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SUMMARY: As the digital economy expands rapidly worldwide, enterprise financial 

management is undergoing profound restructuring. Based on questionnaire data collected 

from 50 science- and technology-oriented small and medium-sized enterprises (SMEs), this 

study explains how enterprise digitization affects financial management effectiveness and 

further examines the moderating role played by data governance. Through a reasonable 

measurement and evaluation framework covering enterprise digitization, data governance, 

and financial management effectiveness, and by applying multiple regression analysis, the 

results show that digitization has a significant direct effect on financial management 

effectiveness (p<0.01), while also exerting an indirect influence through data governance. 

Among the various channels through which data governance affects financial outcomes, 

management model restructuring has the strongest positive effect, with a regression 

coefficient of 0.349, followed by risk prevention and control enhancement and data-driven 

decision application, with coefficients of 0.332 and 0.234, respectively. During the digital 

transformation of enterprises, the mechanism through which data governance improves 

financial management effectiveness and subsequently promotes overall financial performance 

demonstrates considerable representativeness and broad applicability. 
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1 Introduction 

With the continuous advancement and upgrading of information technologies, including the 

Internet of Things and Big Data, enterprises are now able to obtain data more conveniently 

and at lower cost, while the scale of available data has expanded dramatically. At the same 

time, in reaction to an increasingly complex and volatile external market environment, the 

economic cycle is shortening, and firms’ demand for data that can support decision-making is 

rising steadily [2]. This trend is reflected not only in the growing need to collect data and 

describe or diagnose business operations, but also in higher requirements for data refinement, 

analysis, and accuracy, as well as timeliness, namely, the use of data to anticipate business 

conditions and optimize enterprise management. On this basis, digital transformation has 

become an inevitable path for enterprises, and only by adapting to the emerging trend of 

digital development can firms achieve a higher level of refinement in management, financial 

decision-making, and strategic planning, thereby improving operational efficiency and 

strengthening market competitiveness [3–6]. 

Artificial intelligence, regional-chain technologies, and other new-generation 
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technological tools have gradually been introduced into the field of financial management. 

Under this trend, the digital transformation of enterprise financial management, together with 

the optimization of financial management processes and improvement in operational 

efficiency, has increasingly attracted attention [7, 8]. As enterprises continue advancing the 

digitization of information technology, the direction of production and operational activities 

has changed substantially. Along with shifts in firms’ production modes, operating patterns, 

and internal as well as external competitive conditions, digitally intelligent management 

strategies have moved onto the agenda [9–11]. Digital transformation has become an 

unavoidable route for enterprise transformation and innovation, while at the same time 

widening performance gaps among firms [12]. The early stage of financial management 

digitization is financial computerization, namely replacing manual accounting treatment with 

computer technology and then advancing from accounting computerization to 

financial-management informatization. At present, the transition from financial 

informatization to financial digitization requires enterprises to strengthen business-finance 

integration and meet the managerial demands arising from deeper integration between 

industry and finance [13]. The digital transformation of financial management generally 

involves three steps: establishing a financial sharing center, creating a financial competence 

center, and ultimately realizing digitalized financial management so that enterprises can gain 

insights for business decisions and empower their broader digital transformation [14, 15]. 

Amid the fast expansion of the digital economy, the financial market environment is 

currently undergoing disruptive change. Under such conditions, using data governance to 

advance industrial transformation has increasingly become a major trend aligned with the 

broader direction of economic development [16, 17]. Although data governance has attracted 

wide attention in academia, no fully unified definition has yet been formed. Existing 

understandings proposed by different institutions and scholars vary to some extent. Broadly 

speaking, data governance is built on an established framework for information processing 

and decision support, involving personnel arrangements, timing, procedural steps, 

implementation scenarios, and governance methods, together with other related elements [18, 

19]. The practice of data governance covers data cleansing and integration, while also 

encompassing data quality management, data sharing management, and many other aspects, 

indicating that the process is not only ongoing but also systematic [20, 21]. It is generally 

believed that data governance can improve the disordered state of data use within enterprises 

and organizations, enable fuller utilization of existing data, raise both data value and service 

quality, and strengthen managerial capability, thereby forming a virtuous cycle. However, the 

particular mechanism through which digital financial management benefits from data 

governance still requires further investigation [22–24]. 

To unlock the value of data, raw data must be processed so that useful information can be 

extracted, and the whole chain of data collection, processing, storage, utilization, and 

destruction must be effectively managed to ensure efficient data use; in essence, this is the 

implementation of effective data governance [25, 26]. As an emerging concept and 

methodological approach, data governance has received extensive attention in recent years 

from both the academic community and practical fields, and research on its role in enterprise 

financial management has likewise become a prominent topic [27]. As early as 2011, Gregory 

et al. (2011) [28] examined the application value of data governance in protecting and 

monetizing customer data assets by reinforcing the connection among corporate governance, 

risk, and compliance through data governance, and by using it to assess enterprise 

data-processing capabilities so as to improve the efficiency of user-data management. Rivera 

et al. (2017) [29] constructed a data governance model based on microfinance organizations 

for assessing the correctness of organizations in terms of data management, which was 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

3 

validated and found to provide an advanced approach to data management for the analysis of 

corporate business assets to enhance the competitiveness of the company in terms of 

corporate decision making and process improvement. Krolll (2018) [30] examines and 

formulates data governance in terms of security and regulation, emphasizing information 

security and privacy as primary issues, for which the author advocates that both public and 

private enterprises must consider how to establish and deploy responsible data governance 

systems in the coming years, as reliable data use is becoming a global legal requirement. 

