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Abstract
This paper explores the effects of the adoption of industrial robots on pollution abatement for Chinese
�rms. We �nd that industrial robots can signi�cantly lower SO2 emission intensity. Panel quantile
regression shows that industrial robots have greater effects on reducing SO2 emission intensity at low
quantiles. Heterogeneity test shows that the reduction of SO2 emission intensity in labor- and technology-
intensive industries bene�ts more from industrial robots. Our �ndings indicate that industrial robots play
important roles in pollution abatement while more e�cient policies should be implemented to promote
the combination of intellectualization and green development for heavily polluting industries.

JEL Classi�cation: O33, Q53, Q58

1. Introduction
Since the 21st century, more and more countries have realized the importance of environmental
protection and made great efforts to promote the development of green industry. As the largest emerging
economy, China is engaged in green development actively. For example, the carbon dioxide emission per
unit of GDP in 2020 decreases by about 48.4% compared with 2005, which has exceeded the
commitment target of reducing by 40–45% by 2020.Abundant empirical evidence shows that a wide
range of environmental policies implemented in China contributed to the reduction of pollution emissions
mentioned above(Liu et al., 2021; Song et al., 2021; Du and Li, 2020;Sun et al., 2019). However, existing
literature provides few evidence on what factors at the �rm level determine the pollution output in
China(Gao and Han, 2021; Zhang et al., 2021; Zhang et al., 2019). This paper extends the research from a
unique pespectiveof industrial robots.

Existing research has shed some light on the relationship between industrial robots and energy intensity.
According to Mazzanti and Zoboli(2009), energy intensity depends on the interaction between labour
productivity(gross output per employee) and technical energy e�ciency(energy use per employee). First,
there is mounting literature arguing that the application of industrial robots can increase labour
productivity (Graetz and Michaels, 2018; Acemoglu and Restrepo, 2018). Second, how does the
application of industrial robots affect energy consumption? On the one hand, industrial robots itself
require energy to program and drive(Pastras et al., 2019). For example, Meike and Ribickis(2011) found
that �rms with industrial robots use more electric than those without industrial robots. On the other hand,
the use of industrial robots can motivate technology improvement(Liu et al., 2020). Meanwhile,
technological progress changes the input mix of materials and fuels and thus results in a greater
e�ciency in the use of energy and materials(Dinda, 2018). Using data of industrial robots from 38
countries and 17 manufacturing sectors, Wang et al. (2021) demonstrate that industrial robots can
increase total factor productivity (TFP) and thus improve energy intensity. Similarly, using data of
industrial robots installed in 16 Chinese industrial subsectors, Liu et al. (2021) �nd that there is a negative
relationship between energy intensity and the number of industrial robots and technological progress is a
partial mediator which accounts for 78.3% of the total effect.
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According to ISO 8373:2012, an industrial robot refers to “automatically controlled, reprogrammable,
multipurpose manipulator, programmable in three or more axes, which can be either �xed in place or
mobile for use in industrial automation applications.”, from which we can draw that industrial robots
belong to the category of arti�cial intelligence(AI) and allow �rms to improve production e�ciency by
automation production(Graetz and Michaels, 2018). Industrial robots have palyed an important role in
modern manufacturing industry, especialy for Chinawhich has been the largest user of industrial robots in
the world since 2016(Cheng et al., 2019). Chinese government has begun to pay attention to the
combination of arti�cial intelligence (AI) and green development. In 2021, The State Council promulgated
‘Carbon peak action plan by 2030’, in which the intellectualization of industrial production is regarded as
an important driving force for the greening of industrial �eld. Despite the high attention at the policy level,
academic study has not given a clear conclusion about AI application to promote pollution abatement.
Thus, our study has important practical signi�cance.

However, the impact of industrial robots on pollution intensity lacks micro and direct evidence. We
attempt to �ll the gap by investigating the relationship between SO2 emission intensity and industrial
robots based on the China’s manufacturing �rms. Using matching data from China’s Industrial Enterprise
Database(CIED), China’s Environmental Statistics Database (CESD) and China’s Customs Database(CCD),
our study �nds that industrial robots can signi�cantly lower SO2 emission intensity that a 1% increase in
the number of industrial robots adopted by �rms causes a 0.276% decrease of SO2 emission intensity in
our baseline regression. Heterogeneity test in conditional distribution shows that industrial robots have
greater effects on reducing SO2 emission intensity at low quantiles. Industry heterogeneity test shows
that the reduction of SO2 emission intensity in labor-intensive and technology-intensive industries
bene�ts more from industrial robots.

