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Abstract:
Agriculture is vital to India’s economy and livelihoods but faces labour shortages, rising food demand, and climate challenges. Mechanisation has improved productivity, yet India still needs faster technological advancement to ensure future food security. This study estimates the effects of rental services of agricultural machinery on productivity, market participation, and farm income, utilising primary data collected from 320 non-basmati paddy growers in Punjab, India. This study captures mechanisation service adoption as a dichotomous decision and adoption intensity as a latent variable and employs a conditional mixed process (CMP) model to address selection bias issues. The results show that adopting mechanisation services significantly increases productivity, market participation, and farm income, and the larger impact is associated with the higher adoption intensity of mechanisation services. Our results also reveal that mechanisation service adoption is significantly determined by dependency ratio, farm size, and education level of the household head. It was also found that young farmers and large landholders were more likely to intensify the adoption of mechanisation services. Our findings highlight the importance of agricultural mechanisation services in improving productivity and market participation, which eventually increases farm income.
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Introduction
Agriculture in India plays a significant role by contributing around 20.19 per cent to the total GDP and 17.34 per cent to total exports (GOI, 2023; NSO, 2023). Despite accounting for only 2.4 per cent of the world's geographical area, Indian agriculture supports over 17 per cent of the global population and 15 per cent of the global livestock population (Rohith et al., 2021). Over 118 million cultivators and 144.3 million agricultural labourers in India depend on farming as their main source of income (GoI, 2022).  
Despite being the primary source of livelihood for the bulk of the rural population, agriculture is also facing seasonal labour shortages due to rising rural-urban migration. Given the fragmented nature of Indian farms and their dependence on labour, these labour shortages can have a significant negative impact on the yield and income of farmers (Aryal et al., 2021; Jena & Tanti, 2023).  It is estimated that by the year 2030, the total food grains demand in India will grow to the level of 311 Mt, which comprises 122 Mt of rice, 115 Mt of wheat, 47 Mt of coarse grains, and 27 Mt of pulses (Kumar et al., 2016). Some authors estimated that crop demand may increase by 100 – 110 per cent between 2005 and 2050. With current production patterns, India may not reach its food requirements by the end of 2050 (Kumar et al., 2016; Ray et al., 2013). Additionally, the availability of arable land in India may go down by -2 to -4 per cent because of climate change (Zhang & Cai, 2011). In other words, India needs to produce more food from the same land, while at the same time easing farm labour requirements resulting from the migrating rural labour population. 
Agriculture mechanisation is a critical component in improving agricultural production and productivity in developing countries (Mehta et al., 2014).  In the past three decades, Indian agriculture has undergone a significant shift from animal-powered to mechanised, power-operated farming. Between 1971-72 and 2013-14, total power availability surged from 0.293 kW/ha to 2.02 kW/ha (Senthilkumar, 2014; Singh et al., 2015). largely due to the increased availability of tractor power, which has transformed agricultural practices nationwide. The agriculture equipment market of India, which was estimated at 8,12,269 units by sales, grew at a CAGR of 12.3 per cent during FY’2006-FY’-2011 (Singh et al., 2015). Although mechanisation has advanced, ownership remains limited, reflecting the resource constraints of many Indian farmers. With a compound annual growth rate (CAGR) of 4.58% over the past 40 years, India’s mechanisation progress still trails behind global standards, including those in the U.S., Western Europe, Russia, Brazil, and China (Senthilkumar, 2014).
Given the fragmented nature of Indian farms and limited capital, small and marginal farmers are generally advised against investing in costly machinery (Gulati & Juneja, 2020). Moreover, underutilization of owned machinery is common among larger farms; for instance, tractors in India operate for only 500–600 hours annually against an optimal norm of 1,000 hours, indicating overcapitalization (Gulati & Juneja, 2020). Custom Hiring Centres (CHCs) offer a viable alternative, helping small and marginal farmers access mechanisation while efficiently utilising surplus machinery from larger farms.
Appropriate farm mechanisation has been accentuated as an important policy and development objective in India. The Government of India, under the Sub Mission on Agricultural Mechanisation (SMAM), assisted state governments in helping farmers procure various farm machinery and equipment besides setting up Custom Hiring Centres (CHC) (GoI, 2023).
This study contributes in three major ways to the literature on mechanisation services on farmers’ economic welfare in India. First, this study not only regards mechanisation service adoption as the dummy variable but also considers smallholders’ mechanisation service purchase behaviour on the whole agricultural product-producing value chain, exploring how the mechanisation service adoption intensity affects smallholders’ economic welfare. Second, this paper examines the relationship between mechanisation, agricultural productivity, and farm income, providing new proof to demonstrate their positive relationship. Third, we recognise market participation as one of the important economic welfare indicators bridging the effect of mechanisation, productivity, and farm income and further explore the impact of mechanisation service adoption and its intensity on smallholders’ market participation level. 
2. Materials and methods
2.1 Study Area  
This study was conducted in Punjab, a northern Indian state with a predominantly agrarian economy. Agriculture and allied activities contribute 26.68% to the state’s Gross State Value Added (GSVA) and employ 24.64% of the population (Singh et al., 2024). Punjab also reports the highest incidence of stubble burning in north-western India (Kumar et al., 2021). Past studies highlight the benefits of farm mechanisation on crop productivity (Mudholkar & Yedke, 2023), household income, and food security (Jena & Tanti, 2023). Additionally, mechanised tools like the Happy Seeder and Super Seeder have been recommended for efficient straw incorporation, aiming to reduce stubble burning (Abdurrahman et al., 2020). 
To promote CHCs, the central and state governments have introduced various schemes, including the Central Sector Scheme on Crop Residue Management (2018-19). This scheme offers up to 50% financial assistance for individual farmers and 80% for cooperatives, FPOs, and Panchayats. Between 2018–19 and 2022–23, the government allocated Rs.1,426.45 crores to these initiatives. Punjab also has the highest concentration of CHCs, totalling 22,899 as of March 31, 2021 (Agriculture and Farmers Welfare Department, Punjab), making it an ideal study area to enumerate the impact of CHCs on farmers' income. 
2.2 Sampling method and sample size: 
A primary survey was conducted from June 2023 to November 2023 (Kharif crop season) in the selected districts of Punjab for the present study. After conducting a pre-visit in July 2023 and collecting the required secondary data regarding selected models of CHCs distribution and location, from the office of registrar co-operative societies Patiala, Chandigarh, Small farmers’ agri-business consortium in New Delhi, and agriculture and farmers welfare department, Krishi bhavan, Chandigarh, Punjab all the districts of Punjab are categorized into high-density and low-density groups based on the number of custom hiring centers corresponding to the total gross cropped area of the district. The two groups are then assigned random numbers in Microsoft Excel software, and two districts, Ludhiana and Gurdaspur, from the high-density and low-density groups, respectively, are selected randomly for data collection. 

