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Abstract: Effective development of digital finance is vital to closing the regional economic disparities.
This study aims at investigating the efficiency of digital finance development in China and its
implications for closing regional economic disparities. Using the stochastic frontier model, we estimate
the development efficiency of digital finance in 31 provinces in China from 2011 to 2020, and reveal
their characteristics of temporal evolution and spatial distribution. The results show that the efficiency
of digital finance development in each province shows a tendency to increase quickly first and then
slowly decline. The provinces with a higher level of digital finance development always have higher
development efficiency at the beginning of the sample period, which then declines rapidly after
reaching the maximum, and even less than the national average value at the end of the period, with
significant regional disparities observed. The provinces with a higher level of digital finance
development always have higher development efficiency at the beginning of the sample period, which
then declines rapidly after reaching the maximum, and even less than the national average value at the
end of the period. The imbalance of development efficiency among different provinces is increasing,
and the potential for development efficiency in the central and western regions is relatively greater.
These findings have important implications for promoting high-quality economic development and
common prosperity in China. In the future, we should continually prevent the development efficiency
of digital finance to decline rapidly in all provinces (especially in the eastern region), and strive
constantly to bridge the gap of development efficiency among different province, so as to provide a
better surrounding for promoting high-quality economic development and common prosperity.

Keywords: finance development; digital finance efficiency; stochastic frontier model; regional
economic disparities; spatial-temporal characteristics
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1. Introduction

The original concept of digital finance referred to the provision of financial services through
various digital technologies, such as credit cards, chip cards, and automated teller machines (ATMs)
(Banks, 2001). As early as 2004, some financial institutions and industries in Europe had already
recognized the potential of the Internet to empower finance and expand the industry, and began
investing in Internet-related financial businesses (Barbesino, 2005). As the Internet and mobile
applications gradually became ubiquitous in people’s lives, the definition of digital finance expanded
accordingly (Manyika et al., 2016). Digital finance surpasses the geographical limitations of traditional
finance, and offers more accurate services at lower costs, with prominent features such as remote
access, real-time transactions, and inclusiveness. In China, digital finance emerged in 2013 and has
grown rapidly since 2016, with its market size ranking among the highest in the world. Industries such
as third-party payments, online lending, digital insurance, and digital currency have all reached the
forefront of the world.

In addition to benefiting individual users, digital finance can also benefit the macroeconomic
development and the daily operations of the financial sector. Firstly, digital finance can improve the
payment and transfer efficiency of individual users, thereby promoting consumer willingness and
increasing total consumption, ultimately promoting economic development. Additionally, due to the
traceability of digital transactions, government spending and tax losses can be reduced, and the circulation
of counterfeit and low-quality banknotes can decrease (Ozili, 2018). Secondly, from an international
perspective, digital finance has also helped many developing countries overcome difficult times, created a
large number of jobs (Rizzo, 2014), and changed the payment methods of some underdeveloped countries
in commerce and trade (CGAP). Finally, for financial institutions, digital finance can promote the
expansion of their balance sheets and reduce service costs (Scott et al., 2017). In summary, digital finance
can drive the existing financial system to reshape to a certain extent, improve resource allocation efficiency,
and enhance capabilities of risk control. This is of great practical significance for breaking through the
constraints of traditional finance, enhancing financial support for the development of the real economy, and
expanding the inclusiveness and popularity of financial services.

Although the development of digital finance brings many benefits, the serious challenges it faces
cannot be ignored. For example, the impact of digital finance of income inequality has led to the emergence
of the Kuznets effect, where income inequality shows a “bell-shaped” curve with the development of digital
finance (Yao and Ma, 2022). Many regions in China have not yet crossed the turning point of the bell-
shaped curve of income inequality, which is a problem that requires attention in the future.

Digital finance has quietly infiltrated every aspect of economy and social life, playing a
significant role. However, our understanding of the evolutionary characteristics and regional
differences in digital finance development efficiency is still limited, and it is necessary to study it in
depth. Therefore, we use the Peking University Digital Inclusive Finance Index and the stochastic
frontier model (SFM) to measure the efficiency of digital finance development and grasp the dynamic
and efficiency of digital finance development from a macro perspective. This allows us to better
identify the operating mechanism of the digital finance market and better utilize its key role. This is
helpful in theory to enhance the scientific understanding of the current level and the effects of digital
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finance development in China, enrich the theoretical achievements of digital finance development, and
provide a theoretical basis for addressing the problem of imbalanced development of digital finance.
In practice, it helps to objectively examine the development status of the industry and promote the
coordinated and balanced development of digital finance in various regions.

2. Literature review

Existing studies have mainly focused on the level of development of digital finance and its
relationship with economic and social development, regional imbalances, and technological innovation
in small and medium-sized enterprises. For example, Zhang and Xing (2021) used county-level data
from 2014 to 2018 to explore the dynamic distribution and regional differences of digital inclusive
finance development in rural areas. They found that the overall level of digital inclusive finance in
rural areas and in the eastern, central, and western regions tended to rise, and the absolute differences
decreased significantly, but there was a weak trend of dispersion in the later period.

