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A B S T R A C T

Digital transformation is widely acknowledged as a pivotal factor in reducing banks’ marginal costs and 
enhancing the efficiency of credit risk management. Concurrently, it allows banks greater flexibility to adapt to 
shifts in market conditions, thereby optimizing adjustments to credit scale and structure. Despite these recog-
nized benefits, the extant literature has yet to comprehensively analyze the specific mechanisms through which 
digital transformation impacts banks’ credit operations. This study addresses this research gap by examining how 
digital transformation dynamically affects the supply of bank credit, with the objective of offering valuable 
insights to bank management and policymakers. This study utilizes panel data from commercial banks and 
employs a nonlinear difference-in-differences (DID) approach to analyze the mechanisms and determinants of 
how digital transformation affects the credit supply scale and structure. The findings indicate that while digital 
transformation via policy guarantees does not significantly alter the overall credit scale, it significantly in-
fluences the credit structure, encouraging banks to enhance credit provision to small and micro-enterprises 
(SMEs). These findings are robust to various tests. This study reveals that the digital transformation mecha-
nism introduces novel data elements for policy guarantees, facilitates the digitalization of banking operations, 
reduces costs, and improves risk management, thereby steering the credit structure toward SMEs. The impact of 
digital transformation is not uniform across banks; differences in management and information-screening ca-
pabilities lead to heterogeneous effects on credit structures. Notably, the impact of policy-guaranteed digital 
transformation on credit structure is more pronounced in non-local commercial banks with regional operations. 
To validate these conclusions, this study examines 2061 loan records from 42 banks, confirming that digital 
transformation effectively redirects commercial banks’ credit supply towards enterprises and the real economy. 
This research offers theoretical insights for refining policy guarantee frameworks, accelerating the digital 
transformation of commercial banks, and bolstering their credit support for SMEs.

Introduction

According to the White Paper on the Development of China’s Digital 
Economy (2022), the scale of China’s digital economy in 2021 reached 
45.5 trillion yuan, accounting for 39.8% of its GDP, ranking second in 
the world. The development of the digital economy has created condi-
tions for the digital transformation of commercial banks. Commercial 
banks share information and interoperate with different departments 
through digital transformation, thereby reducing information acquisi-
tion costs (Ding & Zhou, 2024). Financial technology enables banks to 
obtain more operational and financial information about physical en-
terprises, making it easier for innovative enterprises to obtain loans 

(Damian & Manea, 2019). From a micro perspective, credit rationing 
leads to financing constraints for some enterprises—especially small and 
micro enterprises (SMEs) and technology-based enterprises—which, in 
turn, limits their innovation activities and scale expansion, affecting the 
improvement of total factor productivity (Nicolas, 2022; Bakhtiari et al., 
2020). Therefore, if banks’ digital transformation effectively increases 
their proportion of credit supply to innovative enterprises such as SMEs, 
it means an improvement in their innovative credit structure.

In December 2015, the Chinese government designated Taizhou as 
the “Small and Micro Enterprise Financial Service Reform and Innova-
tion Pilot Zone,” the only national-level pilot zone in the country. 
Taizhou has comprehensively formed a “Taizhou model” that focuses on 
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the real economy and supports SMEs by building a diversified financial 
service pattern and organizational system that includes state-owned 
banks serving large and medium-sized enterprises, joint-stock banks 
serving small and medium-sized enterprises, urban commercial banks, 
and small and micro financial specialized institutions serving SMEs. 
Taizhou is continuously optimizing the financial ecosystem of govern-
ment enterprise bank linkage, playing a role in transforming the effi-
ciency of government services and implementing the “government bank 
linkage” project. Cooperation between the credit information-sharing 
platform in Taizhou City, Zhejiang Province, and policy financing- 
guarantee institutions is a typical case of the combination of digital 
and real economies, providing empirical evidence for the digital trans-
formation of credit for small and medium-sized enterprises in com-
mercial banks.

Credit rationing leads not only to insufficient credit for some enter-
prises but also to excessive credit for some enterprises, as well as a 
decrease in the overall financing efficiency of the whole society. 
Analyzing policy financing-guarantee institutions is of great significance 
in improving SMEs and technology-based enterprises, optimizing credit 
resource allocation, and improving the conditions and mechanisms of 
credit market welfare. Therefore, contemporary development theories 
increasingly emphasize the importance of credit availability. Research 
on the digital profession has mainly focused on issues such as bank 
profitability and financial risk, while little discussion has addressed 
whether digital transformation can optimize bank credit structure 
(Cheng & Qu, 2020; Hu et al., 2022; Wang et al., 2021).

Owing to the participation of the Taizhou Credit Information Sharing 
Platform, Taizhou’s policy guarantees not only the role of government 
guarantees but also the digital transformation of cooperative banks. This 
study uses panel data from 42 commercial banks from 2012 to 2019 to 
empirically test the mechanism and influencing factors of banks’ digital 
transformation on the scale and structure of credit supply using the 
nonlinear interleaved DID model proposed by Wooldridge (2021). It 
leverages government big data to quantify the extent and directionality 
of the influence across diverse scales of banking institutions that banks’ 

credit structures exert on their cooperation with policy guarantee ini-
tiatives. This study provides a theoretical reference for improving the 
policy guarantee system, promoting the digital transformation of com-
mercial banks, and strengthening credit support for SMEs.

The remainder of this paper is organized as follows. Section 2 re-
views the literature on banks’ credit supply. Section 3 describes the 
methodology, data, and variables used in this study. Sections 4 and 5 
report the estimation results and robustness checks, respectively. 
Finally, Section 6 presents the concluding remarks.

Literature review

Commercial banks’ digital transformation has attracted considerable 
scholarly attention, and various methodologies have been employed to 
measure its impact. A common approach involves the use of panel data 
and indices that capture multiple dimensions of digitalization, including 
cognition, organization, and product innovation. Chen et al. (2023) and 
Khattak et al. (2023) utilized panel data from listed banks to analyze the 
effects of digital transformation on risk-taking and stability. Jia and Liu 
(2024) focused on systemic risks, reflecting a comprehensive interest in 
the diverse implications of digital banking. Measures of digital trans-
formation often rely on indices that account for technological adoption, 
digital product innovation, and organizational change. Zhu and Jin 
(2023) and Shanti et al. (2023) used a regression analysis of fixed effects 
to measure the impact of digital transformation on bank efficiency and 
profitability, suggesting that advancements in digital services, customer 
engagement, and internal processes are quantified through a composite 
index. Factors such as executive leadership, innovation awareness, and 
technical background significantly influence the success of digital 
transformation in banks (Zhu & Jin, 2023). Additionally, the level of 
competition within the banking sector and broader business 

environment affects how digital transformation reduces firms’ reliance 
on bank credit, as noted by Chen (2024). The impact of digital trans-
formation on corporate credit is a critical area of inquiry, with Chen 
(2024) finding a significant negative correlation between a firm’s digital 
transformation and its dependence on bank credit; this indicates that 
digital advancements can alleviate financing constraints and informa-
tion asymmetry for businesses. This finding is supported by Hou and 
Yang (2024), who established a bidirectional relationship between 
digital transformation and liquidity mismatch, suggesting that digitali-
zation can enhance banks’ credit risk management capabilities. Studies 
on bank digital transformation have employed diverse methodologies, 
focusing on panel data and composite indices to measure its multifac-
eted impacts. Influencing factors such as leadership and market 
competition significantly shape the outcomes of digital initiatives. 
Moreover, transformation positively affects corporate credit by reducing 
reliance on traditional banking services, thereby promoting financial 
inclusion and stability.