Using the random sampling method, 8 CHCs from the high CHC density district and 8 from the low CHC density district were selected. For each of the selected CHCs, 10 beneficiaries who are availing farm machinery services from the selected CHC and 10 farmers who are not availing machinery services from the CHC are chosen randomly from whom the data is collected. In total, data from 320 beneficiary and non-beneficiary farmers have been collected. The locations of CHCs visited are shown in Figure 1.  The study primarily focuses on non-basmati paddy farmers given the availability of data in selected regions and its applicability to country-wide paddy cultivators. 
2.3 Data collection: 
The survey was conducted between August and November 2023, covering information on households regarding demographic and economic information, mechanisation ownership, and access to mechanisation hiring services pertaining to the agricultural year 2022-23. Primary data about variables hypothesised to affect the adoption of rental machinery services were collected from respondents using a uniformly designed semi-structured interview schedule. Some open-ended questions were also included to collect in-depth information and gain general perceptions of farmers towards CHCs. 2 Focus group discussions were also conducted to collect data on specific parameters, which are otherwise difficult to collect through a structured interview schedule. 
2.4 Data analysis: 
Data, once collected, were recorded and tabulated using Microsoft Excel software. The data were analysed using Stata 17 software package. After analysing the data, the results are presented using tables and figures. The key explanatory variable for the present study is mechanisation service adoption, which takes the form of a binomial variable with values ranging from 0 if the household rented machinery for farm operations in paddy production and 1 otherwise. The second variable is mechanisation service intensity, which is measured as a multinomial variable based on the number of farm operations in paddy production for which machinery was used, which takes values of 1 to 5. Specifically for the current study, 5 important mechanisation services were selected based on agronomic practices followed by paddy producers and existing literature (Fageria, 2007), including land preparation, sowing, fertiliser application, chemical spraying, and harvesting. Three dependent variables were selected for this study. The first is the productivity of non-basmati paddy, represented by the yield of paddy in units of 100kg/acre. The second is market participation, represented by the ratio of the quantity of paddy sold in the market to the total paddy output. The third is net farm income, represented by the difference between the gross revenue received from agriculture in units of Rs.’000/capita.
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Figure 1: Map of the Study area
2.5 Empirical framework
 The decision to adopt machinery on a rental basis was taken by farmers themselves on whether and how many production stages to adopt machinery services. In making such decisions, both observed factors (e.g., age, education, gender, size of household, type of household, owned land, etc.) and unobserved factors (e.g., motivation and innate abilities) also influence their decision-making process. This leads to potential endogeneity problems associated with mechanisation service adoption and intensity. Given the flexible nature of the CMP model in estimating more than two equations with correlated errors and its capability to allow different types of dependent and explanatory variables, it is preferred in the present study over other models like Propensity score matching (PSM), Inverse probability weighted regression adjustment (IPWRA), Endogenous switching regression (ESR), etc. 
Given the objective of the study to estimate the effects of mechanisation service adoption on productivity, market participation, and farm income, the CMP model was estimated jointly with equations 3.3.14–3.3.17 as given below. 
Probit model equation for mechanisation service adoption: 

