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Today, several issues have challenged the sustain-
ability of  smallholder agriculture, encompassing la-
bour shortages due to  rural-urban migration, rising 
prices of agricultural materials, climate change, and 
environmental degradation (Jayne et  al.  2010; Hull 
2014; Himanshu and Kundu 2016; Yamauchi 2016; 
Qiu et al.  2022). Agricultural mechanisation could 
serve as  an  effective solution and play a  significant 
role in  fuelling transformative change towards ag-
ricultural modernisation, higher utilisation rates 
of farm resources, and sustainable agriculture, thanks 
to its efficiency in reducing production costs and re-

placing labour. Therefore, agricultural mechanisation 
has been vigorously promoted worldwide, especially 
in developing countries. In accordance with the Na-
tional Bureau of Statistics of China, the total power 
of agricultural machinery in China exceeded 1.1 bil-
lion  kW in  2023, witnessing a  substantial increase 
from 117.50 million kW in 1978. The number of small 
agricultural tractors has lifted from 1.373 million 
to 16.75 million, and the number of large agricultur-
al tractors has risen from 557  000 to  4.981 million. 
Sustainable mechanisation with adequate agricul-
tural machinery services could propel the evolution 
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of food systems as it not only boosts land productivi-
ty by enhancing timeliness and quality of farming but 
renders opportunities that lighten the burden of  la-
bour shortages and empowers farmers to withstand 
shocks better.

However, despite the importance of  agricultural 
mechanisation research, the gradual expansion of in-
depth research has predominantly centred around 
farmland fragmentation, labour shortages, large-
scale farmland management, and financial support 
(Mottaleb et  al.  2017; Liu et  al.  2019; Daum and 
Birner 2020; Belton et al. 2021; Qiu et al. 2022), with 
less attention paid to how air pollution affects agri-
cultural mechanisation. Since the Industrial Revolu-
tion, air pollution caused by  industrial production, 
coal heating, and vehicle exhaust has become one 
of  the world's most severe challenges and has pro-
foundly impacted human health and economic devel-
opment (Ostro 1983; Deschenes et al. 2020; Hanlon 
2020). Worldwide, about 800 000 people die from air 
pollution every year. Of these 800 000 deaths, about 
300  000 occur in  China (Ma et  al.  2016; Li and Li 
2022). In  2020, only 202 out of  337 cities in  China 
met the ambient air quality standards, with the mean 
concentration of  PM2.5 far from the World Health 
Organisation's (WHO) standard (Jiao et  al.  2022). 
China is  facing severe air pollution, and its impact 
extends beyond farmers' health to agricultural pro-
duction decisions.

Air pollution also has the potential to  affect ag-
ricultural mechanisation due to  its adverse impact 
on  labour supply (Hanna and Oliva 2015; Chen 
et  al.  2022; Li and Li 2022). Air pollution affects 
production decisions, especially those involving 
outdoor work, owing to  concerns about elevated 
health costs and reduced agricultural econom-
ic benefits caused by  polluted air (Wei and Wang 
2021). For every unit increase in the average PM2.5 
concentration, the total working time of  the mid-
dle-aged and elderly population in  China's rural 
areas would decrease by 3.75% (Huang et al. 2021). 
Additionally, the labour force participation rate 
as well as the length of working hours of rural wom-
en are significantly lowered by polluted air condi-
tions, regardless of  their area of  residence or  type 
of domicile (Zivin and Neidell 2012; Gu et al. 2020). 
Air contamination affects not only the participa-
tion of  labour supply but also labour productivity 
(Zivin and Neidell 2012; He  et  al.  2019) and out-
put (Heck et al. 1988). In the context of a reduced 
supply of agricultural labour, farmers turn to agri-

cultural machinery as an efficient and low-loss re-
placement for agricultural labour. As a result, when 
faced with air pollution, farmers may reduce their 
labour supply and choose to  use agricultural ma-
chinery as an alternative to agricultural labour, thus 
affecting the development of agricultural mechani-
sation. To  date, there remains a  research gap that 
necessitates exploring the link between air pollu-
tion and agricultural mechanisation.