Since 2020, the number of relevant studies has continued to grow in a roughly linear 

manner. Su et al. (2022) [31] critically examined the data governance model of a gasoline 

enterprise and concluded that data governance is a necessary condition for enterprise data 

sharing, because it helps break down internal data silos and organizational barriers, thereby 

facilitating digital transformation. Kothandapani (2022) [32] proposed a data governance 

framework capable of meeting the professional needs of financial institutions. This 

framework integrates lessons from governance practice into architectural design and 

emphasizes the role of metadata management and process tracking, which in turn enhances 

the risk management and monitoring of financial institutional databases. Katari et al. (2022) 

[33] systematically summarized the data governance challenges faced by financial service 

firms in digital transformation settings, including the absence of a standardized governance 

framework, cross-platform data synchronization difficulties, and the risk of information 

leakage, and further suggested that artificial intelligence technology could offer a dependable 

solution for enterprise governance transformation. Vial (2023) [34] argued that a clear 

understanding of the nature and meaning of data governance mechanisms that enable timely 

execution of governance processes within enterprises is essential for business organizations 

seeking to make better use of and protect data, and identified four research themes highly 

relevant to practice-oriented inquiry. Karkosková (2023) [35], through numerous case studies, 

developed substantial theoretical knowledge on enterprise data governance and established a 

governance model for financial institutions by combining the actual circumstances of such 

institutions, thus achieving optimization in data processing, data volume, and metadata 

management of financial institutions’ information. Naguib et al. (2024) [36] conducted a 

preliminary exploration of the mechanisms through which data governance and information 

technology governance affect the performance of Egypt’s telecom sector, and an intelligent 

partial least squares analysis showed that both factors positively influence financial and 

non-financial performance, with information technology governance producing a stronger 

effect on information-technology performance and data governance exerting a stronger 

influence on ethical compliance. Sharairi et al. (2024) [37], using an empirical evidence 

support framework, analyzed how big data governance affects financial decision-making in 

Jordanian banks. Based on financial data from 16 banks and structural equation modeling, 

they verified the proposed hypotheses and found that big data governance has a significant 

positive impact on banks’ financial decision-making. Coche et al. (2024) [38] illustrated the 

business value of data governance frameworks from the perspective of data sharing in the EU 

financial sector. Their study noted that the core issue for global enterprises lies in data-sharing 

arrangements characterized by “privacy-security-control,” which must take into account 

enterprise heterogeneity and the development of business models. Overall, data governance 

can generate substantial value for enterprise development. 

Enterprise digital management is accompanied by the application of computers in 

enterprise management and gradually developed, with the development of computer and 

network technology, the connotation of this prototype is constantly enriched, theoretical 

research is constantly deepening, and the application practice is constantly expanding [39, 40]. 

Chernov (2020) [41] developed a digital enterprise financial management system built on 
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artificial intelligence technologies and algorithms to facilitate digital transformation in Russia. 

The study revealed the link between digital-intelligence technologies and the dimensions of 

engineering accounting, economic analysis, and sustainable enterprise development. Zaytsev 

et al. (2021) [42] made a notable contribution to Russia’s digital leadership by constructing a 

time frame for financial resources and a financing-allocation model grounded in digital 

transformation and mathematical modeling, thereby accelerating enterprise transformation 

through digital financing tools for the management of digital assets. Ashishdidqi et al. (2022) 

[43] examined how digital finance theory can be used to optimize the financial management 

model of micro, small, and medium-sized enterprises (MSMEs). By collecting financial data 

from sample firms and building a structural equation model, the study found that digital 

finance is significantly and positively related to firms’ financial management behavior. Deng 

et al. (2022) [44] established an intelligent digital platform for enterprise financial 

management to optimize the financial-management environment and provide better 

risk-management strategies aligned with enterprise development goals and risk supervision, 

thereby addressing problems in traditional enterprise development such as low rates of 

financial-risk identification and improving the utilization efficiency of enterprise funds. 

