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ABSTRACT 
In order to solve the enterprise data asset pricing problem in the digital economy environment, this 
paper utilizes machine learning algorithms such as multiple regression model, BP neural network, and 
random forest regression, respectively, to price enterprise data assets. Subsequently, the data obtained 
from each model is fused using the integrated Stacking algorithm to construct an enterprise data asset 
pricing model with integrated machine learning algorithms. Predictive estimation of the pricing of 
enterprise data assets is carried out after a detailed justification of the parameter selection of the 
model. The results show that data capacity, size, quality and freshness are the main influences on data 
asset pricing. The results of the parameter investigation show that the overall performance of the 
model is best when the number of node features is 7, at which time the explanatory degree and 
goodness of fit of the model are 94.33% and 97.27%, respectively. The accuracy, precision, recall and 
F1 value of the Stacking-based fusion model for enterprise data asset pricing prediction model 
increased by about 10% compared to the other three models, respectively, to achieve accurate pricing 
of enterprise data assets. 

Keywords: Data asset pricing, random forest analysis, multiple linear regression, BP neural network 
model, Stacking fusion model 
 

1. Introduction 

In the current context of digital economy, data, as the smallest unit of information, once became an 
important resource for economic development by virtue of its fundamental, strategic and critical 
characteristics [1-2]. In order to promote the vigorous development of the data factor market, the state 
has issued a series of policy documents, aiming to promote the rational allocation and efϐicient 
utilization of data resources through the joint role of policy guidance and market mechanism [3-4]. 
The strategic signiϐicance of big data is no longer limited to individual enterprises or speciϐic industries, 
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but has been elevated to the national level [5]. Numerous enterprises are actively responding to this 
trend by digging deeper and utilizing their data assets through informatization and digital 
transformation to achieve greater economic value [6-7]. However, data assets are signiϐicantly 
different from traditional assets due to their characteristics, and it is difϐicult to form a standardized 
and uniϐied method to accurately and valuation and pricing of them. This situation brings challenges 
to the accounting recognition and statement presentation of data assets. Therefore, it is especially 
critical to accurately assess the value of data assets [8-10]. 

With the continuous progress of big data and artiϐicial intelligence technology, all industries are 
experiencing the process of digital transformation, and the importance of reasonable valuation of data 
assets is becoming more and more prominent [11-12]. On the one hand, scientiϐic valuation of data 
assets helps to improve the data management efϐiciency of enterprises. The massive data resources 
generated in the daily operation of enterprises can be transformed into data assets with asset 
attributes after appropriate processing [13-14]. Reasonable valuation of these assets can enhance the 
attention of enterprise managers to data assets, which in turn inspires enterprises to deeply analyze 
the data and use technical means to transform the data into decision support, thus creating economic 
value for the enterprise [15-16]. Through scientiϐic management and utilization of data assets, not only 
can they maintain their value, but are even expected to realize their value-added, thus enhancing the 
rationality of enterprise decision-making and economic beneϐits. On the other hand, the construction 
of a perfect data asset value assessment model has certain signiϐicance for the steady and healthy 
development of enterprises [17-18]. Taking enterprise mergers and acquisitions as an example, the 
model can more accurately reϐlect the actual value of the enterprise and provide a strong basis for the 
determination of the transaction price [19-20]. At the same time, the model also helps investors to 
assess the overall and dynamic value of enterprise assets more scientiϐically and comprehensively, so 
as to more accurately reϐlect the real situation of enterprises. This will help enterprises obtain a more 
fair evaluation in the capital market and lay a solid foundation for their long-term development [21-
22]. 

