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Abstract: China currently adopts voluntary principles to disclose sustainable development informa-
tion, and so considerable numbers of listed companies have chosen not to disclose such information.
Since disclosure and non-disclosure groups face different production opportunities, this research uses
the meta-frontier framework to completely analyze sustainable development practices of China’s
artificial intelligence (AI) industry. Empirical results show that the disclosure group outperforms the
non-disclosure group in operating scales, efficiencies, and technologies, while the superior efficiency
of state-owned enterprises (SOEs) comes entirely from the non-disclosure group. Hence, the gov-
ernment should mandate or actively encourage capable corporations, especially SOEs, to disclose
sustainable development information, as doing so improves the overall sustainable development of
society and also enhances these firms’ performance. Finally, the authority can formulate a nationwide
disclosure policy regardless of the existing differences in regional development.

Keywords: disclosing sustainable development information; meta-frontier approach; AI industry;
reputation effect; state-owned enterprises

1. Introduction

Sustainable development, especially firms’ environmental, social, and governance
(ESG) behaviors, has attracted considerable attention in recent years, with even the United
Nations recommending that corporations disclose their ESG practices [1]. As the world’s
largest emerging economy, China actively encourages domestic corporations to disclose
their sustainable development information, e.g., in 2018 the “China Securities Regulatory
Commission” revised and issued the “Code of Corporate Governance for Listed Companies
in China,” clarifying the basic framework for sustainable development disclosures and
mainly focusing on ESG practices. However, disclosing sustainable development informa-
tion in China is currently voluntary, and the end result still appears to not be good enough,
e.g., the China Stock Market and Accounting Research Database shows that only 36 out of
134 (26.8%) listed artificial intelligence (AI) companies chose to disclose their sustainable
development information. Most studies’ analysis on the relationship between sustain-
able development and economic and/or environmental performance, including research
samples of developed and emerging economies, focuses only on disclosing companies [2].
Given the low proportion of corporate sustainability disclosure and that full disclosure of
sustainability information is the future trend, any sub-sample that only includes disclosing
corporations is not very representative and also faces the problem of non-random selection
bias. In addition, environmental adaptability, resource sufficiency, technology and cost
adjustment capabilities, social visibility, and so on also influence whether companies dis-
close sustainable development information [3–5]. Therefore, disclosure and non-disclosure
groups should face different production opportunities. Because the meta-frontier approach

Energies 2021, 14, 6139. https://doi.org/10.3390/en14196139 https://www.mdpi.com/journal/energies

https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-7817-1104
https://doi.org/10.3390/en14196139
https://doi.org/10.3390/en14196139
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/en14196139
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en14196139?type=check_update&version=2


Energies 2021, 14, 6139 2 of 13

is able to estimate separate production frontiers for different groups of firms, this research
applies it to analyze disclosing sustainable development information of China’s AI firms to
complement our knowledge about this burgeoning topic.

Although the Industrial Revolution has promoted rapid economic development,
the world has also paid considerable environmental and social costs. While the global
economy achieved rapid growth during the 20th century, the problems of excessive energy
consumption, environmental pollution, and greenhouse effect have become too serious
to be ignored. Therefore, since the 1970s the international community has advocated a
green and circular economy, encouraging companies to undertake social responsibilities
and promote sustainable development. In 1972, the United Nations’ declaration of the
human environment [6], also known as the Stockholm Declaration, initially proposed the
concept of sustainable development. By 1987, the World Commission for Environment and
Development (WCED) published the report Our Common Future [7], stating that sustainable
development is “development that meets the needs of the present without compromising
the ability of future generations to meet their own needs” and is also committed to achieving
a balanced development between human beings and nature.

According to the theory of externalities, companies only care about their own pri-
vate cost and do not bear external social costs; in other words, with regard to corporate
social responsibility (CSR) or ESG, firms have no incentive to promote and/or invest in it.
However, recognizing that corporate reputation is a valuable intangible asset contribut-
ing to their competitive advantage, many enterprises engage in sustainable development
activities in order to gain or enhance their image [8–12]. The World Bank [13] stated
that “CSR is the commitment of business to contribute to sustainable economic development.”
In addition, Verbin [14] and Sætra [15] suggested that ESG is increasingly replacing CSR.
Hence, many scholars used the value of CSR or ESG to measure sustainable development
practices. Some studies have supported a positive contribution of CSR or ESG on firms’
performance [16–20], mainly from lower systematic market risks and idiosyncratic risks
due to a smaller likelihood of litigation or negative market reaction [21].

