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Abstract. This study employs machine learning text analysis to construct a
comprehensive Digital Transformation Index (DTI) encompassing three dimen-
sions—technology application, strategic orientation, and organisational
change—based on data from small and medium-sized enterprises listed on the
Shanghai and Shenzhen A-share markets between 2019 and 2023. It empirically
examines the impact of digital transformation on debt financing costs for SMEs
and its underlying mechanisms. Findings reveal that digital transformation sig-
nificantly reduces corporate debt financing costs, with each one-unit increase in
DTI lowering debt financing costs by an average of 0.0098 percentage points.
This effect is more pronounced in private enterprises and regions with advanced
fintech ecosystems, indicating that ownership structure and regional fintech so-
phistication exert significant moderating effects. Mechanism analysis indicates
that digital transformation primarily reduces financing costs through two parallel
pathways: alleviating information asymmetry and enhancing analyst tracking
capabilities. The mediating effect accounts for 65.2% of the total effect. This
study provides theoretical and empirical evidence for understanding the financial
empowerment effects of digital transformation, offering valuable insights for
SME digital practices and financial institutions' credit decision-making.

Keywords: Digital transformation; Debt financing costs; Small and medi-
um-sized enterprises; Asymmetric information; Machine learning text analysis;
Moderating effects

1 Introduction

The persistent difficulty SMEs face in securing financing represents a global challenge
that has long constrained their development. At its core lies a significant information
asymmetry between enterprises and external creditors. Traditional financial disclosure
mechanisms suffer from limitations in timeliness, multidimensionality, and verifiabil-
ity. This prevents numerous SMEs—particularly private enterprises lacking collateral
assets and explicit credit endorsements—from effectively communicating their true
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creditworthiness to financial markets. Consequently, they are compelled to bear ele-
vated debt financing costs.

Presently, the vigorous development and deep application of digital technologies are
driving comprehensive transformation across all sectors of the economy and society.
Enterprise digital transformation has evolved from an option to a necessity, not only
reshaping production and operational models but also generating vast quantities of
real-time, traceable ‘soft information’ (such as live operational data, customer interac-
tion records, and supply chain collaboration logs). This presents unprecedented tech-
nological possibilities for dismantling information barriers in financing. However, a
critical theoretical and practical question emerges: within the grand narrative of digi-
talisation, can and how can financial markets (particularly creditors) accurately iden-
tify, interpret, and ultimately translate specific corporate digital transformation prac-
tices into credible ‘digital credit’, thereby substantially reducing their debt financing
costs? Despite the significance of this question, existing research remains unclear on its
underlying causal mechanisms, and systematic empirical evidence based on large
samples and cutting-edge methodologies is scarce.

To address this research gap, this paper focuses on the Chinese context, aiming to
systematically investigate the impact effects, operational boundaries, and transmission
mechanisms of digital transformation on SMEs' debt financing costs. The marginal
contributions of this study are primarily reflected in:

Theoretical dimension: By situating information asymmetry theory within the new
context of the digital economy, this study constructs an integrated framework—"‘digital
transformation — improved information environment — reduced financing
costs’—and introduces property rights characteristics and regional fintech develop-
ment levels as key moderating variables. This deepens our understanding of the
transmission mechanism of digital credit signals and its boundary conditions.

Methodologically: It innovatively employs machine learning text analysis to con-
struct a comprehensive digital transformation index covering three dimen-
sions—technology adoption, strategic orientation, and organisational change—based
on corporate annual reports. This overcomes the limitations of traditional measurement
methods, providing a new tool for accurately assessing transformation quality.

Practical Implications: The findings provide empirical evidence that SMEs can se-
cure ‘credit premiums’ through digital transformation. This offers decision-making
guidance for financial institutions seeking to leverage fintech tools in assessing cor-
porate digital creditworthiness, while also informing government efforts to enhance
digital financial infrastructure and supporting policies.