Meanwhile, debate persists over pathways through 
which pollution influences subjective decisions. The 
primary measures of  air pollution include objective 
and perceived air pollution (Liao et al. 2015). Objec-
tive air pollution often refers to  the air pollution in-
dex, an objective assessment of air quality conditions, 
and the current measures have mainly relied on phys-
ical indicators. A higher air pollution index is  linked 
to a higher severity of air pollution and harm to hu-
man health. Perceived air pollution stands for peo-
ple's subjective judgment and assessment of objective 
environmental pollution, a  synthesis of objective en-
vironmental contamination and resident psycholog-
ical experiences (Chiarini et  al.  2020). Nevertheless, 
residents possess varying sensitivity to the level of air 
pollution, even in  similarly contaminated environ-
ments, resulting in  different perceptions. Besides, 
human-perceived air pollution plays a  direct role 
in  mediating and influencing individual mental state 
and behaviour (Bala et al. 2023). Thus, given the aim 
of  agricultural machinery adoption to  replace agri-
cultural labour (Martin and Olmstead 1985), does air 
pollution perception affect labour supply and thereby 
agricultural machinery choice? It has been well estab-
lished that objective air pollution conditions affect 
the behavioural decisions of farm households, for in-
stance, labour migration in the agricultural population 
(Li et al. 2017; Carrasco-Escobar et al. 2020). However, 
these studies concentrate on  objective measures and 
neglect individual perceptions and the distinction be-
tween the impacts of measured and perceived air pol-
lution. Considering that the decision-making process 
of  individuals is  often based on  their feelings of  air 
pollution rather than on the air pollution index (Li and 
Li 2022), our study focuses on the role of perceived air 
pollution on farmers' decisions on agricultural mech-
anisation, and objective measure is  also examined 
in the robustness test section.

The current study provides robust empirical ev-
idence of  the causal relationship between perceived 
air pollution on  agricultural mechanisation. Em-
ploying a dataset from the 2016 China Labour Force 
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Dynamics Survey (2017), we assess the effects of per-
ceived air pollution on agricultural mechanisation us-
ing an  ordered probit model. On  the one hand, the 
analysis offers far-reaching insights for policymakers 
in China as well as other developing countries, pro-
viding strong momentum for high-quality agricul-
tural development and solid support for agricultural 
modernisation. On  the other hand, through a  com-
parison between subjective and objective measures 
of  exposure to  air pollution, the study contributes 
to a comprehensive and holistic view of environmen-
tal quality by employing subjective perceptions jointly 
with objective indicators.

Our investigation can contribute to the existing body 
of knowledge in three aspects:

We offer new insights and a deeper comprehension 
of how air pollution influences agricultural mecha-
nisation in  China and its extent from an  economic 
perspective. 

We test and uncover the mechanistic role of agricul-
tural labour time through an econometric model (me-
diating effects model). 

Since fossil raw materials, such as  oil, consumed 
by  the development of  agricultural mechanisation 
contribute to  air pollution, more careful considera-
tion of endogeneity is required when investigating the 
causal link between air contamination and agricultural 
mechanisation. It  would be  advantageous to  adopt 
thermal inversion as  an  instrumental variable (IV) 
to address the problem of reverse causality.

MATERIAL AND METHODS

Data
The dataset employed in  the empirical analysis 

originates from the 2016 wave of  the China Labour 
Force Dynamics Survey (CLDS) data, launched by the 
Centre for Social Survey of  Sun Yat-Sen University, 
Guangzhou, China. As  the first national longitudi-
nal social survey on the Chinese labour force, CLDS 
has established a  comprehensive database through 
the biennial follow-up survey and has been updat-
ed to  2018. However, given the absence of  key vari-
ables and insufficient sample size in CLDS2018, our 
dataset is  gleaned from CLDS2016 data. The survey 
targeted households aged 15–64 of working age and 
covered a range of topics, namely demographics, fam-
ily, labour, income, land, household consumption, 
household production, household property, health, 
well-being, satisfaction and economic and social de-
velopment. Its sample involved 29 Chinese provinces 

(excluding Tibet, Hainan, Taiwan, Hong Kong, and 
Macao), yielding a sample size of 401 villages, 14 226 
households and 21  086 individuals. Therefore, the 
sample adopted in our research is nationally and re-
gionally representative. Ultimately, after data clean-
ing, we obtain data from 5 881 valid rural samples. 