The literature has generally found a positive relationship between corporate social
activities and performance in developed markets, but findings are mixed in emerging
markets [2]. One possible reason is that the lack of financial institutions’ recognition of a
firm’s CSR and/or ESG activities may result in its ineffectiveness in allocating resources
toward sustainable development [2,22–24], implying that disclosing sustainable develop-
ment information is very important for improving future sustainability. Hence, the United
Nations advises firms to disclose their ESG practices before 2030 [1].

Ever since China’s reform and opening up in 1979, the country’s annual average
growth rate was about 9.5% up until 2018, which the World Bank described as “the fastest
sustained expansion of major economies in history” [25]. However, fast development
comes with damage to the environment and society. To solve domestic environmental
and social problems, China has positively pushed forward sustainable development and
promoted ecological and environmental protection requirements into corporations’ gov-
ernance structure by clarifying the basic framework for sustainable development. Firms
disclosing sustainability development information signal trust in their ability to generate
superior performance in comparison to their competitors [26], may be recognized as the
leading and most admired firms in the market [24], and can generate positive effects on
long-term performance through positive feedback on their reputation [12]. However, even
if firms want to engage in sustainable development disclosures, insufficient resources may
hinder small and growing companies to divulge them [3]. Hence, under the “voluntary
disclosure” principle in China, each listed company decides whether or not to disclose sus-
tainable development information based on its own resources and the external environment
it faces.

Artificial intelligence (AI) is leading a new round of technological revolution and
industrial transformation in the 21st century. Presently, countries around the world are
seizing the opportunity to become leaders in the AI field and are formulating nationwide



Energies 2021, 14, 6139 3 of 13

strategies or plans. McKinsey Global Institute [27] suggested that about 70% of enterprises
will have adopted at least one AI technology by 2030; in addition, it is expected by 2030
that AI could potentially contribute to USD 13 trillion in output, enhancing global GDP
by 1.2% a year. As one of the first countries to propose a strategic plan for developing
AI, China has established a complete AI development system. According to the “Big data
analysis report of China’s new infrastructure in 2020,” the total fundraising of Chinese
enterprises in the AI field reached CNY 311.294 billion in 2020. At the same time, the
“2020 AI China patent technology analysis report” pointed out that the total number of AI
technology patent applications in China surpassed the United States for the first time in
2019, allowing the country to own the most applications in the world. In October 2020,
the number of AI patent applications in China reached 694,000, or an increase of 56.3%
compared to 2019. According to China’s artificial intelligence development report 2018 [28],
the largest share of China’s AI market covers the computer vision industry, including
biometrics, image recognition, and video recognition, achieving 34.9% of the total market
share, followed by speech processing (24.8%) and natural language processing (21%). China
aims to create a domestic AI market of USD 150 billion by 2020 and become a world-leading
AI center by 2030 [29]. The AI industry now plays an important role in China’s future
development, and so core sustainable development strategies should be included when
evaluating its performance.

Data envelopment analysis (DEA), proposed by Charnes et al. [30], is a data-driven
tool for performance evaluation. Because it can conduct multiple-output and multiple-input
analysis without specifying any particular functional form, it has been widely employed
in many different fields [31–37]. However, given the low percentage of sustainability dis-
closures (26.8%) in China and with full mandatory disclosure of sustainable development
to be the mainstream trend in the future, if we only conduct research on AI firms with
sustainability disclosures, then the sample lacks representativeness and faces a problem of
non-random selection bias. Furthermore, environmental adaptability, resource sufficiency,
and the degree of social visibility to gain a reputation all affect whether or not firms en-
gage in sustainability disclosures. Therefore, disclosure and non-disclosure groups should
have distinctive production probability sets, but they violate the convexity assumption
of conventional DEA models. This study thus uses the meta-frontier approach, proposed
by O’Donnell et al. [38], by allowing each group to have its own group-frontier so as to
completely analyze sustainable development practices of China’s AI industry. We further
investigate the efficiency of disclosure and non-disclosure groups by different owner-types
and regions.