This paper makes several contributions to the literature. On the one hand, it contributes to the literature on
�rm environmental performance. Prior research has identi�ed the importance of environmental regulation
and policy in clean-up of manufacturing(Shapiro and Walker, 2018; Gibson, 2019; Najjar and
Cherniwchan, 2020). Our �ndings complement these studies from a unique and microcosmic perspective
by showing that the application of industrial robots can realize the clean-up of manufacturing. On the
other hand, this study enhances our understanding of the application of industrial robots. Although
several studies have investigated the relationship between labor market and industrial robots. (Cheng et
al., 2019; Fan et al., 2021; Acemoglu and Restrepo, 2020),we provide novel evidence from the largest
emerging economy that the application of industrial robots can promote environmental protection, which
provides useful reference for the implementation of carbon neutralization and carbon peak scheme in
China.

2. Empirical Model, Sample And Data

2.1 Empirical model
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 (1) where i and t indicate �rm and year. Independent variable Rit

indicates the operational stock of industrial robots for �rm i in year t. Dependent variable SIit indicates
SO2 emission intensity for �rm i in year t. Xit indicates a series of control variables in �rm, industry and
province level. εit is an error term.

2.2 Independent variable: industrial robots
The International Federation of Robotics (IFR) which is the most reliable data source of industrial robots
only provides robot data at national and industry level. Following Fan et al. (2021), we use the
information of imported robots obtained from CCD which covers comprehensive information of Chinese
exports and imports from 2000 to 2016 at the HS 8-digit level(such as imported and exported values,
quantities, product information et al.) to measure the adoption of industrial robots at �rm level. First,
according to the IFR, most industrial robots used in China before 2013 are imported from countries such
as United States, Japan and Germany. Second, although using imported robots as robot adoption in a
�rm ignores the use of domestic robots, the robots imported by robot manufacturers in China as
intermediate inputs are included, which leads to an offset of overestimation and underestimation for the
number of robots for production. Third, we use the HS6 code to identify imports of industrial robots by
�rms in the CCD. Finally, we compute the operational stock of industrial robots for each �rm as the
cumulative number of imported industrial robots following Fan et al. (2021). To avoid the in�uence of
extreme values, we add 1 to the operational stock of industrial robots and take the logarithm.

2.3 Dependent variable: SO2 emission intensity
We mainly focus on the impact of industrial robots on SO2 emission intensity because energy structure in
China is still dominated by coal which is the main cause of greenhouse gas and thus air pollution is a
much larger concern nationwide (Ji and Zhang, 2019). The emission data of SO2 is obtained from CESD
which is the most detailed environmental statistical database but has only been used by few studies. SO2

emission intensity is calculated as the logarithm of SO2 emissions to real total output.

2.4 Matching of the CIED, CESD and CCD
Constructing �rm-level panel data that contains environmental data, �nancial data and robot import data
is an important task for this study. The CIED, which has been widely used by existing academic research
on China’s �rm behaviours, contains information on the production and �nance of all state-owned and
non-state-owned enterprises whose annual business income is greater than 5 million Chinese Yuan
(CNY). Before merging above three databases, following Brandt et al. (2012), Feenstra et al. (2014), we
�rst clean CIED to form a panel data which contains the production and �nancial information. Then,
following Liu et al. (2021), we use legal person code and �rm name to merge CIED and CESD. Finally,
following Fan et al. (2015), we use �rm name, telephone number and zip code to merge CCD and CIED.
After merging above three databases, we limit the sample in 2000 to 2013 because industrial robots were
rare around 2000(see Fig. 1 in the Appendix) and the CIED is end in 2013. As shown in Fig. 2 in the
Appendix, Not all industries have imported industrial robots and Manufacture of Special-purpose

SIit = β0 + β1Rit + βnXit + εit
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Equipment, Manufacture of General-purpose Equipment, Manufacture of Transport Equipment, and
Manufacture of Communication Equipment and Computers have the most imported industrial robots
over the sample period.

