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Abstract. Under the impact of global financial crises, trade disputes, and public 

health events, economic policy uncertainty has intensified, leading to prominent 

phenomena of liquidity hoarding and credit rationing among commercial banks. 

This has caused credit resources to shift from the real to the virtual economy, 

creating financing difficulties for the real economy. Existing research has largely 

focused on the effects of economic policy uncertainty on corporate investment, 

credit structure imbalances, and FinTech risk management. However, there is in-

sufficient research on how FinTech can optimize banks' credit behavior and pro-

mote resource allocation to the real economy in an uncertain environment. This 

paper, based on a panel dataset of 462 observations from 42 commercial banks 

between 2014 and 2024, constructs a FinTech index (Fintech) and a liquidity 

hoarding (LHT) measure as explanatory variables, with the proportion of manu-

facturing loans (LMR) as the dependent variable. Control variables include bank-

level microeconomic factors (asset size, return on assets, cost-to-income ratio) 

and macroeconomic factors (economic growth, inflation, economic policy uncer-

tainty). A fixed-effects model is used for regression analysis, and the results are 

validated for robustness by using an alternative digitalization index and conduct-

ing regional heterogeneity analysis. The study finds that the application of 

FinTech significantly increases the proportion of manufacturing loans, support-

ing the hypothesis. In the baseline regression, the coefficient for Fintech is posi-

tive and significant at the 1% level, supporting its mechanism of action in allevi-

ating information asymmetry, reducing liquidity hoarding, and promoting the 

shift of credit from the virtual to the real economy. The results remain consistent 

after robustness checks. Heterogeneity analysis reveals that this effect is strongest 

in the eastern region at 0.0409 (p<0.01), followed by the central region at 0.0232 

(p<0.05) and the western region at 0.0218 (p<0.1), reflecting the influence of 

regional development disparities on technology transmission. 

Keywords: Financial Technology (FinTech); Manufacturing Credit; Shifting 

from the Virtual to the Real Economy 

1 Introduction 

Global financial crises, trade disputes, and public health events have caused significant 

shocks to the economic market. According to Lyu and Liu (2023), although the Chinese  
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government has continuously optimized its economic policies to foster steady improve-
ment, the economy still faces numerous challenges. These stem from a complex and 
volatile external environment with high uncertainty, compounded by factors such as 
insufficient domestic demand and weakened public expectations[1]. Intensified turmoil 
in the global financial system, along with escalating trade and financial frictions, further 
amplifies macroeconomic uncertainty. 

As the core of the national economic system, the banking sector is of paramount 
importance to the country's economic prosperity and stability, promoting efficient op-
erations and sustainable development through its diverse service functions. However, 
in their operations, banks must contend with a variety of challenges, including credit 
risk, market risk, liquidity risk, operational risk, and reputational risk. Data from the 
People's Bank of China indicates that as of the end of 2024, the loan-to-deposit spread 
for the nation's financial institutions was 1.52%. This reflects that in recent years, a 
substantial amount of liquidity has remained stagnant within banks, obstructing the 
transmission of monetary policy to the real economy. 

Particularly in the post-pandemic era of slowing economic growth, commercial
banks, aiming to ensure the safety of their funds, have inevitably demonstrated a greater 
reluctance to lend—a "credit crunch"—resulting in decreased risk tolerance and subse-
quent liquidity hoarding. For banks, this behavior is essentially a trade-off between re-
turns and risks. For the real economy, however, it signifies a reduced willingness of 
banks to extend credit and, consequently, greater financing difficulties for enterprises. 

2 Literature Review 

2.1 Research on Economic Policy Uncertainty 

Economic Policy Uncertainty is defined as the ambiguity faced by economic agents 
regarding the policy intentions of monetary authorities and the timing of their adjust-
ments, and its effect on corporate investment decisions is a primary area of investiga-
tion. According to Sun et al. (2025), the uncertainty index is predominantly calculated 
using text-mining techniques that quantify the frequency of keywords such as "econ-
omy," "policy," and "uncertainty" in newspapers. Domestic research on this topic has 
focused on its impact on corporate performance, investment, and capital structure. Find-
ings from these studies show that an increase in uncertainty heightens the propensity 
for technology-oriented mergers and acquisitions, leads to a slowdown in capital struc-
ture adjustments, and promotes the use of short-term debt for long-term investments 
[2]. 

2.2 Research on Structural Imbalance in Credit Resources and Financing 
Constraints for the Real Economy 

Beyond an insufficient total supply, China's credit market is plagued by structural im-
balances. National policy explicitly prioritizes the high-quality development of the real 
economy, particularly the manufacturing sector (Wu, 2022)[3]. As bank loans are the 
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primary source of financing for Chinese enterprises, the banking sector's support is crit-
ical to achieving this strategic goal. 