Commercial banks’ digital transformation is a result of integrating 
digital technology and financial innovation. As public guarantee 
schemes are based on government support, the digital innovation of 
governments’ public service platforms will also promote the passive 
digital transformation of commercial banks. Existing academic 
discourse has underscored the transformative impact of digital innova-
tion on the banking sector, with a particular focus on its capacity to 
enhance operational efficacy, reduce cost structures, and expand credit 
accessibility. Governments have implemented measures aimed at 
increasing the probability of start-ups securing bank credit, albeit 
without significantly deterring borrowing tendencies. Empirical evi-
dence from Chile suggests that policy-backed loans are primarily 
directed toward financing working capital, which has been instrumental 
in enhancing credit accessibility for SMEs without affecting loan interest 
rates (Cowan et al., 2015). Similar patterns have been observed in 
Argentina, where such guarantees have been correlated with employ-
ment growth and higher wage levels, particularly in the context of 
product innovation (Castillo et al., 2013). In Spain, policy guarantees 
have positively influenced business efficiency across the economic, 
financial, and operational spheres, although these advantages have not 
uniformly translated into reduced financial costs (Garcia-Tabuenca & 
Crespo-Espert, 2008). Furthermore, policy guarantees have demon-
strated their utility as a countercyclical tool, effectively easing credit 
constraints during economic downturns (Martin Garcia & Santor, 2019). 
A case study from South Korea indicates that policy guarantees posi-
tively impact SMEs’ R&D investments (Heshmati, 2014). However, po-
tential risks have been identified, such as in Italy, where guarantees may 
lead banks to relax borrower screening and monitoring, increasing the 
risks of moral hazard and adverse selection (de Blasio et al., 2018). 
Comparatively, bank-guaranteed loans have been found to carry a 
higher default risk than those counter-guaranteed by mutual guarantee 
institutions (MGIs) (Caselli et al., 2021). Studies on Japan’s government 
loan guarantee program have suggested that this may prompt banks to 
adopt riskier lending strategies attributed to the mitigation of credit risk 
(Wilcox & Yukihiro, 2018). Despite concerns of loan guarantee pro-
grams crowding out unsecured loans, empirical evidence points to a 
complementary relationship between secured and unsecured loans.

Government initiatives to alleviate financing challenges for SMEs 
have been ongoing, with economic indicators reflecting the success of 
these policies (Beck et al., 2010; Cressy & Aernoudt, 2000; Merton & 
Bodie, 1992). However, field surveys have revealed that the actual 
perception of obtaining credit is weak, and the financing environment 
for these enterprises may have further deteriorated (Beck et al., 2010; 
Martín-García & Santor, 2019). The structural economics perspective 
posits that the banking structure’s misalignment with regional industrial 
and enterprise-scale structures is a contributing factor. Resolving the 
financing constraints of SMEs necessitates an optimized banking struc-
ture that leverages the strengths of small and medium-sized banks in 
microcredit and aligns the banking structure with the scale structure of 
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enterprises (Udell & Berger, 2002). The credit insurance fund for SMEs 
enhances the creditworthiness of these businesses and mitigates the 
credit risk faced by lending banks through lower-cost guarantee credit 
enhancement (Baltensperger, 1978; Guiso, 1998). However, the 
credit-enhancement effect varies among suppliers of different sizes 
owing to the heterogeneity of credit supply sides. According to credit 
theory, all risks must be compensated for, and a business’ profitability is 
a determinant of its repayment capacity (McGuinness & Hogan, 2014). 
Poor profitability necessitates alternative risk-compensation methods 
for lending banks, such as collateral provision or third-party guarantees 
and credit enhancements, including guarantee institutions, corporate 
pooling, and relationship lending. Different credit-granting models 
across bank sizes result in structural matching between various enter-
prise types and corresponding bank models.

The literature on the impact of policy financing guarantees on 
commercial banks’ credit structures is predominantly theoretical owing 
to data limitations. Wilcox and Yukihiro (2019) theoretically established 
the mechanism by which policy financing guarantees influence bank 
risk-taking, revealing a credit-enhancement effect on both guaranteed 
and non-guaranteed loans. Other studies, such as those by Nicola 
(2021), Foreman-Peck (2013), Hennecke et al. (2019), Ono et al. (2013), 
and Uesugi et al. (2010), have used survey data to discuss the rela-
tionship between policy financing guarantees and banks’ credit de-
cisions, with less emphasis on banks’ borrower selection beyond 
guarantee status.

As the banking sector continues to evolve, further research is 
necessary to explore the long-term sustainability and systemic implica-
tions of digital transformation. This study distinguishes itself by 
leveraging government big data to quantify the extent and directionality 
of the influence across diverse scales of banking institutions regarding 
their credit structures’ impact on cooperation with policy-guarantee 
initiatives, providing a nuanced set of indicators for policy refinement. 
It incorporates data from 2061 loan records across 607 branches of 42 
commercial banks, including state-owned, joint-stock, and urban com-
mercial banks, enhancing the generalizability of the findings.

Methodology and data

Data resource and variables selection

Owing to the impact of COVID-19, the data from 2020 to 2022 
fluctuate greatly from the previous data. The impact of such sudden 
changes causes significant deviations in the model conclusions, which 
cannot explain real-world problems. Therefore, this study uses data 
collected before 2019. It utilizes Taizhou data because Taizhou City is 
China’s first demonstration zone for small and micro financial enter-
prises and has implemented a policy guarantee and enterprise credit 
information-sharing platform. Taizhou City’s bank credit data 

demonstrate how policy guarantees can promote the digital trans-
formation of commercial banks and their credit-structure adjustment. 
The study of this sample also provides data support for promoting the 
policy, which is the significance of this study.

The enterprise-level data used in this study come from the Taizhou 
Credit Information Sharing Platform, Taizhou Credit Insurance Fund 
Guarantee Ledger, and are voluntarily disclosed by the Torch High-tech 
Industry Development Center of the Ministry of Science and Technology, 
Zhejiang Provincial Department of Science and Technology, and Taiz-
hou Municipal Bureau of Science and Technology. The sample period is 
from 2012 to 2019. This study focuses on technology-based enterprises 
registered in Taizhou City and operating continuously within the time-
frame of data statistics. National-, provincial-, and municipal-level 
technology-based enterprises are recognized based on the list of high- 
tech enterprises announced by the Torch High-tech Industry Develop-
ment Center of the Ministry of Science and Technology of China, the 
Department of Science and Technology of Zhejiang Province, and the 
Science and Technology Bureau of Taizhou City before 2017. The list of 
technology-based enterprises is matched with the credit information- 
sharing platform data of the People’s Bank of Taizhou City and the 
shared ledger data of the Taizhou Credit Insurance Fund. After excluding 
enterprises with many missing values, the data include 136,135 enter-
prise credit data, with panel data on the credit structure of 607 branches 
of 42 commercial banks.

The raw data employed in our study are monthly data, which report 
information on new credit loans granted to each enterprise by each bank 
every month. The statistical time is determined by the starting time of 
the new credit granted. However, the update of data on variables related 
to enterprise operations is relatively irregular; thus, differences may be 
observed between the actual occurrence time of covariates and depen-
dent variables at the monthly level. To eliminate the impact of such bias, 
the dataset is summarized annually, and empirical analysis is conducted 
using annual data. Specifically, the empirical research in this study is 
based on the changes in the scale and structure of bank credit supply 
before and after their participation in policy financing guarantees (i.e., 
average treatment effects on treated, ATT) to evaluate the imple-
mentation effect of these guarantees under the cooperation of “gov-
ernment-bank-guarantee.”

The explained variables include two dimensions: the scale of bank 
credit granting and the number of credit-granting enterprises. The credit 
scale refers to the total amount of credit granted by a bank to a certain 
type of enterprise in the current year, and the number of credit-granting 
enterprises refers to the number of enterprises that have obtained credit 
from the bank in the current year. It should be noted that one enterprise 
may obtain credit from multiple enterprises at the same time. PostTreatit 
is the key explanatory variable indicating whether the commercial bank 
is a cooperative bank of policy financing guarantee. If the commercial 
bank i joins in the cooperative banks in year t, PostTreatit = 1, when 

Table 1 
Descriptive statistics of main variables in raw data.