Zhang et al. (2022) [45] investigated the use of virtual reality technology in enterprise 

financial-management control systems and found that the human-computer interaction 

experience created by virtual reality improves customers’ awareness of enterprise products, 

while real-time service feedback helps enterprises make timely adjustments in financial 

management. Jiang et al. (2024) [46] explored the influence of digital transformation on the 

financial management of small and medium-sized enterprises. The most intuitive change lies 

in the optimization of how enterprises collect, store, and analyze financial data, as well as in 

the enhanced transparency of financial operations. In addition, digital technology has a wide 

range of applications in financial management and can effectively improve management 

efficiency. Xu et al. (2024) [47] pointed out that traditional financial-management models 

suffer from problems such as rigid organizational structures and insufficient flexibility, both 

of which greatly reduce the pace of enterprise development. On the basis of a literature review, 

the authors proposed specific measures for digitally transforming enterprise financial 

management so as to overcome the shortcomings of traditional approaches. Guo (2024) [48] 

affirmed the value that artificial intelligence brings to corporate financial management in 

terms of human resources, capital, money, and time, and argued that corporate financial 

management is increasingly moving toward digitalized models. Such models need to focus 

more on business understanding and improve the financial-management process in areas such 

as business design, billing models, and risk management. 

By examining how data governance affects enterprise financial management, this study 

develops a research model and proposes corresponding hypotheses. Digitization, data 

processing, and financial management effectiveness are treated respectively as independent 

variables, moderating variables, and dependent variables. Survey data from science- and 

technology-oriented small and medium-sized enterprises are selected as the sample. The study 

gathers data through questionnaires and employs multiple regression analysis to identify and 

test the relationships and intermediary mechanism within the path of “digitization-data 

governance-financial management effectiveness.” In this way, it offers a new approach to 

understanding the link between digitization and the effectiveness of financial management. 

The study also provides fresh empirical evidence for explaining how digitization influences 

financial management effectiveness. In addition, by exploring the function of data governance 

in the pathway from digitization to financial management effectiveness, the paper opens the 

black box of this causal chain and offers a theoretical perspective that can inform subsequent 

research. 
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2 Study design 

2.1 Research hypothesis 

(1) Digitization and Financial Management Effectiveness 

In the era of digitalization, data has become an important asset for enterprises. For 

enterprises, financial data, as the key information reflecting the operating conditions and 

financial results of the enterprise, its governance level directly affects the quality of 

decision-making, risk management capability and operational efficiency of the enterprise's 

financial management. Therefore, it can be seen that enterprise data governance is a key 

mechanism for digital transformation to improve financial management. Accordingly, the 

hypotheses are proposed: 

H1: Digitalization positively affects the effectiveness of enterprise financial management. 

(2) Data governance and financial management effectiveness 

The traditional financial management process relies on paper document delivery and 

manual operation, which is prone to information lag or human omission. Data governance in 

digital transformation promotes the transformation of business processes to online and 

collaborative: the electronic accounting file system replaces the storage of paper vouchers and 

realizes automatic invoice authentication and cross-departmental access. The shared digital 

intelligence platform further integrates procurement, reimbursement, accounting and other 

links to form a full-process data closure. Accordingly, the hypothesis is proposed: 

H2a: Data governance based on management model restructuring plays a moderating role 

between digitization and financial management effectiveness. 

Data governance promotes decision support to real-time transformation: through the 

integration of business, financial and other system data, enterprises can build dynamically 

updated management Kanban, visualizing the flow of funds, cost fluctuations and other key 

indicators. The essence of this shift is to upgrade “after-the-fact summarization” to “process 

intervention”. Data is no longer limited to recording history, but is used to predict trends and 

identify risks. Accordingly, the hypothesis is formulated: 

H2b: Data governance based on data decision-making applications moderates the 

relationship between digitization and financial management effectiveness. 

Traditional financial risk prevention and control mostly relies on manual experience and 

sampling, which is limited in efficiency and prone to missing hidden risks. Data governance 

builds a full-process risk control system through technical means: based on the rule engine 

and algorithmic model, the system can automatically scan invoice information, fund flow and 

other data to identify risk points such as duplicate reimbursement and abnormal transactions. 

Accordingly, the hypothesis is proposed: 

H2c: data governance based on risk prevention and control enhancement plays a 

moderating role between digitization and financial management effectiveness. 

Based on the above discussion, the following theoretical model is constructed, and the 

model of the impact mechanism of digitization on financial management effectiveness is 

shown in Figure 1. 
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Figure 1: The impact mechanism of digital impact on financial management effectiveness 

2.2 Sample and Data Collection 

This paper selects the finance department personnel of science and technology-based SMEs as 

the data collection object, and conducts a questionnaire survey for the total number of 

employees, business conditions, data governance and financial management, etc. A total of 50 

companies were surveyed, and 373 valid questionnaires were recovered, with an effective 

questionnaire recovery rate of 93.25%, and the distribution of the samples is shown in Table 1. 

There are 58% of limited liability companies and 42% of joint-stock companies in the sample, 

and most of the sample companies have a staff size of less than 60 people, accounting for 

76%. The establishment year of most sample companies is 2012 and 2013. 