This rest of the paper is organized as follows. Section 2 examines the related literature.
Section 3 describes the methodology. Section 4 offers a description of the data and empirical
analyses. The final section is concluding remarks.

2. Literature Review

The basic concept of sustainable development must not only meet the needs of con-
temporary people without compromising the ability of future generations, but also strive to
achieve balanced development between human beings and nature. Since the 1970s, interna-
tional society has encouraged corporations to engage in sustainable development, and the
externality theory suggests that by only caring about their own private cost, firms have no
incentive to promote sustainable development [39,40]. Studies have argued that investors
anticipate enhancing their wealth from a firm without a sustainable policy, thus meaning
any such policy should be carried out by non-profit organizations. However, many studies
have indeed found that being sustainable can benefit firms’ performance [16–20]. Some
scholars have proposed that corporations engaging in social activities can gain a positive
reputation that contributes to their sustainable competitive advantage, thereby improving
performance [8–12].

The signaling theory suggests that when there exists information asymmetry, the party
with the information advantage can actively pass the information to the party with the
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information disadvantage or disclose the information through a certain system or policy,
which can subsequently reduce information asymmetry, thus improving the allocation of
resources [41]. Some studies suggested that disclosing CSR or ESG contributes positively to
firms’ performance [2,5,42,43]. Pham and Tran [42] found that disclosing CSR has a positive
effect on a firm’s reputation and can improve its financial performance tremendously.
Mohammad and Wasiuzzaman [2] took Malaysian firms as the research sample and showed
a positive relationship between ESG disclosure and performance. However, several scholars
hold different opinions. Worokinasih and Zaini [44] used listed mining companies in
Indonesia as the research sample and noted that CSR disclosure has no significant impact
on corporate value. Xie et al. [45] indicated that a high level of ESG disclosure has a
negative correlation with corporate efficiency.

Several research studies have focused on voluntary and mandatory sustainable de-
velopment disclosures [46,47] and how environmental factors affect such disclosures [4,5].
Charumathi and Ramesh [47] suggested that voluntary disclosure positively relates to
corporate value, and that the market recognizes that companies disclosing ESG information
have higher values. Liu and Tian [46] argued that mandatory CSR disclosure reduces
investment efficiency, but when corporations have serious agency problems, mandatory
disclosure helps improve the supervision of Chinese firms. Ting [5] indicated that corporate
size has a positive impact on CSR disclosures. Acar et al. [4] found that firms with greater
state-owned ownership have higher ESG disclosures. The above studies are only based
on sample firms engaged in sustainable development disclosures and cannot be extended
to infer anything about non-disclosure firms. Therefore, a complete study on disclosing
sustainable development information requires appropriate methods to analyze research
samples that include both disclosed and non-disclosed companies.

Traditional DEA models assume that different groups of firms share the similar tech-
nology level, but ignoring group heterogeneity may lead to estimation bias [48,49]. The
concept of meta-frontier, initially proposed by Hayami [50] and Hayami and Ruttan [51],
emphasizes group heterogeneity of production opportunities. O’Donnell et al. [38] incor-
porated the meta-frontier into DEA, allowing each group to have its own group frontier,
and decomposing meta efficiency into group efficiency and technological gap. Since then,
many scholars have applied the meta-frontier approach to evaluate efficiency in various
fields, such as the cable TV industry [52], CO2 emissions [49,53], water companies [54],
hospitals [55], airports [56], banks [57], hotels [58,59], and more.