Variables definition Number of records Unit Mean S.D.
sectorit Industry to which the enterprise belongs 2061 - 3537.789 984.460
srit Corporate revenue 2061 Yuan 6.480E+08 3.490E+09
creditit Virtual variable: If there is a new credit, it is 1 2061 0-1 0.580 0.494
lineit Total amount of newly added credit 2061 Yuan 1.220E+08 3.680E+08
durationit Average credit line for new credit 2061 Ten thousand yuan 1123.489 1788.884
n.creditit Newly granted credit (Small Bank) 2061 - 0.351 0.477
n.lineit Total amount of new credit (for small banks) 2061 Ten thousand yuan - 8.372E+06 2.520E+07
n.durationit Average credit term for new credit (small banks) 2061 Ten thousand yuan 128.949 206.993
m.creditit Newly granted credit (Large Bank) 2061 - 0.447 0.497
m.lineit Total amount of new credit (for large banks) 2061 Ten thousand yuan 3.530E+07 1.020E+08
m.durationit Average credit term for new credit (large banks) 2061 Ten thousand yuan 175.257 205.459
standit Number of stands of commercial banks 2061 - 26.90 20.89
scaleit Total assets of commercial banks 2061 Yuan 3.72226E+11 2.01229E+12
ownershipit The ownership of commercial banks 2061 - - -
xi Individual average corporate revenue 2061 Yuan 6.480E+08 2.340E+09
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T ≥ t. μi and λt refer to fixed effect and annual time effects of banks. xit 
are control variables, including the number of local outlets, registered 
capital, whether it is a listed company, ownership, and annual sales 
revenue. We use bank-level clustering with a robust standard error to 
calculate the standard deviation of the error term.

Data and descriptive statistics

Our analysis is built on the datasets from credit information-sharing 
platforms in Taizhou, China. This dataset includes various indicators of 
all enterprises registered in Taizhou and is updated by every government 
department and central bank in Taizhou. The dataset contains detailed 
information on the commercial banks of Taizhou (i.e., registered capital, 
whether it is a listed company, ownership, and annual sales revenue) 
and operation-related variables. Start-ups are usually defined as enter-
prises with 2–10 employees (Andersson & Xiao, 2016). However, since 
the indicators reflecting the number of employees are not included in the 
data source, we define the firms under five years old as start-ups. The 
identification of start-ups is based on their registered names and date of 
establishment. To reveal the role that digitalizing initiated by policy 
financing guarantees plays in credit availability and performance 
growth, we take whether an enterprise is granted with bank credit as the 
first-response variable. If an enterprise is granted this, we label it as 1; 
otherwise, we label it as 0. As performance growth is closely related to 
the development of industry, we introduce a dummy variable to elimi-
nate industrial difference. If an enterprise achieves sales growth rate 
higher than the average level of its industry, we label it as 1, or 
0 otherwise. Table 1 presents the descriptive statistics of the main var-
iables in raw data.

Taizhou’s policy guarantees were established in November 2014 and 
a credit information-sharing platform was set up in the same year. 
However, data shows that only three companies received policy 
financing guarantees that year, and a large number of companies only 
received guarantees from Taizhou’s policy guarantees scheme after 
2015. Therefore, when using an original DID model to estimate the 
impact of bank digital transformation on bank credit supply, this article 
chooses 2015 as the starting point of policy implementation. Fig. 1
shows the number of enterprises that have received policy financing 
guarantees every month since the establishment of Taizhou’s policy 
guarantees. It suggests that the policy effectiveness of bank digital 
transformation is gradually realized at the enterprise level.

Commercial banks have achieved digital transformation by partici-
pating in policy guarantees, resulting in a significant increase in the 
number of enterprises obtaining bank credit through guarantees, as well 
as an increase in credit lines and durations. However, Fig. 1 shows that 
in the early stages of the establishment of the credit information-sharing 
platform in Taizhou City, there was a short-term slight increase in the 

bank’s credit supply, but then a significant decrease followed, which led 
to a gradual recovery after 2016. Therefore, the impact of digital 
transformation on the credit of banks exhibits significant heterogeneity 
over time.

Empirical models

In this study, the dependent variables, the scale of bank credit supply 
is a non-negative variable, and the structure of credit supply is a pro-
portional variable. Therefore, we adopt the nonlinear staggered DID 
proposed by Wooldridge (2021), constructing an equivalent regression 
model for the TWFE model using the TWM model and using Quasi 
Maxim Likelihood to estimate model parameters.

The equivalent model method for TWFE regression based on TWM 
regression is as follows. For longitude variables {xit}, iϵ{1,⋯,N}, tϵ{1,⋯,

T}, define x¨it as 

ẍ¨it = (xit − xi⋅) − N−1 ∑
N

i=1
(xit − xi⋅) = xit − xi⋅ − x⋅t + x 

If ∑N
i=t
∑T

t=1 x¨it ʹ x¨it is nonsingular matrix, the estimated results of the 
TWFE model are equal to those of the TWM model, and the TWFE model 
is given as below: 
yit = α + βxit + βDPostTreatit + λxi⋅ + ξx⋅t + εit (1) 

in which xi⋅ represents the individually average value of the covariate, 
and x⋅t represents the timely average value of the covariate. Wooldridge 
(2021) confirmed that if the variance in a typical random-effect model is 
known, the equivalence is established. Therefore, under the standard 
random effect hypothesis, at this time, the Mixed Ordinal Least Square 
(POLS) estimation is the best linear unbiased. To control the time effect, 
a dummy variable of time is added to the covariant {fst : t = 2,3,⋯T}. 
Only when s = t, fst = 1, if s ∕= t, fst = 0. In this estimation result, the 
coefficient of fst is the fixed effect at time t. To eliminate the individual 
effects and time effects that cannot be estimated in the model (1), the 
following changes are made, and we obtain a mixed panel model (2): 
yit = α + βwit + [wit⋅(xi − μ1)]γ + xiξ + ζdi + (di⋅xi)λ + θpt
+(pt⋅xi)δ + εit

(2) 

in which wit = di⋅pt = PostTreatit, and di is a dummy variable of the 
processing group. If the enterprise belongs to the processing group, that 
is, it ultimately obtains a policy financing guarantee, then di = 1, 
otherwise di = 0; pt is a dummy variable of time, which equals 1 if t is 
the time after the treatment. Thus, if the treatment time is the q-th 
period, pt =

∑T
qt fst and the coefficient of wit is the estimated value of 

ATT. μ1 = E(xi|di = 1) is the mean vector of covariates of treated group. 

Fig. 1. Monthly number of enterprises that newly added credit.
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Since wit=wit⋅pt=wit ⋅
∑T

qt fst , formula (2) can be rewritten as formula (3): 

yit = α + βwit
∑

T

qt
fst +

[

wit
∑

T

qt
fst (xi − μ1)

]

γ + xiξ + ζdi + (di⋅xi)λ

+θ
∑

T

qt
fst + xiδ

∑

T

qt
fst + εit

(3) 

Model (4) does not include incalculable individual and time effects, 
and the coefficients can be estimated by pooled ordinal least square 
(POLS). Finally, we obtain the equivalent model of Model (1). However, 
the dependent variable yit is not a restricted and independent, identi-
cally distributed continuous variable; thus, yit ∈ (− ∞, + ∞). The 
dependent variables used to evaluate the financial support effect of 
digitalizing initiated by policy financing guarantees do not meet the 
assumptions of the dependent variables in Model (1). The commercial 
bank credit scale is a non-negative variable, and the variables of credit 
structure distribute between 0 and 1. Thus, we should change Model (3) 
to apply the data of which the dependent variables are non-negative or 
limited-distributed. In the existing literature, a generalized linear model 
has commonly been used for such dependent variables, using the Ca-
nonical Link Function to project a linear function into the interval of the 
dependent variable’s distribution. According to the same research idea, 
the equivalent regression model for constructing a nonlinear TWFE 
model is as follows. The Link function G(⋅) is strictly increasing, 
continuously differentiable, by which the linear part on the right side of 
Model (3) is project into the distribution interval of yit. 
yit = G(zit) (4) 

zit = α + βxit + βDPostTreatit + λxi⋅ + ξx⋅t (5) 
Using bank credit scale and credit structure as dependent variables, 

we construct two generalized linear TWM regression models: 
y1

it = G1(z1
it
)

= G1(α1 + β1xit + β1DPostTreatit + λ1xi⋅ + ξ1x⋅t
) (6) 

y2
it = G2(z2

it
)

= G2(α2 + β2xit + β2DPostTreatit + λ2xi⋅ + ξ2x⋅t
) (7) 

By the dummy variables of time and treatment, Model (6) and (7) are 
translated into Model (3). Model (6) is the Logit model.