                       (3.3.14)  

OLS model for productivity equation

                                                                                          (3.3.15)  
         
Tobit model for market participation equation

                                                   (3.3.16)

OLS model for farm income equation

                                                                                             (3.3.17)

Where  is a latent variable that represents the probability that a farmer i adopts mechanisation services, which is determined by the observed binary variable  ( = 1 for mechanisation service adopters and for non-adopters) Pi refers to the non-basmati paddy yield for farmer i.   is a continuous latent variable representing the sales ratio for farmer i.  is the observed sales ratio obtained by censoring the latent sales ratio at 0.  refers to farm income, which is measured at 1,000 Rs/capita. 𝑋 is a vector of exogenous variables;  are parameters to be estimated;  are error terms. 
 refers to an instrument variable (IV) for model identification purposes. For this study, a variable representing the average expenditure on mechanisation services of other households within the same village is used as an instrumental variable. This instrumental variable ( affects farmers’ decisions and intensity of mechanisation service adoption via peer effects but does not affect their productivity, market participation, and farm income directly. To validate the validity of the selected IV, a falsification test as proposed by Di Falco et al. (2011) has been conducted. 
	The second objective of the study is to examine the effects of mechanisation service intensity on productivity, market participation, and farm income. We apply the CMP model to jointly estimate equations 3.3.18 – 3.3.21
	 
Mechanisation service intensity equation (Ordered probit model):

                   (3.3.18)

OLS equation for Productivity

                                                                                              (3.3.19)

Tobit model for market participation

                                                 (3.3.20)

OLS model for farm income equation

                                                                                           (3.3.21)

Where  is a latent variable representing the mechanisation service adoption intensity of farmer i, which is determined by a categorical variable  and unknown cut-offs  are defined as explained above.  are parameters to be estimated;  are error terms.  