3. Methodology
3.1. Meta-Frontier Approach

Suppose that there are N decision-making units (DMUs). Each DMU employs k inputs
x
˜
= (x1, . . . , xk)

′ ∈ <k
+ to produce r outputs y

˜
= (y1, . . . , yr)′ ∈ <r

+. The production

possibility set is given by the closed set:

Ω =

{
(x

˜
, y

˜
)

∣∣∣∣ x
˜
can produce y

˜

}
⊂ <k+r

+ (1)

Since Ω is unknown, we have to first estimate Ω from the observed input–output set.
Charnes et al. [23] recommended the estimator of Ω, known as the CCR model, as follows:

Ω̂ =

{
(x

˜
, y

˜
) | x

˜
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˜
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˜
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˜
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˜
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˜ 1
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˜ 1

, . . . , y
˜ N

), λ
˜

is an (N × 1) vector of intensity variables, and

0
˜

is an (N × 1) vector of zeros. Equation (2) reveals that Ω is the smallest free disposal
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convex set containing all the data. The output-oriented technical efficiency of the CCR
model for DMU n, TEn, is defined as:

(TEn)
−1 = sup

δ, λ
˜

{δ |(xn
˜

, δyn
˜
) ∈ Ω̂} (3)

The CCR model assumes that production exhibits constant returns to scale (CRS),
which is only appropriate when all DMUs are operating at an optimal scale. Banker
et al. [60] extended the CCR model to account for variable returns to scale (VRS), calling it
the BCC model. Mathematically, the BCC model is modified easily from the CCR model
by adding the convexity constraint 1

~

′
λ
˜
= 1 in Equation (2), where 1

~
is an (N × 1) vector

of ones.
The production possibility set estimators in both the CCR and BCC models are as-

sumed to be convex. However, because of different resource constraints, managerial modes,
technology flexibilities, and/or social visibilities to gain reputation, different groups of
firms generally face different technology opportunities, and thus the assumption of con-
vexity may not be valid. To overcome this problem, O’Donnell et al. [38] proposed the
meta-frontier approach to allow each group to have its own group frontier.

Let Ω̂m be the corresponding meta-technology set estimator that envelopes the G
group frontiers such that Ω̂m = Ω̂1 ∪ . . . ∪ Ω̂G, where Ω̂g is the corresponding technology
set estimator of group g, g = 1, . . . , G. The corresponding output-oriented technical
efficiency relative to the meta-technology set can be expressed as:

(TEm)−1 = sup
δ, λ

˜

{δ |(x
˜
, δy

˜
) ∈ Ω̂m} (4)

The corresponding output-oriented technical efficiency relative to the technology set
of group g can be defined as:

(TEg)−1 = sup
δ, λ

˜

{δ |(x
˜
, δy

˜
) ∈ Ω̂g} (5)

Additionally, O’Donnell et al. [38] defined the meta-technology ratio (MTR) as follows:

MTR = TEm/TEg (6)

The output-oriented TEm (TEg) measures the ratio of the distance from the origin to
the observed output y

˜
relative to the distance from the origin to the potential output, along

the y
˜

direction, located on the meta-frontier y
˜

m∗ (located on group-frontier y
˜

g∗). Hence,

MTR measures the distance between the group-frontier and the meta-frontier.

3.2. The Wilcoxon Test

Suppose that there are two independent samples, (u1, u2, . . . , un1) and (v1, v2, . . . ,
vn2), with sample sizes n1 and n2, respectively. We combine these two samples and rank
the combined samples in ascending order. Under the null hypothesis H0: two population
means are equal, any arrangement of the u’s and v’s is equally likely to occur. Replacing
the observations with their combined sample ranks, the Wilcoxon W statistics are defined
as the sum of the ranks of the u’s.

W = ∑ rank
(
u′s

)
(7)

We reject the null hypothesis H0 if W is large enough or small enough, or if the p-value
is less than the specified level.
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4. Empirical Analysis
4.1. Data and Input–Output Variables

The dataset, obtained from the China Stock Market and Accounting Research Database,
consists of 134 listed AI companies and 372 observations from 2017 to 2019. We conduct
cluster processing according to whether a firm discloses sustainable development. Among
them, 36 AI companies (88 observations) disclosed their sustainable development, and the
other 98 firms (284 observations) chose not to disclose. All nominal variables are deflated
by the GDP deflator with 2015 as the base year.