Explained Variable y1it is the credit scale of bank i in year t satisfying 
binomial distribution, and the link function G1(z1it

)

= exp(z1it
)

/1+

exp(z1it
). Model (7) is a Poisson regression model, in which y2it is the 

credit structure of bank i in year t satisfying Poisson distribution, and the 
link function G2(z2it

)

= exp(z2it
).

PostTreatit is the explanatory variable. The annual statistical data for 
this empirical study is from 2013 to 2019, and t ∈ {1,2,⋯,7}, t = 1 if 
year = 2013. If the establishment time of the policy financing guarantee 
is taken as the policy implementation time point for discussion, ac-
cording to the previous analysis, the year 2015 (rather than the actual 
establishment year 2014) must be taken as the time point for the pro-
cessing factor to occur—in other words, q = 3. For the dummy variables 
of time {fst

}

=
{fs2 ,fs3 ,⋯,fs7

}, only when s = t, fst = 1. di is the dummy 
variable of treated group, which equals 1 if the commercial bank is the 
co-operative bank of policy financing guarantee agency. pt is the dummy 
variable of treatment time, which equals 1 only if t ≥ 3. Additionally, 
according to the definition of pt, pt =

∑T
qt fst . wit = di⋅pt = PostTreatit, 

and the marginal effect of wit is the estimated value of the credit- 

Table 2 
ATT of the credit scales of commercial banks.

ATT All banks Non-local banks Local banks All banks Non-local banks Local banks
(1) (2) (3) (4) (5) (6)

d4i=1, f04t =1 -0.1925 0.5572 -0.9524 -1.2165 0.1942 -0.954
​ (0.983) (0.747) (1.327) (1.926) (1.928) (2.488)
d4i=1, f05t =1 -0.4214 1.7562 -1.6044 -2.983 0.6302 -3.1584
​ (1.153) (1.206) (1.478) (1.876) (1.801) (1.862)
d4i=1, f06t =1 -0.1176 2.2843* -1.2995 -2.0697 0.7402 -1.208
​ (1.185) (1.236) (1.524) (2.552) (1.776) (3.039)
d4i=1, f07t =1 -1.1165 0.7088 -2.1065 -2.3863 2.6193 -2.8162*
​ (1.104) (1.617) (1.318) (2.058) (2.889) (1.590)
d4i=1, f08t =1 -0.6692 0.5426 -1.329 -4.0107 3.6074** -4.2983
​ (1.186) (2.004) (1.457) (2.538) (1.484) (2.687)
d5i=1, f05t =1 -0.7708 0.4797 -0.3693 0.374 3.2187 0.7083
​ (0.761) (1.290) (0.717) (0.797) (3.827) (0.785)
d5i=1, f06t =1 0.2464 1.7925 0.0065 2.6502** -0.0244 0.5699
​ (0.920) (1.484) (0.890) (1.115) (2.512) (0.958)
d5i=1, f07t =1 -0.6749 0.5271 -0.9307 2.6601** -2.3795 -0.1226
​ (0.946) (1.864) (0.709) (1.254) (6.042) (0.742)
d5i=1, f08t =1 -0.5438 0.1754 -0.3583 2.2946 1.5174 0.6734
​ (1.078) (2.243) (0.939) (1.421) (4.530) (1.322)
d6i=1, f06t =1 -0.0195 1.8456 -1.1335* 1.3892 1.1901 -0.7395
​ (1.160) (2.327) (0.633) (1.454) (4.368) (0.630)
d6i=1, f07t =1 -1.1537 0.2677 -2.0863*** 0.6911 1.6617 -1.5378**
​ (1.181) (2.586) (0.506) (1.517) (4.997) (0.574)
d6i=1, f08t =1 -1.1164 -0.2575 -1.6442* 1.0427 0.7981 -0.6706
​ (1.193) (2.684) (0.905) (1.594) (4.705) (1.789)
d7i=1, f07t =1 -3.479* 0.0154 -3.8747* -3.8166 8.4978** -4.0854
​ (1.848) (1.628) (1.898) (2.449) (3.439) (2.719)
d7i=1, f08t =1 - - - - - -
​ - - - - - -
d8i=1, f08t =1 -0.229 - - 1.3809 - -
​ (0.662) - - (1.665) - -
Contral variables No No No Yes Yes Yes
Fixed effect of banks Yes Yes Yes Yes Yes Yes
Fixed effect of time Yes Yes Yes Yes Yes Yes
Observations 336 152 184 336 152 184
Pseudo R2 0.4712 0.3242 0.6467 0.7049 0. 6837 0. 7375

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * *indicating significant differences at the 10%, 5%, and 1% level, respectively; 
control variables at the enterprise and industry levels have been controlled in the table.
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enhancement effect (ATT) of the policy financing guarantee.
The control variables at the enterprise level encompass the duration 

of continuous operation (measured in years), total operating revenue 
from the previous year, enterprise type, and total export volume from 
the previous year. The selection of these control variables was informed 
by the relevant literature (Cheng & Lin, 2015; He et al., 2012; Nguyen & 
Canh, 2021; Nicolas, 2022; Moro et al, 2020; Sheng & Fan, 2020;), 
which has primarily focused on factors associated with the transparency 
of information within technology-based enterprises. Additionally, the 
study incorporates the “three qualities and three forms” principle of 
loans from small corporate banks in Taizhou (Liu, 2014; Zhang, 2002). 
Owing to constraints in data availability, the final control variables 
utilized in this study are business operation duration (in years), the 
previous year’s total revenue, the enterprise type, and the previous 
year’s total export value. xi is the vector of the control variables at the 
bank level that does not change over time. Non-time-varying variables 
can be directly incorporated into the model, while time-varying vari-
ables follow the treatment method of Wooldridge (2021), incorporating 
their enterprise level mean values into the model as non-time-varying 
variables.

μ1 = E(xi|di = 1) is the vector of the treated group’s mean value. The 
coefficients of models are estimated by Quasi-MLE.

Empirical results and discussions

Empirical results

Tables 2–5 report the number of credit-granting enterprises and the 
credit scales by commercial banks. Tables 2 and 4 are calculated in 

absolute terms, while Tables 3 and 5 are calculated in proportion terms. 
In terms of bank credit scale, without considering the control variables, 
the results for all banks in the seventh period (year 2019) are significant 
and negative, which indicates that the digitalizing initiated by policy 
financing guarantees have reduced the credit supply of technological 
enterprises. However, under the control of covariates, the digitalizing 
initiated by policy financing guarantees has a positive impact on the 
credit supply of technological enterprises in some periods. The impact of 
local and non-local banks is in the opposite direction. Regardless of 
whether the covariate is controlled or not, the significant impact of the 
digitalizing initiated by policy financing guarantees on non-local com-
mercial banks is positive, while that on local commercial banks is 
positive.

The 1st to 3rd columns in Table 2 are the estimated results of the 
regression model without control variables, while the 4th to 6th columns 
are the estimated results of the regression model with control variables 
included.

