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Abstract. Digital transformation strongly drives enterprises’ high-quality de-
velopment. This study takes 2017-2023 Chinese A-share listed firms on
Shanghai and Shenzhen exchanges as samples, using a fixed-effects model to
empirically test how digital transformation affects such development. Results
confirm digital transformation has a marked positive impact on enterprises’
high-quality growth—this conclusion remains robust after stability and en-
dogeneity tests. Moreover, a micro-level analysis of heterogeneity reveals that
this facilitative impact is more distinct among large firms, industries outside
high-tech sectors, and manufacturing fields.
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1 Introduction

With the fast evolution of information technologies, the worldwide trend of digital
transformation has grown into an irreversible force. In such a context, boosting
high-quality development and strengthening the core competitiveness of the manu-
facturing sector have become essential tasks in the course of China’s economic re-
structuring and upgrading [1]. As noted in the report of the 19th National Congress of
the Communist Party of China, “China’s economy has moved from a phase of
high-speed expansion to a stage of high-quality growth”—a statement that positions
high-quality development as a key requirement for social and economic advance-
ment. Since the 14th Five-Year Plan explicitly called for "accelerating digital devel-
opment and building a Digital China," digital transformation has risen to the level of a
national strategy, becoming a pivotal force in driving industrial transformation and
propelling high-quality economic growth. In recent years, China's digital economy has
flourished, with new-generation information technologies such as 5G, cloud compu-
ting, and blockchain accelerating their integration with the real economy. The digital-
isation of industries has significantly accelerated, establishing the digital economy as a
vital pillar for developing new productive forces [2]. Research from the China
Academy of Information and Communications Technology (CAICT) indicates that in
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2023, China's digital economy accounted for 42.8% of GDP, with its growth contrib-
uting 66.45% to overall GDP expansion[3]. This dynamic sector has injected vitality
into China's high-quality economic development. Enterprises constitute the core mi-
cro-level entities within the economic market, with their vitality directly impacting
macroeconomic performance. Given this, this paper intends to conduct an empirical
analysis of the connection between digital transformation and enterprises’ high-quality
development, utilising unbalanced panel data from Chinese A-share listed companies
on the Shanghai and Shenzhen stock exchanges between 2017 and 2023 as the research
sample.

2 Literature Review and Theoretical Hypotheses

Digital transformation refers to the systematic transformation of an enterprise's busi-
ness processes, organisational structure, business model, and even corporate culture
through the full utilisation of information technology and digital tools within the digital
economy context. Essentially, it involves empowering the enterprise's production,
operations, and management processes with digital technology [4]. Existing scholarly
research indicates that corporate digital transformation significantly promotes
high-quality economic development. Corporate digital transformation entails em-
ploying digital technologies to alter existing industrial models, innovate production and
operational modes, and advance business high-quality development [5]. From a factor
perspective, digital transformation facilitates factor restructuring. By empowering
production through digital technologies, it enhances resource utilisation efficiency [6].
Digital transformation also upgrades human capital. Enterprises enhance workforce
quality by cultivating employees' digital competencies and recruiting high-calibre
talent [7], thereby strengthening the talent foundation for high-quality development.
From an innovation perspective, enterprises can leverage digital technologies to rein-
force positive market expectations, secure greater financial institution support, alleviate
financing constraints [8], attract richer resources, and accelerate information acquisi-
tion and integration. This not only bolsters enterprises' own innovation capabilities,
enabling product and service upgrades [9] and accelerating the implementation of new
technologies, but also facilitates technological collaboration through resource sharing.
This, in turn, speeds up research and development and enhances innovation strength
[10] From an industrial structure perspective, digital transformation profoundly im-
pacts the optimisation and upgrading of industrial structures. Digital technologies can
reshape value chains and drive the transformation and upgrading of traditional indus-
tries [11]. In summary, enterprise digitalisation can enhance corporate strength in
multiple dimensions, promote business development, and consequently drive
high-quality, high-level development across the entire economy. The present study
advances the following hypothesis: digital transformation can boost the high-quality
growth of enterprises.
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3 Data Preparation and Model Construction

3.1 Data Sources and Sample

This research takes 2017-2023 A-share listed firms on Shanghai and Shenzhen markets
as its study sample. Data sources include the Guotai An database (CSMAR), Wind
database, and annual financial reports of listed companies. To ensure the reliability of
research conclusions, the data underwent the following processing in accordance with
existing studies: (1) Exclusion of financial enterprises; (2) Exclusion of samples des-
ignated as ST, *ST, or SST; (3) Removed the samples that contained missing values;
(4) Continuous variables underwent trimming at the 1% and 99% tail levels. This
yielded a final dataset of 24,475 valid samples.