One of the critical works for applying DEA models is to select appropriate input
and output variables. Since the AI industry is a high-tech industry, innovation activities
play a key role in the operation and future development of AI companies. Therefore, in
addition to considering the general input variables, number of employees (Labor), and fixed
assets (FA), we also include number of research and development employees (R&Dp) and
research and development intensity (R&DI). The output variables are main revenue (Rev)
and other revenue (ORev). The total income of an enterprise consists of operating income
and non-operating income, but the importance of these two to a firm is clearly different,
and so they need to be treated separately.

4.2. Empirical Specifications and Results

In addition to the statistical data of the entire sample, Table 1 also classifies them
according to disclosure and non-disclosure and presents the descriptive statistics of their
grouped data, respectively. It is apparent that all average values of the disclosure group
are much larger than those of the non-disclosure group, except for R&D intensity (R&DI),
with the average R&D expenditure of the disclosure group much greater at about 7.6 times
that of the non-disclosure group (CNY 1.336 billion vs. CNY 175 million). In addition, the
average R&D personnel of the disclosure group is approximately 5.6 times greater than the
non-disclosure group (4262 vs. 756). Since the R&D investment of the disclosure group
is much more than that of the non-disclosure group, both groups should have distinctive
technological frontiers. Furthermore, the average number of employees and fixed assets
of the disclosure group are approximately 3.7 times (10,736 vs. 2883) and 5.2 times (2517
vs. 489) that of the non-disclosure group, respectively, indicating during the 2017–2019
period that the size of the disclosure group was larger than that of the non-disclosure
group. This may suggest that even if firms want to participate in sustainable development
disclosures that insufficient resources may impede small and growing companies from
doing so. We thus conclude that disclosure and non-disclosure AI firms own different
technology opportunities. Hence, this study uses the meta-frontier approach to analyze the
operational efficiency of China’s AI industry.

Balk [61] suggested that it is better to regard actual technology as VRS, because even
though a DMU is technically efficient under VRS, one can also augment its productivity by
increasing its operating scale along the VRS frontier. Therefore, this study applies the BCC
model to estimate the meta-frontier and group-frontier. Furthermore, the input-oriented
approach of contracting innovation activities (input variables) contradicts the objective of
sustainable development. Hence, we use the output-oriented approach, proportionally
maximizing the expansion of outputs by holding inputs constant, to evaluate the operation
efficiency of China’s AI industry. Table 2 presents the descriptive statistics of meta efficiency
TEm, group efficiency TEg, and meta-technology ratio MTR.
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Table 1. Descriptive Statistics of Inputs and Outputs.

Variables Mean Std. Dev. Min Max

Inputs
R&Dp: Number of R&D employees (persons)

Overall 1585.11 3293.61 6.00 28,942.00
Disclosure 4262.361 5812.74 52.00 28,942.00
Non-Disclosure 755.54 956.31 6.00 6185.00

R&DI: R&D intensity (%), 100*R&D Expenditure/Sales
Overall 11.39 9.62 0.06 83.23

Disclosure 11.01 9.43 0.06 83.23
Non-Disclosure 12.61 10.19 1.78 56.67

Labor: Number of employees (persons)
Overall 4740.61 8919.88 175.00 74,773.00

Disclosure 10,736.31 14,501.33 200.00 74,773.00
Non-Disclosure 2882.79 5001.61 175.00 57,463.00

FA: Fixed assets (CNY million)
Overall 967.03 2690.09 3.64 24,006.73

Disclosure 2517.36 5003.92 13.17 24,006.73
Non-Disclosure 486.65 900.19 3.64 7589.39

Outputs
Rev: Main revenue (CNY million)

Overall 5644.51 12,982.62 77.15 103,810.91
Disclosure 15,837.92 22,063.81 318.72 103,810.91
Non-Disclosure 2485.99 5383.48 77.15 73,936.68

ORev: Other revenue (CNY million)
Overall 15.69 60.15 0.00004 847.74

Disclosure 44.76 116.38 0.05420 847.74
Non-Disclosure 6.68 15.33 0.00004 202.98

Note: All nominal variables, including FA, Rev, and ORev, are deflated by the GDP deflator with 2015 as the
base year.