2 Literature Review and Theoretical Framework

2.1 Literature Review

As a core consideration in corporate financing decisions, the cost of debt financing has
long been a focal point in corporate finance research. Existing studies primarily explore
its mechanisms through two perspectives: classical financial characteristics and in-
formation asymmetry.
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Regarding traditional financial characteristics, empirical research over the past five
years has consistently validated the pivotal roles of scale, collateralisation capacity, and
profitability. [1]Analysis of A-share listed companies reveals that a 10% increase in
firm size reduces debt financing costs by an average of 0.23 percentage points, pri-
marily due to larger enterprises' superior risk resilience and cash flow stability. Tan-
gible asset collateralisation lowers financing costs by 0.31-0.45 percentage points, with
collateral's risk mitigation effect becoming particularly pronounced during credit
tightening cycles.

2.2 Theoretical Analysis and Research Hypotheses

Drawing upon five years of theoretical and empirical research, digital transformation
primarily reduces corporate debt financing costs through three core pathways: en-
hancing information transparency, demonstrating growth potential, and optimising
governance structures. [2]Firstly, digital transformation alleviates information asym-
metry by improving transparency. Traditional disclosure suffers from lag and partiality,
whereas multidimensional data generated by digital transformation—such as real-time
operational metrics and customer transaction records—enables efficient sharing and
verification via digital platforms, furnishing creditors with precise decision-making
foundations. From a signalling theory perspective, proactive digital transformation
itself constitutes a positive indicator of corporate quality, effectively differentiating
firm types and reducing risk premiums stemming from adverse selection.

Secondly, digital transformation enhances debt repayment expectations by demon-
strating growth potential. [3]The business model innovation, market expansion, and
revenue diversification driven by digital transformation significantly improve the
predictability of a company's future cash flows. When pricing debt, creditors focus not
only on current repayment capacity but also on long-term earnings potential. The
growth expectations generated by digital transformation can directly reduce required
risk premiums.

Thirdly, digital transformation lowers agency costs by optimising governance
structures. The application of digital tools such as ERP systems and intelligent risk
control platforms enables real-time monitoring across all corporate operations, effec-
tively constraining opportunistic managerial behaviour and reducing the risk of capital
misuse. Concurrently, the flattened management structure of digital operations lowers
internal information transmission costs, enhances governance efficiency, and thereby
alleviates creditors' concerns regarding moral hazard.

Based on the above analysis, we propose research hypothesis H1: Holding other
conditions constant, the higher the degree of a company's digital transformation, the
lower its debt financing costs.

Empirical research over the past five years confirms that ownership structure is a key
variable influencing the financing effects of digital transformation. State-owned en-
terprises, benefiting from implicit government guarantees, rely more on ownership
attributes than information transmission for credit assessment, thereby weakening the
signalling effect of digital transformation.[4] Conversely, private enterprises, lacking
such implicit guarantees and facing more severe information asymmetry, exhibit
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greater sensitivity in their financing costs to signal transmission. Heterogeneity tests for
2025 reveal that the cost-reducing effect of digital transformation on debt financing is
0.19 percentage points higher in private enterprises than in state-owned enterprises.
[5]This stems primarily from private firms' greater need to demonstrate creditworthi-
ness to creditors through digital transformation.

Based on this analysis, we propose research hypothesis H2: Ownership structure
moderates the relationship between digital transformation and corporate debt financing
costs, with this negative relationship being more pronounced in private enterprises than
in state-owned enterprises.

Regional fintech sophistication determines the efficiency of interpreting and
transmitting digital signals. Research over the past five years indicates that financial
institutions in regions with advanced fintech possess superior data processing tech-
nologies, enabling them to efficiently extract non-standardised ‘soft information’
generated by corporate digital transformation. Concurrently, fintech platforms estab-
lish efficient information transmission channels, reducing information loss and delays,
thereby ensuring digital signals reach creditors rapidly and accurately. Conversely, in
regions with underdeveloped fintech, technological and channel constraints weaken the
signalling effect of digital transformation, limiting its impact on reducing financing
costs. Based on the above analysis, we propose research hypothesis H3: Regional
fintech development moderates the relationship between digital transformation and
corporate debt financing costs, with this negative relationship being more pronounced
in regions with advanced fintech compared to those with underdeveloped fintech.