3.2 Variables

3.2.1 Dependent Variable.

The dependent variable in this study is high-quality corporate development. Total
Factor Productivity (TFP)has been widely employed as a proxy for measuring
high-quality development levels. This study employs the LP method to measure TFP
and calculate specific values.

3.2.2 Independent Variables.

The core explanatory variable in this study is the level of digital transformation
within enterprises. Following the methodology of [12], a digital transformation index
for enterprises is constructed using word frequency analysis. First, annual reports of
A-share listed companies serve as the research text. Python web scraping technology
and the Java PDFbox library are employed to extract annual report data and text.
Matching and frequency statistics were then conducted across 76 feature words span-
ning five dimensions. Finally, the frequencies corresponding to each keyword were
totaled to get the overall word frequency. To tackle the typical right-skewed data
distribution, the overall word frequency underwent log transformation.

Table 1. Variable construction

Variables Variable symbol | Definitions
Dependent variable TFP LP TFP measured by the LP method
Explanatory variable | DCG Calculate via text analysis method
Control variable Size Ln (total assets)
Age Ln (current year - year of company listing +1)
Lev Total liabilities / total assets
ROA Net profit / total assets
ATO Net sales / average total assets
Fixed Fixed assets / total assets
Topl Shareholding Ratio of the Largest Shareholder
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3.2.3 Control Variables.

To control for key variables potentially influencing TFP at the corporate level, the
following control variables were selected based on existing research: Firm Size (Size),
Firm Age (Age), Debt-to-Asset Ratio (Lev), Return on Assets (ROA), Asset Turnover
Ratio (ATO), Fixed Asset Ratio (Fixed), and Shareholding Concentration (Topl).
Detailed variable construction is presented in Table 1.

3.3  Empirical Model

Based on the aforementioned variables, this paper constructs the following benchmark
regression model to test our hypotheses:

TFP; =a, +0, DCG;+a,Control; +y +industry, +&;; (1)

where TFP,; denotes the total factor productivity of firm i in year t,DCG;, repre-
sents the digital transformation level of firm i in year t,a is the parameter to be esti-
mated, Control denotes control variables, y is the time fixed effect, industry is the
industry fixed effect, ande is the random error term.

4 Empirical Results

4.1 Descriptive Statistics

Table 2 presents descriptive statistics for the variables employed in this study. The
sample comprises 24,475 observations.

Table 2. Decriptive statistics

VARIABLES (DN (2)mean (3)sd (4)min (5)max
TFP LP 24,475 8.987 1.120 5.746 13.49
DCG 24,475 0.334 1.419 0 5.318
Size 24,475 0.888 1.318 20.00 26.44
Lev 24,475 22.28 0.201 0.0626 0.912
ROA 24,475 0.425 0.0718 -0.266 0.224
ATO 24,475 2.202 0.411 0.0762 2.550
Fixed 24,475 0.0354 0.145 0.00190 0.643
Topl 24,475 0.625 0.145 0.0826 0.724
Age 24,475 0.204 0.815 0.693 3.401

4.2  Correlation Analysis

The results of the correlation analysis are presented in Table 3. The explained variable
TFP_LP exhibits a significant positive correlation with the core explanatory variable
DCG. This indicates that enterprises with higher levels of digital transformation typi-
cally demonstrate higher total factor productivity.
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Table 3. Results of correlation analysis

TFP_LP DCG Size Lev ROA ATO Fixed Topl Age
DCG | 0.099*** 1.000
Size 0.829%*** 0.029%** 1.000

Lev 0.457*** -0.013** 0.476*** 1.000
ROA 0.162%** -0.065*** | 0.063*** | -0.353%** 1.000

ATO 0.538*** 0.045%** 0.084*** | 0.143%** 0.210%** 1.000
Fixed | -0.074*** | -0.293*** | 0.091*** | 0.048*** -0.009 0.021*+** 1.000
Topl 0.167*** -0.110%** | 0.172%** | 0.008 0.182%** 0.075*** | 0.074*** | 1.000

Age 0.365%** -0.050%** | 0.458*** | (.337*** -0.184*** | 0.019%** | 0.084*** | -0.070*** | 1.000

4.3  Analysis of Benchmark Regression Results

Based on the model constructed earlier, we examined the relationship between digital
transformation and total factor productivity, with results presented in Table 4. Table
4(1) displays regression results incorporating only core explanatory variables. Findings
indicate that the regression coefficient for digital transformation passes the 1% sig-
nificance test, preliminarily confirming an association between the two. Column (2)
presents presents the regression results after including the control variables. The find-
ing shows a stable positive correlation between digital transformation and a company’s
TFP.