Table 2. Descriptive Statistics of TEm, TEg, and MTR.

Mean Std. Dev. Min Max

TEm
Overall 0.2793 0.2829 0.0238 1.0000

Disclosure 0.4142 0.3516 0.0398 1.0000
Non-Disclosure 0.2375 0.2439 0.0238 1.0000

TEg
Overall 0.3459 0.3096 0.0408 1.0000

Disclosure 0.4864 0.3809 0.0408 1.0000
Non-Disclosure 0.3024 0.2702 0.0434 1.0000

MTR
Overall 0.8028 0.1931 0.0956 1.0000

Disclosure 0.8931 0.2015 0.0956 1.0000
Non-Disclosure 0.7748 0.1818 0.3703 1.0000

4.3. General Analysis

Table 2 shows that both mean efficiencies, meta efficiency TEm and group efficiency
TEg, of the disclosure group (0.4142 and 0.4864, respectively) are larger than those of the
non-disclosure group (0.2375 and 0.3024, respectively). This may indicate compared to the
non-disclosure group that the performances of the inefficient AI firms in the disclosure
group are relatively similar to the efficient ones operating on the frontier. In other words,
homogeneity among corporations of the disclosure group is relatively high, while the
DMUs of the non-disclosure group are relatively heterogeneous. Meta-technology ratio
MTR measures the distance between the group-frontier and meta-frontier. The average
value of the disclosure group is 0.8931, which is better than the non-disclosure group’s
0.7748. It suggests that the disclosure group-frontier is closer to the meta-frontier, offering
potential technology opportunities for the AI industry and implying that the disclosure
group may hold better operation technology. In addition, Table 3 shows that the efficient
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DMUs located on the frontiers of the disclosure group fall on the meta-frontier and the
group frontier and are, respectively, 14.77 and 25%, which are greater than 4.93 and 8.1%
of the non-disclosure group. This advocates further that on average the disclosure group
outperforms the non-disclosure group.

Table 3. Summary of Efficient DMUs Located on the Frontiers.

Disclosure Non-Disclosure

Number of Efficient DMUs Percentage Number of Efficient DMUs Percentage

TEm 13 14.77% (13/88 14 4.93% (14/284)
TEg 22 25.00% (22/88) 23 8.10% (23/284)

Number of DMUs 88 284

Although Table 2 points out that the three performance indicators of the disclosure
group are greater than those of the non-disclosure group, whether they are significantly
different requires further statistical analysis. In addition, the group efficiency TEg measures
the distance from a DMU’s operating point to the group-frontier that it belongs, indicating
that group efficiencies obtained from different groups are not comparable, and thus we
cannot perform the hypothesis test between groups. Hence, we apply the non-parametric
test only to investigate whether average values of meta efficiency TEm and/or meta-
technology ratio MTR are significantly different between the disclosure and non-disclosure
groups. The Wilcoxon rank sum tests in Table 4 show at the 0.1% level that there is indeed
a significant difference in TEm and MTR between the two groups. In other words, the
disclosure group significantly outperforms the non-disclosure group.

Table 4. Wilcoxon Rank Sum Tests of Disclosure vs. Non-Disclosure.

Mean Values
W Statistics p-Value

Disclosure Disclosure

TEm 0.4142 0.2375 15,944 <0.001
MTR 0.8931 0.7748 18,005 <0.001

4.4. Analysis by Different Locations and/or Owner-Types

Since its reform and opening up, China’s economic development and related policies
have gradually extended from the east coast to the west inland, presenting clear regional
differences. In addition, state-owned enterprises (SOEs) still have a pivotal position in
China. In contrast to non-state-owned enterprises (NSOEs) maximizing their own profit,
SOEs focus more so on raising social welfare. As different goals may lead to different
operating and production modes of SOEs and NSOEs, we further divide the AI enterprise
sample into coast and inland sub-samples according to location as well as into SOE and
NSOE sub-samples according to owner-type.