The current research on data asset connotation analysis and pricing is mainly combing and 
summarizing research, which mainly optimizes the existing data asset pricing models and methods 
through the connotation of data asset value and data asset features. Li, Y analyzed and combed the 
deϐinition of data assets and accounting treatment of data assets as well as the pricing problem, which 
mainly includes mining the features of data assets and incorporating them into the accounting 
treatment and asset quantiϐication framework, the study enriches the pricing theory of digital assets 
[23]. Yanlin, W et al. attempted to analyze the connotation and basic characteristics of data assets from 
the perspective of digital asset value, summarized relevant studies on digital asset value assessment, 
and looked forward to the future research direction of data asset pricing by focusing on natural value-
addedness, externality, and multi-dimensional value characteristics of digital assets [24]. Badewitz, W 
et al. afϐirmed the value of enterprise digital assets and explored the issues related to enterprise digital 
asset pricing, and synthesized the research related to enterprise digital asset pricing, which laid the 
foundation for future research on enterprise data asset pricing [25]. There are also a considerable 
number of researchers who have conducted research around the sharing of enterprise data assets, 
integration and empowerment issues, digital asset disclosure issues, and data asset quality risk 
assessment models, which can help to further understand the value and connotation of data assets, 
and then provide an important reference for data assets. Fernandez, R. C, et al. illustrated that data can 
be combined with specialized knowledge and resources to generate value but It is difϐicult for 
enterprises to share, discover, and integrate data assets, so it is proposed to use a data marketplace 
platform to solve the related problems, and it is also pointed out that it is very important to expand 
the data to each organization as an asset [26]. You, J et al. envisioned a data asset quality risk 
assessment model with improved FMEA as the core logic, and introduced the assessment model into 
real cases for analysis and demonstration, conϐirming the effectiveness of the proposed model [27]. Li, 
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Y et al. explored the issues related to the disclosure of corporate data assets and concluded that the 
disclosure of corporate data assets can be used as a basis for non-professional investors to evaluate 
and judge the non-ϐinancial performance and investment value of the enterprise, which can help to 
enhance the value of corporate investment, and also, from the perspective of regulations, elucidated 
that the mandatory disclosure of digital assets can help to improve the problem of asymmetry of 
information in the capital market, and to protect the interests of non-professional investors [28]. 

This paper selects the pricing problem of enterprise data asset value as the entry point, takes the 
enterprise data asset as the research object, and constructs three basic machine learning prediction 
models, namely, “multiple linear regression model, BP neural network model, and random forest 
regression algorithm model” for pricing the enterprise data asset. After that, we use the integrated 
Stacking fusion model to construct a higher-level combination model on top of the three basic models. 
By comparing the Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Goodness of Fit 
(R²) of the prediction results of the four models, a suitable machine learning model for corporate asset 
pricing is selected. 

2. Machine learning based enterprise data asset pricing model construction 

2.1. Multiple linear regression modeling 

When ϐitting a multivariate linear regression model [29] (LM), it is ϐirst necessary to determine the 
sample characteristics and prediction objectives, in this paper, the data capacity, data size, freshness, 
data quality, data volume score of ϐive inϐluencing factors as the model of the sample characteristics of 
the model, enterprise data asset pricing for the prediction objectives, the speciϐic form of the model is 
shown below: 

 1 1 2 2 3 3 4 4 5 05y x x x x x            (1) 

where y  is the data asset pricing, 1 2 5, ,x x x  is the data capacity, data size, freshness, data quality, 
and data volume scores, respectively, 0   is the error term, and 1 2 5, ,     is the regression 
coefϐicient of the corresponding sample characteristics, respectively. The most important thing to ϐit 
the multiple linear regression model is to obtain the regression coefϐicients and error terms, in this 
paper, we use the least squares method to obtain the regression coefϐicients and error terms of the 
multiple linear regression model, and the goal of the least squares method is to minimize the residual 
sum of squares, and its solution formula is: 

  X X X y    (2) 

where X  is a matrix with m  rows and n  columns, m  is the number of training sets, n  is the 
number of sample features, where the ϐirst column is all 1s, indicating the intercept; X    is the 
transpose matrix of X ; y  is a vector of dependent variables with m  rows and 1 column;   is a 
vector of coefϐicients with n  rows and 1 column. 

In this paper, we use Python to write a least squares method to construct a multiple linear regression 
data asset pricing prediction model for each ϐirm by substituting the training set of 10 ϐirms in Province 
A. The regression coefϐicients and error terms of the model are expressed in the form of regression 
equations. 

2.2. BP neural network based prediction models 

2.2.1. Neuron Modeling. A typical neuronal model consists of ϐive components: 
1) An n -dimensional input variable; 
2) An output variable; 
3) A set of connection weights corresponding to the input variable, reϐlecting the weight of the input 
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variable; 
4) a unit of summation, a weighted sum of the input variables with their corresponding weights, and 
ϐinally a threshold value; 
5) An activation function, usually a nonlinear function, whose main role is to realize the nonlinear 
transformation of data and solve the problem of insufϐicient capacity of linear models. 

The neural network metamodel output values are expressed as follows: 

 
1

1 1

* *
n n

i i i i
i i

y f x w f x w 


 

   
     

   
   (3) 

Where: ix : denotes the i nd dimensional input variable. 
iw : denotes the weight corresponding to the i th dimensional input variable; 

 : denotes the weights of this neuron; 
y : denotes the output value of this neural unit model; 
 f  : denotes the activation function. 