Table 1: Sample distribution 

Category Index Number Proportion Category Index Number Proportion 

Enterprise 

quality 

Limited liability 

company 
29 0.58 

Staff 

number 

1-20 18 0.36 

Limited 

company 
21 0.42 21-40 15 0.30 

Establishment 

time 

2010 2 0.04 41-60 5 0.10 

2011 3 0.06 61-80 3 0.06 

2012 14 0.28 81-100 2 0.04 

2013 10 0.20 >100 7 0.14 

2014 7 0.14 
Assets 

/10000 

yuan 

<500 6 0.12 

2015 6 0.12 500-100 12 0.24 

2016 5 0.10 1000-5000 17 0.34 

2017 3 0.06 >5000 15 0.30 

2.3 Measurement of variables 

2.3.1 Independent variables 

Enterprise digitalization refers to the all-round and systematic reshaping of enterprise strategy, 

organization, business and culture with digital technology as the core driving force. In this 

paper, digitalization (DIG) is used as the independent variable, which is divided into three 

dimensions: strategic organization A1, infrastructure A2, and financial and operational 

digitization A3, and corresponding measurement questions are designed. Among them, the 

strategic organization includes five questions: leadership digital thinking concept, digital 
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strategy top-level design, digital matching of organizational processes, digital talent training 

investment, resource allocation investment (A11~A15), the infrastructure includes four 

questions: IT infrastructure level, infrastructure operation capability, infrastructure 

construction investment, business support capability (A21~A24), and the degree of 

digitalization of financial operations (A3) is designed as the independent variable. The degree 

of digitalization of financial operations includes 4 topics: fiscal accounting, accounting 

management, cost control, and capital operation (A31~ A34). 

2.3.2 Moderating variables 

In this paper, data governance (DG) is used as a moderating variable, including the three 

dimensions of management model restructuring B1, data decision application B2, and risk 

prevention and control enhancement B3, and the measurement items of data governance are 

compiled. Management model restructuring includes two items of improving financial 

process efficiency and reducing operating costs (B11~B12), data decision application includes 

three items of strengthening data support, discovering information, and predicting trends 

(B21~B23), and risk prevention and control enhancement includes three items of identifying 

duplicate reimbursements, discovering unusual transactions, and risk warning (B31~B33). 

2.3.3 Dependent variables 

Financial Management Effectiveness (FME) is considered the dependent variable in this study. 

The FME comprises four factors including the financial factor C1, the customer factor C2, the 

internal process factor C3, and the learning-and-growth factor C4. Specifically, the financial 

factor is represented by the cash ratio, the operating profit margin, and the economic value 

added (C11-C13), the customer factor is represented by the customer satisfaction, complaint 

handling rate, and business-processing efficiency (C21-C23), the internal process factor is 

composed of the internal synergy, the process standardization rate, and business error rate 

(C31-C33), and the learning-and-growth factor includes employee satisfaction rate, training 

completion rate, and innovation implementation effect (C41-C43). 

2.3.4 Control variables 

This paper selects three control variables: firm age (Listage), ownership nature (SOE), and 

firm size (Size). In terms of variable treatment, years of operation are computed as the gap 

between the current year and the year in which the firm was established. Ownership type is 

categorized as limited liability company (LLC) or joint stock company (JSC). Firm size is 

measured using both the total number of employees and the value of total assets. Since these 

two indicators vary substantially across firms, logarithmic transformation is applied to 

stabilize the data and reduce problems related to covariance and heteroscedasticity in the 

model. 

In addition to the control variables, the three main research variables are measured by a 

five-point Likert scale. The scores range from 1 to 5, corresponding to “strongly disagree,” 

“disagree,” “somewhat agree,” “agree,” and “strongly agree,” respectively. These scores 

reflect respondents’ judgments regarding the extent to which each statement is consistent with 

actual conditions. 
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2.4 Research methodology 

2.4.1 Multiple regression analysis 

Stepwise multiple regression analysis is used in this study to test the suggested research 

model. There are three main steps in the multiple linear regression process. 

(1) First, the quantitative relationship between Y  depending on X is established. 

Assuming that the dependent variable Y  is linearly associated with several independent 

variables 1 2 3, , , , mX X X X  together with the error term ie , the classical linear regression 

model with m variables can be expressed as: 

 1 1 2 2
ˆLi i i j ij m im i i iY a b X b X b X b X e Y e         (1) 

where: 1,2, ,i n   denotes the i th set of observations, 1,2, ,j m   denotes the j th 

explanatory variable. 
jb  represents the regression coefficient and ie  is the random 

disturbance term. The matrix expression is: 

 ˆY Y E XB E     (2) 

In this equation, Y  is the vector of observed values for the dependent variable, Ŷ  is the 

vector of fitted regression values, B  is the vector of fitted values obtained from regression, 

X  denotes the structural matrix or design matrix, and E  is the error vector, as shown 

below. 
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 (3) 

(2) The next stage involves estimating residual errors and conducting statistical hypothesis 

tests for the regression equation and regression statistics. In classical models, ordinary least 

squares estimation is the most widely adopted parameter-estimation method, whereas 

maximum contingency estimation or moment estimation is more often used in non-classical 

models. Here, the main emphasis is placed on ordinary least squares estimation. 