However, credit resources have often failed to flow effectively to productive sectors, 
a trend described as "decoupling from the real economy" (Wang et al., 2025)[4]. Com-
mercial banks have shown a distinct preference for lending to real estate firms with 
ample collateral and to local government financing vehicles with implicit state guaran-
tees. Conversely, they are cautious toward manufacturing enterprises that often lack 
such security. This skewed allocation of credit exacerbates the "difficult and expensive 
financing" problem for firms in the real economy, which not only impedes national 
development objectives but also introduces significant risk to the macroeconomic sys-
tem. 

2.3 Research on FinTech in Commercial Banking 

The rapid development of financial technology (FinTech) is profoundly transforming 
the banking system and injecting new vitality into its capacity to support the real econ-
omy (Zhang et al., 2025)[5]. By leveraging technologies such as big data and block-
chain, FinTech enhances banks' ability to process "soft information," thereby mitigating 
the information asymmetry between banks and enterprises. This not only improves 
credit assessment and post-loan supervision but also strengthens banks' resilience to 
economic uncertainty, allowing them to function as a "stabilizer" during significant 
economic shocks (Li & Zhu, 2025)[6]. 

FinTech's influence extends to optimizing the credit structure of commercial banks. 
It provides comprehensive support throughout the lending process, facilitating a pivotal 
shift from a collateral-based lending model ("heavy collateral, light credit") to a credit-
centric one ("heavy credit, light collateral"). This technological empowerment enables 
banks to better serve a wider range of clients, including those traditionally underserved, 
thus enhancing their ability to channel funds into the real economy (Yang & Hou, 
2024)[7]. 

By effectively resolving information asymmetry, the deep integration of FinTech 
and banking encourages a fundamental shift in risk management philosophy. Banks are 
prompted to move from a posture of passive risk avoidance, which often comes at the 
expense of returns, toward one of actively managing controlled risks to achieve greater 
yields. This transition increases their overall risk tolerance, encouraging the deploy-
ment of more credit into the real economy rather than allowing liquidity to stagnate 
within the banking system (Tu & Mi, 2025)[8]. Ultimately, FinTech development is 
positioned to counteract the "decoupling" of finance from productive enterprise, opti-
mizing credit allocation to ensure the financial sector effectively serves the real econ-
omy (Li et al., 2023)[9]. 

2.4 Review on Current Studies 

While existing literature has examined the economic effects of FinTech, particularly 
concerning bank risk and performance, significant research gaps remain. The intersec-
tion of Economic Policy Uncertainty (EPU), FinTech, and bank credit behavior is
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notably underexplored. Current studies are often confined to the micro-level impacts 
on bank management, thereby overlooking the macroeconomic significance of FinTech 
in optimizing credit allocation and enhancing support for the real economy. Further-
more, the few studies that do address FinTech's influence on credit structure have fo-
cused on credit risk and maturity, neglecting the critical dimension of inter-industry 
allocation. Given the national priority of high-quality development, understanding how 
bank credit is distributed across industrial sectors—especially to the real economy—is 
of immense practical importance. 

To address these gaps, this paper investigates the impact of FinTech adoption on 
bank credit behavior from the perspective of EPU, analyzing both the total volume and 
the structural dimensions of credit using micro-level bank panel data. The conclusions 
are intended to offer valuable insights for commercial banks undergoing FinTech trans-
formation in an uncertain economic climate. Moreover, this study aims to provide new 
empirical evidence for policies designed to support FinTech development, reverse the 
"decoupling" of credit from productive enterprises, and ensure the financial sector ef-
fectively serves the real economy. 

3 Theoretical Analysis and Research Hypotheses 

3.1 The Mechanism of FinTech's Impact on Bank Lending Behavior 

Economic Policy Uncertainty (EPU) influences bank risk-taking through both internal 
and external factors (Tian & Li, 2020)[10]. Heightened uncertainty typically fosters 
risk aversion among bank management, leading to a contraction of high-risk loans and 
a general reduction in credit supply as banks prioritize stability and liquidity (Wang et 
al., 2022; Yang & Hou, 2023)[11][12]. However, the deep integration of FinTech into 
banking operations has the potential to alter this dynamic, theoretically influencing a 
bank's tendency toward liquidity hoarding (Ren & Zheng, 2021)[13]. This paper posits 
that the primary mechanism for this change is an enhancement of the bank's risk toler-
ance. 

The core challenge in traditional lending is the information asymmetry between
banks and enterprises, which makes credit assessment inefficient, costly, and uncertain 
(Zhu & Pan, 2022)[14]. FinTech directly addresses this issue. By applying technologies 
like big data, cloud computing, and blockchain, banks can efficiently extract valuable 
information from vast, complex datasets, significantly improving their ability to iden-
tify and manage default risks(Wang et al, 2023)[15]. This enhanced capacity to process 
"soft information" allows banks to build more sophisticated credit scoring and risk-
warning systems that support the entire lending cycle. Consequently, FinTech strength-
ens a bank's ability to navigate economic shocks and uncertainty, with AI, in particular, 
boosting predictive capabilities and foresight (Song et al., 2024)[16]. 