The digital finance development efficiency discussed in this paper essentially belongs to technical
efficiency, which reflects the input-output status of the industry. Technical efficiency refers to the
situation where it is technically impossible to increase any output (and/or decrease any input) without
reducing another output (and/or increasing any other input) in a given feasible input/output vector
(Koopmans, 1951). Debreu (1951) and Farrell (1957) further clarified the meaning of technical
efficiency, which refers to the maximum proportional reduction of all inputs being consistent with the
equivalent output, reflecting the degree to which the output approaches the production frontier under
given input conditions.

The accurate measurement of technical efficiency depends heavily on appropriate methods. Aigner
and Chu (1968) provided a deterministic method for measuring technical efficiency, achieving the leap
from theory to practice. They specified the Cobb-Douglas production function (C-D function) as the
measurement model, used quadratic programming as the estimation method, assumed that all deviations
from the production frontier were attributable to inefficiency, and restricted the “residual” to be positive.
The main shortcomings of this method are that the selected model is parametric and deterministic, and
requires a prior function form that does not allow for measurement errors and other statistical noise.

In the late 1970s, the data envelopment analysis (DEA) method emerged, reigniting people’s interest
in the theory and practice of measuring technical efficiency. The DEA was first proposed by Charnes et
al. (1979), who defined the optimal frontier as the envelope of all observed production possibilities and
solved it using mathematical programming methods. Improvements were made by Fare and Lovell
(1978), Banker and Cooper (1984), and Fare et al. (1985). The DEA is popular in evaluating technical
efficiency mainly because it is non-parametric and can handle multiple outputs. Its shortcomings are that
it also requires a deterministic model and does not allow for measurement errors.

As the deviation from the production frontier cannot be entirely attributed to inefficiency, and
may also be related to measurement errors and other statistical noise (such as adverse weather). Aigner
et al. (1977) and Meeusen and van den Broeck (1977) proposed the stochastic frontier model (SFM),
which was further refined and presented in academia by Greene (2008) and Kumbhakar and Lovel
(2003). The SFM is a measurement method that allows for both inefficiency and measurement errors
and has outstanding noise handling capabilities. It decomposes the random disturbance term into two
independent parts: a random error term and an inefficiency term, and estimates the non-negative
inefficiency term to analyze and study the factors influencing inefficiency. Cornwell and Schmidt
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(1996) further validated that the error term in previous models could be further decomposed into
inefficiency and noise, and also demonstrated that the SFM can be well applied to panel data. After
incorporating fixed effects or random effects correction methods, the estimation of firm efficiency can
be more accurate. Jondrow et al. (1982) specifically estimated inefficiency and suggested using the
measurement of total error to estimate the expected value of the inefficiency component.

The development of the stochastic frontier model has extended to the consideration of sample structure.
Yélou et al. (2010) demonstrated, based on an empirical study of the dairy industry in Quebec, Canada,
that the threshold effect of the industry should be considered when using the stochastic frontier model. This
means that heterogeneity generated by different groups can lead to distorted results. Lee and Lee (2014)
proposed a truncated tail SFM, which optimized the complexity of calculations, and concluded through
Monte Carlo simulations that “this model approximates the distribution of inefficiency precisely, as the
data-generating process not only follows the uniform distribution but also the truncated half-normal
distribution if the inefficiency threshold is small” (p. 1). Tsionas (2019) proposed a stochastic frontier model
that simultaneously considers technological heterogeneity and universality, making it possible to take into
account the production efficiency of different countries. Chen (2014) proposed dividing the industry into
several groups based on technological level and measuring the efficiency of enterprises in each group
through empirical studies of the computer industry in Taiwan, China. Mastromarco et al. (2012) used the
PCCE (Pooled Common Correlated Effects) estimation method to analyze foreign direct investment (FDI)
and other indicators of openness in a stochastic frontier model, overcoming the potential bias problem of
fixed effects in panel stochastic frontier models.

The SFM not only has the advantage of error handling but also has better actual measurement
efficiency than the DEA. Specifically, the choice of production function plays a decisive role in the
performance of DEA and SFM, indicating that SFM has better estimation results when the relevant
production function is clearly selected, while DEA performs better when the function form is severely
non-standard (Gong and Sickles, 1992). Since there is a rank correlation between SFM estimation and
the maximum likelihood combination error, this means that the stochastic frontier adjustment of the
combined error will not change its ranking, and therefore will not change the ranking results of the
deterministic model based on maximum likelihood estimation.

Some domestic studies have used the SFM to measure the efficiency of regional R&D (Research
and Experimental Development) innovation, financial development of “Belt and Road” countries, and
Chinese OFDI (Outward Foreign Direct Investment) (Bai et al., 2009; Zhang and Yang, 2020). Given
those advantages of SFM in measuring technical efficiency, we also adopts it as a measurement model.

3. Research Design
3.1. Samples and data

We need to select appropriate data of digital finance firstly. At present, there are two representative
data of digital finance in China, which one is the China digital inclusive finance index developed by
the Internet Finance Research Center of Peking University, and the other is the urban digital finance
index jointly developed by the Guangzhou Institute of International Finance and Guangzhou
University (Guo et al., 2020; Liao et al., 2022). The former includes three first-level indicators of
coverage scope, service depth and digitized degree. It is compiled by the data of Ant Financial user
from 2011 to 2020, revealing the development of digital finance of 31 provinces, 337 prefecture-level
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cities and 2,800 counties in China. It has been widely recognized and used in the academic community.
The latter compiles the urban digital financial index system from three dimensions of digital financial
services, digital financial technology and digital financial operating environment, analyzes the overall
and spatial characteristics of urban digital finance, and reveals the development of digital finance of
278 cities above the prefecture-level in China from 2010 to 2020.