For n  sets of sample observations  ,i ijY X  corresponding to the dependent and 

independent variables, where 1,2, ,i n  , 0,1, ,j m  , the regression statistic Ŷ  for Y  
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can be obtained after estimating the sample functions. According to the definition of 

regression, the sum of squares should be minimized; in other words, the regression statistic of 

the dependent variable must satisfy: 

  
2

2

1 1 1

ˆ min
n n m

i i i j ij

i i j

Q RSS Y Y Y a b X
  

 
       

 
    (4) 

Its matrix expression is Q RSS E E Y Y B X Y Y Y B K           . 

The first-order partial derivatives with respect to a  and b  are then obtained, and the 

normal equation system is derived by setting these partial derivatives equal to zero. 

 

 

 
 

 

1 1 2 2

1 1 2 2 1 1

1 1 2 2 2 2

1 1 2 2

i i m mi i

i i m mi i i i

i i m mi i i i

i i m mi mi i mi

a b X b X L b X Y

a b X b X L b X X Y X

a b X b X L b X X Y X

M

a b X b X L b X X Y X

     


    


    



    

 
 
 

 

 (5) 

expressed in terms of a matrix: 
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 (6) 

Or it is expressed as: 
 2

2 2 0
Y Y B X Y B X XBQ

X Y X XB
B B

      
     

 
. 

Solving the normal equation system gives: 

  
1 1B X X X Y A K CK
      (7) 

where A  is the information matrix, K  is the constant array, and C  denotes the inverse 

matrix of the information matrix. 

Once the regression statistics have been obtained, the significance of the linear regression 

can be examined by decomposing the sum of squares and the degrees of freedom, that is, by 

applying either the F-test or the t-test derived from the standard errors of the regression 

parameters. The F-test is written as follows: 
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where 
jUMS  represents the regression mean square, 

QMS  denotes the residual mean square, 

jpU  is the partial regression sum of squares, Q  is the residual sum of squares, n  the 

sample size, m  is the number of explanatory variables, and YSS  stands for the total sum of 

squared deviations of Y  from its mean. 

The t  statistic is given as follows: 

 
j j

j j j

j

b b

b b
t

s s


   (10) 

 
 / /,

1jb Y X jj Y X

Q
s s c s

n m
 

 
 (11) 

where /Y XS  is the residual standard deviation and 
jbS  is the standard error of the partial 

regression coefficient for the j th variable. 

The F  test and the t  test are theoretically equivalent, and in fact satisfy the relationship 
2

j jF t . 

(3) The regression equation is then applied in practical analysis. Through least squares 

estimation together with significance testing, the role of each explanatory variable in relation 

to the dependent variable can be identified, including whether its effect is positive or negative. 

The main direction of influence can thus be clarified, which further supports scientific 

analysis and prediction of the future movement of the dependent variable. 

The stepwise regression procedure combines backward elimination with forward selection. 

Its basic idea is to begin with the independent variable that shows the strongest significance 

for the dependent variable and then introduce variables into the regression equation from 

stronger to weaker effects. At the same time, variables that have already entered the model are 

checked again one by one. If a previously introduced variable becomes statistically 

insignificant because of the addition of new variables, it may be removed at any stage. In this 

way, the model is continuously updated during the whole procedure, and significance tests are 

performed at each step so that only significant variables remain in the equation before any 

new variable is added. The process stops only when no insignificant variables remain in the 

model and no significant variables outside the model still need to be introduced. In this paper, 

the relationship between digitization and financial management effectiveness is mainly 

investigated through the stepwise introduction approach. 

The selection-by-entry method is based on the full-model correlation coefficient matrix 

( )ij M MR r  , where M  denotes the total number of variables under consideration, including 

both the dependent variable and the independent variables. At each stage, the variable with the 

largest partial regression sum of squares and the strongest significant effect on the dependent 

variable is chosen. The correlation coefficient matrix is then transformed through inversion, 

and the independent variables that had already been selected are tested again. If any of them 

becomes insignificant, the variable with the smallest partial regression sum of squares is 

deleted. This process is repeated until every independent variable retained in the model 

remains significant for the dependent variable. If 1k   steps have already been completed 

and 1m   explanatory variables have been selected, then at the kkkth step the 

selection-by-entry procedure proceeds through four stages. 

(1) The statistic describing the influence of the unselected independent variables on the 
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dependent variable, namely the biased coefficient of determination, should first be computed 

as follows: 

 
2

( ) ( 1) ( 1)

i

k k k

p iM iiU r r      (12) 

where i  denotes an automorphism that has not yet entered the model. 