In summary, by effectively mitigating information asymmetry and the associated 
fear of future risks, FinTech fundamentally alters the risk-return trade-off for commer-
cial banks. It facilitates a strategic shift from passive risk avoidance (which sacrifices 
returns) to the proactive management of controlled risks (to achieve higher yields). 
With improved control over risk, banks become more willing to expand their credit 
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business, serve a broader range of clients, and channel funds into the real economy 
rather than holding them as idle liquidity. Based on this mechanism, the following hy-
pothesis is proposed: 

H1: The adoption of FinTech contributes to an expansion of commercial banks' 
credit supply to the manufacturing sector. 

3.2 The Mechanism of FinTech's Role in Shaping Bank Credit Allocation 

FinTech's integration into banking is having a significant impact on credit resource al-
location (Yang & Hong, 2022)[17]. This paper examines this effect from an inter-in-
dustry perspective, using the proportion of loans to the manufacturing sector as a key 
metric to assess whether bank credit is shifting from virtual or asset-based sectors back 
to the real economy. 

The structural problem is rooted in information asymmetry. As rational economic 
agents, banks often engage in credit rationing for enterprises that lack sufficient collat-
eral or whose creditworthiness is difficult to assess (Lang, 2023)[18]. This has led to a 
declining share of credit for the manufacturing sector in China. Banks have shown a 
preference for lending to sectors like real estate or to local government financing vehi-
cles, which offer ample collateral or implicit state guarantees, ensuring reliable returns 
with less complex risk analysis (Peng & Meng, 2024)[19]. In contrast, manufacturing 
firms, especially in high-tech fields, often lack collateral and have uncertain future cash 
flows, making them subject to this credit rationing. 

The advancement of FinTech offers a potent solution to this misallocation (Wen et 
al., 2024)[20]. By significantly enhancing banks' credit assessment and risk manage-
ment capabilities, FinTech facilitates a crucial shift in the lending model—from one 
that is heavily reliant on collateral to one that is centered on repayment capacity. Tech-
nologies like blockchain and big data analytics improve the processing of "soft infor-
mation," which reduces information asymmetry and allows for more accurate evalua-
tion of borrowers. This technological empowerment enables banks to correct distortions 
in credit allocation, reduce their dependence on collateral-based lending, and redirect 
financial resources toward manufacturing enterprises that are vital for high-quality na-
tional development. Based on this analysis, the following hypothesis is proposed: 

H2: FinTech adoption increases the proportion of manufacturing loans in a bank's 
portfolio, promoting the reallocation of credit to the real economy. 

4 Research Design 

4.1 Sample Selection and Data Sources 

This study utilizes a balanced panel dataset of 42 Chinese commercial banks for the 
period 2014–2024, resulting in 462 bank-year observations. The sample includes state-
owned commercial banks and joint-stock commercial banks. 

To ensure a focus on commercially-oriented domestic banking, policy banks and 
foreign-funded banks were excluded from the initial sample. Furthermore, any banks 
with fewer than five consecutive years of available data were removed. 
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The primary data were collected from the CSMAR Database. This information was 
supplemented and cross-referenced with data from the official websites of the sampled 
banks and the National Bureau of Statistics of China. Any missing values in the final 
dataset were handled using the interpolation method. 

4.2 Variable Design and Definitions 

The Dependent Variable. The primary dependent variable in this study is the Propor-
tion of Manufacturing Loans (LMR). While the existing literature often measures 
overall credit supply using metrics such as loan growth rates (Xiang & Zhou, 2022)[21], 
our focus is on the inter-industry structure of credit. The LMR is therefore selected 
as a proxy variable to specifically assess the degree to which bank lending supports the 
real economy. 

The variable is calculated as follows: 
Proportion of Manufacturing Loans = Total Value of Manufacturing Loans / To-

tal Value of All Loans 
The data for the total value of manufacturing loans were sourced from the China 

Research Data Service (CNRDS) Platform. Any missing data points were supple-
mented by the authors through manual collection and verification from the banks' an-
nual reports. 

4.3 The Explanatory Variable 

This study utilizes two primary explanatory variables: 
Level of Liquidity Hoarding (LH). Following the measurement approach of Berger 

et al. (2022)[22], this variable is used to capture the defensive strategy wherein com-
mercial banks excessively hold high-liquidity assets in response to uncertainty, rather 
than deploying them as loans or investments. This behavior can impede the bank's core 
functions of maturity transformation and liquidity creation. 

Level of FinTech (FT). To measure the degree of FinTech adoption at each bank, we 
construct a composite index based on textual analysis, following the methodology of 
Huang et al. (2023)[23]. The process involved using web-scraping techniques to collect 
bank annual reports from the CNINFO website. A comprehensive FinTech index was 
then created for each bank-year by analyzing the frequency and distribution of a prede-
fined set of FinTech-related keywords found within these reports. This index serves as 
the key variable representing a bank's level of technological advancement. 