Table 4. Benchmark Regression Results

Variables (1)TFP _LP (1)TFP _LP
0.1945%%* 0.0074%%*
D
G (33.0546) (4.1155)
Sire 0.6612%%*
i (293.2788)
L 0.1857%#*
v (11.9963)
0.0147%%*
Age (5.3291)
0.4748%++
ROA (12.2381)
0.0479%%*
Topl
P (3.6003)
1.2583 %%+
ATO (133.6554)
_1.1305%%
b
ixed (-61.0457)
cons 8.3051%#* ~6.5748 %
- (85.5050) (-13e+02)
Year fixed effect Yes Yes
Industry fixed effect Yes Yes
Observed value 24475 24475
R? 0.2436 0.9392

Note: t-statistics in parentheses, * p<0.1, ** p<0.05, *** p<0.01, the same below
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5 Robustness and Endogeneity Tests

5.1 Replacing the Core Explanatory Variable

To validate the reliability of the benchmark regression conclusions, the core explana-
tory variable "digital transformation" is remeasured following the methodology of
Zhao et al.[13], thereby eliminating estimation biases arising from differing indicator
selections. Based on firm-level microdata, this study conducted a statistical analysis of
the occurrence frequencies of 99 key terms related to numbers across four dimensions,
thereby constructing the Digital Transformation Index (DCG2), which can be used as
an alternative indicator. The relevant estimation results are presented in Table 5 (1),
which further validates the reliability of the aforementioned conclusion.

Table 5. Robustness Test Results

(1) TFP_LP (2) TFP_LP (3) TFP_LP
0.0078*%** 0.0093*%*%*
DeG (4.2995) (4.7624)
DCG2 0.0105*** (0.0105)
Size 0.6606*** 0.6577*%* 0.6625%%**
(289.3626) (288.5532) (257.3250)
Lev 0.1834%** 0.1975%%* 0.1707%*%*
(11.8627) (12.7167) (9.7968)
Age 0.0155%** 0.0194*** 0.0133%%%*
(5.6255) (6.9698) (4.3665)
ROA 0.4702%** 0.4795%** 0.4442%%*
(15.3860) (15.3476) (10.1812)
ATO 1.2580%** 1.2560%*** 1.25997%*%*%*
(134.0033) (133.7103) (119.1135)
) -1.1320%%** -1.1181%%* -1.0986%**
Fixed
(-61.3316) (-60.0195) (-54.1470)
Topl 0.0475%** 0.0421*** 0.0799%***
(3.5759) (3.1491) (5.5664)
-6.5802%%* -6.4378%** -6.6597%**
—eons (-1.3e+02) (-1.2¢+02) (-12 % 10?)
Year fixed effect Yes Yes Yes
Industry fixed effect Yes Yes Yes
Province fixed effect No Yes No
N 24475 24475 19595
R? 0.9392 0.9400 0.9331

5.2 Adding Provincial Fixed Effects

To further control for provincial characteristics (such as the initial investment in digital
infrastructure, regional institutional environment, and differences in industrial foun-
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dations), this study incorporated provincial fixed effects into the baseline model for
stability testing. Table 5(2) is the result and i indicates that after including provincial
fixed effects, there is still a significant positive correlation between the dependent
variable and the core explanatory variables. This suggests that the relationship between
the core explanatory variables and the dependent variable is not driven by unobservable
fixed differences at the regional level.

5.3  Exclusion of Municipalities Directly Under Central Government Control

Given the systemic differences between China's municipalities directly under central
government (Beijing, Tianjin, Shanghai, Chongqing) and ordinary provinces in terms
of administrative positioning, economic structure, and resource allocation, which may
confound empirical results, this study further conducts robustness tests by excluding
municipal samples to validate the reliability and applicability boundaries of core con-
clusions. As shown in Table 5(3), the results remain statistically significant. This
indicates that even after excluding samples from municipalities with unique adminis-
trative attributes and developmental stages, the impact effects of the core explanatory
variables on the dependent variable remain robust and reliable, further enhancing the
credibility of the research conclusions.

5.4 Endogeneity Tests

Considering that in the process of digital transformation promoting TFP, deci-
sion-makers may also undertake digital transformation due to improvements in TFP, a
problem of mutual causality and endogeneity exists. This paper uses the lagged value of
DCG (denoted as L.DCG) for the substitute variable, to re-examine the relationship
between DCG and TFP. Table 6 (1) presents the original benchmark regression results,
while (2) shows the results for the lagged digital transformation variable. The empirical
finding passes the test at the 1% significance level.