Based on our research objectives and data availability, we choose 31 provinces of China as
samples. Referring to the work of Fu and Huang (2018) and Zhang and Hu (2022), we use the China
Digital Inclusive Finance Index as the digital finance output data (the explanatory variable). The index
has only been updated to 2020, thus the sample period is 2011-2020 (see Table 1).

Table 1. Digital inclusive financial index descriptive statistics of each province.

No. Province mean std min 25% 50% 75% max kurtosis
1 Beijing 275.92 108.78 79.41 220.56 281.38 358.89 417.88 —0.82
2 Tianjin 234.88 97.12 60.58 18149 24169 308.67 361.46 -0.86
3 Hebei 201.01 95.12 32.42 148.93 206.95 276.62 32270 —0.94
4 Shanxi 204.74 95.46 3341 150.08 21556 277.73 325.73 -0.90
5 Neimenggu  201.76 91.30 28.89 153.08 22224 268.30 309.39 —0.71
6 Liaoning 214.77 92.00 43.29 166.96 22891 285.01 326.29 -0.74
7 Jilin 197.29 93.03 2451 14518 212.64 270.75 308.26 -0.80
8 Heilongjiang 199.30 90.67 33.58 148.00 21591 270.24 306.08 —0.86
9 Shanghai 280.96 112.76 80.19 226.49 280.17 367.46 431.93 -—0.84
10  Jiangsu 244.23 104.06 62.08 186.78 248.88 324.94 38161 -—0.93
11  Zhejiang 265.68 10590 77.39 210.44 266.48 347.60 406.88 —0.87
12 Anhui 215.71 102.88 33.07 158.27 220.03 295.77 350.16 —0.90
13 Fujian 244.29 103.62 61.76 187.97 24894 325.65 380.13 -0.92
14 Jiangxi 209.87 100.86 29.74 15352 216.06 288.97 340.61 -0.89
15  Shandong 218.17 99.81 3855 16495 226.62 293.86 347.81 -0.85
16  Henan 207.49 103.19 2840 148.22 21423 28855 340.81 -0.99
17 Hubei 227.06 105.02 39.82 171.11 233.31 31093 358.64 -0.90
18  Hunan 205.63 96.68 32.68 152.60 212.04 280.39 332.03 -0.89
19  Guangdong  244.00 101.04 69.48 188.97 24448 32298 37953 -0.96
20  Guangxi 204.76 96.80 33.89 147.63 21528 28242 325.17 -0.97
21  Hainan 220.64 98.98 4556 163.60 230.95 301.20 344.05 —0.95
22 Chongging 219.03 98.70 41.89 166.07 227.87 29523 344.76 —0.87
23 Sichuan 212.21 96.14 40.16 158.24 22045 287.68 334.82 —0.90
24 Guizhou 190.27 97.05 18.47 12957 201.37 27055 307.94 -0.99
25  Yunnan 199.64 97.04 2491 14444 21055 27841 318.48 -0.90
26  Xizang 185.91 99.02 16.22 12230 19556 267.14 310.53 -1.08
27  Shanxi 213.95 98.26 40.96 155.96 222.75 288.68 342.04 —0.94
28  Gansu 189.24 93.80 18.84 136.23 20195 261.06 30550 —0.85
29  Qinghai 182.35 94.77 18.33 12499 197.77 257.39 298.23 -1.02
30  Ningxia 197.83 91.75 31.31 143.87 21353 26859 310.02 —0.88
31  Xinjiang 194.73 93.46 20.34 148.47 207.11 266.05 308.35 —0.73
mean 216.23 98.55 40.00 161.45 22521 293.15 34122 -0.89
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The results in Table 1 show that the five provinces of Shanghai, Beijing, Zhejiang, Guangdong
and Fujian are among the best in digital finance development. Based on Table 1, it can be concluded
that the digital inclusive financial index differs significantly across different provinces in China, with
the mean ranging from a minimum of 185.91 to a maximum of 280.96 and the standard deviation
ranging from a minimum of 91.30 to a maximum of 112.76. Furthermore, the distribution of the
indicator across provinces shows a negative skewness, indicating that the tail of the distribution is
skewed to the left. These results suggest that there are notable differences in the performance of this
indicator across different provinces in China.

Referring to the regional classification standards of the National Bureau of Statistics in 2017, we
divide the 11 provinces of Beijing, Tianjin, Liaoning, Shandong, Jiangsu, Shanghai, Zhejiang, Fujian,
Hebei, Guangdong and Hainan into the eastern region, 8 provinces of Jilin, Heilongjiang, Anhui,
Jiangxi, Henan, Hubei, Hunan and Shanxi into the central region, 12 provinces of Guangxi, Shanxi,
Gansu, Qinghai, Neimenggu, Xinjiang, Xizang, Sichuan, Guizhou, Yunnan, Ningxia and Chongqing
into the western region. We further investigate the average level of digital finance development in the
whole country and the eastern, central and western region, finding that the average level of the eastern
region is consistently high, with a first-mover advantage, while the development of digital finance in
the central and western regions is relatively lagging behind, lower than the national average.