2.5 Control variables
(1) We use the logarithm of total sales to capture the impact of �rm size on SO2 emission intensity(Size).
(2) Pro�t margin measured by the share of �rm’s pro�ts to total assets is included as a control variable to
capture the impact of �nancial situation on SO2 emission intensity(Pro�tr). (3) Firms with more �xed
investments tend to have advanced equipment, which leads to less pollution intensity (Sun et al., 2019).
Fixed assets ratio (Far), expressed by the share of �rm’s net �xed assets to total assets, is included as a
control variable. (4) Firms with high production e�ciency have less pollution intensity because of smaller
amount of intermediate inputs used per unit output. Therefore, labour productivity (Lprod), expressed by
the logarithm of the ratio of real total output to the number of employees, and is included as a control
variable. (5) There is a positive relationship between pollution intensity and �rm’s age because older �rms
tend to have greater governmental embeddedness and thus face less pressure of pollution reduction(Sun
et al., 2019). So �rm’s age(Age), measured as the years after establishment, is included as a control
variable. (6) Based on ‘pollution haven’ and ‘pollution halo’ hypotheses (Antweiler et al., 2001; Eskeland
and Harrison, 2003), we introduce a dummy variable (Fdi) that equals to 1 if the type of �rm registration
is foreign-invested or Hong Kong, Macao and Taiwan invested �rm. (7) At the industry level, existing
researches have not reached a uni�ed conclusion on the relationship between industry concentration and
environmental pollution output(Duanmu et al., 2018; Fernandez-Kranz and Santalo, 2010). We add
industry concentration Her�ndahl–Hirschman Index (HHI) as a control variable. (8) We control the level of
environmental regulation expressed by the share of provincial sewage charges to real GDP and its
quadratic term to capture the nonmonotonic relationship between environmental regulation and pollution
intensity(Ers and Ers2). (9) Considering the impact of economic development on pollution intensity, the
logarithm of provincial real GDP per capita is included as a control variable (Pgdp). (10) We also include
a set of year dummy variables to control the in�uence of macroeconomic �uctuation. We winsorize all
continuous variables above at 1% and 99% to eliminate outliers. Table A1 in the Appendix provides
detailed de�nition for all variables.

2.6 Summary statistics
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Table 1
reports the summary statistics for the main variables used in our empirical analysis. The 75

percentile of R is 0, indicating that more than 75 �rms do not have industrial robots in our
sample. The statistics also indicate a wide variation in industrial robots across �rms, as shown

by a minimum value of 0 and a maximum value of 6.827.
VarName Obs Mean SD Min Max P25 Median P75

SI 223446 -1.333 2.247 -11.526 3.721 -2.595 -1.123 0.208

R 223446 0.009 0.158 0.000 6.827 0.000 0.000 0.000

Size 223446 10.476 1.412 7.777 14.499 9.432 10.357 11.367

Pro�tr 223446 0.108 0.155 0.001 0.864 0.017 0.051 0.125

Far 223446 0.393 0.211 0.017 0.905 0.228 0.370 0.538

Lprod 223446 5.580 1.040 3.392 8.810 4.851 5.520 6.235

Age 223446 2.308 0.788 0.693 4.043 1.792 2.303 2.773

Fdi 223446 0.194 0.396 0.000 1.000 0.000 0.000 0.000

HHI 223446 0.014 0.019 0.001 0.112 0.003 0.007 0.015

Ers 223446 0.053 0.027 0.012 0.178 0.037 0.050 0.063

Pergdp 223446 9.774 0.608 8.447 11.046 9.369 9.822 10.223

Table 1

Descriptive statistics.

Note

This table reports descriptive statistics for variables in model (1). All continuous variables are winsorized
at the 1% and 99% percentiles to reduce outliers and data noises.