3. Results and discussion
3.1 Descriptive statistics of the variables used in the CMP model: 
[bookmark: _Hlk182022065]Table 1 presents the variable definitions and summary statistics for this study, which include data on agricultural mechanisation and output, along with individual, household, and production characteristics. The dependent variables are as follows: The non-basmati paddy yield is 28.67 quintals, the ratio of the quantity of non-basmati paddy sold to the total output is 0.57 (57 per cent), and net farm income is ₹16,950. The explanatory variables are as follows: the mean value of mechanisation service adoption is 0.50, and the level of mechanisation service intensity is 4.71. The control variables are as follows: the average value of age of farmers is 55.30. Of the total sample, 91 per cent are male-headed households. The mean level of education is 1.79. The average household size is 7.67, and the mean of type of household is 0.32. The dependency ratio measured by the ratio of the number of residents aged less than 14 to the size of the household is 0.26. The average land owned by sample farmers is 2.52 hectares. 
Table 2 presents the mean differences between farmers who hire mechanisation services from selected contractual models and those who don’t. Statistically significant differences are seen between the two groups. Specifically, mechanisation service users obtained higher non-basmati paddy yields, higher levels of market participation, and higher net farm income compared to non-users. Meanwhile, the mean differences of the control variables indicate that mechanisation service users are predominantly male and well-educated as compared to non-users. The mechanisation service adopters have relatively smaller household sizes, lower dependency ratios, and larger land sizes. These significant systematic differences suggest that farmers’ decisions to adopt mechanised services are not random but are determined by the farmers themselves. Therefore, a more rigorous econometric method is needed to analyse the true impact of these variables on farmers’ mechanisation service adoption. 





	Variable
	Definitions
	Mean (S.D.)
	Min
	Max

	Dependent variable
	
	

	Productivity
	Non-Basmati Paddy yields (qts.)
	28.67 (24.71)
	0
	208

	Market participation
	The ratio of the quantity of Paddy sold to the total Paddy output (0-1)
	0.57 (0.28)
	0
	1

	Net farm income
	The difference between gross revenue from agricultural production activities and production costs (1000 Rs.)
	16.95 (23.08)
	29.65
	187.64

	Key explanatory variables
	
	

	Mechanization service adoption
	1 if a household (HH) adopted mechanization services in paddy production, 0 otherwise
	0.50 (0.50)
	0
	1

	Mechanization service intensity
	Number of production tasks using mechanization services (0-5)
	4.71 (1.17)
	0
	8

	Control variables
	
	

	Age
	Age of the household head (HHH) in years
	55.30 (13.21)
	20
	96

	Gender
	1 If the HHH is male, 0 otherwise
	0.91 (0.27)
	0
	1

	Education
	0 = illiterate
1 = literate below primary
2 = literate up to high school
3 = literate up to intermediate
4 = literate up to graduate
5 = literate up to postgraduate
	1.79 (1.41)
	0
	5

	Household size
	Number of members in a HH
	7.67 (4.12)
	1
	14

	Type of Household
	0 if HH is agricultural only, 1 otherwise
	0.32 (0.46)
	1
	2

	Dependency ration
	The ratio of the number of residents aged less than 14 years to HH size
	0.26 (0.19)
	0
	0.71

	Owned land
	Total land owned by HH (Hectares)
	2.52 (2.27)
	0
	17

	Instrumental variable
	Average expenditure on mechanization services of other households within the same village (1000 Rs.)
	9.53 (2.83)
	5.36
	17.99

	Observations
	
	320
	
	


Table 1: Variable definitions and summary statistics
Table 2: Mean difference in the selected variables between mechanisation service adopters and non-adopters
	Variable
	Mechanisation service adopters
	Mechanisation service non-adopters
	Mean difference
	t-value

	Productivity
	30.85 (27.56)
	26.83(21.28)
	4.02***
	77.46

	Market participation
	0.60 (0.26)
	0.54 (0.29)
	0.06
	1.06

	Net farm income
	19.36 (24.54)
	14.54 (21.33)
	4.82***
	28.90

	Age
	55.39 (12.46)
	55.23 (13.96)
	0.16
	1.20

	Gender
	0.95 (0.21)
	0.88 (0.32)
	0.07***
	17.15

	Education
	1.68 (1.46)
	1.91 (1.36)
	-0.23***
	-5.67

	Household size
	7.81 (3.64)
	7.54 (4.56)
	0.27***
	4.37

	Type of household
	0.34 (0.47)
	0.31 (0.46)
	0.03 ***
	3.87

	Dependency ratio
	0.24 (0.19)
	0.27 (0.19)
	-0.03
	-0.96

	Farm size
	2.53 (2.36)
	2.61 (2.16)
	-0.08
	-0.14

	Instrumental variable
	9.61 (2.94)
	9.26 (2.73)
	0.34.75*
	2.10

	Observations
	160
	160
	
	