Measure
In this study, we select ‚What is  the current mech-

anised farming method on your household farmland' 
in CLDS2016 as  the outcome variable to portray the 
mechanisation choice. The mechanised tillage selec-
tion included three options: non-mechanised farm-
ing, semi-mechanised farming and fully-mechanised 
farming. Specifically, 34.96% of  households adopted 
non-mechanised farming (i.e.  did not employ farm 
machinery at any stage of production), 41.30% adopted 
semi-mechanised farming (i.e.  employed agricultural 
machinery at some stages of production) and 23.74% 
adopted fully mechanised farming (i.e. employed agri-
cultural machinery at each stage of production).

Our key explanatory variable is farmers' perceptions 
of  air contamination, which originates from the re-
sponse to the question, 'How serious do you think air 
pollution is in your area?' within the CLDS household 
questionnaire. Respondents chose from a  four-point 
scale for their perceived severity, with 1 denoting 'not 
at all serious', 2 denoting 'not too serious', 3 denoting 
'somewhat serious' and 4 denoting 'very serious'. Con-
sequently, approximately 48.13% of the sample house-
holds believed that air pollution was not serious, whilst 
51.87% believed that air pollution existed. Among those 
who thought air pollution existed, 37.00% thought 
it was 'not too serious', 11.47% thought it was 'some-
what serious' and 3.40% thought it was 'very serious'.

Based on a synthesis of existing research on mecha-
nisation and aimed to alleviate the problem of variable 
omission, we further introduce control variables in the 
regression analysis as follows: 

i) characteristics of the household head, encompass-
ing age, education background, health status, and com-
munist party membership, 

ii)  household characteristics, involving household 
size, average age, and household cultivated land area,

iii)  village characteristics, including the presence 
of a non-agricultural economy, the size of village farm-
land, distance to the county town, availability of agri-
cultural machinery services, availability of production 
materials, and availability of  planting services. Their 
definitions and descriptive statistics are displayed 
in Table 1. 
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Empirical strategy
An ordered probit model in Equation (1) is employed 

to examine the effects of air pollution perception on ag-
ricultural mechanisation.

where: AMSi – the agricultural mechanisation choice 
of  household i, it  is  assigned a  value of  1 for house-
holds adopting mechanised farming, 2 for those adopt-
ing semi-mechanised farming and 3 for those adopting 
fully mechanised farming; Pollution – the independent 
variable, air pollution perception, ranging from 'not 
serious at all' to 'very serious'; Xi – a vector of control 
variables containing the characteristics of  individual 
farmers, households and villages (Yamauchi 2016; Qiu 
et al. 2022); β0 – the intercept; β1 and β2 – the model 
parameters; ε – the error term.

Equation (1) introduces endogeneity concerns 
when directly estimating the relation between per-
ceived air pollution and agricultural mechanisation 
is  estimated directly. First, a  potential bidirectional 

causality is  inherent since agricultural mechanisa-
tion is  accompanied by  the widespread utilisation 
of  fossil fuels and chemicals, which may contribute 
to deterioration of air quality (Peng et al. 2018; Khan 
et al. 2022). Second, there may be unobservable fac-
tors affecting perceived air pollution levels and ag-
ricultural mechanisation. To  address these types 
of  endogeneity, we  construct an  instrumental vari-
able for the indicator of air pollution perception and 
further regress the IV-ordered probit model, whose 
corresponding estimation methods can be expressed 
by Equations (2 and 3):

where: iPollution  – the estimation result after consider-
ing the endogenous variables in Equation (2); γ0 – inter-
cept; γ1 and γ2– model parameters;TIi – the instrumental 
variable (IV); Xi – control variables; μ – error term; φ0 – 
intercept; φ1 and φ2– model parameters; σ – error term.