3. Empirical Results

3.1 Baseline results
Commonly used estimation methods for panel data are the OLS, FE and RE methods. FE method can
avoid omitted variable bias by adding �rm �xed effects. Thus, we use FE method and cluster standard
errors at �rm level. As shown in Table 2, column (1), (2), and (3) are the estimation results of OLS, RE, and
FE. The coe�cients of R are all signi�cantly negative at the 1% level. However, As shown in Fig. 1 in the
Appendix, many industries have no record of importing industrial robots during the sample period, which
may be caused by the fact that the production process of these �rms do not need industrial robots. To
reduce estimation bias, we limit the sample to industries with industrial robots import records. Column
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(4), (5), and (6) are the regression results. In column (6), the coe�cient of R is -0.276 and signi�cant at
the 1% level, indicating that a 1% increase in the number of industrial robots adopted cause a 0.276%
decrease of SO2 emission intensity. Besides, Size, Pro�tr, and Lprod have a negative effect on SO2

emission intensity and Age has a positive effect on SO2 emission intensity, which are consistent with that
in Sun et al. (2019). The result that the coe�cient of Ers is signi�cantly positive while the coe�cient of
Ers2 is signi�cantly negative shows that the environmental regulation has an inverted “U” shaped
in�uence on SO2 emission intensity of �rms. The coe�cient of Pergdp is signi�cantly negative, indicating
there is a negative relationship between economic development and pollution output.
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Table 2
Impact of the adoption of industrial robots on SO2 emission intensity.

  All industries Industries with robots import records.

  (1) (2) (3) (4) (5) (6)

  OLS RE FE OLS RE FE

R -0.959*** -0.595*** -0.277*** -0.971*** -0.603*** -0.276***

  (0.082) (0.073) (0.096) (0.083) (0.073) (0.096)

Size -0.354*** -0.488*** -0.559*** -0.353*** -0.486*** -0.555***

  (0.007) (0.006) (0.009) (0.007) (0.006) (0.010)

Pro�tr -0.930*** -0.337*** -0.157*** -0.940*** -0.343*** -0.169***

  (0.036) (0.023) (0.026) (0.038) (0.025) (0.028)

Far 1.462*** 0.342*** -0.005 1.551*** 0.374*** -0.004

  (0.029) (0.019) (0.022) (0.030) (0.020) (0.023)

Lprod -0.340*** -0.273*** -0.231*** -0.315*** -0.267*** -0.232***

  (0.009) (0.006) (0.008) (0.009) (0.007) (0.008)

Age -0.078*** 0.004 0.032*** -0.098*** -0.007 0.031***

  (0.009) (0.006) (0.008) (0.009) (0.006) (0.009)

Fdi -0.649*** -0.299*** -0.016 -0.682*** -0.319*** -0.017

  (0.020) (0.014) (0.017) (0.021) (0.014) (0.018)

HHI -7.272*** -2.020*** 0.235 -8.646*** -2.498*** 0.206

  (0.388) (0.257) (0.307) (0.410) (0.269) (0.319)

Ers 9.467*** 8.086*** 3.461*** 9.680*** 8.378*** 3.750***

  (0.842) (0.647) (0.872) (0.869) (0.675) (0.910)

Ers2 -30.198*** -28.504*** -16.011*** -31.003*** -29.379*** -16.609***

  (4.304) (3.274) (4.072) (4.419) (3.399) (4.237)

Pergdp -0.378*** -0.581*** -0.316*** -0.390*** -0.601*** -0.353***

  (0.017) (0.016) (0.076) (0.018) (0.017) (0.080)
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  All industries Industries with robots import records.

_cons 7.453*** 10.383*** 8.913*** 7.496*** 10.558*** 9.247***

  (0.175) (0.160) (0.690) (0.182) (0.167) (0.728)

FirmFE NO NO YES NO NO YES

YearFE YES YES YES YES YES YES

N 242008 242008 242008 223446 223446 223446

adj. R2 0.282   0.190 0.283   0.188

Note: This table reports regression results of model (1) by OLS, RE, and FE methods. Column (1), (2), and
(3) are the regression results of all industries. Column (4), (5), and (6) are the regression results of
industries with industrial robots import records as depicted in Fig. 2 in the Appendix. Robust standard
errors clustered at �rm level are in parentheses. *, **, and *** indicate signi�cance at the 10%, 5%, and 1%
levels, respectively.