Our explanatory variable, the FinTech index, was constructed using a keyword anal-
ysis based on the framework of Huang et al. We web-scraped bank annual reports from 
CNINFO, identifying approximately 50 keywords across 11 dimensions, as listed in 
Table 1. A composite index was then created using objective weighting methods, such 
as Principal Component Analysis (PCA). To ensure reliability and avoid bias, the in-
dex's robustness was validated against metrics like bank R&D spending. 



ity 

tion 

Internet & Mo-
bile Technology 

Internet, Internet Finance, Mobile Internet, Mobile Finance, Networked, Online 
Finance, Online 

Encryption & 
Security Technol- Data Encryption, Digital Signature, Digital Currency, Electronic Money 
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Table 1. FinTech Keyword Lexicon 

Dimension Keywords 
Artificial Intelli-

gence & Machine 
Learning 

Artificial Intelligence, Machine Learning, Deep Learning, Neural Network, Pat-
tern Recognition, Natural Language Processing, Knowledge Graph 

Biometric Tech- Facial Recognition, Biometrics, Voiceprint Recognition, Image Recognition, 
nology Face Scan Payment 

Virtual Reality 
& Augmented Real- Virtual Reality, Augmented Reality 

Big Data, Big Data Analytics, Big Data Services, Big Data Technology, Big Data Technol- Data Models, Big Data Mining, Data Warehouse, Data Technology, Data Mod-ogy & Big Data els, Data Mining, Data Governance, Data Center 
Financial Cloud, Trusted Computing, Cloud Migration, Private Cloud, Virtual-Cloud Compu- ization, Privacy Computing, Cloud-based, Cloud Services, Cloud Service Plat-ting & Virtualiza- form, Cloudification, Cloud Computing, Cloud Architecture, Cloud Platform, 

Cloud System, Cloud Disaster Recovery 
Distributed Distributed, Distributed Storage, Distributed Computing, Distributed Architec-

Technology ture, Distributed Database, Distributed Ledger, Blockchain 
FinTech, Digital Technology, Digitization, Digital Transformation, Digital Fi-

FinTech & Digi- nance, Digital Ecosystem, Smart Transformation, Intelligentization, Smart-type, 
tal Transformation Scenario-based, Scenario-based Finance, Platformization, Open Platform, Open 

Banking 
Smart Deposits, Smart Teller, Smart Finance, Smart Branch, Intelligent Credit, 

Banking & Fi- Smart Banking, Smart Marketing, Intelligent Finance, Intelligent Risk Control, 
nancial Services Digital Banking, Digital Credit Card, Digital Marketing, Direct Bank, Online 

Bank, Online Banking, Mobile Banking, E-banking 
Electronic Payment, Digital Payment, Barcode Payment, Mobile Payment, 

commerce merce, Electronic Channels, E-finance, Online Consumer Lending, Online 
Wealth Management, Online Financing 

Payment & E- Online Payment, E-banking, Mobile Payment, E-commerce, Mobile E-com-

ogy 
Quantum, Quantum Communication, Supply Chain, Internet of Things (IoT), Other Technolo- Application Programming Interface (API), Software Development Kit (SDK), gies & Applications Automation, Robotics 

This index is highly suitable for our study, where we use the EPU index as a control 
variable to examine how FinTech mitigates EPU's negative impact on credit supply. 
The keyword dimensions directly capture this mechanism: AI and big data enhance risk 
assessment to buffer EPU shocks; distributed technologies improve stability; and digi-
tal payment innovations increase the efficiency of credit delivery. As the index is based 
on local banking terminology, it has strong validity for empirical testing, enabling the 
analysis of heterogeneous effects and providing direct policy implications. 

Control Variables. This study includes the following control variables. At the micro 
(bank) level: Bank Size (SIZE), Return on Assets (ROA), Non-Performing Loan Ratio 
(NPL), Provision for Coverage Ratio (PFC), and Cost-to-Income Ratio (CIR). At the 
macroeconomic level: Economic Growth (GDP), the Inflation Rate (CPI), and the 



Micro-level Return on Assets ROA Net Income / Total 
Assets 

Macro-level 

Index of the province 

cated. 

 

The Impact of FinTech on Commercial Bank Credit Supply under …             11

Economic Policy Uncertainty (EPU) index. Detailed definitions and descriptions of all 
variables are provided in Table 2. 

Table 2. Variable Definitions and Descriptions 

Variable Variable Name Symbol Description 
(Total Loans to the 

facturing Loans LMR tor) / (Total Bank 
Loans) 

A bank-level FinTech 

Proportion of Manu- Manufacturing Sec-Dependent Variable 

Explanatory 

FinTech 
 
 

Fintech 
 

index constructed 
based on text mining 

of annual reports. 
Level of Liquidity 

Hoarding 

 
LHT Total bank liquidity 

hoarding / Total bank 
assets at year-end 

The natural logarithm 
Asset Size SIZE of the bank's total as-

sets. 