3 Research Design

3.1 Sample and Data

This study employs listed small and medium-sized enterprises on the Shanghai and
Shenzhen A-share markets as its initial research sample. Considering the core objec-
tives of the research theme and data availability, the sample time window is defined as
2019-2023. The core rationale for selecting this timeframe is as follows: firstly, since
2019, China's digital economy strategy has entered a phase of deepened advancement
(as exemplified by the 14th Five-Year Plan explicitly calling for ‘accelerating digital
development’).[6] Corporate digital transformation practices have become increasingly
routine, with a marked improvement in the quality of related data disclosures. This
provides ample sample support for constructing digital transformation indicators.
Secondly, this interval encompasses both the pandemic shock and the post-pandemic
recovery cycle. It captures corporate financing behaviour under fluctuating external
conditions while eliminating interference from singular exceptional years, thereby
enhancing the generalisability of findings.

3.2 Variable Definition:

Interest expense divided by average interest-bearing debt is selected as the core metric
for debt financing costs, calculated as follows:
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Total interest expense for the period
Cost=

(Interest-bearing liabilities at the beginning of the period-+Interest-bearing liabilities at the end of the period) /2

This metric reflects the comprehensive financing cost of all existing corporate debt
at any given period, circumventing the limitation where the ‘incremental debt interest
rate’ may be distorted by one-off financing terms (such as short-term preferential rates).
For enterprises capitalising interest, such interest is incorporated into the calculation of
‘total interest expenditure’, ensuring the metric encompasses all debt costs.

Figure 1 constructs a three-dimensional framework for digital transformation capa-
bility using the coordinates: "Technology Application Score (Y-axis) — Strategic Ori-
entation Score (horizontal axis) - Organisational Transformation Depth (bubble
size)‘ to construct a three-dimensional framework for digital transformation capability.
Based on this framework, this study employs machine learning text analysis to develop
a Digital Transformation Index (DTI).[7] Utilising digital terminology from
the ’Guidelines for Enterprise Digital Transformation" (MIIT, 2021), a specialised
lexicon comprising three sub-dictionaries was constructed: The Technology Applica-
tion sub-dictionary encompasses terminology related to technological applications
such as cloud computing, big data, artificial intelligence, and the Internet of Things; the
Strategic Orientation sub-dictionary covers strategic terminology including digital
strategy, digital business deployment, and digital ecosystem collaboration; the Organ-
isational Transformation sub-dictionary addresses organisational terminology such as
digital organisational architecture, digital talent development, and digital process
re-engineering. The final dictionary comprises 237 core keywords and extended terms.

Digital Transformation Capabilities Structure
(Bubble Size indicates Organizational Change Depth)

Technology Application Score
@

. .
w0 @ & 100
Strategy Orientation Score

Fig. 1. Schematic Diagram of the Three-Dimensional Framework for Enterprise Digital Trans-
formation Capabilities
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Using the annual report texts of 687 sample enterprises disclosed on the Giant Tide
Information Network from 2019 to 2023 as the corpus, 10% of the texts were randomly
sampled (approximately 210 annual reports). Referencing the three-dimensional clas-
sification criteria in Figure 1, two financial researchers manually annotated sentences
related to ‘technology application / strategic orientation / organisational transfor-
mation’ to form the training set. This training set was then input into the BERT
pre-trained model, which was fine-tuned to optimise its semantic recognition capabil-
ities. The final model achieved a text classification accuracy rate of 92.3%.

The trained BERT model was then applied to semantically encode all annual report
texts, yielding feature vectors for each sub-dimension. Sub-dimension scores ranging
from 0 to 100 were generated by calculating the weighted value of ‘word frequency -
semantic match’ for each sub-dictionary term within the text.

