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The usage of data production factor (DPF) has been extensively studied in

academic research and industry. The purpose of this study is to examine the

causal effects of DPF adoption on company performance. We firstly provide a

measurement of DPF adoption by text mining, which is superior to previous

studies that use only single metric. Then, based on PSM-DID method, we use

the data of China’s listed companies from 2011 to 2019 to identify the causal

relationship between data elements adoption and company’s performance. We

find that the adoption of DPF can significantly increase companies’

performance. Further heterogeneity tests show that companies from the

service industry and state-owned companies achieve a significant

improvement in the performance after adopting DPFs in production.

Altogether, this study provides the micro evidence on the relationship

between the adoption of DPFs and company performance, providing

significant implications for the development of digitalization and intelligence

production.
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1 Introduction

The widespread application and innovation of new-generation information

technology have greatly promoted the digital transformation of companies and the

reconstruction of productivity and production relations. For the first time, the Fourth

Plenary Session of the 19th Central Committee of the Communist Party of China

recognized data production factor (DPF) as the seventh production factor, reflecting

the important role of data in improving productivity in the context of high-quality

development. In April 2020, the State Council of the CPC Central Committee issued a

document specifically for production factor market, clearly emphasizing the need to

“accelerate the cultivation of DPF market, enhance the value of social data resources, and

cultivate new industries, new business models and new modes of the digital economy.”
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DPF provides the main source of potential for companies to

achieve exponential and significant growth. Consequently,

companies are gradually increasing their dynamic investments

in DPF. The two-way promotion of DPF and companies has

enhanced the rate of marketization of DPF and laid the technical

foundation for companies to enter the new era of the digital

economy. Considering that production factor is a new and

powerful resource, there are two major strategic issues that

need to be urgently addressed. Is DPF able to create higher

value in the process of interaction with traditional production

factors, such as labor, capital, land, technology, knowledge, and

management? Is DPF conducive to improve the dynamic

capability and innovation capacity of companies?

There is already a good number of literatures on the topic of

DPF’s role in productivity (Evangelista et al., 2012; Enrique et al.,

2018). It has been believed that DPF do not act in a single form on

economic development, but mainly realize the duty of data

empowerment through interaction with traditional production

factors. Specifically, DPF do not automatically provide the

required information and values without going through

appropriate steps, such as data filtering and processing. This

means that companies need to use various analytical tools to filter

out the useful information contained in data as a scientific basis

for decision-making (Baesens et al., 2016). For example, by

adopting big data technology in the “precision marketing”

strategy, companies can comprehensively grasp consumer

demand and market trends in a timelier manner through

market analysis, pinpoint the target group of products, and

increase marketing interaction (Xue, 2021). The combination

of DPF with traditional production factors has shown innovative

effects on the development of companies. For instance, when

DPF is combined with capital, the increasing investments in

R&D lead to a significant increase in the technological innovation

of companies. Similarly, a combination with DPF and labors can

effectively improve production efficiency. Furthermore, the most

significant results are achieved when combining DPF with

technology, which can help advance robust technological

progress and establish an efficient digital system for

companies by taking advantage of the multidimensionality

and large capacity of big data (Lin and Meng, 2021). While

the accumulation of data capital will further improve data

processing efficiency, the combination also increases the

overall productivity of companies and boosts economic

growth. In summary, DPF provide new resources and strong

guarantees for companies to transform and accelerate their

adaptation to the era of the digital economy, activate

industrial digitization, and promote productivity, innovation,

and development.

Recent years have witnessed an increase of literatures

concerning the effect of DPF adoption on company

performance (Ferreira et al., 2019; Nasiri et al., 2020). The

ease of access to DPF is an important reason for the widening

gap in size and performance between large- and medium-sized

companies (Begenau et al., 2018). The combination of data

collected and published by the government and various

statistical agencies, as well as companies’ own data, enhances

the efficiency of companies’ decision-making (Hughes-

Cromwick and Coronado, 2019). To further evaluate the

impact of DPF adoption, some scholars have proposed to

open the “black box” of the value realization process and

multidimensional value creation mechanism of DPF by

establishing the benchmark model of “factor-mechanism-

performance,” combining its social attributes and dynamic

integration theory (Yin et al., 2022). This can provide effective

theoretical and practical insights into the sustainable

development of companies.