Note: *** p < 0.01, ** p < 0.05, * p < 0.10; 
3.2 Impact of mechanization service adoption on productivity, market participation, and farm income
	Table 4 demonstrates the impacts of renting mechanised services from selected contractual models of custom hiring centres on productivity, market participation, and net farm income estimated by the CMP method. The significant  values suggest that the model suffers from endogeneity problems caused by unobservable factors, so the CMP method is appropriate.
	To address the problem of endogeneity in the model, an instrument variable (IV) representing the average expenditure on mechanisation services of other households within the same village is used. A falsification test, as proposed by Di Falco et al. (2011), was conducted to validate the selected IV. The results of the test are presented in Table 3. As seen in Table 4.35 the IV shows a positive and significant effect on mechanisation service adoption and intensity but has no effect on productivity, market participation, and farm income, which is exactly what is expected from instrumental variables fulfilling the conditions of correlation and exogeneity. 
Table 3: Falsification test of instrumental variable
	Variables
	Statistics

	Mechanization service adoption
	χ2 = 46.21***; 𝑝-value = 0.000

	Mechanization service intensity
	χ2 = 105.91***; 𝑝-value = 0.000

	Productivity
	F -value = 1.81; 𝑝-value = 0.180

	Market participation
	F -value = 1.33; 𝑝-value = 0.249

	Net farm income
	F -value = 1.02; 𝑝-value = 0.314


Note: *** p < 0.01, ** p < 0.05, * p < 0.10; 
	The second column of Table 4 presents the first stage of the CMP method. The dependency ratio variable is significantly negative, indicating that higher dependency ratios significantly reduce the probability of farmers adopting mechanisation services. The reason for this is that higher dependency increases the financial burden of the household, thereby limiting their capability to invest in farm machinery. The farm size variable is significantly positive, indicating that farmers with larger farms are more likely to adopt mechanisation services from the chosen models in the study; this is because larger farmers are generally wealthier and can take up big decisions like investing in capital-intensive machinery which needs initial capital (Aryal et al., 2021).
	The third column of Table 4 shows the impact of renting machinery on productivity. The significant positive value of this variable indicates that mechanisation services adoption significantly increases paddy yield. The timeliness in farm operations, which is achieved through mechanisation is considered to have a greater and significant impact on achieving optimal yields (Tiwari et al., 2019). The age variable is significantly negative, which shows that older farmers have lower paddy yields. Increasing age represents a decline in physical fitness and agricultural labour inputs, which can lead to a decline in paddy yields. 
	The fourth column of Table 4 shows the impact of mechanisation service adoption on market participation. The mechanisation service adoption variable is positively significant at the 1 per cent statistical level, indicating that the mechanisation service adoption significantly increases the ratio of the quantity of paddy sold to the total output. Mechanisation services can help promote farmers’ adoption of technologies such as organic fertiliser application technology and precision agricultural technology (Zou & Mishra, 2024), which can enhance the paddy yield and quality. Moreover, mechanisation reduces losses during harvesting and storage, thereby increasing the available quantity for sale (Kotu et al., 2023).  The gender variable is significantly positive, indicating that male farmers have relatively higher market participation. The reason for this is the socio-cultural tendencies in rural Punjab which act against the active participation of women in market operations (Mottaleb et al., 2015). The education variable is significantly positive, indicating that well-educated farmers have higher market participation. Well-educated farmers have better access to information, such as information related to market locations, minimum support prices, and other public facilities that help in the efficient marketing of paddy (Yadav et al., 2023).
	The fifth column of Table 4 shows the impact of mechanisation service adoption on net farm income. The mechanisation service adoption variable is significantly positive, indicating that the adoption of mechanisation services significantly increases farmers’ net farm income. The reason is that the adoption of mechanised services can enhance the yield and quality of paddy, thus increasing net farm income. Meanwhile, mechanised service adoption has a labour substitution effect, saving farmers' farm management time so that they can devote more time to forestry, animal husbandry, and fishery activities, further enhancing net farm income. Meanwhile, mechanisation service adoption enables labour substitution effects, which can save farmers' farm management time (Hamilton et al., 2022). Farmers can devote more time to other agricultural projects, thus enhancing net farm income. 