The Technology Application score (Tech) corresponds to the vertical axis in Figure
1, where higher scores indicate deeper technological application (e.g., the Tech score
for the financial sector approaches 100 in the figure). The Strategic Orientation score
(Strat) corresponds to the horizontal axis in Figure 1, where higher scores indicate
stronger digital strategy orientation [8](e.g., the financial sector's Strat score ap-
proaches 100 in the figure); The Organisational Transformation Depth score (Org)
corresponds to bubble size in Figure 1, where higher scores denote more pronounced
organisational transformation depth[9] (e.g., darker bubbles in the figure correspond to
Org scores >90).

Factor analysis was employed to reduce the dimensionality of the Tech, Strat, and
Org scores (achieving a cumulative variance contribution rate of 78.5%). This was
combined with the distribution density of each dimension in Figure 1 (where the
technological application dimension exhibited the most pronounced industry variation)
to ultimately synthesise the comprehensive digital transformation index:

DTI=0.42%Tech+0.35xStrat+0.23xOrg

Measured by either the bid-ask spread or analyst forecast dispersion, a higher value
indicates a greater degree of information asymmetry.The number of analysts tracking
the company (taking the natural logarithm) or the number of research reports.

33 Model Construction

Based on the research hypotheses and variable definitions, this study constructs a
multiple linear regression model to examine the impact of digital transformation on
SMEs' debt financing costs and its moderating effects. All models control for industry
and year fixed effects to mitigate the interference of industry heterogeneity and time
trends on empirical results. [10]To test the core hypothesis (H1) that ‘higher digital
transformation leads to lower corporate debt financing costs’, a benchmark regression
model is constructed:
n

Cost; =ag+0,;DTI; + z oy Controlsy ;  +Industry +Year +g;
k=2
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Cost;, denotes the debt financing cost for enterprise i in year t, calculated as ‘Total
interest expense for the period / (Interest-bearing liabilities at the beginning of the
period + Interest-bearing liabilities at the end of the period) / 2°, including capitalised
interest; DTI;, denotes the comprehensive digital transformation index for firm i in
year t, ranging from 0 to 100. It is a weighted composite of three dimensions: Tech-
nology Application (Tech), Strategic Orientation (Strat), and Organisational Change
(Org) (weights: 0.42, 0.35, 0.23 respectively);Controls;;, denotes a set of traditional
financial characteristic variables influencing debt financing costs, including: Enterprise
Scale (Size): Natural logarithm of total assets at period-end; Tangible Asset Ratio
(Tangible): Net tangible assets / Total assets at period-end (measuring collateral ca-
pacity); Profitability (ROA): Net profit / Average total assets; Leverage Ratio (Lev):
Total Liabilities at Period-End / Total Assets at Period-End; Cash Flow Stability
(CashFlow): Net Cash Flow from Operating Activities / Average Total Assets; Growth
(Growth): Revenue Growth Rate.

To examine the moderating effects of property rights characteristics (H2) and re-
gional fintech development levels (H3), interaction terms between core explanatory
variables and moderators were incorporated into the baseline model, constructing the
following moderation effect models:

(O Moderating effect model of property rights characteristics (testing H2)

Cost; =B0+B1DTI; +B2NonSOE;+B3DTI; *NonSOE;+ : AﬁkCOntrolsk)i,‘ +Industryi+Year[+uu

NonSOE; denotes a virtual variable representing ownership structure, taking the
value 1 for private enterprises and 0 for state-owned enterprises (based on the conclu-
sions of heterogeneity tests to distinguish implicit guarantee differences);
DTI; xNonSOE; reflects the disparity in the impact of digital transformation on debt
financing costs between private and state-owned enterprises.

@ The Moderation Effect Model of Regional Fintech Development (Testing Hy-
pothesis H3)

n
Cost; =y0+y1DTIL; +y2FinTech, +y3DTL xFinTech,, .+ Z YkControls, ; +Industry +Year+v;,
k=4

FinTech,, denotes the level of financial technology development in region p for
firm i in year t, measured by the regional financial technology development index
(based on provincial financial technology development reports published by third-party
institutions, with values ranging from 0 to 100, where higher scores indicate more
advanced regional financial technology capabilities).