(2) Next, compare the automorphisms lX  and identify the one associated with the largest 

biased coefficient of determination: 

  ( ) ( )max
l i

k k

p pU U  (13) 

(3) Then examine the significance of the partial regression of lX : 

 
   
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( 1) ( ) 1
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k

p

k k

MM p

U
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r U M m


  
 (14) 

If the F  statistic is not significant, no iX  is eligible for entry, and the stepwise 

checking procedure stops at this point. If the F  statistic reaches significance, then lX  is 

incorporated into the model, and the array 
( 1)kR 

 is solved through inverse transformation to 

obtain 
( )kR  as follows: 
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  

  

   

   

 (15) 

(4) Next, the biased coefficient of determination is calculated for the other previously 

selected automorphisms iX , conditional on the selected effect of lX This quantity must be 

identical to the result obtained in step (2) for lX . The F -test is then carried out for those 

automorphisms iX
that have already entered the model:

 

 
 

( )

( ) 1

i

k

p

k

MM

U
F

r M m


 
 (16) 

where ( )k

MMr  is essentially the standardized residual sum of squares. The previously selected 

iX  should then be checked once more. If all of them remain significant, each selected 

explanatory variable is kept and the procedure returns to step (1). If nonsignificant variables 

are detected, the one with the smallest biased coefficient of determination is identified as lX , 

removed from the model, and the array 
( )kR  is transformed again; after that, the program 

goes back to step (1). 

The above procedure is repeated until all independent variables with significant effects on 
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the dependent variable have been retained and all variables without significant influence have 

been excluded. In this way, a simplified but more accurate multiple regression equation 

describing the relationship between the independent variables and the dependent variable can 

finally be obtained. 

2.4.2 Model setup 

To test the research hypotheses, this study establishes the following models based on multiple 

regression analysis: 

 
, 0 1 , ,

,

i t i t k i t

i t

FME DIG Control

Year Industry

  



  

  



 
 (17) 
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,
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  


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 
 (18) 
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D
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G   



   

  



 
 (19) 

In these equations, i  denotes the firm and t  denotes time. FME  refers to financial 

management effectiveness, DIG  indicates digitization, and DG  represents data 

governance, including management model restructuring, data decision-making application, 

and risk prevention and control enhancement. Year  is a time dummy variable, Industry  is 

an industry dummy variable, Control  denotes the previously defined control variables, and 

ε\varepsilonε is the random disturbance term of the model. Model (17) serves as the empirical 

specification for testing hypothesis 1H , while the combined use of models (17), (18), and (19) 

allows hypotheses 2aH , 2bH , and 2cH to be examined. In addition, the t-statistics in all 

regression equations reported in this paper are estimated with firm-level clustered robust 

standard errors. 

3 Empirical findings and analysis 

3.1 Reliability and Validity Analysis 

In terms of reliability, a Cronbach’s alpha coefficient greater than 0.8 is usually regarded as 

evidence of excellent internal consistency, values between 0.6 and 0.8 indicate acceptable 

consistency, and values below 0.6 suggest insufficient reliability. The results for the reliability 

and validity of the variables are presented in Table 2. The Cronbach’s alpha coefficients for 

digitization, data governance (including management model restructuring, data decision- 

making application, and risk prevention and control enhancement), as well as financial 

management, are all above 0.63, which meets the required standard for research reliability. 

The validity of the variables can be assessed from two aspects, namely convergent validity 

and discriminant validity. For convergent validity, the average variance extracted (AVE) is 

used as the main criterion. All research variables report AVE values above 0.67, indicating 

satisfactory convergent validity for each variable. With respect to discriminant validity, it can 

be evaluated by comparing the square root of the AVE for each variable with the correlation 

coefficients among the variables. If the square root of AVE exceeds the correlation 
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coefficients between that variable and the others, then the constructs can be clearly 

distinguished from one another, showing that the variables possess good discriminant validity. 

The results reported in Table 2 indicate that the variables adopted in this study have sound 

discriminant validity. 

Table 2: Test results of variable reliability and validity 

Variables Cronbach’ s α AVE 

DIG-A1 

A11 0.737 

0.770 0.803 

A12 0.819 

A13 0.790 

A14 0.741 

A15 0.762 

DIG-A2 

A21 0.707 

0.702 0.672 
A22 0.631 

A23 0.796 

A24 0.672 

DIG-A3 

A31 0.755 

0.738 0.833 
A32 0.704 

A33 0.699 

A34 0.792 

DG-B1 
B11 0.765 

0.719 0.831 
B12 0.672 

DG-B2 

B21 0.723 

0.736 0.739 B22 0.653 

B23 0.831 

DG-B3 

B31 0.645 

0.699 0.788 B32 0.772 

B33 0.679 

FME-C1 

C11 0.691 

0.699 0.755 C12 0.675 

C13 0.731 

FME-C2 

C21 0.792 

0.792 0.734 C22 0.745 

C23 0.838 

FME-C3 

C31 0.673 

0.682 0.676 C32 0.735 

C33 0.637 

FME-C4 

C41 0.632 

0.735 0.808 C42 0.726 

C43 0.847 

3.2 Common method bias test 

In this study, data were gathered by questionnaire, and the information concerning the 

independent variables, dependent variables, and moderating variables was collected at the 

same point in time through subjective responses, which may give rise to common method bias. 