Table 6. Endogeneity test

(1) TFP_LP (2) TFP_LP
DCG 0.0074%%*
(4.1155)
L.DCG 0.0064%%*
(3.2032)
Size 0.6612%%* 0.6632%%*
(293.2788) (267.6152)
Lev 0.1857%+** 0.1822%*
(11.9963) (10.5472)
Age 0.0147%%+ 0.0176%**
(5.3291) (5.1236)
ROA 0.4748%%* 0.4190%+**
(12.2381) (9.8077)




180 Y. Cao and X. Guan

(1) TFP_LP (2) TFP_LP
ATO 0.0479%** 1.2666%**
(3.6003) (122.0366)
Fixed 1.2583%** -0.9797***
(133.6554) (-63.6364)
Topl -1.1305%** 0.0399%**
(-61.0457) (2.6765)
_cons -6.5748%** -6.5990%**
(-1.3e+02) (-1.2e+02)
Year fixed effect Yes Yes
Industry fixed effect Yes Yes
N 24475 19519
R? 0.9392 0.9402

6 Heterogeneity Analysis

6.1  Heterogeneity Analysis by Firm Size

Given the significant differences in resource acquisition capabilities, market bargaining
power, and strategic decision-making flexibility among enterprises of varying scales,
this study takes the mean firm size of 22.28 as the threshold. Firms above this mean
were classified as large-scale enterprises, while those below were categorised as
small-to-medium-sized enterprises. Separate regressions were estimated using the
benchmark model to examine scale heterogeneity in the core relationship. The regres-
sion findings for large enterprises are displayed in Table 7(1), whereas those for small
and medium-sized enterprises are presented in Table 7(2).

Table 7. Regression Results

TFP_LP
(1)Large-scale ()Small  and | (3)High-tech (4)Non-high-tech (5)M: (2)Non-manufacturing
enterprises medium-sized enterprises enterprises industry industry
enterprises
DCG 00097 0.0071%% 00054+ 0.0162%* 0.0113%5* -0.0004
(3.0758) (3.3238) (2.9682) (2.1213) (4.4794) (1.2488)
Size 0.6656*** 0.6602%* 0.6605%** 0.6557%%* (6.6143)%* 0.6606%**
(162.1067) (152.2412) (275.6377) (91.9948) (266.8923) (153.4357)
Lev 0.2252%%* 0.1606%* 0.1690*** 02958+ 0.1354%5 0.2696%**
(8.2180) (8.5906) (10.3363) (6.2826) (8.0909) (8.7744)
Age 0.0334%5 0.0056* 0.0206*** -0.0268%%* 0.0196%** -0.0138%*%
(6.8811) (1.7032) (7.1277) (-3.0815) (10.0471) (-2.2705)
ROA 0.8681%%* 0.2649%% 0.3979%5* 1.0830%+% 0.4928%%* 0.4912%%
(11.3883) (5.7989) (9.8425) (8.0940) (11.7794) (6.3033)
ATO 1.1835%%+ 1.3385%%+ 1.2735%%+ 1.1660*** 123425+ 1.2797%%+
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TFP_LP

(93.8822) (89.9151) (119.6939) (56.1698 (108.0198) (81.9119)
FIXED -1.0154%*x -1.2486%** -1.1526%** -0.9455%** -1.0237%** -1.3356%**

(-33.7163) (-53.2090) (-58.5879) (-17.4931) (-55.1197) (-31.2652)
Topl 0.0475%* 0.0575%** 0.0461%** 0.0811 0.0763%** 0.0118

(2.2606) (3.6007) (3.4664) (1.6435) (6.1198) (0.3825)
_cons -6.8003*** -6.5061%** -6.5752%** -6.4210%** -6.6242%** -6.4592%**

(-73.1909) (-67.8546) (-1.2 x 107) (-41.2027) (-99.5842) (-70.9333)
Year fixed Yes Yes Yes Yes Yes Yes
effect
Industry Yes Yes Yes Yes Yes Yes
fixed
effect
N 10724 13751 21271 3204 16391 8084
R’ 0.9042 0.8776 0.9441 0.9199 0.9551 0.9157

The empirical results show that, regardless of the size of the enterprise, digital
transformation can significantly enhance TFP. A comparative analysis of the coeffi-
cients reveals that the coefficients for the core explanatory variables in the large-scale
enterprise sub-sample are significantly greater than those in the small-to-medium-sized
enterprise sub-sample. This indicates that enterprise scale does not fundamentally alter
this effect. But this effect is more pronounced in large enterprises.