However, the existing literatures on the impact of DPF on

company performance is still inadequate. A primary drawback is

the lack of comprehensive measurement of DPF adoption.

Common measurements include property (Liu et al., 2022),

the quality of the corporate website (Bernal et al., 2018), AI

related technologies or Big Data analytics. Besides, executives’

subjective perception of the technology application is also

frequently used, which is measured by questionnaire (Tsou

and Chen, 2021; Nasiri et al., 2020). Another shortcoming is

that previous literatures have largely failed to focus on causal

effects of DPF on company performance. The endogenous issues

between company performance and its decision on DPF

adoption should not be ignored. In light of this, causal

inference methods, such as Difference-In-Difference model

(DID), should be used in the empirical studies.

In this paper, we aim to answer the question: does DPF

adoption has a positive influence on company performance?

Empirical results with 3,233 Chinese listed companies are

provided. Compared with previous works, this paper

contributes to two points. First, a method for accurately

determining whether a company adopts DPF is proposed

based on text mining. Second, the adoption of DPF is treated

as a quasi-natural experiment, and causal inference is performed

through the PSM-DID model to accurately estimate the average

gain in performance due to the adoption of DPF. Based on this,

the channels of causal effects are further analyzed through

heterogeneity analysis of industry and ownership.

The followings are organized as below: Section 2 presents the

data sources and indicator settings, Section 3 describes the model

setting, Section 4 shows the empirical results, and Section 5

concludes the paper.

2 Data

2.1 Sample and data sources

The initial sample of this paper is all A-share listed

companies in the Shanghai and Shenzhen stock markets. The

research interval is from 2011 to 2019. Before 2011, there were
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more missing values in the data of companies. Due to the

outbreak of the COVID-19 pandemic in 2020, which greatly

impacted companies, there was a certain incompatibility

compared to previous years. After removing sample

companies with missing data and stocks with ST label, in

short of Special Treatment, we finally obtain a sample of

3,366 companies.

Two sources of data are used in this paper. On the one hand,

financial data disclosed by listed companies’ annual statements

are from the Wind Economic and Financial Database. On the

other hand, the Guotaian database provides textual data of

companies’ basic information, such as company history, main

business, technical innovation, and shareholding, which are

reported annually.

2.2 Variables

2.2.1 Determination of data production factor
adoption

We provide a measurement method of DPF adoption in a

two-step process.

2.2.1.1 Step 1: Definition of data production factor

The measurement of DPF adoption in the aspect of

company has been little studied. Therefore, the primary

aim of this paper is to clarify the definitions of DPF.

China’s 14th Five-Year Plan highlighted “giving full play to

the advantages of massive data and rich application scenarios,

promoting the deep integration of digital technology and the

real economy and growing new engines of economic

development” and discussed the specific path to activate

the potential of DPF from three aspects: strengthening the

application of key digital technology innovation, accelerating

digital industrialization, and promoting industrial digital

transformation. Accordingly, this paper defines companies

that applying DPF from three perspectives: the

supporting hardware facilities, the supporting digital

technology, and the application in industrial development.

Therefore, a list of keywords was selected according to the

above definition.

1) Hardware-facility-supporting DPFs

To improve the complete system and industry chain

composed of information collection, mining, analysis, and

application, as well as the sharing of DPF, companies should

establish a mature new digital infrastructure. Therefore, this

paper selected the key terms as the Internet of Things, cloud

computing, edge computing, artificial intelligence, blockchain,

data center, big data, data technology, information technology,

information system, information software, platform support, and

database.

2) Technology-supporting DPFs

The existing forms of data elements mostly depend on the

development of “big data” and have the characteristics of large

flow, diversity, and multiple levels, which are distinctive from

traditional data, especially with the role of newmedia, such as the

internet, which expands the channels and scale of data collection,

requiring companies to have high data processing and analysis

TABLE 1 List of keywords for identifying DPFs.

Categories Keywords

Hardware-facility-supporting DPFs Internet of Things, cloud computing, edge computing, artificial intelligence, blockchain, data center, big data, data
technology, information technology, information system, information software, platform support, database

Technology-supporting DPFs Data processing, machine learning, cloud technology, data analysis, data transmission, information and intelligent
manufacturing, data drive, information and system integration, internet information application, software definition,
intelligent leadership

Application of DPFs in industrial development Digital economy, electronic commerce, digital industrialization, digitalization, company informatization

TABLE 2 Total number of companies using DPFs by year.