To address this issue, the present study adopts both ex ante control and ex post testing to 

reduce the possible influence of common method bias on the regression findings. 
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For ex ante control, several measures were implemented during questionnaire design and 

before the formal survey. First, the questionnaire did not state the research purpose explicitly, 

and the names of the key variables were not listed in detail within the items. Second, the order 

of variables appearing in the questionnaire was intentionally disrupted. Third, the 

measurement items were arranged in accordance with the principle of simplicity and 

comprehensibility. Fourth, respondents were permitted to complete the questionnaire 

anonymously, and confidentiality of the data was promised. 

For ex post testing, this paper follows common practice in existing studies and applies 

Harman’s one-factor test to assess the severity of common method bias. The results indicate 

that the total variance explained is 66.5%, whereas the explanatory power of the first factor is 

31.74%, which is below the 50% threshold. Therefore, the common method bias problem in 

the sample data is not serious. 

3.3 Descriptive statistical analysis 

Table 3 reports the descriptive statistics for all variables included in this study. Financial 

Management Effectiveness (FME) has a minimum value of 3.363 and a maximum value of 

4.784, indicating that the sample firms generally exhibit a high level of financial management 

effectiveness. Digitization (DIG) ranges from 0.492 to 4.815, with a standard deviation of 

1.279, suggesting substantial variation among the sample firms in terms of digitization. The 

mean value for management model restructuring (B1) is 2.103 and the maximum value 

reaches 3.994, showing that the sample firms possess a medium level of financial 

management model restructuring. The mean values of data decision-making application (B2) 

and risk prevention and control enhancement (B3) are 2.775 and 2.231, respectively, which 

indicates that there is still room for improvement in the average performance of the sample 

enterprises with respect to risk prevention and control in data management. 

Table 3: Descriptive statistical results of all variables 

Variables Number Mean SD Min Max 

DIG 373 2.741 1.279 0.492 4.815 

FME 373 2.537 1.446 0.363 4.784 

DG 

B1 373 2.103 1.043 0.434 3.994 

B2 373 2.231 1.142 0.423 4.162 

B3 373 2.775 1.309 0.521 4.768 

Size 373 2.663 1.581 0.839 4.795 

Listage 373 2.642 0.655 0.000 3.241 

SOE 373 0.835 0.815 0.000 1.000 

3.4 Correlation analysis 

The correlation coefficients of the main variables in this paper are shown in Figure 2, where 

∗ ∗  denotes significant at the 0.01 level, and the values in parentheses are the square root of 

AVE. There are significant positive correlations (p < 0.01) between digitization (DIG) and 

financial management effectiveness (FME), management model restructuring in data 

governance (B1), data decision-making application (B2), and risk prevention and control 

enhancement (B3). Meanwhile, management model restructuring (B1), data decision 

application (B2), and risk prevention and control enhancement (B3) in data governance were 

all significantly and positively correlated with financial management effectiveness (FME). 

The results of the correlation analysis provided support for the subsequent data analysis. The 

AVE square roots of 0.835, 0.718, 0.723, 0.799, and 0.748 were greater than the correlation 
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coefficients between the variables. 

 

Figure 2: The correlation coefficient of the main variables 

3.5 Results of regression analysis 

Table 4 displays the findings of the regression analysis. The baseline regression, which 

includes all control variables, is represented by model (1). To evaluate the effect of 

digitalization on the effectiveness of financial management, digitization was included into 

Model (1) in Model (2). At 1%, the digitization regression coefficient of 0.279 is statistically 

significant. As a result, H1 is approved, indicating that digitalization may greatly improve the 

effectiveness of financial management. 

This paper then proceeds to examine the mediating mechanism through which 

“digitization - management model restructuring in data governance - financial management 

effectiveness” operates. First, the influence of “digitization - management model restructuring 

in data governance - financial management effectiveness” is identified and tested. Model (3) 

shows that digitization significantly and positively affects management model restructuring 

(B1) (β=0.379, p<0.01). Model (6) presents the regression of financial management 

effectiveness (FME) on digitization (DIG) and management model restructuring (B1), in 

which the coefficient for digitization is 0.216 and the coefficient for management model 

restructuring is 0.349; both pass the 1% significance test. Compared with the regression 

results of model (2), the effect of digitization on financial management effectiveness in model 

(6) declines after the inclusion of management model restructuring (B1), but it remains 

significant at the 1% level. This suggests that management model restructuring (B1) plays a 

mediating role, and therefore hypothesis H2a is supported. 

