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Abstract
Using a Poisson regression model with a quadratic term and data from a 2022 survey of rice farmers across 10 counties in China’s Jianghan Plain, this study examines how the off-farm income shares are associated with the interplay between survival and sustainability imperatives in farmers’ adoption of arable land protection (ALP) practices. The results reveal an inverted U-shaped relationship between the off-farm income shares and ALP adoption. However, the off-farm income shares are negatively associated with ALP adoption overall. The association is consistent with several channels: disruption of farming time, increased distance from cropland, reduction in operational scale, and weakened awareness of ALP. Furthermore, significant differences in ALP adoption are observed among full-time farmers, part-time I farmers, and part-time II farmers, with the latter exhibiting the lowest level of ALP adoption. These findings provide empirical evidence on how off-farm income shares correlate with land management decisions and offer implications for tailored agricultural policy interventions.
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1. Introduction
Arable land protection (ALP) is central to sustainable agriculture because it supports both food security and environmental integrity [1]. Despite its recognized importance, arable land degradation has become a pressing global issue [2,3]. Current estimates from the Food and Agriculture Organization (FAO) [4] indicate that more than 40% of the world’s agricultural land has been significantly degraded, largely owing to inadequate protective measures during cultivation. In response, the United Nations has included land restoration in Sustainable Development Goal 15, while China has launched policy initiatives such as the Arable Land Protection Subsidy Policy (2016) and the Well-facilitated Capital Farmland Construction Plan (2021–2030). A growing body of evidence indicates that farmers’ adoption of ALP practices can contribute to soil conservation and improvements in land quality [5–7].
Nevertheless, the dissemination and uptake of ALP technologies in China have fallen short of expectations [8,9]. Some scholars attribute this gap to deficiencies in the technology extension system, including underinvestment, insufficient professional capacity, and weak regulatory frameworks [10,11]. More fundamentally, there is often a mismatch between the technologies promoted and the actual needs of farmers. Extension services have not adequately accounted for the considerable heterogeneity among farmers in terms of labor availability, land endowments, and economic conditions. As a result, farmers show limited motivation to adopt ALP practices.
This diversity in farmers’ economic objectives poses a major challenge to ALP technology adoption [12]. Part-time employment has accelerated this diversification. As industrialization and urbanization advance, agriculture no longer provides the primary livelihood for rural households in China [13]. Many farmers now take on off-farm work while continuing to farm, and some have left agriculture altogether [14]. This shift has created a continuum of farmer types, ranging from full-time to part-time to fully off-farm, with significant consequences for how labor is allocated and how land is used.
Recent studies have begun to examine the link between part-time employment and ALP adoption, but the findings remain inconclusive. One strand of the literature argues that part-time employment weakens farmers’ attachment to land and thus undermines ALP engagement [15]. Another perspective contends that the additional income and cognitive gains from off-farm work may actually facilitate greater investment in land protection [16]. More recently, Pei et al. [17] documented an inverted U-shaped relationship between part-time farming and cultivated land use sustainability in China, suggesting that the effect of off-farm employment is contingent on the income shares from non-agricultural sources. These divergent views underscore the need for a more nuanced understanding.
Our study extends previous research in three respects: practice-specific analysis, examination of proposed pathway indicators, and differentiated policy implications. First, whereas Pei et al. [17] examined a composite measure of cultivated-land-use sustainability, we analyze three specific ALP practices: improvements to irrigation and drainage facilities (IDF), land leveling (LLP), and organic fertilizer application (ORF). Second, we examine the associations between off-farm income shares and four proposed pathway indicators: disruption of farming time, greater distance from home, reduced operational scale, and weaker awareness of ALP. Yang and Sang [16] did not examine nonlinearity or these pathway-related associations. Third, we compare practice-specific adoption patterns across full-time, part-time I, and part-time II farmers and discuss their differentiated policy implications. Our contribution therefore lies primarily in the disaggregated analysis of ALP practices and farmer-category heterogeneity rather than in the discovery of nonlinearity itself.
[bookmark: OLE_LINK5]Accordingly, this study examines the nonlinear association between off-farm income shares and farmers’ adoption of ALP practices. It also explores associations with four proposed pathway indicators and compares practice-specific adoption patterns across farmer categories. As a typical pattern of labor reallocation from agriculture, our goal is to generate evidence that can inform more tailored and effective policy interventions. We note that our cross-sectional data do not allow us to establish causal relationships; all empirical results are interpreted as conditional associations.
2. Theoretical Analysis and Hypotheses
2.1. ALP Adoption