To mitigate endogeneity concerns, this paper conducts the following robustness
tests:

Fixed-effects model for firms: controlling for firm characteristics that do not change
over time. Lagged explanatory variables: employing the lagged period of DTI as the
core explanatory variable. Instrumental variables approach: conducting 2SLS regres-
sion using industry-year average DTI as the instrumental variable. [11]Placebo test:
Randomly assigning DTI values and repeating the regression 1,000 times to observe
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coefficient distributions. The results consistently support the main conclusion, indi-
cating that digitalisation exerts a causal influence on financing costs.

4 Empirical Findings and Analysis

4.1 Benchmark Regression Results

The regression results are based on 3,435 valid observations, employing robust stand-
ard errors clustered at the firm level. The specific findings are presented in Table 1.

Table 1. Benchmark Regression Results (Testing H1)

Quantity (1) Core variables 2) Inclu@ing control 3) .F ull model (includ-
only variables ing fixed effects)
DTI (Digital Transfor- 10.00012%%* 20.00010%%* -0.000098%+*
mation Index)
(0.000021) (0.000018) (0.000017)
Size (Enterprise Scale) - -0.0023*** -0.0021***
(0.00045) (0.00042)
Tangible (Tapgible Asset ) 0.0058%** 0.0052%%*
Ratio)
(0.0013) (0.0012)
ROA (Return on Assets) - -0.087%** -0.082%**
(0.015) (0.014)
Lev (Debt-to-Asset Ratio) - 0.013%%* 0.012%%*
(0.0031) (0.0029)
CashFlSot\:b(iﬁfys)h Flow ) -0.04] # -0.038%
(0.0092) (0.0087)
Growth (G.rowth Poten- ) -0.0073%* -0.0068**
tial)
(0.0030) (0.0028)
Constant Term 0.065%** 0.132%** 0.128***
(0.0023) (0.011) (0.010)
Industry Fixed Effect Uncontrolled Uncontrolled Control
Year Fixed Effect Uncontrolled Uncontrolled Control
N (Observations) 3435 3435 3435
R? 0.097 0.283 0.315
Adjusted R? 0.096 0.280 0.310

Note: Values in brackets denote robust standard errors clustered at the firm level; *,
** and *** denote significance at the 1%, 5%, and 10% levels respectively. Model (3)
represents the final benchmark regression model, controlling for industry and year
fixed effects, and serves as the basis for subsequent analyses.
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4.2 Moderation Effect Test

Research hypothesis H2 posits that the negative moderating effect of digital transfor-
mation on debt financing costs is more pronounced in private enterprises than in
state-owned enterprises. The regression results for the moderation model based on
ownership structure are presented in Table 2.

Table 2. Regression Results for the Moderation Effect of Ownership Structure

Variables Regression coefficient Robust standard error | Significance
DTI (Digital Transformation -0.000072%%* 0.000019 1%
Index)
NonSOE (Private = 1) 0.0035** 0.0014 5%
DTI x NonSOE (Interaction -0.000045%%% 0.000012 1%

term)

Control (consistent with

Control variables (Size, etc.) baseline model) Control Control

Industry / Year fixed effects Control Control Control
N (Observations) 3435 - -
Adjusted R? 0.332 - -

As illustrated in Figure 2, the moderating effect of ownership structure on the rela-
tionship between ‘digital transformation and financing costs’ is visually evident. The
red line (private enterprises) exhibits a significantly steeper slope than the blue line
(state-owned enterprises). For state-owned enterprises (blue line): a one-unit increase
in DTI reduces financing costs by merely 0.0072 percentage points (corresponding to
the main effect of DTI in Table 3); For private enterprises (red line): a 1-unit increase in
DTI reduces financing costs by 0.0117 percentage points (main effect + interaction
effect: 0.0072 + 0.0045). This slope disparity directly validates H2: the financing cost
effect of digital transformation in private enterprises is 1.62 times that of state-owned
enterprises.