Year Total number of
companies that adopt
DPFs

2011 270

2012 310

2013 367

2014 389

2015 431

2016 490

2017 550

2018 572

2019 605
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capabilities and to be able to fully exploit the value of data. Based

on this, we identified the following keywords: data processing,

machine learning, cloud technology, data analysis, data

transmission, information and intelligent manufacturing, data

drive, information and system integration, internet information

application, software definition, and intelligent leadership.

3) Application of DPFs in industrial development

The adoption of DPF has accelerated the upgrading of

industrial structures and the transformation of companies.

The rise of the digital economy has greatly contributed to the

rapid development of online platforms. It is worth mentioning

that the labor results of its formation are all digital results. In

other words, after being applied to basic industries, such as

industry, agriculture, and services, the digital economy has

made outstanding contributions to the value of the products

created. As such, this paper selected digital economy, electronic

commerce, digital industrialization, digitalization, and company

informatization as keywords.

The list of keywords in the above three cases is shown in

Table 1, with a total of 29 keywords.

2.2.1.2 Step 2: Determination of companies adopting

data production factors

We perform a text mining process to determine whether a

company adopt DPFs. First, we perform word splitting on the

text data of the basic company profile, which is a required

disclosure for China’s listed companies including the

information of company history, main business, technological

innovation, shareholding, etc. Then, the keywords contained in

Table 1 are automatically checked by computer to see whether it

appears in the word splitting results for each company. Further,

we manually examine whether the appeared keywords conform

to the semantic meaning. For example, the business scope of

Company No. 2177 is related to the provision of “digital

processing services” and other businesses involved in “data

and information processing services.” The semantic meaning

of the keywords “digital,” “data” and “information” here is

consistent to our study. Therefore, the company is classified

as a data element company. Another example is Company No.

2074, who has a business scope that includes “digital electrical

equipment.” Since this product is a traditional production

equipment, the keyword digitalization here is not in line with

the semantic meaning. Therefore, the company is considered as

not to adopt DPFs. The year in which the eligible keywords first

appear is used as the initial year for adopting DPFs.

Table 2 presents how many companies use data elements as

production inputs in each year from 2011 to 2019. In 2011,

McKinsey reported that data have swept into every industry and

business function and are now an important factor of production,

alongside labor and capital (Manyika et al., 2011). Therefore, we

consider 2011 as the initial year of our sample. Obviously, the

number of companies using DPFs increase more than double in

the sample period.

2.2.2 Dependent variable and control variables
To reflect the economic efficiency of companies, this paper

selected Earnings Per Share (EPS) as the dependent variable. EPS

reflects the after-tax profit created per share and is one of the

most important financial indicators of the profitability of listed

companies. Generally speaking, the higher the EPS, the better the

economic efficiency of the company.

To control for the factors that may trigger changes in the

economic efficiency of companies other than the adoption of

DPFs, this paper referred to Sheng et al. (2020) and Yang and

Yang. (2019) on the factors influencing earnings per share.

Details of the control variables are shown in Table 3.

Additionally, the effects of province, company ownership, and

industry on earnings per share are controlled as the fixed effects.

TABLE 3 Control variables.

Variable Unit Meaning Definition

Gross profit margin (GPM) % The percentage of gross profit and sales income (or operating income),
in which gross profit is the difference between income and operating
costs corresponding to income

(main business income − main business
cost)/main business income × 100%

Total assets (TA) Yuan All assets owned or controlled by the company To mitigate the effects of magnitude, take the
logarithm of it

Asset-liability ratio (ROL) % Total end-of-period liabilities divided by the percentage of total assets,
in other words, the ratio of total liabilities to total assets, reflecting how
much of total assets are financed through borrowing

Asset-liability ratio = total liabilities/total
assets

Net cash flow from operating activities per
share of the company (CFPS)

Yuan The ratio of net cash flow to total equity used to reflect the ability of
companies to pay dividends and capital expenditures

Net cash flow/total equity of business
activities
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3 Methodology

3.1 Baseline model

To investigate the effects of adopting DPFs on the growth of

economic efficiency, a Difference-In- Difference (DID) method

was used. The baseline model is set as follows:

EPSit � β0 + β1DATAit + β2YEARit + β3DATAi × YEARit

+θnX i,t−1 + μi + λi + ηi + εit

(1)
The dependent variable EPSit represents earnings per share

of the i -th company in year t. DATAit denotes a dummy

variable, which takes value of 1 if the i -th company uses DPFs

in any year of the sample period; otherwise, it equals to 0.