= β +β +β + ε0 1 2 i i iAMS Pollution X (1)

(2)

(3)

Table 1. Definitions and results of descriptive statistics

Variable Definitions Mean (SD)

Mechanisation choice 1 = non-mechanised farming; 2 = semi-mechanised farming;  
3 = fully-mechanised farming 1.99 (0.97)

Perceived air pollution 1 = not serious at all; 2 = not too serious; 3 = quite serious; 4 = very serious 1.68 (0.79)

Age age of household head (HH) in years 51.50 (11.30)

Education level1 education attainment of household head 2.62 (1.15)

Health status self-reported health status (from 1 = unhealthy to 5 = healthy) 3.54 (1.04)

Communist 1 = HH is a Communist Party member, 0 otherwise 0.08 (0.28)

Household size number of persons living in a household 1.86 (0.90)

Mean age mean age of the household workforce in years 47.22 (12.06)

Household cropland area total farm size cultivated by a household (ln) 1.53 (0.97)

Non-agricultural economy 1 = non-agricultural economy exists in the village, otherwise 0 0.27 (0.44)

Village cropland area total farm size cultivated by village (ln) 7.27 (1.63)

Location distance of the village from the township government (km) 2.86 (0.98)

Mechanical services 1 = mechanical agricultural services are available in the village, 0 otherwise 0.26 (0.44)

Production materials 1 = the village provided production materials, 0 otherwise 0.10 (0.31)

Planting planning service 1 = the village unify procurement of production materials, 0 otherwise 0.25 (0.43)

11 = illiterate, 2 = primary school, 3 = middle school, 4 = high school, 5 = vocational high school, 6 = technical school, 
7 = technical secondary school, 8 = college, 9 = bachelor's degree, and 10 = postgraduate
Source: Authors' construction

 = γ + γ + γ +µ0 1 2i i iPollution TI X

= ϕ + ϕ + ϕ + σ0 1 2i i iAMS Pollution X
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Based on  the existing body of  knowledge, meteoro-
logical conditions are often employed as  an  IV for air 
pollution (Hanna and Oliva 2015; Chen et al. 2022). This 
approach is based on the fact that inversions exacerbate 
air pollution, which is well documented in natural sci-
ence research. Generally, cold air sinks at high altitudes 
and hot air increases at the surface, a mechanism that re-
duces air pollution levels at the surface. However, under 
the circumstance of inversions, the higher the altitude, 
the higher the temperature, where the hot air condenses 
overhead and the cold air stagnates at the surface, add-
ing to air pollution. Drawing on Arceo et al. (2016), who 
first proposed the IV of thermal inversion for air pollu-
tion, this study employs the thermal inversion strength 
as our IV. It is expected to affect perceived air pollution 
but not agricultural mechanisation.

RESULTS AND DISCUSSION

Table 2 depicts the impact of air pollution perception 
on agricultural mechanisation. The results indicate that 
perceived air pollution positively affects agricultur-
al mechanisation at  the 1% significance level without 
considering endogenous problems. The effect is signif-
icant after controlling for province fixed effects, sug-
gesting that some province-level unobservable factors 
might have contributed to the underestimation of out-
comes. Additionally, other factors that positively affect 
agricultural mechanisation include age, education lev-
el, household head health status, household farmland 
size, village farmland size and mechanical agricultural 
services. For instance, according to  Table  2, educa-
tion plays a positive and significant role in agricultural 
mechanisation. This finding aligns with the preceding 
analysis of Mottaleb et al. (2017), implying that educa-
tion could encourage farmers to take risks associated 
with investment in agricultural machinery.

Robustness check
Air pollution perception is  a  subjective assessment 

of  air quality by  farmers, thereby objective air qual-
ity influences people's perception of  air pollution 
(Geng et al. 2019). Therefore, in the robustness check, 
we examine the influence of air quality on agricultural 
mechanisation. Since the 2016 China Labour Force Dy-
namics Survey questionnaire was conducted from late 
July to early August 2016, the average local air quali-
ty index (AQI) of  the three months (May–July) prior 
to  the survey visit is  adopted as  an  objective air pol-
lution indicator. AQI is the level of air pollution in the 
sky. The higher the index of an area, the more serious 

the air pollution. The AQI, PM2.5, PM10, NO2 and SO2 
data employed in  this study stem from the Ministry 
of Ecology and Environment of  the People's Republic 
of  China. Then, an  ordered probit model is  adopted 
to  estimate the links between AQI and agricultural 
mechanisation and Table 3 presents its results.

