-Intensive Cloud Computing.International 
Journal of Cloud Applications and Computing (IJCAC)(1),1-16. 

[26] Dong Liangwei & Hu Yueli. (2024). Self-tuning control of steam sterilizer temperature based on fuzzy PID 
and IPSO algorithm. Journal of Measurements in Engineering(4),638-655. 