Cost-to-Income Ratio CIR Operating Costs / Op-
erating Income 

The Gross Domestic 

Economic Growth GDP index 
Product index of the 
province where the 

located. 
The Consumer Price 

bank's headquarters is 

Inflation Level CPI where the bank's 
headquarters is lo-

Economic Policy Un-
certainty Index EPU Monthly data for the 

EPU index. 

Control 
Variables 

 

Model Specification. To empirically investigate the impact of FinTech development 
on the lending behavior of commercial banks towards the manufacturing sector, this 
study constructs the following panel data model. Given that our dataset includes varia-
bles that may be time-invariant at the bank level, a fixed-effects model is employed to 
control for unobserved individual heterogeneity. The model is specified as follows: 

CREDJT𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐻𝐻𝑖𝑖𝑖𝑖 + 𝛽𝛽2L𝐻𝐻𝐹𝐹𝑖𝑖𝑖𝑖 + ∑ 𝛾𝛾𝑘𝑘𝐾𝐾
𝑘𝑘=1 𝐵𝐵𝐵𝐵𝐹𝐹𝐾𝐾𝑘𝑘𝑖𝑖𝑖𝑖 + ∑ 𝛿𝛿𝑘𝑘𝑀𝑀

𝑘𝑘=1 𝑀𝑀𝐵𝐵𝐹𝐹𝑀𝑀𝑂𝑂𝑚𝑚𝑖𝑖𝑖𝑖 + 𝑢𝑢𝑖𝑖 + 𝜆𝜆𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 (1) 

Where: 
The subscript 𝑖𝑖 denotes the individual bank, and the subscript 𝑡𝑡 represents the spe-

cific year. 
𝐿𝐿𝑀𝑀𝑀𝑀𝑖𝑖𝑖𝑖  is the dependent variable, representing the Proportion of Loans to the Manu-

facturing Sector for bank 𝑖𝑖 in year 𝑡𝑡. This serves as our primary proxy for the bank's 
credit allocation to the real economy. 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐻𝐻𝑖𝑖𝑖𝑖  is the core explanatory variable of interest, representing the Financial 

Technology Index for bank 𝑖𝑖 in year 𝑡𝑡. The coefficient 𝛽𝛽1 is of primary importance to 
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this study, as it captures the marginal effect of FinTech adoption on manufacturing 
loans. A positive and statistically significant 𝛽𝛽1 would lend support to Hypothesis 1. 
𝐿𝐿𝐻𝐻𝐹𝐹𝑖𝑖𝑖𝑖  represents the Level of Liquidity Hoarding for bank 𝑖𝑖 in year 𝑡𝑡. The coeffi-

cient 𝛽𝛽2 will be used to test the mechanism proposed in Hypothesis 2. 
𝐵𝐵𝐵𝐵𝐹𝐹𝐾𝐾𝑘𝑘𝑖𝑖𝑖𝑖 represents the vector of 𝑘𝑘 bank-level (micro-prudential) control variables 

for bank 𝑖𝑖 in year 𝑡𝑡, including metrics such as bank size, profitability (ROA), asset 
quality (NPL), provisioning (PFC), and operational efficiency (CIR). 
𝑀𝑀𝐵𝐵𝐹𝐹𝑀𝑀𝑂𝑂𝑚𝑚𝑖𝑖𝑖𝑖  represents the vector of m macroeconomic control variables relevant to 

bank 𝑖𝑖 in year 𝑡𝑡, which includes the GDP growth rate, the inflation rate (CPI), and the 
Economic Policy Uncertainty (EPU) index. 
𝑢𝑢𝑖𝑖 represents the individual fixed effects, which control for all time-invariant, unob-

served characteristics specific to each bank. 
𝜆𝜆𝑖𝑖 represents the time fixed effects, which control for all time-variant shocks that 

are common to all banks within a given year. 
𝜀𝜀𝑖𝑖𝑖𝑖  is the idiosyncratic random error term, which captures all other unobserved fac-

tors that may influence the dependent variable. 

5 Empirical Analysis 

5.1 Descriptive Statistics 

Table 3 presents the descriptive statistics. The Proportion of Manufacturing Loans 
(LMR) shows low variation and a symmetrical distribution. The Fintech index has 
fewer observations, due to varied annual report disclosure dates and text-mining limi-
tations, and is slightly left-skewed. Bank Size (SIZE) and Return on Assets (ROA) ex-
hibit significant variation and are symmetrically distributed. The Cost-to-Income Ratio 
(CIR) has low volatility and is also symmetrically distributed. For macroeconomic in-
dicators, the GDP index is right-skewed, while the CPI is stable and symmetrical. The 
EPU index, based on monthly data from 2014-2024, has a smaller number of observa-
tions and is slightly right-skewed. 