Table 4: Impact of mechanisation service adoption on productivity, market participation, and net farm income: CMP model estimates. 
	Variables
	Probit model
	OLS model
	Tobit model
	OLS model

	
	Mechanization service adoption
	Productivity
	Market participation
	Net farm income

	Mechanization service adoption
	
	2.049 (0.498) ***
	0..579 (0.107) ***
	8.465 (1.900) ***

	Age
	-0.004 (0.005)
	-0.017 (0.009) *
	0.004 (0.002) *
	-0.228 (0.045) ***

	Gender
	0.187 (0.177)
	0.178 (0.308)
	0.217 (0.119) *
	-1.745 (2.996)

	Education
	-0.011 (0.016)
	-0.036 (0.050)
	0.019 (0.007) ***
	-0.005 (0.128)

	Household size
	-0.043 (0.035)
	0.083 (0.092)
	-0.013 (0.016)
	-1.336 (0.281) ***

	Type of household
	-0.128 (0.121)
	-0.155 (0.329)
	-0.125 (0.053) **
	-1.642 (1.120)

	Dependency ration
	-0.203 (0.100) **
	-0.520 (0.214) **
	0.024 (0.043)
	0.212 (0.718)

	Farm size
	0.014 (0.006) **
	-0.002 (0.001) **
	0.000 (0.000)
	0.010 (0.011)

	Instrumental variable
	1.080 (0.141) ***
	
	
	

	Constant
	-0.373 (0.413)
	4.850 (0.826) ***
	-0.678 (0.216) ***
	18.863 (4.702) ***

	
	
	-0.159 (0.074) **
	-0.382 (0.108) ***
	-0.297 (0.086) ***

	Observations
	
	320
	320
	320


Note: *** p < 0.01, ** p < 0.05, * p < 0.10; Robust standard errors are presented in parentheses.

3.3 Impact of mechanisation service intensity on productivity, market participation, and farm income
	Table 5 demonstrates the impact of mechanisation service intensity on productivity, market participation, and net farm income estimated by the CMP method. The  values reported in Table 5 are negative and significant. This implies that there is endogeneity caused by unobservable factors. Therefore, it is wise to use the CMP method to overcome this problem. 
	The second column of Table 5 presents the results of the first stage estimation of the CMP method, which is the determinant of the mechanisation service intensity. The age variable is significantly negative, indicating that older farmers adopt fewer mechanisation services. The possible reason for this is that older farmers are more traditional and fixed in their production methods, so they are less receptive and adaptable to new technologies. The farm size variable (Owned land) is significantly positive at the 10 per cent level, demonstrating that larger farms adopt more mechanisation services. In large farms, mechanisation services can achieve greater scale effects and improve production efficiency and economic benefits, so farmers with large farms tend to adopt more mechanisation services. 
	The third column of Table 5 presents the estimated results of the impact of mechanisation service intensity on productivity. The mechanisation service intensity variable is significantly positive, indicating that adopting more mechanisation services increases paddy yield. The reason for this is that farmers adopting more mechanisation services could better reduce the risk of paddy production, which is conducive to better production performance and higher paddy yields. 
	The fourth column of Table 5 presents the results of mechanisation service intensity affecting market participation. The mechanisation service intensity variable is positively significant, indicating that farmers adopting more mechanisation services have higher market participation. Farmers adopted more mechanisation services, which facilitated their adoption of precision farming techniques. These technologies can further improve the quality of paddy and increase the percentage of paddy sold.
	The fifth column of Table 5 presents the estimated results of the impact of mechanisation service intensity on net farm income. The mechanisation service intensity variable is positively significant, indicating that farmers adopting more mechanisation services have higher net farm income. On the other hand, adopting mechanisation services could increase the production efficiency of farmers, leading to higher net farm income. On the one hand, adopting more mechanisation services could increase the production efficiency of farmers, leading to higher net farm income. On the other hand, adopting more mechanised services can achieve a stronger labour substitution effect, allowing farmers to spend more time on livestock, animal husbandry, and fishery activities, and ultimately earn higher net farm income. 
Table 5: Impact of mechanisation service intensity on productivity, market participation, and farm income: CMP model estimates
	Variables
	Ordered Probit model
	OLS model
	Tobit model
	OLS model