ALP adoption encompasses a range of agricultural practices designed to maintain or improve the condition of arable land [1]. Following China’s Well-facilitated Capital Farmland Construction Plan (2021–2030), ALP technologies can be grouped into three main categories: Irrigation and Drainage Technologies (IDT), Farmland Management Technologies (FMT), and Soil Improvement Technologies (SIT). Representative practices include enhancements in Irrigation and Drainage Facilities (IDF), Land Leveling Procedures (LLP), and the application of Organic Fertilizers (ORF). This study therefore evaluates farmers’ ALP adoption through their adoption of these three technologies.
2.2. Off-Farm Income Shares and Farmers’ Adoption of ALP Practices
Conventional economic models often portray farmers as rational actors who maximize returns subject to resource constraints [18]. In practice, however, farmers face limitations in information, knowledge, and cognitive capacity, which constrain their decision-making [19]. The concept of bounded rationality, as articulated by Simon [20] and Conlisk [21], offers a more realistic lens: farmers’ choices are shaped by cognitive, motivational, and physiological constraints. Applied to ALP, this implies that farmers may favor familiar techniques, avoid perceived risks, and struggle to process complex information about novel practices.
Yet this perspective has largely focused on the economic dimension of rationality, while neglecting the ecological dimension. In reality, farmers’ ALP decisions are influenced by both economic and ecological rationality [22]. Economic rationality prioritizes profit maximization and cost minimization; ecological rationality, by contrast, emphasizes environmental sustainability and long-term ecological balance [23,24]. The relative weight of these two rationalities varies with the off-farm income shares.
When farmers rely solely on agriculture, economic rationality dominates: they seek survival security, reduce investments in ALP, and may even overapply chemical inputs to mitigate yield risks. As they begin to engage in part-time work while maintaining agriculture as their primary income source, ecological rationality gains ground. With more secure livelihoods and closer ties to the land, they become both willing and able to invest in ALP technologies. However, as off-farm income continues to rise and eventually surpasses agricultural income, economic rationality once again prevails. Farming becomes less central, opportunity costs increase, and willingness to invest in land protection declines. Moreover, part-time work often reduces the time and energy available for farming, increases spatial distance from farmland, and limits access to ALP-related information and training.
The Capability Approach, as articulated by Sen [25] and Robeyns [26], provides a complementary lens for understanding this process. It distinguishes between the resources available to an individual and their substantive capability to convert those resources into valued outcomes. Off-farm income may expand farmers’ capability to adopt ALP practices by improving access to finance, information, and technology. However, extensive dependence on off-farm employment may simultaneously erode the conversion factors—time, proximity to farmland, and institutional engagement—necessary to transform these resources into effective land protection. As Liu et al. [27] demonstrate in the Chinese rural context, formal rights and resources do not automatically translate into effective access to land-related benefits when institutional arrangements constrain individuals’ actual opportunities.
This framework points to three implications. First, the weakening of ecological rationality at high off-farm income levels is not inevitable; it reflects a shift in the relative scarcity of time and attention as off-farm work intensifies. Second, alternative effects could also be at play. Higher off-farm income might, in principle, relax credit constraints and encourage long-term investment in land protection, although our empirical results show a net negative association at high income shares. Third, the inverted-U pattern is likely context-dependent. Where land tenure is secure and agricultural cooperatives are strong, the turning point may shift upward or the subsequent decline may flatten. We interpret our findings as reflecting the institutional conditions of the Jianghan Plain, rather than a universal pattern.
Based on this reasoning, we propose:
Hypothesis 1: The relationship between the off-farm income shares and farmers’ adoption of ALP practices exhibits an inverted U-shaped pattern, such that the adoption of ALP technology first increases and then decreases with the off-farm income shares.
2.3. Categories of Farmers
To better capture heterogeneity, we classify farmers into four categories based on their engagement in agriculture and off-farm work, following the income-based classification in Liu et al. [28]: full-time farmers (≤10% off-farm income), part-time I farmers (10–50%), part-time II farmers (50–90%), and off-farm farmers (>90%). This classification is also informed by He et al. [29] and Andersson et al. [30]. Cai et al. [31] further found that livelihood differentiation significantly alters input behavior, with informal part-time farmers reducing chemical use due to better land endowments, while formal part-time farmers tend to increase such inputs—highlighting the importance of disaggregating farmer types in ALP analysis. The classification scheme is illustrated in Figure 1. Since off-farm farmers have completely withdrawn from agricultural activities, they are excluded from the analysis.
The thresholds of 10%, 50%, and 90% follow the established classification in Liu et al. [28] and He et al. [29], which have been widely used in Chinese rural household studies. These thresholds also align with the categorization guidelines of the National Bureau of Statistics of China. The 10% threshold distinguishes de jure full-time farmers from those with any off-farm income. The 50% threshold marks the point at which agriculture ceases to be the primary income source. The 90% threshold identifies farmers that have essentially exited agricultural production. We acknowledge that these thresholds are context-specific and may require adjustment when applied to other regions or agricultural systems.