YEARit denotes the year dummy variable. If the ith company

began to use DPFs in year tp, YEARit equals to 1 for

t � tp,/, 2019. Otherwise, YEARit is set to 0. The

coefficient β3, which corresponds to the cross term of

DATAit × YEARit, is the focus of this study. If β3 is

significantly positive, it means that the input of DPFs in

production improves the EPS of companies. X denotes a set

of control variables, including the logarithm of the company’s

total assets TA, gross sales margin GPM, net cash flow from

operating activities per share CFPS , and asset-liability ratio

ROL To prevent the problem of reverse causality, all the control

variables are lagged by one period. In addition, fixed effects of

province, ownership, and industry are included, denoted as μi,

λi, and ηi, respectively.

3.2 Propensity score matching

There may be a reverse causal relationship between DPF

adoption and a company’s economic efficiency; that is, the

behavior of a company using data elements in production may

have a self-selection effect. The company will decide whether

to use DPFs in production according to its own production

situation. If we want to identify the causal effect of DPF

adoption on the company’s economic efficiency, we need to

solve the endogenous problem of reverse causality. Therefore,

we draw on the practices of Heckman et al. (1998) and Loecker

(2007) and use the PSM-DID method to identify the causal

effects of DPF adoption on the company’s economic

efficiency. The PSM-DID method is based on the PSM

method. It further differentiates the outcome variable,

effectively eliminating the common trend between the

treated and control groups. Thus, using the PSM-DID

method in analysis can help solve the problems of sample

selection bias and reverse causality.

Specifically, we establish a logit model, as shown in Eq. 2,

whose dependent variable is DATAit and independent variables

are the logarithm of total company assets TA, the intensity of

company R&D investment RDIntensity , the logarithm of

company operating income Taking , and company net assets

per share NAPSDetailed descriptions of the variables are shown

in Table 4. Using this model, the probability of a company using

DPFs can be estimated according to its propensity score. And we

use the nearest neighbor method with a 1:1 ratio to match a

control company for each treatment company.

logit(DATAit�1)
�f(TAi,t−1,RDIntensityi,t−1,Takingi,t−1,NAPSi,t−1)

+εit
(2)

A total of 3,323 company samples that adopt DPFs were

selected as the treatment group through the company screening

method described in the previous section, and

3,184 company samples were selected as the control group

through Model (2). Table 5 presents descriptive statistics of

the main variables.

TABLE 4 PSM control variables.

Variables Unit Meaning Definition

Company R&D investment
intensity (RDIntensity)

% The proportion of R&D investment in business income reflects the investment in
technology R&D

Company R&D investment/company
business income

Total company assets (TA) Yuan All assets owned or controlled by companies embody the company scale To mitigate the effect of magnitude, take
the logarithm of it

Company operating income
(Taking)

Yuan Income earned by an company in its main business or other business To mitigate the effect of magnitude, take
the logarithm of it

Company net assets per share
(NAPS)

Yuan The ratio of shareholders’ equity to total shares; the higher net assets per share,
the more value of assets per share owned by shareholders

Total equity/total stock
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4 Results

4.1 Baseline model results

The results of the baseline regression model are shown in

Table 6, where the coefficient of the dummy variable cross term

DATA × YEAR reflects the net effect of using DPFs on the

economic efficiency. The results showed that the coefficient of the

cross term was significantly positive, indicating that the

companies that adopted DPFs have obtained significant

improvements in their earnings per share.

From the regression coefficients of the control variables, the

coefficient of total asset size TA was significantly positive,

indicating a positive effect of company size on company

earnings per share, which is consistent with the analysis of the

factors influencing earnings per share conducted by Sheng et al.

(2020). The coefficient of gross profit margin GPM was

significantly positive, which is consistent with the analysis of

Yang and Yang. (2019). The coefficient of net cash flow from

operating activities per share CFPS was significantly positive,

which is consistent with Song (2019) study on the effect of cash

capacity on stock prices. The coefficient of ROL was significantly

negative, and the higher the asset–liability ratio of a company, the

higher the fixed financial expenses, thus negatively affecting

earnings per share, which is consistent with the study by

Meng et al. (2018).