2.2.2. BP Neural Network Model Structure. The BP neural network model [30] is a multilayer feed-
forward network trained according to the error back-propagation algorithm, and the model structure 
usually consists of three parts: an input layer, a hidden layer, and an output layer. Usually the number 
of nodes in the input and output layers of the network is determined, while the number of nodes in 
the hidden layer is uncertain, and the optimal number of nodes needs to be determined according to 
the speciϐic problem. The BP neural network model structure of a single hidden layer carries a 
nonlinear activation function in addition to the input nodes to realize the nonlinear transformation of 
data. 

Learning Algorithm Flow 
Based on the above introduction of the neural network model structure and BP learning principle, 

there is a basic understanding of the neural network algorithm, the following will be a speciϐic 
introduction to the neural network learning algorithm process: 
1) Randomly initialize the weight coefϐicient  1 2 1, , ,n nW W W W W     from the input layer to the 
output layer, usually a smaller zero random number, denoted as 1 2(0), (0) (0)nW W W  . Also 

1nW    . Where ( )iW t  is the threshold at moment t . 
2) Input sample  1 2 1, , ,n nX X X X X    and expect output D ; 
3) Calculate the actual output according to the neuron model formula: 

 
1

1

* ( )
n
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i

y f X W t




 
  

 
  (4) 

4) Find the error function e  from the actual output: 

 ( )e D Y t   (5) 

5) Modify the weights with error function e : 

 ( 1) ( ) * *i i iW t W t e X    (6) 

Where, 1,2, , 1i n n   ,   is the learning factor, which is calculated by various types of learning 
algorithms, and cannot be too large, which may make the error function not converge during the 
training process, or too small, which may lead to too slow training speed. When the actual output and 
the desired output are the same there: 

 ( 1) ( )i iW t W t   (7) 

6) Repeat the above steps until the training results are stabilized and output. 
The ϐlow of neural network BP learning algorithm is shown in Fig. 1. 
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Fig. 1. Neural network bp learning algorithm process 

2.2.3. Predictive modeling: 
1) Determination of model variables. According to the establishment of BP neural network prediction 
model, “data capacity, data size, freshness, data quality, data volume score” of enterprise data assets at 
the current moment is deϐined as the input variable (independent variable). The enterprise data asset 
pricing is the output variable (dependent variable). The quantitative description of the model's 
inϐluencing factors is shown in Table 1. 

Table 1. Model impact factor quantiϐication 

Symbol Influencing factor 

X1 Data capacity 

X2 Data size 

X3 freshness 

X4 Data quality 

X5 Data score 

2) BP neural network model design. The realization of the BP neural network model prediction 
requires the design and determination of its components and related parameters, and due to the 
complexity of the model structure, the design will be discussed in detail below.  

The number of model layers and nodes are determined: 
The hidden layer can have one or more layers, considering the principle of using the simplest model 

to achieve the best results, the number of hidden layers is determined to be 1 layer. 
The number of nodes in the hidden layer will have a large impact on the performance of the neural 

network, and the more the number of nodes, the higher the training accuracy of the model will be. For 
the determination of the number of nodes in the hidden layer, most of the current determination of 
the number of nodes in the hidden layer is based on empirical formulas, such as: 2 1n    method, 
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n m    method, etc., in which n  is the number of nodes in the input layer, m  is the number of 
nodes in the output layer, [1,10]   . However, the empirical method can't be directly applied to 
promote and can only determine the number of nodes in the hidden layer is inevitably related to the 
complexity of the intrinsic laws of the training samples, so this paper utilizes the sample data to train 
and observe model Performance. When the number of hidden layer nodes is 7, the model accuracy is 
the highest, so the number of hidden layer nodes is ϐinally determined as 7. In this paper, we choose 
the current common Sigmoid activation function for testing. 

Sigmoid: A type S  activation function that maps the input to a value between 0 and 1, with the 
following functional expression: 

 
1

( )
1 x

Sigmoid x
e




 (8) 

3) BP learning algorithm determination. The BP neural network utilizes the gradient search technique 
with a view to minimizing the mean squared error between the actual and desired output values of 
the network. The gradient descent method is subdivided into: batch gradient descent (GD), stochastic 
gradient descent (SGD) and small batch gradient descent (MBGD). The details of the neural network 
model are shown in Table 2. 

Table 2. Details of the neural network model 

Model details Bp neural network 

The number of input layer variables 5 

Hidden layer activation function RELU 

Output layer activation function Identity 

Learning algorithm Small batch gradient descent 

Error function Error sum of squares 

The number of hidden layers of neurons 7 

The number of output layers 1 

2.3. Predictive model based on random forest regression algorithm 

Random Forest [31] (RF) is an integrated learning algorithm based on multiple decision trees and is 
one of the most representative algorithms in Bagging algorithms. 