Table 2. Baseline estimations: impact of perceived air pol-
lution on agricultural mechanisation

Variable
Ordered probit

agricultural mechanisation

Perceived air pollution
0.146*** 0.067**

(0.025) (0.027)

Age
0.005** 0.003

(0.003) (0.003)

Education
0.126*** 0.066***

(0.020) (0.021)

Health status
0.162*** 0.074***

(0.020) (0.022)

Communist
0.082 0.076

(0.072) (0.077)

Household size
0.040* 0.023

(0.024) (0.026)

Mean age
0.001 0.002

(0.002) (0.002)

Household cropland area
0.384*** 0.299***

(0.027) (0.032)

Non-agricultural economy
–0.094* 0.063
(0.053) (0.067)

Village cropland area
0.074*** 0.117***

(0.022) (0.025)

Location
–0.162*** 0.022
(0.022) (0.027)

Mechanical services
0.166*** 0.111**

(0.042) (0.050)

Planting planning service
0.035 –0.099

(0.078) (0.095)

Production materials
–0.132*** –0.111*
(0.048) (0.059)

_cons
1.897*** 5.319***

(0.247) (0.286)

Regional effect no yes
Sample size 3 379 3 379

***, **, and *significance level at 0.01, 0.05 and 0.1, respec-
tively; robust SEs are in parentheses
Source: Authors' calculation



480

Original Paper	 Agricultural Economics – Czech, 71, 2025 (9): 475–484

https://doi.org/10.17221/328/2024-AGRICECON

According to Table 3, the AQI coefficient is signifi-
cantly positive, demonstrating that AQI significantly 
affects agricultural mechanisation choices. Moreover, 
we  measure air pollution further through PM2.5, 
PM10, NO2 and SO2, and the regression results re-
main significant. This is consistent with our argument 
that subjective air pollution impacts agricultural 
mechanisation.

Solving the problem of endogeneity
Aimed at  accurately assessing the impact of  per-

ceived air pollution on  agricultural mechanisation, 
we  employ an  IV approach to  address endogeneity 
problems. Based on  previous analyses, the current 
research utilises thermal inversion as  an  IV for air 
pollution and the empirical outcomes derived from 
the IV regressions are displayed in Table 4. The first-
stage regression results express a significant positive 
correlation between the inversion IV and subjective 
air pollution at  the 1% significance level, indicating 
that the instrumental variable meets the relevance 
condition. The second-stage Atanhrho_12 value dif-
fers significantly from zero at the 1% level, indicating 
a more accurate estimation of the IV-ordered probit 
model. In conclusion, the positive effect of perceived 
air pollution on agricultural mechanisation adoption 
remains statistically significant after eliminating en-
dogeneity through IV.

Significant heterogeneous characterises air pollu-
tion perception, as perception results from the inter-
action of  individual and environmental factors with 
objective air pollution levels. Thus, delving into the 
mechanism and heterogeneity is gaining significance 
in  boosting labour supply, facilitating agricultural 
mechanisation and advancing sustainable agricultural 
development.