	
	Mechanization service intensity
	Productivity
	Market participation
	Net farm income

	Mechanization service intensity
	
	1.444 (0.461) ***
	0.374 (0.072) ***
	4.028 (1.227) ***

	Age
	-0.007 (0.004) *
	-0.019 (0.009) **
	0.003 (0.002)
	-0.239 (0.044) ***

	Gender
	0.078 (0.175)
	0.239 (0.310)
	0.240 (0.116) **
	-1.242 (2.984)

	Education
	-0.001 (0.012)
	-0.054 (0.050)
	0.015 (0.007) **
	-0.049 (0.127)

	Household size
	-0.036 (0.029)
	0.076 (0.094)
	-0.016 (0.016)
	-1.388 (0.284) ***

	Type of household
	-0.056 (0.105)
	-0.139 (0.336)
	-0.122 (0.053) **
	-1.850 (1.082) *

	Dependency ration
	-0.067 (0.077)
	-0.600 (0.220) ***
	0.001 (0.043)
	-0.148 (0.717)

	Farm size
	0.000 (0.000) *
	-0.002 (0.001) *
	0.000 (0.000)
	0.012 (0.011)

	Instrumental variable
	0.992 (0.098) ***
	
	
	

	Constant
	
	5.033 (0.895) ***
	-0.598 (0.211) ***
	20.928 (4.653) ***

	
	
	-0.189 (0.103) *
	-0.343 (0.105) ***
	-0.151 (0.073) **

	Observations
	
	320
	320
	320


Note: *** p < 0.01, ** p < 0.05, * p < 0.10; Robust standard errors are presented in parentheses.







4. Conclusions and policy recommendations:
Mechanisation is an important way to improve farm performance by reducing production risk, facilitating technology adoption, and saving labour. Several studies have examined the impacts of mechanisation adoption on farm output, technical efficiency, and labour substitution, but few have analysed the impacts of mechanisation on productivity, market participation, and net farm income in the same framework, and even fewer have analysed the impacts of mechanisation adoption and mechanisation service intensity. This issue deserves attention. 
Therefore, the current study aims to fill this gap by quantifying the impact of machinery rental services on Punjab farmers' non-basmati paddy productivity, market participation, and net farm income. To obtain the desired results, we have employed the Conditional Mixed Process (CMP) model to the primary data collected from 320 non-basmati paddy farmers. 
The results show that dependency ratio and farm size affect farmers' mechanisation service adoption, and age and farm size significantly affect farmers' mechanisation service intensity. Further, mechanisation service adoption significantly increases farmers' productivity, market participation, and net farm income, and the mechanisation service intensity is also significantly positively related to farmers' productivity, market participation, and net farm income.
The results of the study help us draw some policy recommendations. The positive relationship between mechanisation service adoption and farm performance highlights the importance of promoting mechanisation services. On the one hand, the estimation results show that farm size is an important factor influencing mechanisation service adoption, so the government should promote the consolidation of farmland to increase farm sizes, thereby realising the scale effects of mechanisation services and enabling farmers to gain more benefits. On the other hand, education and training on mechanisation services should be strengthened, such as building exemplary farms for mechanisation services, conducting seminars on mechanisation services, and organising training courses on mechanisation services. Through these methods, farmers can become aware of the benefits of mechanisation services and learn how to utilise them efficiently, ultimately improving farm performance. 
While the results of this study highlight the benefits of mechanisation, there are some limitations. First, this study uses cross-sectional data, which makes it difficult for us to explore the possible dynamic impacts of mechanisation service adoption on farm performance and causality. Second, due to data constraints, it is difficult to further analyse the mechanisms of mechanisation affecting farm performance. We believe that addressing these limitations could yield more valuable insights into the relationship between mechanisation and farm performance.
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