Based on the research content of this paper, it will mainly introduce the principle of random forest 
regression algorithm, namely: the inϐluence of independent variables on the dependent variable, 
assuming that the dependent variable is Y   there are n   observations, and there are M  
independent variables that have an inϐluence on the dependent variable, the speciϐic algorithmic 
process: 
1) From the original training set of n  cases, the Bootstrap method is applied to repeat the sampling 
of N   training samples, a total of T   times sampling, to generate T   training sets, respectively, 
training T  . And the T   samples consisting of cases that were not sampled each time the training 
samples were taken were out-of-bag (OOB) data, which were used as the test sample set. 
2) In constructing the CART tree model, m   features were randomly selected from the M  
independent variables as alternative branching variables at the branching nodes of each tree. 
3) Each CART tree is grown continuously without branch reduction, by setting the tree value ntree of 
the decision tree as a termination condition for the growth of the decision tree. 
4) The generated T  decision trees are composed into a random forest regression model; the model 
estimation effect is evaluated by the accuracy of out-of-bag data prediction, i.e., the mean square error 
of the test set, assuming that the number of out-of-bag data samples is k : 
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Where, iy : denotes the actual value of the dependent variable in OOB ; ly : denotes the predicted 
value of the model; 2ˆ y : denotes the variance of the OOB  predicted value. 
5) The mean of the predicted results from the T  decision trees is used as the model output. 

2.4. Stacking Fusion Model 

Stacking fusion modeling [32-33] is an integrated learning approach, which is based on the principle 
of constructing a higher-level combinatorial model based on multiple base models. Speciϐically, a series 
of independently trained base machine learning models, which cover different types of algorithms, are 
ϐirst applied to predict the data. Next, the predictions produced by each base model on the training set 
are aggregated and treated as a new set of features to be input into a higher-level model meta-model. 
This meta-model generates the ϐinal prediction results by learning and optimally integrating the 
prediction outputs of each base model. Through this cascading and fusion of results, Stacking draws 
on the strengths of each base model while reducing the limitations of a single model, thus improving 
prediction performance. The ϐlow principle of the Stacking fusion model is shown in Figure 2: 

 

Training set

P1 P2 … Pm

C1 C2 … Cm

Secondary Learner

Pf

New 
data set

Primary 
Learner

Input 
features

Predicted 
results

training

prediction

 

Fig. 2. Fusion model process diagram 

According to the principle shown in the fusion modeling process, the above model fusion process 
can be explained as follows. This Stacking approach integrates the training results of each base 
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classiϐier as well as combines various relevant information that may determine the classiϐication, 
which not only makes full use of the diversity of primary learners, but also further improves the 
performance of the overall model through the training of secondary learners, providing a powerful 
machine learning framework for solving complex problems.The Stacking fusion process is as follows: 

Step 1: Primary Learner Training: in this phase, the training set is introduced to a diverse set of 
primary learners, each representing a different side of the data, labeled from C1 to C2. Such diversity 
ensures that a wide range of features of the data are covered. 

Step 2: Cross-validation: a strong validation mechanism is provided for the training of each primary 
learner by employing k-fold cross-validation (k=5). Each round of cross-validation involves dividing 
the training set into ϐive parts, one of which is used for validation and the remaining four for training. 
This approach helps the model to generalize better and reduces the risk of overϐitting. 

Step 3: Generating secondary learner inputs: by averaging the ϐive predictions generated by each 
primary learner, the input features P1 to Pm for the secondary learners were obtained. Such averaging 
takes into account the differences in the different folds of cross-validation and provides more robust 
inputs to the secondary learners. 

Step 4: Secondary Learner Training: In this step, a secondary learner is trained by using the averaged 
predictions of the primary learner as input features in combination with real labels. Secondary 
Learner Training: In this step, in this paper, a secondary learner is trained by using the average 
prediction result of the primary learner as an input symbol, coupled with real labels. 

Step 5: Stacking: For the new dataset, the prediction results are ϐirstly generated by the primary 
learner, and then these results are passed to the trained secondary learner to ϐinally get more accurate 
and robust prediction results. 