Table 5 displays the mean values of TEm, TEg, and MTR by owner type and location.
In terms of ownership, no matter in the overall sample or the disclosure and non-disclosure
groups, the three performance indicators of SOEs are almost always larger than those of
NSOEs, except for the disclosure group’s MTR, which are also very close (0.8909 vs. 0.8952).
As for location, there is no obvious regional advantage, and all indicators between regions
appear very close, regardless of disclosures. We further apply the non-parametric test to
examine location and/or owner-type effects.

The Wilcoxon rank sum tests in Table 6 show for the overall sample that TEm and MTR
of SOEs are significantly greater than those of NSOEs at the 0.1% level. For the disclosure
group, there is no significant difference between SOEs and NSOEs for all three indicators.
In the non-disclosure group, SOEs are better than NSOEs in both efficiencies at the 2% level
of significance, while there is no significant difference in MTR with a p-value of 0.8037.
Hence, SOEs’ efficiency advantage mainly comes from the non-disclosure group, while
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technological superiority is due to the difference in technical opportunities between groups.
In terms of locations, whether it is a disclosure group or non-disclosure group, coast and
inland AI firms do not exhibit significances in all three performance values, except MRT in
the disclosure group at the 5% level of significance. In other words, under the 10% level of
significance, coast and inland DMUs are insignificantly different in efficiencies and MTR,
regardless of disclosures.

Table 5. Mean Values of TEm, TEg, and MTR by Owner-Types and/or Locations.

Owner-Types Locations

SOEs NSOEs SOEs NSOEs

TEm
Overall 0.4294 0.2481 0.2804 0.2729

Disclosure 0.4523 0.3778 0.4059 0.5103
Non-Disclosure 0.3825 0.2259 0.2374 0.2375

TEg
Overall 0.5175 0.3103 0.3426 0.3654

Disclosure 0.5454 0.4300 0.4732 0.6395
Non-Disclosure 0.4603 0.2898 0.2980 0.3246

MTR
Overall 0.8589 0.7911 0.8019 0.8074

Disclosure 0.8909 0.8952 0.8950 0.8708
Non-Disclosure 0.7934 0.7733 0.7702 0.7980

Table 6. Wilcoxon Rank Sum Tests of Different Owner Types and/or Locations.

SOEs vs. NSOEs Coast vs. Inland
W Statistics p-Value W Statistics p-Value

TEm
Overall 6778.5 <0.001 8000.5 0.4233

Disclosure 875 0.4425 336 0.4226
Non-Disclosure 1839 0.0109 5099 0.3608

TEg
Overall – – – –

Disclosure 826 0.2392 363 0.2231
Non-Disclosure 1881 0.0151 4984 0.2554

MTR
Overall 7069 0.0004 8903 0.6649

Disclosure 806 0.1789 406.5 0.0589
Non-Disclosure 2671 0.8037 6032 0.3691

5. Discussion

Tables 2 and 3 indicate that AI firms which voluntarily disclose sustainability informa-
tion outperform those that do not disclose in terms of efficiency and production technology.
In addition, the homogeneity of the disclosure group is better than that of the non-disclosure
group. These empirical results suggest that after engaging in sustainable development
disclosures, AI firms gain efficiency and/or productivity enhancement through signaling
and reputation effects, as empirically supported by various studies [2,12,17,22,26,42,43].
This finding indicates that disclosing sustainability information can promote a sustainable
future and increase the productivity of the disclosure company.

We also see that firm size of the disclosure group in the research sample is on av-
erage larger than that of the non-disclosure group, which might reflect that some small-
and medium-sized enterprises (SMEs) and/or growing companies, constrained by insuffi-
cient resources, are willing yet unable to invest in sustainable development activities [3].
Conversely, large and/or respected corporations can easily signal messages to support en-
vironmental and social improvement through sustainable development activities, thereby
gaining reputational effects [24] and suggesting that they are most likely to obtain the
net benefit of investing in environment and social activities, at least in the long run.
Therefore, these eligible companies should give priority to disclosing their sustainable
development information.
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Tables 5 and 6 show in terms of owner type that there is no significant difference
between SOEs and NSOEs for all three performance values of the disclosure group. Ad-
ditionally, SOEs are superior to NSOEs in efficiency, which come completely from the
non-disclosure group, while both present insignificant differences in MRT, suggesting that
the superior technology of SOEs arises from distinct technological opportunities between
disclosure and non-disclosure groups. Therefore, SOEs are clearly qualified for sustainabil-
ity disclosures, which can help achieve the goal of maximizing social welfare and promote
sustainable development. Furthermore, regardless of the disclosure and non-disclosure
groups, coastal and inland AI companies exhibit no significant differences in terms of
technological opportunities and/or efficiency at the 10% level of significance. Hence, when
formulating related policies of sustainable development disclosures, there is no need to
consider the differences in the degree of regional development.