=#= Average Value of Whole Country ==@= Average Value of Eastern Regions
Average Value of Western Regions === Average Value of Central Regions

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Figure 1. Average level of digital finance development in different regions.

The input data (explanatory variables) of digital finance development in each province is divided
into two parts: capital input and labor input. The capital input is further divided into fiscal input and
finance institution input. The former is represented by R&D investment in each province, and the latter is
represented by the quantity of capital input in banking industry (accounting for about 68.6% of capital
input in all finance institution), insurance industry (about 18% of capital input in all finance institution)
and securities industry (about 12% of capital input in all finance institution) in each province. The labor
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input is represented by the quantity of financial employees in each province. The input data is manly
collected from state and each provincial statistical yearbooks and the database of RESSET.

3.2. Model setting

At present, the C-D function and translog production function (translog function) are the main
models of the SFM, and both of them have their own advantages and defects (Christensen et al., 1973).
The C-D function is simple and easy to understand. Its parameters can be concisely and directly
expressed as the output elasticity of capital and labor, so its economic meaning is clear. The translog
function relatively comprehensively takes into account the interaction between capital and labor, and
their effect on real output, which better solves the problem that the alternative elasticity of the C-D
function is 1.

Referring to the work of Battese and Coelli (1995), when just considering two inputs of capital (K)
and labor (L), we construct the SFM based on the C—D function as shown in the following Equation (1).

In Cit = Uy + aq In Kit + a, In Lit + Vit — Uit (1)

where the subscript i represents each sample province, and its value range is 1-31. The subscript t
represents each year, and its value range is 2011-2020. The variable In C represents the logarithm of
the digital financial inclusion index of each province, which is the output term of the production
function. The variables In K and InL are the logarithms of capital and labor of each province, and
are the input term to the production function. The v is a non-negative stochastic variable related to
the inefficiency of technique, and the u is the observation error and other stochastic terms. The
intercept term @, and coefficients a; and @, are the parameters to be estimated.

The translog function can be regarded as a variant of C—D function, and its form is shown in the
following Equation (2).

InCyy = Bo + f1InKyr + B InLy + Bs(In Ky )* + Bo(In Ly )?

2
+PsIn K * o InLip + vy — pye @

The meaning of each parameter in Equation (2) is the same as that in Equation (1).

It is observed that the translog function can be regarded as an approximate second-order Taylor
expansion of the output function f(InK,InL) at the point (0,0). If 3 = S, = B5 = 0, then the
translog function is equal to the C-D function. Based on this, we choose the translog function as the
benchmark model for subsequent estimation.

4. Empirical Analysis
4.1. Descriptive statistics

The descriptive statistical results of each variable are shown in Table 2. The values of InC. InK
and InL are stable and can be estimated directly.
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Table 2. Descriptive statistics results.

Variable Median Standard deviation =~ Minimum value Maximum
InC 5.212 0.677 2.786 6.068
InK 5.411 1.533 0.182 8.155

InL 2.732 0.907 —-0.223 4.557
InK *InK 27.62 6.356 7.763 36.820
InL=*InlL 8.285 4.218 0.000 20.770
InK*InL 16.100 7.870 —0.131 37.160

4.2. Model selection

(1) Individual Effect and First-order Difference Autocorrelation Test

In order to reveal the development state of digital finance in each province, we number the 31
provinces in Table 1 sequentially and name them PR —1 to PR — 31. We use the least square
dummy variable model (LSDV) to investigate the intercept term of individual heterogeneity, and show
the results in Table 3.

The test results show that the p-value of dummy variable of most individuals is 0 and statistically
significant, so the original assumption that all individual dummy variables are 0 can be rejected. We
believe that there is an individual effect, so the mixed effect model is not fit for the data.

Then we use the first-order difference method to test the autocorrelation of panel data, and find
that the first-order difference estimator FD is quite different from the intra-group estimator FE. Since
the p-value of the first-order autocorrelation test is 0.0000, we believe that there is no autocorrelation.

(2) Time Effect Test

In order to test whether there is time effect in the model, we define the annual dummy variable,
and use YR —1 to YR — 10 to represent 2011-2020 sequentially. Taking 2011 as the base period,
we show the test results in Table 4.

Quantitative Finance and Economics Volume 7, Issue 3, 420-439.
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Table 3. Individual effect test results.

Variable Coefficient Variable Coefficient

0.002 —0.487***
InK PR — 14

(0.05) (-11.67)

~0.165"* 0.020%**
InL PR — 15

(-2.58) (4.40)

0.116%** _0.039%%*
InK xIlnK PR — 16

(87.34) (-11.13)

0.046 —0.282***
InL*InL PR — 17

(1.63) (-10.43)

—0.050*** —0.248***
InKx*InlL PR — 18

(-3.11) (-10.90)

3.282*** 0.110%***
c PR — 19

(23.20) (13.71)

—0.422%** —0.537***
PR —2 PR — 20

(-12.10) (-10.74)

—0.250*** —0.942%%
PR -3 PR — 21

(-8.76) (-10.22)

—0.463*** —0.431***
PR — 4 PR — 22

(-10.14) (-11.66)