3. Analysis of prediction results of enterprise data asset pricing models under 
machine learning 

3.1. Results and analysis of data processing 

3.1.1. Data pre-processing. As the online data in the data trading platform will exist in the case of 
missing, abnormal, etc., so in the data before the application of absolute pricing method practice needs 
to be created for the experimental dataset of this paper to carry out pre-processing operations, for the 
characteristics of the experimental dataset this work carries out the following pre-processing 
operations. First, remove the data in the dataset API online data call times for the year, month, day 
data, at the same time with the total transaction price divided by the number of calls to get the API 
data per call unit price. Second, remove the data whose online data price is empty or 0. Third, when 
quantifying the data size element indicator, the data size is converted in MB24 units in a uniform 
manner. Fourth, the missing values present in the online data were ϐilled, such as the median ϐilling 
was used for the information entropy score, and in addition, some outliers in the dataset were deleted. 
Fifth, for the realization of N-way K-shot MAML absolute pricing experiments. Some information of the 
dataset after preprocessing is shown in Table 3. The experimental data is divided into seven categories 
based on platforms, experts and related literature research: industrial economy, ϐinancial services, 
research and technology, enterprise management, life services, marketing services and public opinion 
monitoring. The absolute pricing element indicators included are data size, scene coverage, time span, 
information entropy score, data sensitivity, data freshness, data citation and data rating. 

Table 3. After pre-processed data division information 

Data 

category 

Data 

sensitivit

y 

Dat

a 

score 

Informatio

n entropy 

score 

Tim

e span 

Data 
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s 

Data 
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e 

Data 

size 

Data 

volume 
price 
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4 
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2 
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1292.47 9995 1.1 

Public 
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Mediu

m 
5 4.5 1 0.1 

0.494

5 

13308.5

9 

1001

0 
0.48 

3.1.2. Absolute pricing characterization. After data preprocessing, the absolute pricing dataset 
contains a total of 10,218 online data asset information, which can be classiϐied into seven categories 
according to different data categories: G scientiϐic research and technology, F ϐinancial services, E 
industrial economy, D enterprise management, C life services, B marketing services, and A public 
opinion monitoring, and the statistics of the sample size of the classiϐication of the online data assets 
are shown in Figure 3. Among them, the data products of scientiϐic research and technology category 
have the largest number of samples, with 2,333 items, and the data products of marketing service 
category have the smallest number of samples, with 738 items. 

  

Fig. 3. The online data asset classiϐication sample size statistics 

The impact of absolute pricing element indicators on data prices does not necessarily follow an 
absolute linear relationship. The relationship between data score and price is shown in Figure 4. As is 
usually the case, data products with high data scores will have higher pricing prices, but as can be seen 
in the graph of the relationship between data scores and data prices shown in the ϐigure, data products 
with low data scores may also have higher transaction prices. For example, the product with a data 
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score of 4 in the ϐigure is trading at a price that is 0.51201 (1e6) higher than the highest price traded 
for a product with a score of 5. 

 

Fig. 4. Data score and price relationship 

3.2. Implementation of the data asset value assessment model 

3.2.1. Assessment model based on multiple linear regression. In order to compare the prediction 
results of machine learning with those of traditional multiple linear regression, the prediction is ϐirst 
modeled using multiple linear regression. In this paper, we draw on the idea of linear modeling of data 
assets and construct the following prediction model by combining the ϐinal selected feature variables: 

 
0 1 1 2 2 3 3 4

5 6 1

8 9 10

Value D D D volume

size freshness quality

dvSScore redundScore scareScore

    
  
   

    

  

   
 (11) 

where Value  is the data asset value, 0  is the constant term, 1 , 2  and 3  are the regression 
coefϐicients of the dummy variables characterizing the industry classiϐication, 1D   represents the 
economic and ϐinancial category, 2D   represents the scientiϐic and technological category, 3D  
represents the public opinion monitoring category, volume  , size  , freshness  , quality  , dvScore  , 

 redundant Score   and  scare Score   are the data capacity, data size, freshness, data quality, data 
volume score, redundancy score and scarcity score, and the coefϐicients in front of each of the variables 
are the regression coefϐicients. Coefϐicients in front of the variables are regression coefϐicients, and   
is the residual term. In this paper, we name the top 7 data based on the importance of the features of 
Random Forest, as shown below: the names of the features ranked 1-7 are “data capacity, data size, 
freshness, data quality, scientiϐic research and technology, public opinion monitoring, and economy 
and ϐinance” respectively. 

The results of the multiple linear regression are shown in Table 4. The regression results show that 
the value of data assets is signiϐicantly correlated with data capacity, data size, data quality and 
freshness regardless of other factors, indicating that these four features are the main inϐluencing 
factors on the value of data assets. This ϐinding is consistent with the results based on random forest 
feature selection, further validating the accuracy of feature selection. For the prediction accuracy of 
the multiple linear regression model, the goodness-of-ϐit R² of the training set is 21.32%, while the 
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goodness-of-ϐit R² of the test set is 19.46%, which is not satisfactory, suggesting that there may not be 
a linear relationship between the value of the data asset and the inϐluencing factors. In addition, the 
high volatility of data asset prices and not fully conforming to normal distribution may also contribute 
to the poor prediction effect of the multiple linear regression model. However, the correlation does not 
affect the conclusion that data capacity, data size, data quality, freshness, and the industry to which it 
belongs are important inϐluences on the value of data assets. 