3.2 Heterogeneity in conditional distributions
Traditional regression techniques such as OLS, RE, and FE focus on the mean effects while quantile
regression helps to examine the determinants of SO2 emission intensity throughout the conditional
distribution(Zhu et al., 2016). In this section, we apply a �xed effect panel quantile regression used in
Koenker(2004) to investigate �rms with higher SO2 emission intensity or �rms with lower SO2 emission
intensity will bene�t more from the adoption of industrial robots. Specially, we select 9 quantiles(0.1, 0.2,
…, 0.9) and then quantile regression analysis with a two-way �xed effect are used. Table A2 in the
Appendix reports the estimation results of panel quantile regression. Two main things are suggested in
Table A2. First, consistent with the baseline results, the coe�cients of R are signi�cantly negative across
all SO2 emission intensity quantiles, indicating that the adoption of industrial robots can signi�cantly
reduce SO2 emission intensity. Second, industrial robots have greater effects on reducing SO2 emission
intensity at low quantiles. A possible reason for this �nding is that our sample period is limited to the
early stage of industrial robots application in China and �rms with higher SO2 emission intensity are
often heavy polluting �rms with large initial investment, which leads to a slow clean-up in these �rms.
Besides, we get some inspiration from Section 3.3 that capital-intensive(CI) industries which consume the
most energy and emit the most carbon dioxide bene�t little from the adoption of industrial robots.

3.3 Industry heterogeneity
To investigate industry heterogeneity in the impact of industrial robots on SO2 emission intensity,
following Chen et al. (2017), we divide the industrial subsectors into labor-intensive(LI), capital-
intensive(CI) and technology-intensive(TI) industries. The regression results of subsamples are shown in
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Table 3. The reduction of SO2 emission intensity in the labor-intensive and technology-intensive
industries bene�ts more from the adoption of industrial robots, which is consistant with Liu et al. (2021),
arguing that industrial robots reduce more energy intensity in labor-intensive and technology-intensive
industries. On the one hand, the most important advantage of industrial robots is to allowing tasks
performed by human previously to be automated and then improving productivity, which may be more
conducive to the pollution abatement of labor-intensive industries. On the other hand, owing to
technology-intensive industries’ absolute advantages in technology absorptive capacity, they can make
better use of industrial robots to realize pollution abatement.
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Table 3
Industry heterogeneity in the impact of industrial

robots on SO2 emission intensity.

  (1) (2) (3)

  LI CI TI

R -0.316* -0.349 -0.255**

  (0.178) (0.263) (0.115)

Size -0.599*** -0.515*** -0.535***

  (0.015) (0.019) (0.018)

Pro�tr -0.135*** -0.151*** -0.252***

  (0.044) (0.050) (0.052)

Far 0.004 -0.031 0.046

  (0.036) (0.039) (0.044)

Lprod -0.208*** -0.265*** -0.228***

  (0.013) (0.016) (0.016)

Age 0.036** 0.020 0.020

  (0.014) (0.016) (0.015)

Fdi -0.027 0.009 -0.018

  (0.028) (0.035) (0.029)

HHI -0.766 0.361 0.872

  (0.488) (0.740) (0.543)

Ers 2.284 5.716*** 5.542***

  (1.492) (1.563) (1.750)

Ers2 -16.567** -21.922*** -24.992***

  (7.907) (6.708) (8.165)

Pergdp -0.346*** -0.406*** -0.125

  (0.128) (0.140) (0.150)

_cons 9.484*** 10.023*** 6.387***
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  (1) (2) (3)

  (1.170) (1.266) (1.357)

FirmFE YES YES YES

YearFE YES YES YES

N 79071 70800 73575

adj. R2 0.194 0.171 0.197

Note: Labor-intensive(LI) industries include Metal Products, Printing and Record Medium Reproduction,
Manufacture of Furniture, Textile, Papermaking and Paper Products, Leather, Fur, Feather and Down,
Timber Processing, Beverage, Food, Cultural, Educational, Sports Articles, Artwork. Capital-intensive(CI)
industries include Nonmetal Mineral Products, Smelting and Pressing of Nonferrous Metals, Chemical
Fibers, Smelting and Pressing of Ferrous Metals, Rubber and Plastic Products, Petroleum Re�ning and
Coking. Technology-intensive(TI) industries include Special-purpose Equipment, Chemical Materials and
Chemical products, Electrical Machinery and Equipment, Manufacture of Medicines, Transport
Equipment, Instruments and Meters, General-purpose Equipment, Communication Equipment and
Computers. Robust standard errors clustered at �rm level are in parentheses. *, **, and *** indicate
signi�cance at the 10%, 5%, and 1% levels, respectively.