Table 3. Descriptive Statistics 

Variable Observations Mean Std.Dev. Median Min Max 
LMR 462 0.139 0.0901 0.1125 0.0358 0.6366 
LHT 462 0.1642 0.0811 0.1681 -0.2205 0.4134 

Fintech 462 4.7295 0.8265 4.8169 1.6094 6.5323 
SIZE 462 9.4493 1.7042 9.2417 6.4288 13.0985 
ROA 462 0.8254 0.1868 0.8165 0.2755 1.5678 
CIR 462 0.6001 0.0829 0.5893 0.3374 0.8731 

GDP index 462 5.8118 3.0177 4.2085 0.8815 11.0149 
CPI 462 101.6459 0.8448 101.7 99.7 103.4 
EPU 132 243.1461 122.5887 233.7873 58.5992 661.828 
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5.2 Benchmark Regression Analysis 

To validate hypotheses H1 and H2—that FinTech application expands the scale and 
structural share of manufacturing credit—this section conducts a baseline regression 
analysis using a fixed-effects model. To examine the impact of FinTech on the Propor-
tion of Manufacturing Loans (LMR), the model progressively introduces the FinTech 
variable (Fintech), the Level of Liquidity Hoarding (LHT), micro-level bank controls 
(SIZE, ROA, CIR), and macroeconomic controls (GDP index, CPI, EPU). 

We employ a stepwise regression to build three baseline models, allowing for the 
isolation of FinTech's marginal effect from other confounding variables. The empirical 
results are presented in Table 4. In Model (1), which includes only the Fintech variable, 
the coefficient is positive and significant at the 1% level, indicating a strong positive 
baseline effect. In Model (2), after adding the liquidity hoarding variable, the Fintech 
coefficient decreases slightly but remains significantly positive. Finally, Model (3) in-
corporates all bank-level and macroeconomic controls, increasing the model's adjusted 
R-squared to 0.6133 and yielding a robust F-statistic. 

Table 4. Benchmark Regression Analysis 

Variables LMR LMR LMR 
Fintech 

 
0.0417*** 
(0.0047) 

 
 

0.0087*** 
(0.0029) 

LHT 
 

 
 

0.2581*** 
(0.0503) 

0.5689** 
(0.2537) 

SIZE 
 

 
 

 
 

0.0272*** 
(0.0035) 

ROA 
 

 
 

 
 

0.0065 
(0.0291) 

CIR 
 

 
 

 
 

0.3016*** 
(0.0603) 

GDP index 
 

 
 

 
 

0.0053*** 
(0.0010) 

CPI 
 

 
 

 
 

0.0047 
(0.0010) 

EPU 
 

 
 

 
 

0.0628** 
(0.0595) 

-cons 
 

0.3360*** 
(0.0225) 

0.0966*** 
(0.0092) 

1.0545*** 
(0.3071) 

Individual fixed ef-
fects Yes Yes Yes 

Time fixed effects Yes Yes Yes 
N 462 462 132 
R2 0.1460 0.0540 0.6133 

FinTech has a robust positive effect on manufacturing credit by optimizing credit 
assessment and risk pricing. The Fintech coefficient stabilizes after the inclusion of 
controls, suggesting its transmission path is mediated by other bank-level and macroe-
conomic factors. Bank size, in particular, amplifies FinTech's impact, while efficient 



GDP index   0.0046*** 
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cost management expands lending capacity. Notably, the statistical insignificance of 
profitability (ROA), inflation (CPI), and EPU in the final model highlights the resili-
ence of the FinTech effect. This indicates that FinTech is a dominant driver of credit 
structure adjustment, remaining effective across multiple constraints. 

5.3 Robustness Test 

To address potential endogeneity, we conduct a robustness check by replacing our orig-
inal text-based FinTech index with an alternative measure: the bank digitalization index 
developed by Peking University (Zhai et al., 2023) [24]. The regression results in Table 
5 show that the coefficient for this new variable remains significantly positive after 
adding controls, and its effect is even more pronounced. This outcome is consistent 
with our baseline analysis, suggesting the results are robust and not driven by endoge-
neity. 

Table 5. Robustness Test 

Variables LMR LMR LMR 
ODI 0.0012*** 0.0011*** 0.0003*** 

 (0.0001) (0.0001) (0.0000) 
LHT  0.0922* 0.0002*** 

  (0.0474) (0.0000) 
SIZE   0.0227*** 

   (0.0036) 
ROA   0.0269 

   (0.0217) 
CIR   0.3173*** 

   (0.0553) 

   (0.0011) 
CPI   0.0001 

   (0.0029) 
EPU   0.0001 

   (0.000) 
-cons 0.2669*** 0.2448*** 0.6659** 

 0.111 (0.1591) (0.2957) 
Individual fixed effects Yes Yes Yes 

Time fixed effects Yes Yes Yes 
N 462 462 132 
R2 0.2419 0.2481 0.6372 

5.4 Heterogeneity Analysis 

To examine regional heterogeneity, we split the sample into Eastern, Central, and West-
ern regions based on bank registration location and conduct subgroup regressions. The 
results in Table 6 show the FinTech coefficient is positive and significant across all 
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three groups. The magnitude of the impact is strongest in the Eastern region (coefficient 
= 0.0409, p<0.01), followed by the Central (0.0232, p<0.05) and Western regions
(0.0218, p<0.1). 