—0.546*** —0.206***
PR -5 PR — 23

(~11.05) (-10.59)

—0.257*** —0.664%**
PR -6 PR — 24

(-10.47) (-11.12)

—0.547%** —0.591***
PR -7 PR — 25

(-11.16) (-11.50)

—0.455*** —1.274%**
PR -8 PR — 26

(-9.95) (-8.59)

—0.144*** —0.321***
PR -9 PR — 27

(-10.02) (-11.33)

0.020 —0.680***
PR —10 PR — 28

(0.83) (-11.51)

—0.070*** —1.049***
PR —11 PR — 29

(-10.34) (-10.49)

—0.297*** —0.919%**
PR — 12 PR — 30

(-11.28) (-10.95)

—0.342%** —0.705%**
PR — 13 PR — 31

(-11.49) (-10.51)

Note: *, * * and * * * represents statistically significant at 10%, 5% and 1% level respectively and t-value is in brackets.

Quantitative Finance and Economics
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Table 4. Time effect test results.

Variable Coefficient Variable Coefficient
0.023 —0.444***
InK YR -4
(1.11) (-12.90)
-0.021 —0.559***
InL YR -5
(-0.60) (-13.69)
0.148*** —0.586***
InK *InK YR—-6
(57.24) (-13.70)
0.025** —0.689***
InL*InL YR -7
(2.06) (—14.34)
—0.018** —0.753***
InK*InL YR -8
(—2.65) (-14.67)
1.656*** —0.807***
C YR-9
(28.10) (-14.69)
—0.183*** —0.843***
YR -2 YR —-10
(—9.65) (-14.75)
—0.369***
YR -3
(-12.39)

Note: *, * * and * * * represent statistically significant at 10%, 5% and 1% levels respectively and t-value is in brackets.

The coefficients of annual dummy variables are significantly negative, preliminary indicating
there is time effect. Furthermore, we conduct a joint test whether all annual dummy variables are 0,
getting F(9,30) = 66.18 and Prob > F = 0.000. Thus, we reject the original assumption, accepting that
there is time effect in the model.

(3) SFM with Mixed Effect and Fixed Effect Test

Firstly, we conduct the test of mixed effect for Equation (2), and show the results in Table 5. The
coefficients of all variables are mostly statistically significant, suggesting that the overall explanatory
power of the model is high.

Since the development of digital finance in different provinces is different, there may be some
missing variables that do not change over time. Therefore, we further conduct the fixed effect test of
robust standard error for Equation (2), and still show the results in Table 5. This time, p = 0.981,
meaning that the variance of the compound disturbance term of the model mainly comes from the
individual effect. Comparing the results of the two models, since the p-value of the fixed effect model
is 0.0000, we reject the assumption that the individual residual error is 0 and select the fixed effect
model finally. It means each province has its own intercept term.

Quantitative Finance and Economics Volume 7, Issue 3, 420-439.
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Table 5. Test results of mixed effect and fixed effect model.

Variable Mixed effect model Fixed effect model
0.088** 0.002
InK
(2.36) (0.05)
-0.074 —0.165**
InL
(-1.32) (-2.72)
0.106*** 0.116***
InK *InK
(117.29) (92.00)
0.039 0.046*
InL*InL
(1.69) (1.72)
—0.030** —0.050***
InK*InL
(=2.25) (-3.28)
c 2.161%** 2.856***
(67.32) (26.96)

Note: *, * * and * * * represents statistically significant at 10%, 5% and 1% level respectively and t-value is in brackets.
4.3. Estimation of efficiency term

We take the input-output data into the Frontier 4.1 (a software specially used to complete
stochastic frontier analysis), obtain the maximum likelihood estimation (MLE) results of C—D function

and translog function model respectively, and show the results in Table 6.

Table 6. MLE test results.

C-D function Translog function
Coefficient

Estimated value p-value t-value Estimated value p-value t-value
Bo 3.7451 0.1712 21.8751 2.1502 0.0693 31.0245
b1 1.3339 0.0987 13.5106 0.1208 0.0590 2.0474
B2 0.4324 0.1623 2.6631 0.2377 0.0770 3.0855
B - - - 0.1064 0.0010 102.3278
Ba - - - —0.0190 0.0314 —0.6056
Bs - - - —0.0487 0.0227 —2.1466
a? 55.1885 15.0607 3.6644 0.0791 0.0227 2.6673
y 0.9973 0.0008 1242.1860  0.9036 0.0393 22.9672

The results show that the estimated values of all parameters are mostly statistically significant at
the level of 10%, suggesting both models have good explanatory power. The y values of the two
models are close to 1, indicating that the differences between the real output and the ideal output are
mainly caused by the technical inefficiency term. The test result is consistent with our expectation. In
addition, the technical inefficiency factor accounts for more than 90% of the variance of the joint
stochastic disturbance term v — u, indicating that the error variance is mostly from the technical
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inefficiency term, but little relates with the stochastic error. Therefore, it is rational and acceptable to
choose the stochastic frontier production function with technical inefficiency term.