However, the proportion of credit supply for high-tech enterprises in 
the credit supply of various banks has not been positively affected by 
policy guarantees. In most periods, the impact of digitalizing initiated by 
policy financing guarantees on the scale of credit supply to high-tech 
enterprises is not significant. Regardless of whether the covariate is 
controlled or not, the impact of policy guarantees on the proportion of 
credit supply scale of high-tech enterprises in the credit supply of all 
commercial banks in the city is not significant. The same is true for the 
processing effect of local commercial banks. However, the credit struc-
ture of non-local commercial banks is similarly affected. Although 
Table 2 shows that the credit supply of technological enterprises has 
increased, the proportion of credit supply of technological enterprises in 

Table 3 
ATT of the credit scales structure of commercial banks.

ATT All banks Non-local banks Local banks All banks Non-local banks Local banks
(1) (2) (3) (4) (5) (6)

d4i=1, f04t =1 -0.1201 -0.1552*** -0.118 -0.0644 -0.1962** 1.3648
​ (0.081) (0.039) (0.119) (0.112) (0.077) (1.871)
d4i=1, f05t =1 -66.2454 0.0136 -101.3132 -115.1555 0.0183 17.6031
​ (49.580) (0.040) (77.321) (101.670) (0.078) (109.314)
d4i=1, f06t =1 -0.8704 0.0517 -2.1214 0.3208 0.0094 3.3283
​ (1.952) (0.032) (3.430) (6.665) (0.042) (12.690)
d4i=1, f07t =1 3.2852 -0.067 4.9615 6.205 -0.1539** -1.0609
​ (2.966) (0.051) (4.747) (9.530) (0.071) (14.958)
d4i=1, f08t =1 2.8203 -0.0129 2.5226 6.0932 0.122* 0.4397
​ (2.523) (0.044) (2.833) (9.468) (0.061) (14.661)
d5i=1, f05t =1 -66.1158 0.0613 -101.1107 -89.8146 0.2691 -153.7201
​ (49.582) (0.055) (77.325) (73.893) (0.205) (133.685)
d5i=1, f06t =1 -0.7669 0.0344 -1.9024 -0.2093 0.0434 -0.495
​ (1.954) (0.051) (3.435) (4.201) (0.102) (7.407)
d5i=1, f07t =1 3.4481 -0.0727 5.2495 4.767 0.1154 10.124
​ (2.965) (0.063) (4.747) (5.923) (0.131) (10.669)
d5i=1, f08t =1 2.9678 -0.0033 2.8015 4.5662 0.1515 6.8644
​ (2.522) (0.066) (2.836) (5.844) (0.123) (8.236)
d6i=1, f06t =1 12.4135 0.0408 18.1675 12.2544 0.0976 30.2177
​ (8.968) (0.045) (13.378) (10.813) (0.119) (25.138)
d6i=1, f07t =1 16.6 -0.0859* 25.2866 16.2704 0.0446 41.464
​ (12.451) (0.045) (19.195) (14.314) (0.132) (35.443)
d6i=1, f08t =1 16.0871 -0.0716 22.8162 15.966 -0.2321 37.9119
​ (12.020) (0.057) (17.381) (14.094) (0.162) (32.748)
d7i=1, f07t =1 12.5282 0.1245** 19.472 10.9509 0.3331*** 17.0626
​ (9.481) (0.047) (14.861) (9.107) (0.024) (21.583)
d7i=1, f08t =1 - - - - - -
​ - - - - - -
d8i=1, f08t =1 12.1397 - - 13.6168 - -
​ (8.986) - - (10.489) - -
Contral variables No No No Yes Yes Yes
Fixed effect of banks Yes Yes Yes Yes Yes Yes
Fixed effect of time Yes Yes Yes Yes Yes Yes
Observations 336 152 184 336 152 184
Pseudo R2 0. 0697 0. 2285 0. 1041 0. 1740 0. 5745 0. 1701

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * *indicating significant differences at the 10%, 5%, and 1% levels, respectively; 
control variables at the enterprise and industry levels have been controlled in the table.
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the total credit supply of various banks has declined; this decline mainly 
occurred in the early stage of the establishment of policy guarantees 
(year 2016). In the near future (year 2019), policy guarantees would 
have a positive impact on the proportion of credit supply scale for 
technological enterprises.

Unlike the calculated results of credit scale, the number of high-tech 
enterprises granting credit has been significantly affected by the digi-
talizing initiated by policy financing guarantees. Regardless of the en-
terprises’ geographical differences, for all banks in the city, cooperation 
with policy financing guarantee institutions can significantly increase 
the number of high-tech enterprises that receive bank credit. When the 
policy financing guarantee fund was first established, cooperation be-
tween nonlocal banks and the policy financing guarantee fund can 
significantly increase the number of technological enterprises that have 
obtained their credit. However, this conclusion is not valid for local 
commercial banks. Conversely, cooperation with policy financing 
guarantee institutions in 2018 has actually reduced the number of 
technological enterprises granted credit by local commercial banks.

The result of the proportion of enterprises is completely different 
from the absolute value of the number of enterprises. When the Credit 
Insurance Fund was first established, the cooperation with the policy 
guarantee fund reduced the proportion of the number of high-tech en-
terprises granting credit in the total number of credit enterprises of each 
bank, whether local or nonlocal banks. However, it is optimistic that 
over time, the impact of cooperation with policy guarantee funds on the 
proportion of high-tech enterprises has become positive, especially for 
nonlocal banks. The cooperation between local banks and the digita-
lizing initiated by policy financing guarantees will not affect the pro-
portion of high-tech enterprises that receive their credit.

Robustness test

(1) Robustness test of changing model settings
In the basic analysis, we use three variables as the control variables 

of the bank, namely, the number of bank outlets, registered capital, and 
ownership nature. To verify the robustness of the empirical results, we 
only use the number of bank outlets as a single covariate to estimate the 
processing effect of the digitalizing initiated by policy financing gua-
rantees. Table 6 shows the estimated results after changing the control 
variables. The results are similar to the previous results. When setting up 
a policy financing guarantee fund, the impact of the cooperation be-
tween banks and policy financing guarantee funds on the credit scale 
and the proportion of high-tech credit-granting enterprises is either not 
significant or significantly negative. Over time, the impact of coopera-
tion with policy guarantee funds on the proportion of high-tech enter-
prises has become positive, especially for nonlocal banks. The 
cooperation between local banks and the digitalizing initiated by policy 
financing guarantees will not affect the proportion of high-tech enter-
prises that receive their credit.

(2) Parallel trend test
The prerequisite for using the double difference method is that 

parallel trends are established, that is, before policy implementation, the 
development trends of the control and treatment groups are consistent, 
and no systematic differences will be observed over time. If the parallel 
trend is not established, a significant difference exists between the 
control and treatment groups before and after the policy financing 
guarantee, and the double difference cannot estimate the actual treat-
ment effect of the policy. By calculating the marginal effect of the 
interaction term between the pre-guarantee time point and the 

Table 4 
ATT of the number of enterprises granted credit by commercial banks.