4. Robustness Check

4.1 Propensity score matching(PSM)
As shown in Table 1, more than 75 percent of �rms do not use industrial robots. To construct a
comparable control group(�rms without using industrial robots), we use the propensity score
matching(PSM) method year by year. First, in each year, we divide sample into FDI �rms and non-FDI
�rms. In each subsample, we use a logit model to calculate propensity score that a �rm use industrial
robots and the covariate variables are control variables at the �rm level used in baseline regression.
Second, we use the propensity score to search the most similar �rms in the control group(�rms without
using industrial robots) for �rms in the treatment groups(�rms with using industrial robots) by k-nearest
neighbor matching. Table A3 shows the balancing test of covariate variables between treatment groups
and control groups after 1:2 matching in 2000, other matching tests are not reported considering space
saving but the conclusion is consistent. As we can see in Table A3, �rms in the treatment and control
groups are not statistically different from each other, which indicates that we can attribute the difference
in SO2 emission intensity between the treatment and control �rms to the adoption of industrial robots.
Table 4 reports the regression results of matching sample. The coe�cients of R are still signi�cantly
negative at the 1% level, which is consistent with the baseline results.
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Table 4
Regression of model (1) based on the PSM

sample.

  (1) (2) (3)

  1:2 1:3 1:4

R -0.264** -0.304*** -0.311***

  (0.116) (0.109) (0.110)

Size -0.404** -0.398** -0.409***

  (0.181) (0.160) (0.146)

Pro�tr -0.863 -1.280** -1.265***

  (0.623) (0.548) (0.450)

Far -0.005 -0.020 -0.148

  (0.530) (0.418) (0.364)

Lprod -0.267 -0.189 -0.162

  (0.166) (0.146) (0.130)

Age 0.097 0.112 0.163

  (0.188) (0.169) (0.144)

Fdi 0.476 0.439 0.443*

  (0.342) (0.280) (0.237)

HHI -0.809 -3.655 -2.765

  (2.927) (2.981) (2.663)

Ers 19.211 5.207 8.658

  (13.217) (11.851) (9.980)

Ers2 -48.090 -6.919 -31.251

  (70.405) (65.057) (48.638)

Pergdp 0.640 -0.047 -0.033

  (0.970) (0.825) (0.709)

_cons -2.770 4.115 3.781

  (8.974) (7.609) (6.459)
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  (1) (2) (3)

FirmFE YES YES YES

YearFE YES YES YES

N 2988 3829 4611

adj. R2 0.153 0.148 0.146

Note: This table reports the regression results of model (1) based on the PSM sample. Column (1) is the
result from 1:2 matching sample. Column (2) is the result from 1:3 matching sample. Column (3) is the
result from 1:4 matching sample. Robust standard errors clustered at �rm level are in parentheses. *, **,
and *** indicate signi�cance at the 10%, 5%, and 1% levels, respectively.

4.2 Heckman two-step & 2SLS regression
In the baseline regression, FE method is introduced to solve omitted variables. In this section, we focus on
selection bias that industrial robots adoption is nonrandom. To address this potential bias in the
estimation, we use the Heckman two-step method. In the �rst step, we introduce a dummy variable,
industrial robots adoption(1 = yes, 0 = no), as the dependent variable. the IV is the average number of
industrial robots of other �rms in the same industry in the same year because a decision-making activity
of an �rm is vulnerable to the same activities of other �rms in the same industry(Kaustia and Rantala,
2015). In the second step, the selection parameter, the inverse Mills ratio (IMR) obtained from the �rst
step, is included in model (1), and the FE method is used to regress. The results are shown in column (1)
and (2) of Table 5. The coe�cient of R is signi�cantly negative, which is consistent with the baseline
results. Besides, the coe�cient of IMR is signi�cantly positive, indicating there is indeed a selection bias.

There is another concern that SO2 emission intensity in turn in�uence the adoption of industrial robots.
We use a 2SLS model to address this endogeneity concern and the instrumental variable is still the IV
used in Heckman method. The 2SLS regression results are summarized in column (3) and (4) of Table 5.
In the �rst stage, the coe�cient of IV is signi�cantly positive, which indicates industrial robots adoption
of other �rms in the same industry is an important indicator for a �rm deciding to adopt industrial robots.
In the second stage, instrumented R is still signi�cantly negative. Besides, the weak identi�cation test
rejects the null hypothesis of a weak IV. Specially, we note that the absolute value of coe�cient R for IV
regression are larger than the uninstrumented FE coe�cient in our baseline regression. The reasons are
as follows. The IV regression mainly captures treatment effect of compliers that adopt more industrial
robots when other �rms in the same industry adopt more, which is called Local Average Treatment
Effect(LATE). The purpose of these subgroups using industrial robots is likely to remain competitive and
thus industrial robots have a greater impact on the production. Therefore, the reduction of SO2 emission
intensity in compliers bene�ts more from the adoption of industrial robots.
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Table 5
Heckman two-step & 2SLS regression