[bookmark: _Hlk152421076]Figure 1. Classification of the Farmer Categories.
2.4. Differences in ALP Preferences Across Farmer Categories
[bookmark: _Hlk152940155]We expect systematic differences in ALP technology preferences across farmer categories. Full-time farmers, being heavily dependent on agricultural income, have strong incentives to protect land quality. However, their limited capital and technical capacity makes them more likely to adopt labor-intensive, low-cost technologies such as LLP. Part-time I farmers, who maintain agriculture as their primary activity but benefit from off-farm income, are better positioned to invest in capital-intensive technologies like IDF and ORF. Part-time II farmers, by contrast, are primarily engaged in off-farm work and have weak ties to agriculture; they are unlikely to adopt any ALP technologies. We therefore propose:
Hypothesis 2: Full-time farmers exhibit a propensity to adopt Land Leveling Procedures (LLP).
Hypothesis 3: Part-time I farmers tend to prefer enhancing Irrigation and Drainage Facilities (IDF) and applying Organic Fertilizers (ORF).
Hypothesis 4: Part-time II farmers show no significant inclination toward any of these ALP technologies.
3. Materials and Methods
3.1. Data
The data come from a survey of rice farmers in the Jianghan Plain of Hubei Province, China, conducted in 2022. Hubei is a major rice-producing province within the Yangtze River Economic Belt. In 2021, the province produced 27.6433 million tons of grain, with a sowing area of 4685.98 thousand hectares, maintaining grain production above 25 million tons for nine consecutive years (Hubei Provincial Bureau of Statistics, https://en.hubei.gov.cn/news/newslist/202206/t20220609_4169475.shtml). The Jianghan Plain, covering approximately 46,000 km2, is one of major rice-producing regions in China. The region has experienced substantial reallocation of labor from agriculture to off-farm employment. This setting provides an informative case for examining the relationship between off-farm income and land protection. We do not claim that the plain is representative of all Chinese farming systems; rather, our findings should be interpreted as reflecting the conditions of this specific region. The study contributes evidence from a context where both agricultural intensification and labor diversification are active processes.
The survey followed a stratified random sampling design: 10 counties were selected from the three main rice-producing zones in Hubei; within each county, three townships were randomly chosen; within each township, two villages were selected; and from each village, at least 25 farmers were randomly sampled. Face-to-face interviews were conducted with farmers who had actively participated in agricultural production in 2021 and were able to provide reliable information. The questionnaire covered household characteristics, rice production, livelihoods, and ALP technology adoption. The total sample comprised 1571 observations.
The sample construction proceeded in two steps. The original survey comprised 1571 rice farmers. First, we excluded 519 farmers with off-farm income shares exceeding 90%, as these farmers had effectively withdrawn from agricultural production and reported zero agricultural labor input. This left 1052 farmers (233 full-time farmers, 22%; 244 part-time I farmers, 23%; 575 part-time II farmers, 55%) engaged in active farming. Second, among these 1052 farmers, listwise deletion of missing values on key variables (household income, land area, and ALP adoption) reduced the sample to 971 observations.
Table 1 compares the 519 excluded off-farm farmers with the 1052 retained farmers across key demographic and economic characteristics. The excluded farmers are significantly older (62.19 vs. 59.65 years), less educated (6.67 vs. 8.06 years), and operate substantially smaller land areas (7.39 vs. 23.35 mu) than the retained farmers. No significant difference is found in total household income between the two groups. The excluded farmers’ near-complete reliance on off-farm income (mean share of 0.975) confirms that they had effectively exited agricultural production. These patterns suggest that farmers with limited land resources are more likely to exit agriculture, while those with larger land endowments remain engaged in farming despite off-farm income diversification. Their exclusion from the regression analysis is therefore justified, as their ALP adoption is not meaningfully defined in the absence of active agricultural activity.
Table 1. Comparison of retained and excluded off-farm farmers.
	Variable
	Retained Sample 
(N = 1052)
	Excluded Off-Farm Farmers
(N = 519)
	Difference