Table 4. Multivariate linear regression 

 
Dependent variable 

1 2 3 4 5 6 7 

1D  

0.0211**

* 

0.0176**

* 

0.0190**

* 

0.0192**

* 

0.0191**

* 

0.0191**

* 

0.0191**

* 

(4.2652) (3.5338) (4.0896) (3.9386) (3.9164) (3.9012) (3.9099) 

2D
 

0.0735**

* 

0.0592**

* 

0.0618**

* 

0.0613**

* 

0.0614**

* 

0.0615**

* 

0.0615**

* 

(14.7029

) 

(11.9840

) 

(12.3448

) 

(12.2668

) 

(12.2777

) 

(12.3045

) 

(12.3419

) 

3D
 

0.0038 -0.0025 -0.0039 -0.0037 -0.0037 -0.0037 -0.0037 

(0.697) (-0.4852) (-0.7235) (-0.6832) (-0.6818) (-0.6952) (-0.6988) 

volume 

0.1077**

* 

0.1013**

* 

0.1014**

* 

0.0995**

* 

0.0994**

* 

0.0996**

* 

0.0994**

* 

(12.0901

) 
(11.631) 

(11.6706

) 

(11.5722

) 

(11.5642

) 

(11.6109

) 

(11.5838

) 

size 

 
0.1951**

* 

0.1939**

* 

0.1932**

* 

0.1934**

* 

0.1939**

* 

0.1941**

* 

 
(12.3335

) 

(12.2736

) 

(12.2738

) 

(12.2456

) 

(12.3248

) 

(12.3301

) 

freshness 
  

-

0.0434*** 

-

0.0426*** 

-

0.0422*** 

-

0.0403*** 

-

0.0408*** 

  (-3.9279) (-3.7721) (-3.7331) (-3.6222) (-3.5984) 

quality 
   

0.0388**

* 

0.0358**

* 

0.0439**

* 

0.0399**

* 

   (4.3243) (3.7361) (4.2012) (3.2989) 

dvScore 
    0.0041 0.0048 0.0035 

    (0.8178) (0.4648) (0.6283) 

redundScore 
     -0.0082* -0.0075* 

     (-1.9354) (-1.6985) 

scarceScor 
      0.0046 

      (0.8878) 

Constant 
0.0013 0.0013 0.0081* -0.0113* -0.0115* -0.0116* -0.0117* 

(0.2806) (0.2842) (1.8078) (-1.7835) (-1.8093) (-1.8396) (-1.8413) 

Observation

s 
2803 2803 2803 2803 2803 2803 2803 

Adjusted R² 0.1687 0.2125 0.2167 0.2218 0.2217 0.2225 0.2224 

3.2.2. Evaluation model based on BP neural network. In order to determine the appropriate 
parameters, 1~3 hidden layers were set sequentially, the corresponding number of nodes were trained 
from 5~6, the learning rate was set to 0.0005 with an initial threshold of 0.05, the model was trained 
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using the training set, the model accuracy was veriϐied with the test set, and the optimal model was 
selected by calculating and comparing the Root Mean Squared Error (RMSE), the Mean Absolute Error 
(MAE), and the Goodness-of-Fit (R²),. The neural network model training results are shown in Table 5. 
From the table, it can be seen that the prediction accuracy of the double hidden layer model is better 
than the single hidden layer model. In terms of Root Mean Square Error (RMSE), the double hidden 
layer model with the number of nodes (5,4) is the lowest at 681.4972 and is signiϐicantly lower than 
the other models while its goodness of ϐit (R²) is also the highest among all the models at 94.82%. In 
terms of Mean Absolute Error (MAE), the single hidden layer model with the number of nodes 3 is the 
lowest at 243.4921 and its advantage over the double hidden layer model with the number of nodes 
(5,4) at 248.5108 is not signiϐicant. Finally, in terms of running time, the double hidden layer model 
with (5,4) nodes has a training time of only 12.29 minutes, which is not the longest despite the fact 
that the model itself is more complex than the single layer model and has the highest number of nodes. 
The focus of this paper is on the prediction accuracy of the model, so in summary, the double hidden 
layer model with (5,4) nodes is the best among all the training models. 
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Table 5. Neural network model training results 

Parameter 
Explanati

on 

Paramet

er value 
RMSE MAE Rsquare 

Run time 

(min) 