Based on the above discussion, we provide the following policy suggestions. First, the
government should force qualified companies, especially SOEs, to engage in sustainable
development disclosures. Corporations that reach a certain scale or possess superior tech-
nology and operation efficiency can realize long-term benefits from investing in sustainable
development activities more than the costs they pay for them [5,24,26]. Perhaps due to
resource crowding effects and/or a focus on short-term benefits and market value, these
qualified companies have not yet participated in environmental and/or social activities.
For example, Table 3 shows that 14 efficient DMUs (4.93%) of the non-disclosure group
operate on the meta-frontier, which is more than the 13 efficient DMUs of the disclosure
group. Hence, mandating these qualified corporations to disclose sustainable development
information will not only help the overall society to upgrade its future sustainability, but
also correctly guide firms to improve their future performance through enhancing their
reputation and competitive advantage.

Second, some SMEs and growing companies cannot invest in environmental and/or
social activities due to insufficient resources. The authority can provide tax incentives
and/or supportive policies (e.g., tax concessions and/or setting stringent environmental
protection standards) to guide them toward voluntarily disclosing sustainable develop-
ment information. In other words, suitable actions can be deployed ahead of time in
response to the trend of comprehensive disclosure and sustainable development in the
future. Finally, when formulating sustainable development disclosure policies, the gov-
ernment can disregard any existing variations in regional development and simply design
nationwide policies.

6. Conclusions

China currently adopts the voluntary principle for corporations to disclose sustainable
development information, resulting in a low disclosure ratio for the AI enterprise sample
(26.8%, 36 out of 134) herein. Previous studies on sustainable development mainly take a
sample of disclosing enterprises [2,44–46], but with the low disclosure rate of our sample
firms and because full mandatory disclosure is the future trend, conducting research only
on AI firms that disclose sustainability information not only lacks representativeness, but
also faces a problem of non-random selection bias. Furthermore, the average operating scale
of the disclosure group is much larger than that of the non-disclosure group, suggesting
that both groups should own different distinctive production probability sets. Hence, this
study employed the meta-frontier approach, allowing each group to have its own group-
frontier, to fully evaluate sustainable development disclosures in China’s AI industry and
to supplement our knowledge about this topic in emerging markets.

Empirical results showed on average that the disclosure group is superior to the non-
disclosure group in operating scale, efficiencies, and production opportunities. In addition,
SOEs outperform NSOEs in both efficiencies and technologies. Therefore, if enterprises
with a certain scale and/or good reputation, especially SOEs, have not disclosed their
sustainability information, then the government should mandate that they engage in such
disclosure. Doing so not only improves the sustainable development of society, but also
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guides corporations to correctly accelerate their future performance by improving their
reputation and competitive advantage. Regardless of the disclosure, there is no significant
difference in efficiency and technology between coastal and inland AI firms. Hence, the
government can simply formulate national policies while ignoring the existing differences
in regional development.

One of key limitations of this study is only taking into account output expansion.
Therefore, future research can apply the hyperbolic distance function and/or directional
distance function by simultaneously expanding the output and shrinking the input to
further study the characteristics of disclosing sustainability information. Despite this
limitation, our study finds that the disclosure group outperforms the non-disclosure group
in terms of efficiency and production technology, and further analysis is carried out by
location and owner type, thus providing some useful policy implications. The same
methodology can also be used in other countries and/or other industries to supplement
our knowledge of sustainable development.
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