	Age
	59.654
	62.192
	−2.538 ***

	Education level
	8.058
	6.673
	1.385 ***

	Area of rice growing
	23.354
	7.391
	15.962 ***

	Annual household income
	7.098
	6.875
	0.224

	off-farm income shares
	0.494
	0.975
	−0.481 ***

	Adoption of ALP practices
	0.622
	0.503
	0.119 **


Note: *** p < 0.01, ** p < 0.05, (two-sample t-tests). The retained sample includes farmers with off-farm income shares ≤ 90%, while the excluded sample includes farmers with off-farm income shares > 90%.
3.2. Variable Selection
Dependent variable. Farmers’ adoption of ALP practices is measured by the number of ALP technologies adopted (IDF, LLP, ORF), taking integer values from 0 to 3, following Willy and Holm-Müller [32]. The three technologies are (1) enhancement of irrigation and drainage facilities (IDF); (2) land leveling procedures (LLP); and (3) application of organic fertilizers (ORF). The adoption of each practice was measured by asking farmers: ’Did you adopt the following practices in your rice production during 2021: (a) enhancing irrigation and drainage facilities; (b) land leveling; (c) applying organic fertilizers?’ Each item was coded as 1 if adopted and 0 otherwise. The reference period was the 2021 rice growing season. The household head was identified as the primary respondent, with cross-verification from other adult household members where available.
[bookmark: OLE_LINK7]Independent variable. The key explanatory variable is the off-farm income shares, measured as the ratio of off-farm income to total household income, treated as a continuous variable. We use the income shares rather than the labor time share for three reasons. First, income shares directly reflect the farmers’ economic dependence on agriculture, which is the theoretical mechanism of interest. Second, labor time allocation is difficult to measure precisely in household surveys when multiple members engage in both farm and off-farm work. Third, the income-based classification follows established practice in the literature [25,29,33,34], facilitating comparability with previous studies. We also construct categorical variables for full-time, part-time I, and part-time II farmers based on the income thresholds described in Section 2.3 [25,29].
Control variables. Drawing on prior studies [1,35], we control for farmers’ individual characteristics (age, education, political identity, health status), household characteristics (rice growing area, agricultural laborers, annual household income), rice growing conditions (soil fertility, number of plots, topography), and external factors (market environment, transport condition, professional cooperative, agricultural training).
Table 2 presents the distribution of ALP adoption across farmer categories. The mean ALP scores for off-farm, part-time II, part-time I, and full-time farmers are 0.503, 0.541, 0.820, and 0.614, respectively, suggesting a possible inverted U-shaped pattern. After excluding off-farm farmers (519 observations, 33.04%) who had completely withdrawn from agricultural activities, the analytical sample consisted of 1052 observations (233 full-time, 244 part-time I, and 575 part-time II). Due to missing values in key variables (e.g., annual household income, area of rice-growing, and ALP technology adoption), the final regression sample comprised 971 observations. Table 3 provides summary statistics for all variables.
Table 2. Preliminary statistics of ALP adoption by farmer category.
	Farmer Categories
	Definition
	N
	Ratio (%)
	ALP Adoption
(Mean)
	SD