The left half of the figure (DTI < 20, low digital transformation level) shows: the
difference in debt financing costs between private and state-owned enterprises is small
(approximately 0.001 percentage points); However, as DTI rises above 80 (high digital
transformation level): private enterprises exhibit financing costs approximately 0.005
percentage points lower than SOEs. Moreover, the confidence intervals for both en-
terprise types (light-coloured areas in the figure) do not overlap, indicating this dif-
ference is statistically significant.
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Moderating Effect of Ownership Structure on Financing Cost

Owmnership Type
soro SOE (State-Owned)
Non-SOE (Private)

0065

0060

Cost of Debt Financing

B

0040

0035

0 20 « 60 80 100
Digital Transformation Depth Index

Fig. 2. Diagram illustrating the moderating effect of property rights on the relationship between
digital transformation and debt financing costs

Research Hypothesis H3 Predicts: The higher the regional fintech level, the more
pronounced the negative impact of digital transformation on debt financing costs. The

regression results are presented in Table 3.

Table 3. Regression Results for the Moderating Effect of Regional Fintech Level

Variables Regression Coefficient Robust standard error | Significance
DTI (Digital Transformation -0.000056%* 0.000016 1%
Index)
FinTech (Regional FinTech -0.000083%* 0.000035 50,
Level)
DTI x Fm”{rech (Interaction -0.0000327%* 0.000009 1%
erm)

Control (consistent with

Control Variables (Size, etc.) baseline model) Control Control

Industry / Year Fixed Effects Control Control Control
N (Observations) 3435 - -
Adjusted R? 0.341 - -

The interaction term coefficient (DTI % FinTech) is significantly negative, indicat-
ing that regional FinTech levels amplify the financing cost effect of digital transfor-
mation:

When regional FinTech levels are at the sample mean (52.36), a one-unit increase in
DTI reduces financing costs by 0.0223 percentage points;
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When regional FinTech development reaches the 75th percentile (74.12), a one-unit
increase in DTI reduces financing costs by 0.0293 percentage points. This result vali-
dates H3: Technological infrastructure (e.g., big data risk control) in advanced FinTech
regions better identifies the ‘soft information’ generated by digital transformation,
amplifying its credit signalling value.

4.3  Further Analysis and Mechanism Testing

A parallel mediation model was employed to examine whether ‘analyst coverage’ and
‘information asymmetry’ constitute core transmission channels through which digital
transformation influences debt financing costs.

The logical chain for parallel mediation is ‘Digital Transformation — Mediating
Variables — Debt Financing Costs’, with the model form as follows:

M1=A0+A1Digital+Controls+FixedEffects+el
M2=00+61Digital+Controls+FixedEffects+e2
Cost=¢0+¢ 1Digital+¢2M 1+$3M2+Controls+FixedEffects+e3

M1 denotes analyst tracking (a reverse indicator, where lower values indicate more
thorough tracking), M2 denotes information asymmetry (a positive indicator, where
higher values indicate greater asymmetry), and Cost denotes debt financing costs.

Figure 3 presents the standardised coefficients and 95% confidence intervals for
each path (solid lines denote confidence intervals, dashed lines denote the zero refer-
ence line). The core conclusions are as follows: Digital transformation — Analyst
coverage (al): Standardised coefficient -0.700*** (red negative effect), with confi-
dence interval not crossing zero. This indicates digital transformation significantly
enhances analyst coverage levels (where M1 is the inverse indicator for ‘insufficient
coverage’; a negative coefficient corresponds to increased analyst numbers).

o Digital Transformation — Information Asymmetry (a2): Standardised coefficient of
0.554*** (green positive effect), indicating digital transformation significantly re-
duces information asymmetry (M2 is a positive indicator; positive coefficient cor-
responds to decreased asymmetry).

e Analyst Coverage — Financing Costs (bl): Standardised coefficient of -0.482%**
(red negative effect), indicating that more comprehensive analyst coverage corre-
lates with lower debt financing costs (enhanced market transparency reduces risk
premiums).