TABLE 5 Descriptive statistics of the main variables.

Variables Average value Standard deviation Minimum value Maximum value

Data dummy variables 0.511 0.500 0.000 1.000

Year dummy variable 0.799 0.401 0.000 1.000

Gross sales margin 29.681 18.267 −62.921 97.957

Net cash flow from operating activities per share 1.230 5.939 −134.039 136.058

Asset liability ratio 36.863 21.281 0.797 169.560

Logarithm of operating income 21.137 1.425 16.075 28.656

R&D investment intensity 0.051 0.059 0.000 0.984

Log of total assets 21.741 1.269 18.067 28.508

Net assets per share 4.412 2.779 −3.856 31.544

TABLE 6 Baseline model results.

Explained variable: Earnings per share (EPS)

Sample interval: 2011–2019

Explanatory variables Coefficient Standard error t-statistic p-value

DATAit × YEARit 0.076 0.0377 2.02 0.043

DATAit −0.123 0.0462 −2.28 0.023

log(TA) 0.022 0.0122 1.84 0.066

GPM 0.006 0.0007 9.24 0.000

CFPS 0.017 0.0013 12.99 0.000

ROL −0.004 0.0006 −6.37 0.000

Wald statistic 435.56 p-value of the Wald test 0.000

TABLE 7 Parallel trend test results.

Processing effects Coefficient estimates

δ−3 0.0153

δ−2 0.2777

δ−1 −0.344

δ 0.2010

δ+1 0.0667

δ+2 0.0219

δ+3 0.0830*

δ+4 0.1850***

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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4.2 Parallel trend test

In the DID model, “parallel trends” is a very important

assumption. If the parallel trend assumption holds, then there

should be no significant difference between the treatment and

control groups before the point at which the company adopts

DPFs. The multi-period DID model used in this paper examined

the treatment effects before and after the treatment period to test

whether the model satisfies the parallel trend assumption. The

model was set up as follows.

EPSit � α +∑m

τ�1δ−τDi,t−τ + δDi,t +∑q

τ�1δ+τDi,t+τ
+θnXi,t−1 + μi + λi + ηi + εit

(3)

whereDi,t is the treatment year dummy variable, which means that

it takes value of 1 when year t is the year when the ith company

initially adopts DPFs, otherwise it is 0. Similarly, if a company adopts

DPFs in period t, the company’s Di,t+τ was 1 when the observation

year was t + τ. In the rest of the cases, Di,t+τ was 0. δ−τ and δ+τ
respectively denote the impact from the τ period before and after the
treatment. δ denotes the impact generated in the treatment current

period. Therefore, δ−τ was the focus of the test, and if it was not

significant, it indicates that there was no significant difference

between the trends in the control and treatment groups before

the treatment, satisfying the parallel trend hypothesis.

This paper examinedm � 3, q � 4, i.e., three periods before and

four periods after treatment. The test results are shown in Table 7,

and the parallel trend tests diagram is shown in Figure 1. The

coefficients are close to 0 in the three periods before treatment,

indicating that the model satisfied the parallel trend hypothesis. The

significantly positive coefficients of the third and fourth periods after

the treatment confirm that there was a significant positive effect on

earnings per share after the adoption of DPFs in the two periods.

4.3 Heterogeneity analysis

4.3.1 Industry heterogeneity analysis
Since there are some differences between technical

conditions and economic benefits among different industries,

FIGURE 1
Parallel trend test chart.

TABLE 8 Impact of DPF adoption on earnings per share (results of industry heterogeneity model regression).

Dependent variable: Earnings per share (EPS)

Sample period: 2011–2019

Industry Service industry Industrial sector

Explanatory variables Coefficient p-value Coefficient p-value

DATA × YEAR 0.110 0.094 0.0460 0.319

DATA −0.885 0.090 −0.1287 0.000

log(TA) 0.004 0.860 0.0367 0.013

GPM 0.002 0.200 0.0088 0.000

CFPS 0.122 0.000 0.0190 0.000

ROL −0.002 0.111 −0.0046 0.000

Wald statistic 92.97 398.56

p-value of the Wald statistic 0.0001 0.0000

Sample size 4,653 1854
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to explore the heterogeneous effect of adopting DPFs on the

economic benefits of companies between industries. We divided

the sample into two groups, i.e., industrial and service companies,

according to the Classification of Industries of National Economy

(GB/T 4754-2017), and perform regressions separately.