Hidden 

Hidden 

layer node 

number 

3 

787.6142 243.4921 0.9328 19.77 

Threshold 
Training 

threshold 
0.05 

Stepmax 

Maximum 

training 

pace 

6.00E+0

7 

Learningra

te 

Learning 

rate 
0.0005 

Hidden 

Hidden 

layer node 

number 

4 

1236.4231 324.5945 0.9265 12.04 

Threshold 
Training 

threshold 
0.05 

Stepmax 

Maximum 

training 

pace 

6.00E+0

7 

Learningra

te 

Learning 

rate 
0.0005 

Hidden 

Hidden 

layer node 

number 

5 

nonconverge

nce 

nonconverge

nce 

nonconverge

nce 

nonconverge

nce 

Threshold 
Training 

threshold 
0.05 

Stepmax 

Maximum 

training 

pace 

6.00E+0

7 

Learningra

te 

Learning 

rate 
0.0005 

Hidden 

Hidden 

layer node 

number 

(5,4) 

681.4972 248.5108 0.9482 12.29 

Threshold 
Training 

threshold 
0.05 

Stepmax 

Maximum 

training 

pace 

6.00E+0

7 

Learningra

te 

Learning 

rate 
0.0005 

3.2.3. Random forest-based assessment models. In order to select the optimal number of leaf node 
splitting features, the experimental method was used to train the Mtry from 2 to 9 respectively with 
all other conditions remaining unchanged, and the test set data was used to validate the model 
accuracy, and in line with the previous paper, the root mean square error (RMSE), the mean absolute 
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error (MAE), and goodness-of-ϐit (R²) were computed and compared in order to select the optimal 
model. The random forest model training results are shown in Table 6. The training results show that 
as the number of node features Mtry increases, the variance explained and the goodness-of-ϐit (R²) of 
the model generally show a trend of increasing and then decreasing, and the inϐlection point of the 
decrease occurs when the number of node features is seven. The root mean square error (RMSE), on 
the other hand, shows a change process of decreasing and then increasing, and the inϐlection point of 
the shift is also at the time when the number of nodal characteristics is 7. From the point of view of 
the mean absolute error (MAE), with the increase of the number of node features, the index is gradually 
decreasing, but it can be clearly found that before the number of node features is 7, the rate of decline 
is faster, and then tends to level off. After the above analysis, the overall performance of the model is 
the best when the number of node features Mtry is 7. Finally, the random forest model with 360 
decision trees and 7 node features is chosen. 

Table 6. Results of random forest model training 

Node characteristic number Variance interpretation RMSE MAE Rsquare 

2 0.8915 919.45 350.2441 0.897 

3 0.9314 670.1803 200.1753 0.9481 

4 0.9384 585.3155 157.1488 0.9618 

5 0.9428 543.868 136.4869 0.9678 

6 0.9413 530.1975 130.015 0.9697 

7 0.9433 507.3682 121.4824 0.9727 

8 0.9403 510.4915 121.0915 0.9723 

9 0.9397 514.4275 118.5175 0.9718 

3.3. Comparative analysis of assessment effects 

3.3.1. Comparison of the assessment effectiveness of the four models. Based on the above empirical 
analysis, organizing the assessment prediction effect of multiple linear regression model (LM), BP 
neural network model (BP), random forest model (RF) and Stacking model, this paper carves the 
relationship between the predicted value and the true value of the assessment of the random forest, 
Stacking model, neural network and multiple linear regression model. The relationship between the 
predicted value and the true value of the four models is shown in Fig. 5, and (a) to (d) show the 
relationship between the predicted value and the true value of the RF model, the BP model, the LM 
model and the Stacking model, respectively. It can be seen that the predicted values of the machine 
learning model are roughly distributed on the 45° line, indicating a better prediction effect. However, 
compared with the Stacking model, some of the predicted values of the neural network model are 
seriously deviated from the 45° line, indicating that the prediction effect of the stochastic Stacking 
model is still better than that of the neural network model. Finally, the predicted values of the multiple 
linear regression model deviate far from the true values, especially for the assessment results of high-
value data assets, which deviate to a greater extent, and the overall prediction effect is poor. Overall, 
the predicted values of the Stacking model at different price points are more closely aligned with the 
true values, while the predicted results of the Random Forest Model model at various price points are 
not as comprehensive as those of the Stacking model. Therefore, the comparison of the evaluation 
effects of the four models shows that the Stacking model has the best prediction effect. 
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(a)RF 

 

(b)BP 

 