  Heckman 2SLS

  (1) (2) (3) (4)

  First-Stage Second-Stage First-Stage Second-Stage

R   -0.354***   -3.005***

    (0.092)   (0.682)

IV 0.174***   0.020***  

  (0.008)   (0.003)  

Imr   0.117*    

    (0.067)    

Size 0.483*** -0.554*** 0.001 -0.554***

  (0.015) (0.009) (0.001) (0.010)

Pro�tr -0.425*** -0.170*** -0.007*** -0.188***

  (0.137) (0.027) (0.001) (0.028)

Far 0.257*** -0.004 0.001 -0.000

  (0.078) (0.022) (0.001) (0.023)

Lprod -0.231*** -0.232*** -0.001** -0.234***

  (0.019) (0.008) (0.001) (0.009)

Age 0.008 0.031*** -0.000 0.029***

  (0.024) (0.008) (0.001) (0.009)

Fdi 0.973*** -0.014 0.000 -0.015

  (0.038) (0.017) (0.001) (0.018)

HHI 2.644*** 0.214 -0.092** -0.083

  (0.624) (0.281) (0.036) (0.341)

Ers -3.158* 3.736*** 0.073 3.938***

  (1.853) (0.766) (0.077) (0.925)

Ers2 19.503* -16.547*** -0.529* -17.976***
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  Heckman 2SLS

  (11.262) (3.729) (0.299) (4.292)

Pergdp 0.512*** -0.353*** -0.025** -0.426***

  (0.043) (0.064) (0.010) (0.087)

_cons -13.060*** 9.242***    

  (0.487) (0.575)    

FirmFE NO YES YES YES

YearFE YES YES YES YES

N 223446 223446 223446 223446

adj. R2/p.R2 0.410 0.188 0.019 -0.125

Weak identi�cation test       36.440

Note: Column (1) and (2) of this table report Heckman two-step results. In column (2), robust standard
errors clustered at �rm level in parentheses are obtained from the bootstrap procedure. Column (3) and
(4) of this table report 2SLS results. Robust standard errors clustered at �rm level are in parentheses.
Weak identi�cation test reports Kleibergen-Paap rk Wald F statistic. *, **, and *** indicate signi�cance at
the 10%, 5%, and 1% levels, respectively.

4.3 Difference-in-differences
In this section, we further employ a difference-in-differences(DID) analysis to adjust for possible
endogeneity. The treatment group are �rms with using industrial robots and the control group are �rms
without using industrial robots. One of the most important assumptions of DID is that the treatment
group are treated randomly while it is not likely to be random which �rms choose to use industrial robots
and �rms with using industrial robots might exhibit characteristics that systematically differ from �rms
without using industrial robots. Following Heyman et al. (2007), we use propensity score matching (PSM)
to �nd appropriate control �rms that display the same characteristics as the treatment �rms. Specially, in
the year before a treatment �rm begin to choose to use industrial robots, we employ the matching
procedure used in Section 4.1 to search the most similar control �rms for this treatment �rm. After �nding
appropriate control �rms, we construct the following DID model.

    (2) where SIit indicates SO2 emission intensity for
�rm i in year t. R_Postit is a dummy variable equal to 1 for treatment �rms after adopting industrial
robots. Xit indicates a series of control variables used in baseline regression. ηi and λt are �xed �rm- and
time-effect. εit is the error term.

SIit = a0 + a1R_Postit + anXit + ηi + λt + εit
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The regression results are shown in Table 6. The coe�cients of R_Post are − 0.436, -0.354, -0.392, and − 
0.427 in columns (1)-(4), respectively, indicating that there is about 0.35–0.43% reduction of SO2

emission intensity after adopting industrial robots.