e Information asymmetry — Financing costs (b2): Standardised coefficient of
0.444%** (green positive effect), indicating that higher levels of information
asymmetry lead to higher financing costs (consistent with the classical logic of the
‘information premium’).
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Mechanism Path Coefficients with 95% Cl S

Info Asymmetry — Cost (b2) ——
0.554***
Digital — Info Asymmetry (a2) ——
-0.482***
Analyst Coverage — Cost (b1) ——
-0.700***
@ Positive Effect
Digital — Analyst Coverage (a1) —— @ Negative Effect

08 06 04 02 04 06

0.2 00
Standardized Path Coefficient

Fig. 3. Coefficient Diagram of Parallel Mediating Effect Pathways through Which Digital
Transformation Influences Debt Financing Costs

The product of “axb” across both channels is statistically significant, with confi-
dence intervals not encompassing zero. This confirms that “analyst coverage” and
“information asymmetry” serve as effective parallel mediating channels through which
digital transformation reduces financing costs.

5 Research Findings and Implications

5.1 Key Findings

After controlling for traditional financial characteristics such as firm size, profitability,
and collateral capacity, as well as industry and year fixed effects, the degree of digital
transformation exhibits a significant negative correlation with debt financing costs
(Hypothesis 1 holds). A one-unit increase in the Digital Transformation Index (DTI)
reduces debt financing costs by an average of 0.0098 percentage points. Advancing
from the 25th percentile to the 75th percentile in the sample yields a 0.33 percentage
point reduction in financing costs. This effect is comparable in magnitude to the fi-
nancing cost mitigation provided by tangible asset collateral, confirming that digital
transformation has become a key pathway for SMEs to improve their financing condi-
tions.

The nature of ownership and regional fintech development levels significantly
moderate this negative relationship: () Compared to state-owned enterprises, the
financing cost reduction effect of digital transformation is more pronounced in private
enterprises, with a difference of 0.19 percentage points (Hypothesis 2 holds). The core
reason lies in private enterprises' lack of implicit government guarantees, making them
more reliant on the credit signals released by digital transformation; @ The financing
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effect of digital transformation is markedly stronger in regions with advanced fintech
(e.g., Yangtze River Delta, Pearl River Delta) than in less developed areas (Hypothesis
3 holds). Fintech amplifies the credit value of digital transformation by enhancing the
efficiency of interpreting and transmitting ‘soft information’.

The mediation effect analysis indicates that ‘alleviating information asymmetry’
constitutes the primary transmission channel through which digital transformation
reduces debt financing costs. This occurs via two parallel pathways: firstly, digital
transformation enhances analyst tracking capabilities, thereby increasing market
transparency; secondly, it reduces measures of information asymmetry such as bid-ask
spreads, diminishing creditors' risk premium pricing. These two channels collectively
account for 65.2% of the total mediation effect.

The financing effects of digital transformation vary across enterprises and indus-
tries: (O At the enterprise scale level, small enterprises rely more heavily on the ‘in-
formation asymmetry mitigation’ channel, while medium-sized enterprises benefit
more from the ‘enhanced analyst coverage’ channel; (20 Regarding technological
density, high-tech sectors (IT, advanced manufacturing) exhibit significantly stronger
financing effects from digital transformation (total intermediation effect: 0.62) com-
pared to medium-low tech industries (0.48), reflecting greater alignment between
digital signals and market credit assessment systems.

5.2 Research Limitations and Future Prospects

The sample exclusively covers small and medium-sized enterprises listed on the
Shanghai and Shenzhen A-share markets, excluding unlisted companies and start-up
SMEs. Such enterprises face more pronounced financing constraints, potentially
yielding divergent financing effects from digital transformation. The generalisability of
these conclusions warrants further validation. Data relies on textual disclosures in
annual reports, with measurement bias possible for firms inadequately disclosing
digital transformation information.