Additionally, the fixed effects of the subsectors are controlled.

The regression results of the industry heterogeneity model are

shown in Table 8.

In the regression results for the sample of service-sector

companies, the coefficients of the dummy variable cross term

DATA × YEAR were significantly positive, and the

coefficients of the control variables were consistent with the

results of the benchmark model. The process of adopting

DPFs in service industry companies is generally to adopt

data-related technologies in the traditional service industry

and to use data as a production factor to enhance economic

benefits for companies through collecting, processing, and

analyzing data. Take the traditional commerce service

industry as an example. It has been upgraded to

e-commerce with the support of computer and internet

technologies, and e-commerce platforms have gradually

undergone a digital transformation with the development

of DPF support technologies, such as cloud computing, big

data technology, and deep learning. Furthermore, it has

incorporated data as a production factor into production

and operations activities. For example, in the traditional

business service industry, user demand analysis is often

based on the historical experience and business intuition of

operators, and its decision-making lack a scientific basis. After

the adoption of DPFs, e-commerce platforms could collect

user data and analyze user profiles, demand, and other

information with the help of data processing technology to

promote product sales and enhance the economic efficiency of

companies in a targeted manner. For service industry

companies, there are two paths for adopting DPFs to

improve economic efficiency: direct and indirect. Data

information and data analysis technology not only improve

the economic efficiency of companies directly by improving

product design and optimizing sales channels, but also

provide an impetus for strategic planning and business

model innovation in the context of big data, which

indirectly promotes company economic benefits (Sun, 2018).

In the regression results for industrial companies, the

coefficient of the dummy variable cross term

DATA × YEAR was positive but not significant. We

speculate that the main reasons come from two aspects,

i.e., the intensity of R&D investment on DPF supporting

technology, and the imperfect development of DPF markets.

First, R&D investment has long been considered important to

DPFs. On the one hand, it has been proved there is a threshold

effect of the impact of R&D investment intensity on company

economic performance (Dai and Cheng, 2013). Specifically,

R&D investment intensity can significantly contribute to

company performance only when the first threshold value is

TABLE 9 Impact of DPF adoption on earnings per share (ownership heterogeneitymodel with regression results for SOEs and non-SOE classification).

Explained variable: Corporate earnings per share

Sample interval: 2011–2019

Ownership State-owned companies (SOEs) Non-state-owned companies
(nSOEs)

Explanatory variables Coefficient p-value Coefficient p-value

DATA × YEAR 0.2661 0.001 0.0120 0.782

DATA −0.1412 0.017 −0.1156 0.000

log(TA) 0.1008 0.000 −0.0078 0.571

GPM 0.0104 0.000 0.0050 0.000

CFPS 0.0127 0.000 0.0176 0.000

ROL −0.0051 0.000 −0.0031 0.000

Wald statistic 151.6312 370.6134

p-value of the Wald statistic 0.0000 0.0000

Sample size 5,191 1,315
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reached. Since DPF is an emerging concept, the R&D

investments of industrial companies engaged in DPF

supported technology development may not have yet reached

the first threshold value, resulting in insignificant improvement

in their economic benefits. On the other hand, Zhao et al. (2012)

found that there is a very significant lagged effect of R&D

investment on the company performance of listed companies in

China, and the most significant lag is 2 years. Second, the

imperfect development of the DPF market may also affect

the economic efficiency of companies. As an emerging

production factor, the market development of DPFs still

suffers from unclear data ownership, inconsistent pricing

standards, difficulties in data security, and weak data

circulation capacity. Limited by the development degree of

DPF market, industrial companies adopting DPFs have not

yet experienced insignificant improvements in their economic

benefits. In summary, the above two points can explain that the

adoption of DPFs does not significantly improve the economic

performance of industrial companies during the sample period.

4.3.2 Ownership heterogeneity analysis
In the following, we examine the heterogeneity of ownership,

mainly caused by varying degrees of influence by macro policies,

different channels and management mechanisms for the

introduction of new technologies and new elements. We

divide the whole sample into two sub-samples, including

state-owned companies (SOEs) and non-state-owned

companies (nSOEs).

Table 9 shows the regression results of SOEs and nSOEs.