Mechanism analysis 
Although the above analysis shows that per-

ceived air pollution can affect agricultural mecha-
nisation, its mechanisms require further analysis. 
There is  an  enduring and rising concern among 
the public regarding air pollution and people alter 
their tendencies and behaviour in response to it (Tu 
et al. 2020). Many scholars have argued that air pol-
lution reduces the time that family farmers spend 
on  agricultural production (Gu et  al.  2020; Huang 
et  al.  2021). Furthermore, farmers replace labour 
with machinery (Qian et  al.  2022). To  further ex-
plore how perceptions of air pollution influence ag-
ricultural mechanisation, this paper adopts the total 
farming time of farm households in the year as a me-
diating variable. We then apply stepwise regression 
and the Sobel test to  analyse the mediation effect. 
Table  5 indicates that the mediating effect is  sig-
nificant. Additionally, for every one-level increase 

Table 3. Robustness check estimates

Variable Ordered probit – agricultural mechanisation

AQI 0.0100***
(0.0030) – – – –

PM2.5 – 0.0070** 
(0.0030) – – –

PM10 – – 0.0050** 
(0.0020) – –

NO2 – – – 0.0090*** 
(0.0020) –

SO2 – – – – 0.0040*** 
(0.0010)

Control yes yes yes yes yes
Regional effect yes yes yes yes yes
Pseudo R2 0.1810 0.1866 0.1868 0.1910 0.1861
Sample size 3 271 3 271 3 271 3 271 3 271

*** and **significance level at 0.01 and 0.05, respectively; robust SEs are in parentheses; AQI – air quality index; PM – par-
ticulate matter
Source: Authors' calculation
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Table 4. Instrumental variable regressions

Variable
IV-ordered probit

First stage Second stage
Perceived air pollution 0.006*** (0.001) 0.912*** (0.180)
Age –0.001 (0.001) –0.005** (0.002)
Education 0.029*** (0.009) –0.074*** (0.028)
Health status –0.032***(0.010) –0.154*** (0.023)
Communist 0.027 (0.037) –0.049 (0.068)
Household size 0.017 (0.012) –0.022 (0.023)
Mean age –0.003*** (0.001) –0.003 (0.002)
Household cropland area –0.077*** (0.012) –0.348*** (0.044)
Non-agricultural economy 0.289*** (0.024) 0.310*** (0.062)
Village cropland area 0.024*** (0.007) –0.044* (0.026)
Location –0.065*** (0.011) 0.061 (0.040)
Mechanical services 0.122*** (0.023) –0.070 (0.064)
Production materials –0.096*** (0.035) –0.119 (0.076)
Planting planning service –0.162*** (0.024) –0.030 (0.067)
Atanhrho_12 –0.696*** (0.232) –
Wald chi2 1 990.38*** –
Sample size 5 881 –

***, **, and *significance level at 0.01, 0.05 and 0.1, respectively; robust SEs are in parentheses; IV – instrumental variable
Source: Authors' calculation

Table 5. Results of the mediating effect

Variable
Ordered probit OLS Ordered probit

agricultural mechanisation farming time agricultural mechanisation
Perceived air pollution 0.150*** (0.028) –6.828* (4.102) 0.134*** (0.031)
Farming time – – –0.001*** (0.000)
Control yes yes yes
Constant – 92.116*** (33.035) –
Pseudo R2 0.181 0 0.339 6 0.193 0
Sample size 2 828 3 760 2 265
Sobel test 0.007*** – –

*** and *significance level at 0.01 and 0.1, respectively; robust SEs are in parentheses; OLS – ordinary least squares
Source: Authors' calculation

in perceived air pollution, farmers' farming time de-
creases by 6.83 days. This finding demonstrates that 
perceived air pollution affects farmers' decisions re-
garding agricultural mechanisation by reducing the 
agricultural labour supply.

Robustness tests
In rural areas of  China, men migrate in  pur-

suit of  higher incomes, while women stay at  home 
to  engage in  agricultural and domestic labour (Ma 

et al. 2018). When affected by air pollution, male heads 
of households may reduce agricultural labour supply 
and be  more inclined to  leave for off-farm employ-
ment. Consequently, the role that air pollution plays 
in agricultural mechanisation is expected to be more 
significant for male-headed households than for fe-
male-headed households. Therefore, we disaggregate 
the influence of  air pollution perception on  agricul-
tural mechanisation by gender, and the results in Ta-
ble 6 align with our expectations. 
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Furthermore, the agricultural mechanisation strat-
egy could be  influenced by  the topography of  agri-
cultural land, with plain land being more conducive 
to agricultural mechanisation, as has been recognised 
by many scholars (Deng et al. 2019; Aryal et al. 2021; 
Brown et al. 2021). Farmers in plains have more po-
tential to  use machinery as  an  alternative to  agri-
cultural labour when affected by  air pollution. The 
consequences reveal the effect of air pollution percep-
tion on  agricultural mechanisation is  heterogeneous 
across land types. 