The pronounced effect in the Eastern region is due to its strong industrial base and 
mature market systems, which facilitate FinTech integration. The impact is weaker in 
the Central region, where lagging infrastructure partly offsets FinTech's benefits, and 
most moderate in the West, where digital penetration and human capital constraints are 
more significant. The positive effect of bank size is significant in all regions, amplifying 
FinTech's impact. These findings confirm that FinTech's enhancement of manufactur-
ing credit is targeted and varies with regional economic conditions. 

Table 6. Heterogeneity Analysis 

Variables Eastern Central Eastern 
Fintech 0.0409*** 0.0232** 0.0218* 

 (0.0205) (0.1327) (0.0164) 
LHT 0.0838*** 0.5784*** 0.0219** 

 (0.0206) (0.01589) (0.0176) 
SIZE 0.1543*** 0.2516*** 0.1205*** 

 (0.0103) (0.0079) (0.0124) 
ROA -0.5129*** 0.1027* 0.3111*** 

 (0.1165) (0.0543) (0.1118) 
CIR -0.6108** 0.6012*** 0.1588 

 (0.2457) (0.1932) (0.2796) 
GDP index 0.0684*** 0.0089*** 0.0661*** 

 (0.0052) (0.0031) (0.0069) 
CPI 0.0534*** 0.0149 0.3294* 

 (0.0162) (0.0148) (0.0187) 
EPU 0.0127 0.0062 0.0189 

 (0.0212) (0.0152) (0.0194) 
-cons -0.6141*** 0.5916 0.4803* 

 (1.5951) (0.4485) (0.1845) 
Individual fixed effects Yes Yes Yes 

Time fixed effects Yes Yes Yes 
N 374 22 66 
R2 0.5431 0.1202 0.4318 

We also test for heterogeneity across bank ownership types, running subgroup re-
gressions for state-owned, joint-stock, city, and rural commercial banks. As detailed in 
Table 7, the FinTech coefficient is positive and significant for all categories. The mag-
nitude of the effect is strongest for joint-stock commercial banks, followed by rural and 
state-owned banks, and is weakest for city commercial banks. 

The moderate effect in state-owned banks is attributed to their large scale and regu-
latory focus on risk management. In contrast, joint-stock banks exhibit the strongest 
effect, leveraging their market agility to effectively use FinTech for credit assessment. 
The impact is weakest for city commercial banks, which are often constrained by a 
regional focus and limited resources, while for rural commercial banks, FinTech plays 



GDP index -0.0129 0.2597 0.0046 0.0486*** 

CPI 0.0604* 0.1208** 0.0442*** 0.0922 
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a key role in overcoming borrower information barriers. Notably, economic policy un-
certainty strengthens FinTech's marginal contribution across all bank types, highlight-
ing how its impact is shaped by institutional differences. 

Table 7. Heterogeneity Analysis by Bank Type 

Variable State-Owned Com-
mercial Banks 

Joint-Stock Com-
mercial Banks 

City Commercial 
Banks 

Rural Commer-
cial Banks 

Fintech 0.1113*** 0.2225*** 0.0321** 0.0503*** 
 (0.0252) (0.0563) (0.0141) (0.0166) 

LHT 1.2109*** 2.4219*** 0.1792** 0.0146** 
 (0.2883) (0.5902) (0.0113) (0.0179) 

SIZE 0.4731*** 0.9462*** 0.0187 0.0500*** 
 (0.0345) (0.0684) (0.0115) (0.0187) 

ROA -0.1255 0.2510 0.3123 0.2351 
 (0.1992) (0.4463) (0.3377) (0.3815) 

CIR 0.2052 0.4104 0.1685*** 0.8928*** 
 (0.6375) (1.2171) (0.0965) (0.1364) 

(0.0084) (0.0203) (0.0028) (0.0145) 

 0.0307 (0.0598) (0.0086) (0.0526) 
EPU 

 
0.0006*** 
(0.0001) 

0.0013*** 
(0.0004) 

0.0044*** 
(0.0009) 

0.0026** 
(0.0014) 

-cons 
 

10.4947 
3.0214*** 

24.9895 
(5.9643) 

2.3832*** 
(0.8876) 

1.5797*** 
(0.1863) 

Individual 
fixed effects Yes Yes Yes Yes 

Time fixed ef-
fects Yes Yes Yes Yes 

N 66 99 187 110 
R2 0.7997 0.8124 0.6552 0.2691 

To examine heterogeneity by bank scale, we divide the sample into national and 
regional commercial banks and perform subgroup regressions. The results in Table 8 
show that FinTech has a significant positive impact on manufacturing loans for national 
banks (p<0.01). For regional banks, however, the positive coefficient is not statistically 
significant. 