After obtaining the above results, we choose the log likelihood value to conduct LR test. The
value of the one-sided likelihood ratio test statistic is 27.26, which is bigger than the critical value of
11.345 under the condition that the degree of freedom is 3 and the confidence level is 1%. Therefore,
the original hypothesis ;3 = f, = 5 = 0 is rejected, and the translog function is finally selected.
However, the estimated annual digital finance development efficiency of each province may still not
be exact because the inefficiency item is not included. Next, we continue to estimate the inefficiency
term to obtain a more accurate value of total efficiency.

4.4. Estimation of inefficiency term

We use the OLS model, stochastic frontier semi-normal model and stochastic frontier exponential
model to test the Equation (2) respectively, and show the results in Table 7.

Table 7. Test results.

Variable OLS model Stochastic frontier semi-normal model  Stochastic frontier exponential model
K 0.088* 0.003%** 0.000%**
n
(1.74) (450.89) (147.81)
InL —0.074 —0.003*** —0.000%**
n
(—1.23) (—375.47) (—21.96)
0.106%** 0.102%** 0.095%**
InK *xInK
(101.10) (348,463.28) (321,467.60)
0.039 0.002%** 0.000%**
InL*InL
(1.44) (586.41) (47.97)
—0.030%* —0.001%** —0.000%**
InK *InL
(-1.73) (-617.39) (—134.76)
c 2.161%** 2.458%%* 2.631%**
(27.53) (237,745.71) (294,983.47)

Note: *, * * and * * * represent significance at 10%, 5% and 1% levels respectively, and t value is in brackets.

Comparing the test results of the three models, we find that the result of the OLS model is
relatively undesirable, so we abandon it. The A-value obtained by the stochastic frontier semi-normal
model is bigger, indicating that the inefficiency term plays a dominant role in the compound
disturbance term, and the original hypothesis should be rejected. In addition, we can also reject the
original hypothesis according to the p-value and likelihood ratio test. That is to say, there is inefficiency
term, and the SFM can be used. Finally, we test the stochastic frontier exponential model, and draw
the same conclusion that the original hypothesis should be rejected.

According to the above test results, we use the stochastic frontier semi-normal model to estimate
the technical inefficiency term of digital finance development in each province. The results are shown
in Table 8.
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Table 8. Estimation results of technical inefficiency term based on stochastic frontier semi-normal model.

Year

Provines 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Beijing 0.0297 0.0000 0.0196 0.0285 0.0487 0.0540 0.0771 0.0977 0.1143 0.1244
Tianjin 0.0688 0.0020 0.0067 0.0148 0.0302 0.0338 0.0530 0.0703 0.0850 0.0944
Hebei 0.2123 0.0192 0.0006 0.0028 0.0145 0.0205 0.0407 0.0532 0.0648 0.0739
Shanxi 0.2033 0.0156 0.0003 0.0041 0.0170 0.0249 0.0416 0.0537 0.0677 0.0764
Neimenggu 0.2470 0.0166 0.0004 0.0053 0.0201 0.0269 0.0405 0.0472 0.0592 0.0674
Liaoning 0.1353 0.0079 0.0020 0.0096 0.0253 0.0276 0.0448 0.0570 0.0678 0.0758
Jilin 0.3019 0.0210 0.0000 0.0035 0.0175 0.0212 0.0387 0.0495 0.0583 0.0668
Heilongjiang ~ 0.2018 0.0204 0.0001 0.0042 0.0185 0.0238 0.0404 0.0494 0.0589 0.0658
Shanghai 0.0290 0.0003 0.0227 0.0306 0.0496 0.0517 0.0803 0.1024 0.1201 0.1315
Jiangsu 0.0629 0.0000 0.0061 0.0142 0.0317 0.0363 0.0586 0.0779 0.0928 0.1034
Zhejiang 0.0332 0.0001 0.0161 0.0239 0.0432 0.0448 0.0709 0.0918 0.1079 0.1183
Anhui 0.2060 0.0124 0.0005 0.0071 0.0183 0.0259 0.0465 0.0632 0.0772 0.0879
Fujian 0.0648 0.0010 0.0081 0.0149 0.0336 0.0372 0.0609 0.0795 0.0936 0.1042
Jiangxi 0.2379 0.0164 0.0004 0.0061 0.0175 0.0240 0.0447 0.0596 0.0717 0.0832
Shandong 0.1635 0.0090 0.0011 0.0068 0.0216 0.0269 0.0460 0.0613 0.0759 0.0872
Henan 0.2527 0.0250 0.0000 0.0036 0.0161 0.0237 0.0444 0.0590 0.0729 0.0827
Hubei 0.1555 0.0090 0.0028 0.0101 0.0248 0.0308 0.0533 0.0713 0.0846  0.0922
Hunan 0.2096 0.0148 0.0004 0.0037 0.0165 0.0212 0.0414 0.0544 0.0672 0.0782
Guangdong 0.0469 0.0000 0.0078 0.0136 0.0306 0.0340 0.0581 0.0773 0.0935 0.1039
Guangxi 0.1991 0.0188 0.0001 0.0037 0.0172 0.0240 0.0423 0.0563 0.0675 0.0756
Hainan 0.1238 0.0086 0.0022 0.0072 0.0267 0.0275 0.0490 0.0669 0.0772 0.0854
Chongging 0.1433 0.0102 0.0022 0.0088 0.0231 0.0285 0.0492 0.0623 0.0750 0.0856
Sichuan 0.1536  0.0100 0.0010 0.0053 0.0202 0.0246 0.0448 0.0584 0.0702 0.0797
Guizhou 0.4089 0.0357 0.0015 0.0014 0.0118 0.0180 0.0371 0.0500 0.0585 0.0661
Yunnan 0.2962 0.0241 0.0000 0.0032 0.0158 0.0214 0.0394 0.0545 0.0636 0.0716
Xizang 0.4615 0.0488 0.0026 0.0000 0.0102 0.0158 0.0332 0.0494 0.0584 0.0684
Shanxi 0.1486 0.0112 0.0003 0.0066 0.0204 0.0262 0.0443 0.0592 0.0736 0.0838
Gansu 0.4010 0.0352 0.0006 0.0025 0.0144 0.0161 0.0335 0.0449 0.0562 0.0649
Qinghai 0.4132 0.0665 0.0032 0.0012 0.0128 0.0150 0.0329 0.0440 0.0535 0.0617
Ningxia 0.2225 0.0215 0.0005 0.0039 0.0205 0.0196 0.0398 0.0486 0.0591 0.0683
Xinjiang 0.3705 0.0264 0.0001 0.0030 0.0164 0.0177 0.0357 0.0472 0.0590 0.0666
Mean 0.2001 0.0164 0.0035 0.0082 0.0227 0.0272 0.0472 0.0619 0.0744 0.0837
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Table 9. Test results of translog function.