ATT All banks Non-local banks Local banks All banks Non-local banks Local banks
(1) (2) (3) (4) (5) (6)

d4i=1, f04t =1 52.8213* 5.3433*** -37.7273 -133.9907 1.6861 -145.7647
​ (27.454) (0.807) (39.107) (262.602) (1.457) (323.822)
d4i=1, f05t =1 54.4198** 27.7694*** -4.5704 -148.8382 19.4365*** -166.3219
​ (25.225) (2.175) (31.069) (204.608) (1.019) (187.937)
d4i=1, f06t =1 53.1004 57.974*** -54.6793 -228.1045 52.3224*** -216.3254
​ (32.277) (2.081) (56.279) (305.346) (0.645) (203.952)
d4i=1, f07t =1 75.6414** 63.9603*** -39.5993 -400.6745 60.7145*** -277.6466
​ (36.268) (3.655) (102.339) (560.024) (0.914) (301.602)
d4i=1, f08t =1 108.3335* 65.9399*** 39.7886 -465.4431 26.4809*** -353.5144
​ (55.768) (9.377) (107.917) (630.596) (9.697) (439.783)
d5i=1, f05t =1 -27.0547 -30.0503* 15.7661* 19.3761 -72.5407 15.4537**
​ (19.015) (17.252) (8.541) (15.389) (80.187) (6.589)
d5i=1, f06t =1 -26.7778 11.4256 14.9958 83.5368** -871.2357 14.4449
​ (28.196) (19.032) (17.727) (39.801) (768.980) (13.249)
d5i=1, f07t =1 -50.811 -12.9469 4.0901 64.5282* -10645.78 6.0741
​ (33.407) (24.430) (20.050) (35.672) (10524.160) (15.974)
d5i=1, f08t =1 -48.197 -25.6668 7.8825 27.66 -3162.331 13.0574
​ (30.549) (57.057) (17.615) (26.318) (7104.899) (15.625)
d6i=1, f06t =1 -13.0774 -0.2853 -19.6157* -4.7798 11.0694 -30.4422
​ (10.013) (6.816) (11.349) (17.504) (12.269) (20.253)
d6i=1, f07t =1 -19.2318 -8.0694 -24.6387* -5.6294 1.0428 -27.5528
​ (12.930) (12.373) (14.118) (14.521) (14.061) (17.893)
d6i=1, f08t =1 -16.6647 -10.8454 -16.0372* -1.5059 -9.9814 -8.2815**
​ (10.205) (17.611) (8.856) (5.671) (28.033) (3.855)
d7i=1, f07t =1 -0.5596 -23.3371 -5.5241 -6.2273 94.4795*** -6.5229
​ (3.622) (44.774) (6.496) (7.614) (0.204) (7.816)
d7i=1, f08t =1 - - - - - -
​ - - - - - -
d8i=1, f08t =1 -39.0756** - - 38.2356 - -
​ (16.714) - - (24.735) - -
Contral variables No No No Yes Yes Yes
Fixed effect of banks Yes Yes Yes Yes Yes Yes
Fixed effect of time Yes Yes Yes Yes Yes Yes
Observations 336 152 184 336 152 184
Pseudo R2 0. 5641 0. 4447 0. 7371 0. 8681 0. 8972 0. 8683

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * * indicating significant differences at the 10%, 5%, and 1% levels, 
respectively; control variables at the enterprise and industry levels have been controlled in the table.

J. Yang and X. Chen                                                                                                                                                                                                                           Journal of Innovation & Knowledge 10 (2025) 100703 

7 



processing group in the multi-timepoint DID model, we estimate 
whether a difference exists between guaranteed and unguaranteed en-
terprises before obtaining the digitalizing initiated by policy financing 
guarantees. If the estimated marginal effect is significantly nonzero, the 
null hypothesis of parallel trend formation is rejected; conversely, if the 
estimation result is not significant and nonzero, the null hypothesis that 
parallel trends hold is accepted.

Table 7 reports the parallel trend test of the multi-timepoint DID 
model. The results indicate that before the digitalizing initiated by 
policy financing guarantees is obtained, no significant statistical dif-
ference exists in the bank credit limit and credit term between the 
treatment and control groups, and the parallel trend hypothesis is valid. 
The previous estimation of the credit-enhancement effect of the digita-
lizing initiated by policy financing guarantees indicates that this digi-
talizing is conducive to promoting the increase of credit limits for banks 
to technology enterprises. This conclusion effectively proves that the 
double difference model satisfies the parallel trend assumption, and the 
estimated value of the ATT model can effectively reflect the impact of 
digital transformation on banks’ credit structure.

(3) Placebo test
The placebo test is a counterfactual test conducted by changing the 

implementation time of policies. The data are grouped by banks, and one 
year is randomly selected from each bank as the time when it obtained 
policy financing guarantees. The test is repeated 500 times, and TWM 
regression is performed after each group is sampled. A graph of the 
estimated counterfactual values and corresponding P-values for digital 
transformation is drawn as shown in Fig. 2. The focus here is on the 
significance of the counterfactual processing effect. If the estimated 
result is significantly nonzero, this indicates that the credit- 

enhancement effect in this article is not caused by the digital trans-
formation of commercial banks’ policy guarantees; conversely, it con-
firms the reliability of the previous research conclusions.

Fig. 2 represents the estimated values of the policy guarantee digital 
transformation of the guaranteed enterprises in 2015, 2016, and 2017, 
respectively, based on the counterfactual data. The dashed line 
perpendicular to the X-axis is x = 0, and the dashed line parallel to the X- 
axis is y = 0.1. The results show that the estimated ATT values are 
generally distributed at (-0.07, 0.07), and the P-values are also generally 
distributed above 0.1. The credit-enhancement effect of the counter-
factual is not significant but nonzero, confirming the reliability of the 
previous research conclusions. The credit structure-adjustment effect 
estimated by the model is caused by digital transformation.

Further discussion

Since that the data samples of benchmark models are only from 
banks in Taizhou, the generalizability of the research conclusions is 
insufficient. We also used imbalanced panel data on credit from 42 
commercial banks nationwide from 2010 to 2021, including state- 
owned commercial banks, joint-stock commercial banks, urban com-
mercial banks, rural commercial banks, private banks, and foreign- 
funded banks. The data on bank loans came from the annual reports, 
information disclosure reports, and audit reports of various commercial 
banks, which indicates that bank loans are invested in different in-
dustries. The Digital Transformation Index of Banks was sourced from 
the Digital Transformation Index of China Commercial Bank at Peking 
University (Xie & Wang, 2022). Additionally, we manually collected 
data on banks’ electronic channel business and external fintech 

Table 5 
ATT of proportion of enterprises granting credit by commercial banks.

ATT All banks Non-local banks Local banks All banks Non-local banks Local banks
(1) (2) (3) (4) (5) (6)

d4i=1, f04t =1 -0.081* -0.0722** -0.0592* -0.2402 -0.0486 -0.0217
​ (0.047) (0.032) (0.030) (0.518) (0.038) (0.120)
d4i=1, f05t =1 -4.4893 -0.009 -4.3322 -3.9114 -0.0113 -0.965
​ (3.753) (0.045) (3.265) (7.105) (0.026) (5.497)
d4i=1, f06t =1 -0.1124 -0.0084 -0.0287 -15.5389 -0.0073 0.1593
​ (0.107) (0.038) (0.094) (56.685) (0.024) (0.664)
d4i=1, f07t =1 -0.0173 0.0122 0.1608 -2.1147 -0.0045 0.0445
​ (0.045) (0.034) (0.198) (3.521) (0.025) (0.754)
d4i=1, f08t =1 0.0004 0.024 0.0648 -2.0026 0.1361*** 0.1192
​ (0.038) (0.055) (0.124) (3.643) (0.016) (0.778)
d5i=1, f05t =1 -3.9867 0.0057 -4.2744 -0.8375 0.0443 -6.7503
​ (3.258) (0.029) (3.267) (0.994) (0.069) (6.192)
d5i=1, f06t =1 -0.0565 -0.0054 0.0575 -0.153 -0.0538 0.192
​ (0.086) (0.030) (0.106) (0.617) (0.051) (0.319)
d5i=1, f07t =1 0.0429 0.0166 0.2444 0.2043*** -0.0618 0.4818
​ (0.037) (0.038) (0.202) (0.049) (0.088) (0.483)
d5i=1, f08t =1 0.038 0.0074 0.1402 0.0258 0.116 0.3583
​ (0.030) (0.046) (0.126) (0.285) (0.122) (0.401)
d6i=1, f06t =1 0.1329*** 0.0117 0.7945 0.163*** -0.0074 1.3831
​ (0.038) (0.056) (0.654) (0.048) (0.092) (1.267)
d6i=1, f07t =1 0.1247*** 0.0132 0.9874 0.2366*** -0.0024 1.6885
​ (0.035) (0.049) (0.803) (0.079) (0.120) (1.494)
d6i=1, f08t =1 0.0865** -0.0139 0.8816 0.2292 -0.0516 1.5528
​ (0.036) (0.038) (0.733) (0.143) (0.088) (1.417)
d7i=1, f07t =1 0.0216 0.0631* 0.7766 0.0079 0.2791*** 0.6248
​ (0.020) (0.036) (0.605) (0.041) (0.013) (0.823)
d7i=1, f08t =1 - - - - - -
​ - - - - - -
d8i=1, f08t =1 0.1897*** - - 0.1558* - -
​ (0.015) - - (0.080) - -
Contral variables No No No Yes Yes Yes
Fixed effect of banks Yes Yes Yes Yes Yes Yes
Fixed effect of time Yes Yes Yes Yes Yes Yes
Observations 336 152 184 336 152 184
Pseudo R2 0. 3498 0. 0249 0. 1073 0. 4413 0. 7392 0. 1731