Another important assumption of DID is “parallel trends” that the treatment group track the same trend as
the control group in the absence of the adoption of industrial robots. Following Beck et al. (2010), we
construct the following model to examine this assumption.

    (3) where the
dummy variable D equals 0, except as follows: D− j equals 1 for treatment �rms in the jth year before
adopting industrial robots, while D+ j equals 1 for treatment �rms in the jth year after adopting industrial
robots. We exclude the year when treatment �rms begin adopting industrial robots, thus the coe�cients
of D re�ect the dynamic effect of industrial robots adoption on SO2 emission intensity relative to the
initial year of industrial robots adoption.

Figure 3 in the Appendix presents the coe�cients and the 95% con�dence intervals for the D according to
model (3). As shown in Fig. 3, regardless of the regression sample, the coe�cients of D do not
signi�cantly differ from 0 before the adoption of industrial robots, which indicates that both treatment
�rms and control �rms have similar SO2 emission intensity trends. After the adoption of industrial robots
in treatment �rms, the coe�cients of D begin to fall and signi�cantly lower than 0 in the 5th year, which
indicates the adoption of industrial robots has a long-term and asymptotic in�uence on SO2 emission
intensity.

 

SIit = γ0 + γ1D−5

it + γ2D−4

it + ⋯ + γ9D4

it + γ10D5

it + γnXit + ηi + λt + εit
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Table 6
The difference-in-differences analysis.

  (1) (2) (3) (4)

  Full sample 1:2 1:3 1:4

R_Post -0.436*** -0.354** -0.392** -0.427***

  (0.168) (0.160) (0.159) (0.161)

Size -0.555*** -0.314** -0.241** -0.294***

  (0.010) (0.134) (0.113) (0.100)

Pro�tr -0.169*** -0.716 0.131 0.044

  (0.028) (0.586) (0.515) (0.417)

Far -0.004 0.153 0.192 0.011

  (0.023) (0.381) (0.322) (0.285)

Lprod -0.232*** -0.487*** -0.548*** -0.478***

  (0.008) (0.135) (0.115) (0.100)

Age 0.031*** 0.128 0.165* 0.155*

  (0.009) (0.121) (0.099) (0.088)

Fdi -0.019 -0.002 0.053 0.046

  (0.017) (0.190) (0.165) (0.132)

HHI 0.184 -0.224 -0.083 -0.887

  (0.319) (3.570) (2.889) (2.386)

Ers 3.671*** 2.210 7.149 11.704

  (0.910) (11.215) (9.501) (8.416)

Ers2 -16.312*** -11.284 -32.586 -51.039

  (4.239) (48.836) (44.378) (41.604)

Pergdp -0.361*** 1.131 0.739 0.521

  (0.081) (1.110) (0.921) (0.786)

_cons 9.333*** -6.520 -3.795 -1.561

  (0.729) (10.070) (8.434) (7.177)
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  (1) (2) (3) (4)

FirmFE YES YES YES YES

YearFE YES YES YES YES

N 222887 1995 2571 3156

adj. R2 0.188 0.182 0.177 0.171

Note: This table reports results of difference-in-difference analysis. Column (1) is full sample result but
�rms with using industrial robots since 2000 are removed. Column (2), (3) and (4) are the regression
results from matching sample by 1:2, 1:3 and 1:4, respectively. Robust standard errors clustered at �rm
level are in parentheses. *, **, and *** indicate signi�cance at the 10%, 5%, and 1% levels, respectively.

5. Conclusion
Using matching data from China’s Industrial Enterprise Database(CIED), China’s Environmental Statistics
Database (CESD) and China’s Customs Database(CCD), we investigate the relationship between SO2

emission intensity and the adoption of industrial robots. our study �nd that industrial robots adoption
can signi�cantly lower SO2 emission intensity that a 1% increase in the number of industrial robots
adopted cause a 0.276% decrease of SO2 emission intensity in our baseline regression. However, panel
quantile regression shows that �rms with lower SO2 emission intensity bene�t more from the adoption of
industrial robots. Industry heterogeneity test shows that the SO2 reduction in labor- and technology-
intensive industries bene�t more from industrial robots adoption. Considering capital-intensive industries
have the most carbon emissions in China such as Smelting and Pressing of Ferrous Metals and Smelting
and Pressing of Nonferrous Metals, the role of industrial robots in promoting green industry is limited to a
certain extent.
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