Coefficient Estimated value p-value t-value
By 2.4397 0.1267 19.2537
ﬂl 0.0398 0.1752 0.2271
ﬂz —0.0443 0.2817 —0.1572
JiA 0.1006 0.0015 68.3865
IB4 0.0222 0.1088 0.2038
B —-0.0147 0.0589 —0.2493
p 0.0034 0.0202 0.1657
7 0.9813 0.0829 11.8373

The results show that the technical inefficiency term of digital finance development in each
province basically shows a trend of declining at the beginning of the sample period and then of rising.
Since 2013, the technical inefficiency term in eastern region has led to rise, and has been higher than
that in central and western regions, indicating that the input-output marginal contribution of digital
finance in eastern region is declining.

To ensure the robustness of the results, we also use the stochastic frontier exponential model to
estimate the technical inefficiency term. Comparing the estimation results of the two models, we find
that their correlation coefficient is as high as 91.5%, indicating that they are highly correlated, and the
estimation results of both models are rational. Therefore, we bring the estimation results of the
inefficiency term in Table 8 into Equation (2), and obtain new coefficient test results with the
Frontier4.1 (see Table 9). The results show that after adding the inefficiency term, the y-value rises,
and most coefficients are statistically significant, indicating that the regression results are rational and
the model setup is reasonable.

4.5. Analysis of estimation results

After completing the above tests, we finally get the estimation results of digital finance
development efficiency of each province and show them in Table 10.
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Table 10. Estimation results of digital finance development efficiency (%).

No. Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Province
1 Beijing 9743 99.61 99.11 9852 96.77 96.25 9420 92.67 91.20 90.47
2 Tianjin 91.78 9847 9835 9799 9749 9766 96.09 9452 9330 9247
3 Hebei 80.15 97.82 9942 9936 9884 98.38 96.68 95.61 94.67 94.04
4 Shanxi 81.16 9841 9949 9942 9887 9826 96.82 9569 93.85 93.39
5 Neimenggu 77.71 9834 9949 9939 98.67 9814 97.00 9647 9515 9444
6 Liaoning 86.99 99.10 9952 9930 98.26 98.04 96.60 9557 9448 93.92
7 Jilin 7352 9788 9948 9943 9884 9861 97.19 96.29 9541 94.49
8 Heilongjiang 81.29 9793 9949 9941 98.73 98.19 96.64 9590 9497 94.39
9 Shanghai 97.26 9957 9882 98.26 96.67 9656 9421 9242 90.95 90.10
10 Jiangsu 9426 99.64 99.62 9949 98.78 9854 96.72 95.15 9396 93.12
11 Zhejiang 96.68 99.52 99.09 9867 97.02 96.86 9465 93.14 9185 91.10
12 Anhui 80.93 98.73 9951 9938 9893 9845 96.76 9536 9422 93.39
13 Hainan 9341 9942 9930 99.05 9773 9749 9548 93.89 9280 91.95
14 Jiangxi 7840 9830 9948 99.35 98.83 9835 9655 9529 9440 9341
15 Shandong 84.75 99.27 99.64 9955 99.10 98.80 97.38 9592 9418 92.99
16 Fujian 77.07 9741 9949 9946 99.02 9844 96.82 95.69 9458 93.85
17 Hubei 85.18 99.00 9949 9931 9857 9815 96.25 9468 9358 93.06
18 Hunan 80.58 9849 9951 9945 9898 98.73 97.16 96.10 94.88 94.19
19 Guangdong 9534 9954 9954 9944 9869 9845 96.65 9484 9293 91.93
20 Guangxi 81.61 98.18 9950 9945 9894 9846 96.89 95.64 9453 93.84
21 Hainan 88.11 99.04 9942 9942 98.78 9847 96.76 95.03 94.02 93.63
22 Chonggqing 86.21 98.87 9945 99.26 9841 9799 96.19 95.00 9419 93.20
23 Sichuan 8533 9891 9951 9944 9882 9845 96.79 9571 9481 94.03
24 Guizhou 66.30 96.72 9950 99.54 99.25 9890 9724 9589 9546 94.79
25 Yunan 7411 97.74 9952 9947 9892 9851 9691 9551 9481 94.08
26 Xizang 64.35 9562 99.60 9959 98.75 99.24 98.85 9546 9586 93.74
27 Shanxi 85.72 98.78 9949 99.37 98.77 9839 96.86 9562 9432 9352
28 Gansu 66.59 96.37 9941 99.37 9887 9875 9750 96.28 9553 94.93
29 Qinghai 6499 9260 9885 99.09 9895 9860 96.36 9549 9518 94.40
30 Ningxia 79.43 9750 99.29 99.24 9847 9842 96.25 9529 9392 9324
31 Xinjiang 69.01 97.79 9959 9955 99.14 99.05 97.74 96.64 95.65 94.93
mean value 82.12 9821 9939 99.26 9854 9824 9659 9525 9418 93.39