Table 8. Heterogeneity Analysis by Bank Scale 

Variable National Commercial Banks Regional Commercial Banks
Fintech 

 
0.0181*** 
(0.0115) 

0.0065** 
(0.0119) 

LHT 
 

0.1406*** 
(0.0896) 

0.1645** 
(0.0665) 

SIZE 
 

0.0059 
(0.0122) 

0.0392*** 
(0.009) 

ROA 0.1444*** 0.0808 
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(0.0226) (0.1199) 
CIR -2.1904*** -1.4954*** 

(0.1054) 0.0786 
GDP index 0.0264*** 0.001 

(0.0032) (0.0028) 
CPI 0.0688*** 0.0369*** 

(0.0091) (0.0073) 
EPU -0.4907 -0.8946 

(0.0006) (0.0003) 
-cons -5.1259 -1.7141*** 

0.9662 (0.0073) 
Individual fixed effects Yes Yes 

Time fixed effects Yes Yes 
N 165 297 
R2 0.8135 0.5266 

The significant positive effect for national banks is driven by their extensive reach 
and superior resources, which enable them to leverage FinTech for large-scale risk 
management and precise credit matching. In contrast, the insignificant result for re-
gional banks reflects their confinement to local markets and limited technological re-
sources, which hinder effective FinTech implementation. Bank scale also moderates 
the impact of macroeconomic uncertainty; large banks can use FinTech to sustain lend-
ing during shocks, whereas smaller banks tend to react to uncertainty by restricting 
credit. This underscores the critical role of scale heterogeneity in FinTech's impact 
mechanism. 

6 Conclusion, Recommendations, and Future Research 

6.1 Concluding Remarks 

This study concludes that FinTech significantly and positively impacts commercial 
bank credit supply, particularly amidst economic policy uncertainty. Our empirical re-
sults show a robust positive correlation between the FinTech level (Fintech) and the 
proportion of manufacturing loans (LMR), supporting hypotheses H1 and H2. This in-
dicates that FinTech helps expand manufacturing credit and increase its structural share, 
redirecting capital toward the real economy. The Fintech coefficient remains significant 
at the 1% level in baseline regressions, and robustness checks using an alternative dig-
italization index confirm the results are not driven by endogeneity. 

The analysis also reveals significant heterogeneity. The impact varies by region, with 
the effect being strongest in the West, followed by the East and Central areas. By own-
ership type, the effect is most pronounced for joint-stock banks (coefficient = 0.2225, 
p<0.01), followed by state-owned banks (0.1113, p<0.01), rural commercial banks
(0.0503, p<0.01), and city commercial banks (0.0321, p<0.01). By scale, the effect is 
significant for national banks (0.0181, p<0.01) but weaker for regional banks (0.0065, 
p<0.05). This research provides empirical evidence for banks pursuing digital
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transformation in uncertain times and offers policy insights on leveraging FinTech to 
support high-quality economic development. 

6.2 Policy Recommendations 

Commercial banks should proactively embrace FinTech, integrating tools like big data 
and blockchain to accelerate their digital transformation. This will enhance their risk 
tolerance, stabilize performance, and curb liquidity hoarding, enabling better service to 
the real economy. Technology should be leveraged to strategically reallocate credit 
from real estate and local government platforms toward the manufacturing sector.
While pursuing these advancements, banks must simultaneously strengthen risk con-
trols and liquidity monitoring to ensure sustainable progress. 

Regulators must develop a dynamic framework that keeps pace with financial inno-
vation. This includes accelerating the adoption of Regulatory Technology (RegTech)—
using AI and big data—for enhanced risk monitoring and real-time early warnings. 
Differentiated policies are needed to address the heterogeneity across bank scale and 
region. For example, tailored liquidity indicators for certain banks could encourage the 
use of technology to optimize capital allocation, making supervision more precise and 
effective. 

6.3 Limitations and Directions for Future Research 

While this study provides a comprehensive analysis, it is subject to several limitations 
that open promising avenues for future research.  

First, our measurement of financial technology, while robust and based on estab-
lished textual analysis methods, remains an aggregate proxy. Future research could ben-
efit from more granular, direct data on bank-level technology investments, such as spe-
cific IT expenditures, technology patent filings, or the adoption rates of specific digital 
platforms, to further dissect the impact of different technological components.  

Second, our analysis focuses specifically on the manufacturing sector. An important 
extension would be to investigate the impact of FinTech on credit allocation to other 
critical segments of the real economy, such as technology-focused Small and Medium-
Sized Enterprises (SMEs), green finance initiatives, or the agricultural sector.  

Third, while we have taken steps to address endogeneity through variable substitu-
tion, the potential for unobserved confounding variables can never be fully eliminated. 
Future studies could employ more advanced econometric techniques, such as instru-
mental variable (IV) approaches or dynamic panel models (e.g., GMM), to further
strengthen the causal inferences.  

Finally, this paper primarily investigates the liquidity hoarding channel. Future re-
search could explore other potential mediating pathways, such as the effect of FinTech 
on inter-bank competition, operational efficiency and cost structures, or internal
changes to a bank's organizational hierarchy and decision-making processes. 
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