This may stem from large enterprises' inherent advantages in resource concentration
and superior capacity for resource integration, which can more efficiently translate the
benefits of digital transformation into TFP gains, thereby amplifying the effect. Ade-
quate capital enables sustained long-term investment in digital transformation, facili-
tating the establishment of comprehensive, end-to-end digital platforms that digitise the
entire process. This achieves precise allocation of production factors, enhances con-
version efficiency, and directly drives systematic improvements in TFP. Moreover,
large-scale enterprises may find it easier to attract and assemble highly educated,
skilled core talent, forming elite teams to spearhead digital transformation. These teams
can efficiently overcome technical challenges, optimise digital solutions according to
the enterprise's specific circumstances, achieve more precise digitalisation, and lever-
age digital resources to drive business growth. Conversely, small and medium-sized
enterprises are often constrained by shortages of core resources, making it more dif-
ficult to implemggtent deep digital transformation.

6.2  Heterogeneity Analysis of High-Tech Enterprise Status

Given that digital transformation fundamentally involves technological empowerment
of production factors, a firm's technological foundation constitutes a core prerequisite
for such transformation. Consequently, this study categorises enterprises into high-tech
enterprises and non-high-tech enterprises based on official certification announcements
for high-tech enterprise registration, conducting a heterogeneity analysis. The findings
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for high-tech enterprises are displayed in Table 7(3), whereas those for non-high-tech
enterprises are presented in Table 7(4).

Results show digital transformation notably boosts total factor productivity in both
high-tech and non-high-tech enterprises, but its catalytic effect is more obvious in the
latter.

The reason may be that high-tech enterprises already possess relatively high levels
of innovation capability and technological sophistication, where the marginal benefits
from digital transformation are comparatively limited. Conversely, non-high-tech
enterprises exhibit greater potential for improvement in areas such as production effi-
ciency, resource allocation, and innovation activities. Digital transformation can more
effectively empower these enterprises' production and operational activities, yielding
greater marginal benefits and thereby driving a more substantial increase in TFP.

6.3  Analysis of Heterogeneity in Manufacturing

Given the differing digital transformation trajectories across industries, this paper
groups the sample into manufacturing and non-manufacturing sectors for separate tests.
The regression outcomes for manufacturing are presented in Table 7(5), while those for
non-manufacturing are shown in Table 7(6).

Empirical results indicate that regression outcomes for the manufacturing sector are
statistically significant with positive coefficients, demonstrating that digital transfor-
mation in manufacturing substantially enhances total factor productivity. Conversely,
non-manufacturing sectors exhibit negative coefficients, suggesting that digital trans-
formation in these areas has a weak impact on TFP and may even yield adverse effects.

This study argues the cause lies in manufacturing’s better application scenarios and
sturdier tech bases. Compared to non-manufacturing like services, industrialising
manufacturing enterprises have more regulated production, comprehensive tech sys-
tems, and often automated lines—providing a solid foundation for digital transfor-
mation. Digital tech can be precisely used in production stages and integrated into
existing systems to optimise efficiency. Non-manufacturing, however, has more flex-
ible, varied processes (relying on practical adaptation over fixed machinery), so digital
tech does not notably boost TFP and may lower it by adding costs.

7 Conclusion

This study has the following core conclusion: corporate digital transformation signif-
icantly promotes total factor productivity growth, injecting robust momentum into
high-quality development. Further heterogeneity analysis indicates that this promo-
tional effect is more pronounced in large-scale enterprises, non-high-tech industries,
and manufacturing sectors. Enterprises should proactively embrace digital transfor-
mation, exploring tailored transformation pathways aligned with their specific char-
acteristics.

Practically, the study’s differentiated conclusions guide different entities’ devel-
opment. Large enterprises can use resource advantages to deepen digital transformation
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and unlock total factor productivity growth potential. Non-high-tech industries should
recognize digital transformation’s value, pursue digitalization actively to break de-
velopment bottlenecks and improve efficiency and quality. As a pillar sector, manu-
facturing must further leverage digital tech, speed up smart manufacturing transition,
shift from scale- to innovation-driven growth, and boost corporate competitiveness.

Nevertheless, this study retains certain limitations. On the one hand, it has not
delved deeply into the intrinsic mechanisms through which corporate digital trans-
formation promotes TFP growth. Subsequent research could explore these mechanisms
to clarify the causal pathways involved, thereby providing richer theoretical under-
pinnings and practical guidance for leveraging digital transformation.
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