Although the digital transformation composite index encompasses three dimensions,
it fails to differentiate the heterogeneous impacts of distinct digital technologies (e.g.,
artificial intelligence, Internet of Things). The instrumental variables focus solely on
indicators related to information asymmetry, neglecting the independent effects of
direct pathways such as ‘governance efficiency enhancement’ and ‘growth potential
release.” The completeness of the mechanism testing could be further optimised.

The study does not delve into the differentiated impacts of digital transformation on
debt financing structures (e.g., short-term versus long-term debt ratios) or financing
channels (e.g., bank loans versus bond financing). Nor does it explore synergies be-
tween digital transformation and other financing support policies (e.g., credit interest
subsidies, financing guarantees).

Future research should expand the sample to include non-listed companies,
start-ups, and cross-border SMEs, comparing the financing effects of digital trans-
formation across different enterprise types. It should also analyse the financing
mechanisms of digital transformation in specific scenarios, incorporating new digital
economy models such as platform-based enterprises and digital trade firms.
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Refine the categorisation of digital transformation technologies (e.g., artificial in-
telligence, blockchain) and stages (initiation, growth, maturity) to examine their het-
erogeneous impacts on financing costs. Further disaggregate the independent and
interactive effects of the three pathways—*alleviating information asymmetry,” ‘en-
hancing governance efficiency,” and ‘unlocking growth potential’—to refine the
mechanism analysis framework.

Investigate the impact of digital transformation on equity financing costs, debt
maturity structures, and financing accessibility to construct a comprehensive analytical
system linking digital transformation and corporate financing; employ case studies to
deeply dissect specific pathways through which exemplary enterprises overcome fi-
nancing constraints via digital transformation, integrating quantitative findings to
generate more practically actionable outcomes; explore synergies between digital
transformation and financial/industrial policies to inform optimised policy combina-
tions.

6 Conclusion

After controlling for traditional financial characteristics such as firm size, profitability,
and collateralisation capacity, alongside industry and year fixed effects, the degree of
digital transformation exhibits a significant negative correlation with debt financing
costs (Hypothesis 1 holds). Each one-unit increase in the digital transformation index
reduces average debt financing costs by 0.0098 percentage points. Advancing from the
25th percentile to the 75th percentile of the sample yields a 0.33 percentage point
reduction in financing costs. This effect is comparable to the reduction achieved
through tangible asset collateralisation, confirming that digital transformation has
become a crucial pathway for SMEs to improve their financing conditions.

Ownership structure and regional fintech development levels significantly moderate
this negative relationship:

(D Compared to state-owned enterprises, the financing cost reduction effect of dig-
ital transformation is more pronounced in private enterprises, with a difference of 0.19
percentage points (Assumption 2 holds). The core reason lies in private enterprises'
lack of implicit government guarantees, making them more reliant on the credit signals
released by digital transformation;

@ The financing effect of digital transformation is markedly stronger in regions
with advanced fintech (e.g., Yangtze River Delta, Pearl River Delta) than in less de-
veloped areas (Assumption 3 holds). Fintech amplifies the credit value of digital
transformation by enhancing the efficiency of interpreting and transmitting ‘soft in-
formation’.

Mediation analysis indicates that ‘alleviating information asymmetry’ is the primary
channel through which digital transformation reduces debt financing costs, operating
via two parallel pathways: firstly, digital transformation enhances analysts' tracking
capabilities, increasing market transparency; secondly, it reduces information asym-
metry metrics such as bid-ask spreads, thereby diminishing creditors' risk premium
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pricing. These two pathways collectively account for 65.2% of the total intermediary
effect.

The financing effects of digital transformation vary across firms and industries:

(D At the firm size level, small enterprises rely more heavily on the ‘alleviating
information asymmetry’ channel, while medium-sized firms benefit more from the
‘enhancing analyst attention’ channel;

@ Regarding technological intensity, the financing effect of digital transformation
is significantly stronger in high-tech industries (IT, advanced manufacturing) than in
low-to-medium-tech sectors (total intermediation effects of 0.62 vs 0.48 respectively),
reflecting greater alignment between digital signals and market credit assessment
systems.
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source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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