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * * indicating significant differences at the 10%, 5%, and 1% levels, 
respectively; control variables at the enterprise and industry levels have been controlled in the table.
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cooperation using information disclosed in commercial bank annual 
reports and official websites. The financial data of banks mainly came 
from the Wind database and CSMAR database, and we supplemented 
missing data by manually querying many commercial bank annual re-
ports. This study measured the credit allocation of banks based on four 
dimensions: Total Loan (TLoan), Real Loan (RLoan), Financial Loan 
(FLOan), and Nonzero Financial Loan (NZFLOan). Finally, to eliminate 
the interference of outliers, all continuous bank financial variables were 
truncated at the upper and lower 1% levels.

This further discussion incorporates a series of important control 
variables at the bank level that affect credit allocation into the model: 
Asset Size (SIZE), using the natural logarithm of total assets, with total 
assets in millions of RMB; Profit level (ROA), using the bank’s average 
return on total assets; Liquidity level (LDR), using the bank loan to de-
posit ratio, which is the ratio of total loans to total deposits; loan quality 
(NPL), which adopts the bank’s non-performing loan ratio; the Capital 
Adequacy Level (CAR), using the bank’s capital adequacy ratio; and the 
leverage level (Equity), which is calculated by comparing the bank’s 
equity assets to the total assets.

Table 8 reports the impact of digital transformation on the total scale 
and proportion of various types of loans. Owing to the lack of policy 
guarantee data at the national level, this part uses the Digital Index of 
Commercial Banks measured by Xie and Wang (2022) to replace the 
digital transformation level of various commercial banks. dig1 is stra-
tegic digitalization; dig2 is business digitalization; dig3 is management 
digitalization, and the dig-index is the total digital index. Models (1) and 
(4) in Table 8 show the impact of digital transformation on the scale and 
proportion of real estate loans. Models (2) and (5) show the impact of 

digital transformation on the scale and proportion of real economy 
loans. Models (3) and (6) show the impact of digital transformation on 
the scale and proportion of personal housing loans. The results show 
that, overall, the digitalization index has indeed effectively increased 
the scale of credit in the real economy, but its impact on the proportion 
of various types of loans is not significant. From different dimensions of 
digital transformation, managing digitalization can not only improve 
the credit of the real economy. This conclusion is consistent with the 
conclusion that Taizhou Credit Insurance Fund promotes banks’ digital 
transformation.

Conclusions

This study employed panel data from 42 commercial banks and the 
nonlinear staggered DID to empirically test the mechanism and influ-
encing factors of banks’ digital transformation on the scale and structure 
of credit supply. Empirical results showed that digital transformation 
achieved through policy guarantees does not have a significant impact 
on the credit scale of commercial banks, but it can optimize and adjust 
their credit structure, allowing them to increase credit support for SMEs. 
This conclusion is supported by a series of robustness tests. The mech-
anism of action provides new data elements for policy guarantees, ac-
celerates the digitalization of management and business of commercial 
banks, reduces management costs, improves risk compensation, and 
promotes the tilt of bank credit structure toward SMEs. Furthermore, the 
impact of digital transformation is not homogeneous among all banks. 
Owing to the different management methods of various commercial 
banks, information-screening capabilities show significant differences, 

Table 6 
Robustness test of changing model settings.

Scale Proportion of credit Number proportion of credit
ATT All banks Non-local banks Local banks All banks Non-local banks Local banks

(1) (2) (3) (4) (5) (6)
d4i=1, f04t =1 -0.0644 -0.1547*** 0.0163 0.006 -0.0749** -0.0282
​ (0.112) (0.041) (0.213) (0.048) (0.034) (0.044)
d4i=1, f05t =1 -115.1555 0.0797 -138.9316 -15.9963 0.0017 -6.7547
​ (101.670) (0.068) (128.236) (32.764) (0.034) (6.974)
d4i=1, f06t =1 0.3208 0.0179 0.797 -0.4805 -0.0086 0.167
​ (6.665) (0.020) (9.672) (1.065) (0.034) (0.526)
d4i=1, f07t =1 6.205 -0.0735 8.1653 -0.1816 -0.0015 0.3821
​ (9.530) (0.046) (13.223) (0.455) (0.041) (0.693)
d4i=1, f08t =1 6.0932 0.0812*** 6.8098 0.0718** 0.0953*** 0.3385
​ (9.468) (0.021) (12.560) (0.033) (0.012) (0.666)
d5i=1, f05t =1 -89.8146 0.179 -120.9543 -8.7353 0.0229 -5.5552
​ (73.893) (0.138) (103.799) (15.047) (0.038) (5.213)
d5i=1, f06t =1 -0.2093 -0.0325 -0.1778 -0.2106 -0.0034 0.1698
​ (4.201) (0.086) (6.726) (0.494) (0.042) (0.335)
d5i=1, f07t =1 4.767 -0.0874 6.9936 -0.0177 -0.016 0.3616
​ (5.923) (0.090) (9.099) (0.207) (0.086) (0.455)
d5i=1, f08t =1 4.5662 0.1609 5.2743 0.0652** 0.0415 0.2951
​ (5.844) (0.099) (8.261) (0.029) (0.052) (0.426)
d6i=1, f06t =1 12.2544 0.0776 21.8371 0.1337*** 0.014 1.032
​ (10.813) (0.064) (20.293) (0.037) (0.060) (1.152)
d6i=1, f07t =1 16.2704 -0.0703 28.8617 0.1294*** 0.0286 1.221
​ (14.314) (0.072) (25.938) (0.035) (0.047) (1.319)
d6i=1, f08t =1 15.966 -0.107 26.9681 0.0684* -0.0561 1.1465
​ (14.094) (0.080) (24.929) (0.037) (0.065) (1.303)
d7i=1, f07t =1 10.9509 - 17.2132 0.0207 - 0.6278
​ (9.107) - (15.095) (0.020) - (0.540)
d7i=1, f08t =1 - - - - - -
​ - - - - - -
d8i=1, f08t =1 13.6168 - - 0.1865*** - -
​ (10.489) - - (0.015) - -
Contral variables Yes Yes Yes Yes Yes Yes
Fixed effect of banks Yes Yes Yes Yes Yes Yes
Fixed effect of time Yes Yes Yes Yes Yes Yes
Observations 336 152 184 336 152 184
Pseudo R2 0.0570 0.0577 0.0323 0.0662 0.0602 0.0602

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * * indicating significant differences at the 10%, 5%, and 1% levels, 
respectively; control variables at the enterprise and industry levels have been controlled in the table.
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and the impact of policy guarantees on credit structure is also hetero-
geneous. Compared to the commercial banks headquartered locally, the 
digital transformation of policy guarantees has a more significant impact 
on the credit structure of nonlocal commercial whose businesses operate 
across regions. To further verify the universality of the conclusion, we 
used nationwide credit data from 42 commercial banks to confirm that 
digital transformation can effectively increase their credit supply to tilt 
toward SMEs and the real economy.