Regarding to SOEs, the coefficient of the dummy variable cross

term DATA × YEAR is significantly positive, and the

coefficients of the control variables are consistent with the

results of the baseline model. There are three main reasons.

First, the importance of data as a factor of production is very

much valued by top-level design, and one of the important

manifestations is that SOEs are vigorously promoting the

introduction and application of DPFs. The Action Plan for

Promoting the Development of Big Data promulgated by the

Fifth Plenary Session of the 18th Central Committee particularly

emphasized that SOEs must follow the requirements of the

market-oriented allocation of DPFs, strengthen data

infrastructure management and data mining applications, use

data to improve operational quality and efficiency, accelerate the

cultivation of new growth momentum, and win the initiative in

competitive development. SOEs have a greater advantage in the

implementation of policies and related safeguards, so the

adoption of DPFs is more likely to obtain a greater increase

in economic efficiency. Second, concerning the lag effects of R&D

investment on company performance, Ferreira et al. (2019)

found that it is not significant for SOEs, while significant fort

nSOEs. Third, SOEs have an advantage over non-SOEs in

implementing national policies on DPF and the adoption of

DPFs generally occurs earlier. Therefore, the adoption of DPFs

has significantly improved the economic efficiency of SOEs

during the sample period.

In the regression results for nSOEs, the coefficient of the dummy

variable cross term DATA × YEAR is positive but not significant.

Another remarkable difference is that the coefficient of total assets is

insignificantly negative. We speculate that a major reason is because

these companies experience more uncertainty in the business

environment. Since DPF is an emerging concept and the DPF

market is not well developed, the stability of the market

environment corresponding to DPF still needs to be improved.

Moreover, policies related to DPF have only been proposed for a

relatively short period, and the stability of related policies remains to

be observed. Therefore, nSOEs often have more concerns in the

process of adopting DPFs, and thus do not deeply integrate DPFs

into the production and operation processes.

5 Concluding remarks

This paper focused on the role of data production factor in

the context of the digital economy. We conducted an empirical

study to test whether the adoption of DPFs has a significant

impact on company performance, which addresses a current

concern in economic development.

The study showed that 1) the adoption of DPFs has a positive

effect on the earnings per share of companies, which will lead to a

significant improvement in company performance; 2) in the

study of the heterogeneity of company industries, it was

found that the economic efficiency of the service industry

companies that adopting DPFs showed a significant

improvement, but this could not indicate a significant

improvement in the performance of industrial companies; and

3) to analyze the heterogeneity effect of company ownership, this

paper divided the sample into SOEs and non-SOEs. From the

perspective of the lag in R&D investment on company

performance, SOEs have a certain time advantage over non-

SOEs in implementing the national policy in DPF, so

improvements in SOEs’ performance are significant.

Based on the research findings, this paper put forward the

following three policy recommendations: 1) Standardize the market

for DPF, including the decision mechanism of data value,

contribution, and remuneration as well as trading rules, and

focus on the integration of data and knowledge management,

while establishing and developing a knowledge value-oriented

remuneration policy. 2) Vigorously promote the construction of

infrastructure technical facilities, such as cloud computing, 5G

networks, and distributed data centers, and improve the big data

application environment. A large amount of data resources alone is

not enough to support the improvement of company performance,

and only by strengthening companies’ own data analysis capabilities

and dynamic innovation capabilities can we achieve scientific

decision-making and win in the market competition. 3)

Implement various national development policies on DPF,
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especially for non-SOEs, as the uncertainty of the policy business

environment will have a greater impact on the business vitality of

companies. Furthermore, because DPF is an emerging concept, their

developmental immaturity leads to instability, and adaptability to

the market environment still needs to be improved. Therefore,

various supporting policies should be improved as soon as possible.

There are three limitations of this study. First, collecting data only

from Chinese listed companies may bias the findings and lack

generalization. In future studies, more countries and industries

should be investigated to enrich the existing theory and practice of

data production factor. Second, measuring company performance

through only a single metric is not comprehensive enough. Beyond

Earnings Per Share (EPS), other performance measurements should

be included, such as Tobin’s Q and Return on Equity (ROE). Finally,

there are some factors that may affect company’s digital innovation,

such as company’s status (Liu et al., 2021) and the attitudes of

managers and staff concerning DPF adoption. Future study should

consider the mediate effects of these factors.
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