The results in Table 10 reveal some facts as following.

Firstly, from the vertical perspective, the development efficiency of digital finance in each
province shows a trend of rising rapidly at the beginning of the sample period, then declines steadily
and slowly. The development efficiency of digital finance in most provinces reached the maximum
during 2012-2014, and declined continuously from 2016. The cause may be that digital finance in each
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province is more supported by policies and markets at the initial stage of development, thus the
marginal revenue of the industry is higher, and the input-output ratio is relatively larger. After a period
of rapid development, the industry tends to be saturated and marginal revenue decreases. The same
input can only bring less output, so the efficiency gradually decreases. Additionally, in order to regulate
the industry and control the chaos of blind expansion, some government intervention appears, and may
limit the rapid expansion. Ultimately, while the development level of digital finance in each province
is rising slowly, the efficiency is gradually declining simultaneously.

Secondly, from the horizontal perspective, the development efficiency of digital finance in each
province has evolved from divergence to convergence and then to divergence. Those provinces with
higher development level of digital finance generally have relatively more development efficiency at
the beginning of the sample period. For instance, the five provinces of Shanghai, Beijing, Zhejiang,
Guangdong and Fujian have a relatively higher development level of digital finance initially, and the
development efficiency of digital finance of them is also more. The development efficiency and
development level complement each other, indicating that the development of digital finance may
initially have scale effect and Matthew effect. So it is important to obtain first-mover advantage.
Thereafter, although the development level of digital finance in those provinces continues to rise slowly,
their development efficiency declines rapidly over time. The development efficiency of the above five
provinces have ranked from the top five to the bottom five and been lower than their original value by
2020. On the contrary, the provinces of Qinghai, Guizhou, Gansu, Xinjiang and the others have a
relatively lower development level of digital finance in the early stage, the development efficiency of
digital finance of them has ranked the top of all provinces and been far higher than their initial values
by 2020. The result is consistent with the aforementioned vertical analysis result. The cause may still
be that as the development level of digital finance improves, its marginal product declines.

Finally, from various regions, the development efficiency of digital finance in the eastern, central
and western region also shows a trend of first rising and then declining in the sample period (see Figure
2). The development efficiency of digital finance in the eastern region is the highest and grows fastest
at the beginning of the sample period, but it also declines fastest after 2013. The development
efficiency of digital finance in the central and western regions starts at a lower level and declines
relatively slowly after reaching the maximum. This result is also consistent with the aforementioned
vertical analysis result, which again shows that the development potentiality of digital finance in the
western region is greater.
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Figure 2. Average value of digital finance development efficiency in different regions.
5. Conclusions

Over the past decade, digital finance has gained significant development in all provincial regions
in China, providing a solid foundation and strong impetus for sustainable economic development.
Using the digital financial inclusion index for each year from 2011 to 2020 in 31 provincial regions
across China as output indicators, we initially measured the digital financial development efficiency
of each region with the help of SFM, and revealed its time-series evolution and spatial distribution
differences. The results found that the digital financial development level of each provincial region
showed a continuous upward trend in general, but the digital financial development efficiency showed
arapid rise and then a slow decline, convergence and then dispersion; the digital financial development
efficiency of provinces with higher digital financial development level and eastern regions was higher
at the beginning of the period and declined faster after reaching the peak, and its value was already
lower than the national average; the imbalance of digital financial development efficiency of each
provincial region. There is a tendency for the degree to expand, and the central and western regions
have greater potential.

The findings of this paper have the following insights. Firstly, digital finance development plays
a significant role, and in order to further promote the development of digital finance in all provinces
in China, we should continue to stop the rapid decline of digital finance development efficiency in all
regions (especially in the eastern provinces) and continuously improve the uneven digital finance
development efficiency among regions. Secondly, the digital finance development efficiency in the
eastern region declines faster after reaching the peak, and the central and western regions have more
potential for digital finance development. The central and western regions have greater potential for
digital financial development efficiency, so resources should be reasonably allocated to guide the
reasonable flow of resources and continuously improve the quality of digital financial development in
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each region. Thirdly, there are significant differences in the level and efficiency of digital financial
development among different regions, so the central government should strengthen the overall
planning and promote the coordinated development of each region through functional positioning,
policy inclination and cross-regional mutual assistance.
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