This study provided an in-depth empirical analysis of how digital 
transformation, facilitated by policy guarantees, affects the credit supply 

structure of commercial banks. It specifically examined the shift in credit 
support toward SMEs, which is a critical area of focus given the relevant 
role that SMEs play in economic development. The use of the nonlinear 
staggered DID approach to assess the causal impact of digital trans-
formation on credit supply is methodologically rigorous and offers new 
insights into the dynamics of credit allocation following digital initia-
tives. The study highlighted the role of policy guarantees in not only 
influencing the credit scale but, more importantly, optimizing banks’ 

credit structure. This finding contributes to the policy debate on how to 
effectively use policy guarantees to steer financial resources toward 

Table 7 
Common trend test.

Scale Proportion of credit Number proportion of credit
ATT All banks Non-local banks Local banks All banks Non-local banks Local banks

(1) (2) (3) (4) (5) (6)
d4i=1, f02t =1 2.331 1.976 0.118 -0.526 2.461 0.045
​ (2.883) (2.168) (0.197) (2.517) (12.009) (0.092)
d4i=1, f03t =1 0.087 -0.390 -0.164 118.105 1099.263 0.000
​ (2.314) (0.946) (0.172) (63.142) (586.643) (0.056)
d4i=1, f4=1 -1.406 -1.566 -0.058 51.026 564.408 -0.064
​ (0.825) (0.715) (0.094) (31.622) (254.693) (0.029)
d5i=1, f02t =1 1.066 0.304 0.033 13.807 71.294 -0.013
​ (1.284) (1.214) (0.024) (11.002) (46.663) (0.039)
d5i=1, f03t =1 0.371 -0.824 0.041 99.939 461.180 0.064
​ (1.463) (1.065) (0.042) (52.246) (255.427) (0.028)
d5i=1, f04t =1 -1.691 -1.714 -0.097 -1.057 27.075 -0.050
​ (0.794) (0.766) (0.071) (11.298) (40.456) (0.025)
d5i=1, f05t =1 0.046 -0.219 -90.436 -11.004 -118.601 -3.821
​ (0.559) (1.022) (75.287) (11.737) (54.826) (3.375)
d6i=1, f02t =1 2.485 -0.597 0.170 -1.526 -6.789 0.037
​ (2.198) (0.875) (0.198) (2.197) (12.374) (0.058)
d6i=1, f03t =1 -2.500 -1.550 -0.035 12.105 87.513 0.015
​ (0.897) (0.847) (0.229) (12.360) (119.011) (0.044)
d6i=1, f04t =1 0.429 0.390 0.139 4.276 35.908 0.010
​ (2.354) (2.566) (0.140) (9.555) (20.294) (0.051)
d6i=1, f05t =1 0.017 -0.859 -90.592 8.329 3.316 -3.854
​ (0.525) (0.470) (75.186) (8.877) (24.711) (3.377)
d6i=1, f06t =1 -0.086 -0.301 86.748 -19.803 -98.184 3.720
​ (0.125) (0.201) (69.206) (8.719) (51.242) (3.323)
d7i=1, f02t =1 2.719 2.609 0.090 2.474 41.711 0.014
​ (4.121) (4.725) (0.048) (4.920) (49.050) (0.040)
d7i=1, f03t =1 -2.922 2.617 -0.062 -2.895 67.763 -0.035
​ (0.883) (4.101) (0.030) (10.879) (123.916) (0.014)
d7i=1, f04t =1 1.509 -1.790 -0.106 -1.474 54.658 -0.005
​ (2.778) (0.739) (0.059) (9.643) (71.193) (0.037)
d7i=1, f05t =1 0.533 -0.757 -90.463 13.579 153.816 -3.830
​ (0.644) (0.467) (75.299) (8.772) (126.408) (3.378)
d7i=1, f06t =1 -3.792 -0.303 86.822 -10.053 199.316 3.687
​ (5.506) (0.172) (69.211) (4.891) (187.081) (3.335)
d7i=1, f07t =1 -0.848 -0.210 3.540 -1.000 -312.868 0.110
​ (0.560) (0.216) (4.628) (4.175) (159.711) (0.065)
d8i=1, f02t =1 7.604 1.297 0.070 2.474 80.211 0.025
​ (0.718) (0.721) (0.019) (2.107) (11.204) (0.018)
d8i=1, f03t =1 -2.118 -1.585 0.092 123.105 393.263 0.153
​ (0.859) (0.787) (0.029) (7.319) (61.082) (0.013)
d8i=1, f04t =1 -1.733 -1.806 -0.106 4.526 68.158 -0.062
​ (0.797) (0.750) (0.059) (9.360) (19.549) (0.024)
d8i=1, f05t =1 -0.131 -0.944 -90.507 17.579 80.316 -3.844
​ (0.545) (0.466) (75.291) (8.904) (7.721) (3.375)
d8i=1, f06t =1 0.067 -0.279 86.859 -61.053 -305.684 3.759
​ (0.075) (0.162) (69.203) (4.822) (36.691) (3.305)
d8i=1, f07t =1 -0.486 0.002 3.647 -4.000 -148.368 0.106
​ (0.562) (0.205) (4.620) (4.214) (53.977) (0.063)
d8i=1, f08t =1 0.542 0.134 0.150 -12.895 -84.421 0.010
​ (0.557) (0.065) (0.128) (3.918) (23.553) (0.011)
Num.Obs. 42 42 42 42 42 42
Std.Errors by: dd by: dd by: dd by: dd by: dd by: dd
ngroup 5 5 5 5 5 5
ntime 8 8 8 8 8 8
control.group nevertreated nevertreated nevertreated nevertreated nevertreated nevertreated
est.method dr dr dr Dr dr dr

The standard errors reported in parentheses are bank-level clustering, with *, * *, and * * * indicating significant differences at the 10%, 5%, and 1% levels, 
respectively; control variables at the enterprise and industry levels have been controlled in the table.
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SMEs. Our study recognizes the heterogeneity in the impact of digital 
transformation across different types of banks, offering a nuanced un-
derstanding of how local versus nonlocal banks may respond differently 
to digital initiatives. The robustness of the findings was thoroughly 
tested through a series of robustness checks and placebo tests that 
strengthen the credibility of our conclusions. The conclusion of this 
study is consistent with the risk-based analysis by Chen et al. (2023) and 
Khattak et al. (2023), and further emphasizes the positive impact of 
digital transformation on the credit structure of non-local large com-
mercial banks.

Despite its contributions, this study also has a few limitations worth 
noting. It focused on commercial banks, which may limit the general-
izability of the findings to other types of financial institutions. Addi-
tionally, the focus on Taizhou—and later on the national level within 
China—may not capture the global diversity in banking practices and 
regulatory environments. Moreover, the reliance on panel data from a 
specific timeframe (2012–2019) might not fully capture the long-term 
effects of digital transformation, especially given the rapid pace of 
technological change in the financial sector. While this paper provides a 
robust empirical analysis, it could benefit from a more extensive theo-
retical framework that integrates existing theories of financial inter-
mediation and digital innovation.

For future research, several avenues could be explored to build on 
our findings. First, investigating the impact of digital transformation on 
credit supply in banks across different countries could provide a more 
comprehensive understanding of the global implications of such trans-
formations. Second, longitudinal studies that track the impact of digital 
transformation over a more extended period could offer insights into the 
sustainability of the effects observed. Third, future studies could incor-
porate a broader range of digital innovations, such as blockchain and 
artificial intelligence, to assess their impact on credit supply and 
financial inclusion. Fourth, research could examine the implications of 
digital transformation on financial stability by considering both the 

potential benefits and risks associated with the rapid adoption of digital 
technologies in banking. Last, further research could explore how reg-
ulatory policies can effectively promote digital transformation in 
banking while mitigating associated risks, ensuring a balanced approach 
to innovation and stability.
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