(c)LM 
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(d)Stacking 

Fig. 5. The relationship between the 4 model predictions and the real value 

A comparison of the evaluation effects of the four models is shown in Table 7. Taking all aspects 
together, the Stacking model has better performance in data asset value assessment. In terms of 
evaluation effect, the model constructed by using machine learning method is signiϐicantly better than 
the traditional multiple linear regression model, and the root mean square error (RMSE) and mean 
absolute error (MAE) of the machine learning model are much smaller than that of the multiple linear 
regression model, and at the same time, the goodness of ϐit is much larger than that of the multiple 
linear regression model. This also indicates that the effects of characteristics such as data capacity, 
data size, freshness and data quality on the value of data assets are indeed nonlinear, and thus machine 
learning models are more suitable for the assessment of data asset value. Looking at the machine 
learning models separately, the Stacking model outperforms the BP neural network model in all three 
metrics. It is worth mentioning that the root mean square error (RMSE) of the Stacking model is 
498.1884, which is 202.0478 lower than that of the BP neural network model, and only about one-ϐifth 
of that of the multivariate linear regression model.The mean absolute errors (MAEs) of the Stacking 
model, the Random Forest model, the BP neural network model, and the multivariate linear regression 
model, respectively, are 119.6524, 173.5624, 264.5428 and 1177.718, which shows that Stacking 
model has the lowest MAE. Finally, the goodness of ϐit of the Stacking model is 97.12%, which is also 
higher than the other three models, showing a more accurate prediction. 

Table 7. The evaluation effect of the 4 models is compared 

Index 
Multivariate linear regression 

model(LM) 

BP neural network 

model(BP) 

Random forest 

model(RF) 

Stacking 

model 

RMSE 2506.8924 700.2362 587.4372 498.1884 

MAE 1177.718 264.5428 173.5624 119.6524 

R² 0.1928 0.9414 0.9635 0.9712 

3.3.2. Comparison of metrics of different algorithmic models on the test set. The classiϐication 
prediction index data of BP algorithm, LM algorithm, RF algorithm, and Stacking algorithm are shown 
in Table 8. The calculation shows that the overall accuracy of the enterprise data asset pricing 
prediction model based on Stacking algorithm is 96.06%, precision rate is 97.87%, recall rate is 
97.75%, and F1 value is 0.9646%. In terms of the overall metrics, the metrics of the enterprise data 
asset pricing prediction model based on Stacking algorithm are all higher than the metrics of the other 
base models. Among the three base models, the RF algorithm-based enterprise data asset pricing 
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prediction model has the best prediction results with the highest of all four metrics, the BP algorithm 
is the second highest, and the LM algorithm is the worst.The prediction accuracy, precision, recall, and 
𝐹1 values of the Stacking algorithm are higher than the three base models by 12.2%- 9.34%, 10.9%-
9.54%, 12.22%-9.43%, and 11.92%-9.29%, respectively. Obviously, the prediction index of the 
Stacking algorithm obtained by integrating the three base models “BP algorithm, LM algorithm, and 
RF algorithm” increases signiϐicantly. 

Table 8. Different algorithm models are compared in the test set 

Algorithm name Accuracy rate Precision Recall rate F1 value 

RF 0.8672 0.8833 0.8832 0.8717 

BP 0.8545 0.8706 0.8724 0.8579 

LM 0.8386 0.8697 0.8553 0.8454 

Stacking 0.9606 0.9787 0.9775 0.9646 

4. Conclusion 

In order to evaluate enterprise data asset pricing, this paper constructs an integrated Stacking 
algorithm on the basis of multiple linear regression model, BP neural network model and random 
forest regression algorithm model to predict enterprise data asset pricing. 
1) This paper obtains the absolute pricing element indicators of seven categories of experimental data 
“data size, scene coverage, time span, information entropy score, data sensitivity, data freshness, data 
citation, and data score”, and explores and ϐinds that there is no linear relationship between data scores 
and data products. The regression results indicate that the value of data assets with data capacity, data 
size, data quality and freshness are the main inϐluencing factors affecting the pricing of data assets. 
2) The results of RMSE, R² and MAE show that the prediction accuracy of the double hidden layer 
model is better than the single hidden layer model. And from the prediction accuracy of the model, it 
is found that the double hidden layer model with the number of nodes (5,4) is the best among all the 
trained models. Its RMSE, MAE, Rsquare and Run time (min) values are 681.4972, 248.5108, 0.9482 
and 12.29min respectively. And the overall performance of the model is best when the number of node 
features is 7. 
3) The performance of the enterprise data asset pricing prediction model based on the Stacking 
algorithm all outperforms the other three base models, with an increase in accuracy, precision, recall, 
and F1 value of 12.2%-9.34%, 10.9%-9.54%, 12.22% -9.43%, and 11.92%-9.29%. 
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