CONCLUSION

Although prior literature has examined the factors 
influencing agricultural mechanisation, there remains 
a  significant gap concerning the influence of air pol-
lution perception on  agricultural mechanisation. 
Our findings demonstrate that farmers' perceptions 
of  air pollution affect their agricultural production 
decisions, particularly the adoption of  agricultural 
machinery. Specifically, perceived air pollution sig-
nificantly reduces household farming time whilst 
positively impacts agricultural mechanisation. This 
phenomenon may be attributed to air pollution poten-
tially causing adverse health effects among farmers, 
directly diminishing labour efficiency and compelling 
farmers to  curtail effective farming time to  preserve 
their health. Consequently, this reduction in  farm-
ing time may generate demand for mechanisation 
as a substitute for human labour. For instance, the util-
isation of seeders and harvesters can compensate for 
labour input deficiencies by expeditiously completing 
tasks that would otherwise require prolonged human 
effort. Regarding key control variables, household 
and village cultivated area exhibits a  positive impact 
on agricultural mechanisation adoption. This correla-
tion may exist because the expansion of household and 
village cultivated land directly contributes to the dis-

semination and enhancement of agricultural mechani-
sation through mechanisms of large-scale production, 
infrastructure optimisation, and labour substitution. 
Furthermore, heterogeneity analysis reveals that the 
agricultural mechanisation decisions of  male house-
hold heads and farmers in plains regions are more sig-
nificantly affected by air pollution perceptions. 

Furthermore, these findings yield valuable policy 
implications for farmers chronically exposed to  air 
pollution and for agricultural mechanisation advance-
ment in China. Notably, air pollution, due to its direct 
adverse effects on  health, may result in  diminished 
availability of labour force or working hours. This un-
derscores the necessity of improving air quality in Chi-
na to enhance agricultural labour supply. Our research 
offers new directions for future research in this domain. 
The ramifications of  air pollution warrant increased 
attention, and mitigation measures require further 
reinforcement. Moreover, within the context of  con-
tinuing large-scale migration of rural labour in China, 
agricultural machinery services function as a primary 
mechanism for addressing agricultural labour migra-
tion. Concomitantly, the environmental implications, 
including energy consumption and resultant air pollu-
tion generated by agricultural machinery, must be in-
tegrated into comprehensive strategies for agricultural 
mechanisation development.

Considering air pollution's impact on  agricultural 
mechanisation, we propose a two-pronged policy ap-
proach. First, governmental bodies should prioritise 
the promotion of agricultural machinery services, par-
ticularly in  plains regions. Robust machinery service 
provision would not only accommodate labour mi-
gration but also accelerate agricultural mechanisation 
processes. When integrated with conservation agri-
culture practices, this approach could substantially re-
duce agriculture's environmental footprint, ultimately 
facilitating sustainable agricultural development. 
Second, authorities must address the environmental 

Table 6. Disaggregated analysis by gender and terrain

Variable
Gender Terrain

male female non-plain plain
Perceived air pollution 0.1410*** (0.0280) 0.1020 (0.0760) 0.0720 (0.0530) 0.1440***  (0.0290)
Control yes yes yes yes
Pseudo R2 0.1784 0.1859 0.2033 0.1541
Sample size 2 940 439 883 2 409

***significance level at 0.01; robust SEs are in parentheses
Source: Authors' calculation
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consequences stemming from agricultural machinery 
proliferation. Governmental initiatives should actively 
facilitate the phased withdrawal of obsolete, energy-in-
tensive and polluting equipment, whilst implementing 
comprehensive training programmes encompassing 
various agricultural operation competencies, includ-
ing instruction in contemporary intelligent machinery. 
Such measures would simultaneously minimise ener-
gy expenditure and environmental degradation, whilst 
enhancing operational efficiency. 
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