Second, the study identifies and tests the pathway of “digitization - data decision-making 

application in data governance - financial management effectiveness.” Model (4) is the 

regression model of Data Decision Application (B2) on Digitization (DIG), and it indicates 

that digitization exerts a significant positive effect on Data Decision Application (B2) 

(β=0.314, p<0.01). Model (7) is the regression model in which financial management 

effectiveness (FME) is explained by digitization (DIG) and data decision application (B2). 

The estimated coefficients of digitization (DIG) and data decision application (B2) are 0.264 

and 0.234, respectively, and both are significant at the 1% level. Relative to model (2), the 

coefficient of digitization in model (7) decreases after data decision-making application (B2) 

is introduced, but it still remains significant at the 1% level, indicating the existence of a 

mediating effect of data decision-making application (B2). Thus, hypothesis H2b is verified. 

Finally, the paper identifies and tests the mechanism of “digitization - risk prevention and 
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control enhancement in data governance - financial management effectiveness.” Model (5) 

regresses risk prevention and control enhancement (B3) on digitization (DIG), and the results 

show that digitization has a significant positive impact on risk prevention and control 

enhancement (B3) (β=0.384, p<0.01). Model (8) is the regression model in which financial 

management effectiveness (FME) is regressed on digitization (DIG) and risk prevention and 

control enhancement (B3). The coefficient of digitization is 0.235, and the coefficient of risk 

prevention and control enhancement (B3) is 0.332, with both reaching the 1% significance 

level. Compared with model (2), the regression coefficient of digitization becomes smaller in 

model (8) after the inclusion of risk prevention and control enhancement (B3), yet it continues 

to be significant at the 1% level, which supports the mediating role of risk prevention and 

control enhancement (B3). Therefore, hypothesis H2c is confirmed. 

To test the robustness of the mediation mechanism, the Sobel test is employed to further 

examine the above mediation paths. The results show that the share of the mediating effect of 

management model restructuring (B1) in data governance is 13.95% (Z=9.591, p=0.000), the 

share of the mediating effect of data decision application (B2) in data governance is 15.56% 

(Z=10.471, p=0.000), and the contribution of the mediating effect of risk prevention and 

control enhancement in data governance (B3) is 7.48% (Z=6.25, p=0.000), with all mediation 

effects verified. Taken together, the empirical results indicate that the digital application 

process operating through data governance can improve the internal control process of the 

enterprise finance department, facilitate data-driven decision-making application, and 

strengthen risk prevention and control reinforcement, thereby enhancing the effectiveness of 

enterprise financial management. 

Table 4: Regression analysis of model 

Variable 

Explained variable 

FME 

(1) 

FME 

(2) 

B1 

(3) 

B2 

(4) 

B3 

(5) 

FME 

(6) 

FME 

(7) 

FME 

(8) 

DIG 
 0.279** 0.379** 0.314** 0.384** 0.216** 0.264** 0.235** 

 0.077 0.051 0.068 0.044 0.042 0.056 0.039 

B1 
     0.349**   

     0.055   

B2 
      0.234**  

      0.072  

B3 
       0.332** 

       0.067 

Control variable Control Control Control Control Control Control Control Control 

Time Control Control Control Control Control Control Control Control 

Industry Control Control Control Control Control Control Control Control 

Constant 

-4.637 

** 

-3.720 

** 

-0.718 

** 

7.759 

** 

-1.803 

** 

-3.757 

** 

-4.848 

** 

-3.732 

** 

0.596 0.534 0.632 0.701 0.842 0.655 0.846 0.819 

N 373 373 373 373 373 373 373 373 

R2 0.674 0.632 0.517 0.624 0.664 0.583 0.664 0.536 
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4 Conclusion 

As a central component of enterprise operations, the digital transformation of financial 

management is of great importance for the overall strategy of firms and for improving 

operational efficiency. This study examines the relationship among digitization, data 

governance, and financial management effectiveness. Based on questionnaire data, it employs 

multiple regression analysis to explore how digitization and data governance affect enterprise 

financial management. The results indicate that digitization has a significant positive 

influence on financial management effectiveness at the 1% level, with a regression coefficient 

of 0.279. At the same time, there is a significant mediating effect linking digitization with 

financial management effectiveness through data governance, including management model 

restructuring, data decision-making application, and risk prevention and control strengthening. 

Among these channels, the mediating effect of management model restructuring is the largest 

(0.349), the mediating effect of risk prevention and control strengthening ranks second 

(0.332), and the mediating effect of data decision-making application is the smallest (0.234). 

These findings further clarify the magnitude of the mediating roles played by different 

dimensions of data governance between digitization and financial management effectiveness, 

thereby confirming the moderating function of data governance. In summary, the hypotheses 

H1 and H2a-H2c proposed in this paper are all supported. 

Digital application can significantly optimize financial management processes, enhance 

the transparency of data sharing, strengthen decision-support capability and risk-control 

capacity, and ultimately raise the overall level of financial management. Enterprises should 

therefore open up technical application scenarios, improve data governance capability, refine 

data governance mechanisms, and increase the value created through data application, so as to 

optimize organizational management models and the outcomes of financial management. 
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