	Full-time
	≤10% off-farm income
	233
	14.831
	0.614
	0.686

	Part-time I
	10–50% off-farm income
	244
	15.532
	0.820
	0.889

	[bookmark: _Hlk133855366]Part-time II
	50–90% off-farm income
	575
	36.601
	0.541
	0.752

	Off-farm
	>90% off-farm income
	519
	33.036
	0.503
	0.555

	Total
	
	1571
	100.00
	
	


Table 3. Descriptive statistics of variables.
	Variable
	Definition
	Mean
	SD

	Adoption of ALP practices
	Count of ALP technologies adopted (0–3)
	0.660
	0.793

	off-farm income shares
	Share of off-farm income in total household income
	0.405
	0.293

	Age
	Farmers’ age (years)
	59.429
	20.697

	Education level
	Farmers’ education level (years)
	8.116
	5.439

	Political identity
	Farmers’ political identity, general public = 1, party member = 2
	1.134
	0.341

	Health status
	Farmers’ self-assessment of health status, the range of values is 1 to 5
	3.833
	0.771

	[bookmark: _Hlk237508613]Area of rice growing
	Farmer households’ rice growing area (mu)
	26.705
	59.635

	Agricultural laborers
	Number of people involved in agricultural work (person)
	1.920
	0.788

	[bookmark: _Hlk237508698]Annual household income
	Total income of farm household (10,000 yuan)
	7.038
	12.328

	Soil fertility
	Soil fertility of own arable land, poor = 1, fair = 2, good = 3
	2.174
	0.523

	Number of plots
	Number of plots of own arable land (plot)
	15.283
	56.332

	Topography of arable land
	Topography of own arable land, flat = 1, sloping = 2, hilly = 3
	1.147
	0.477

	Market environment
	Is there a local person or agency that comes to your house to buy the grain? Yes = 1, no = 0
	0.743
	0.437

	Transport condition
	Distance from main road (km)
	2.920
	34.755

	Professional cooperative
	Is there a local professional cooperative? Yes = 1, no = 0
	0.563
	0.496

	Agricultural training
	Have you attended an agricultural training course in 2021? Yes = 1, no = 0
	0.492
	0.500


Note: The analytical sample excludes off-farm farmers (those with more than 90% of income from off-farm sources), resulting in 1052 observations. All variables reflect farmers’ conditions and activities during the 2021 production year. The area unit “mu” is a traditional Chinese unit of land measurement, with 1 mu equivalent to 1/15 of a hectare, or approximately 666.7 square meters.
3.3. Empirical Strategy
Traditional approaches to analyzing count data have historically treated such data as either continuous and normally distributed or categorized them as occurrences or non-occurrences. However, these methods have been replaced by more suitable statistical techniques that leverage the Poisson probability distribution, specifically designed for analyzing count data [36]. Given that the dependent variable is in count form, this study employs the Poisson Regression Model to examine the association of off-farm income shares and farmers’ adoption of ALP practices. Model 1 is structured as follows:
	
	(1)


where = E (|xi) denotes the expected number of ALP adoption of the ith farmer, defined as the count of ALP technologies adopted by the farmers, which ranges from 0 to 3.  indicates the shares of off-farm income to total household income of the ith farmer. comprises a collection of control variables that could potentially influence the dependent variable. , ,  are parameters to be estimated.
	
	(2)


[bookmark: _Hlk152007606] represents the squared term of the off-farm income shares of the ith farmer. , , ,  are parameters to be estimated in this model. The other variables are defined similarly as in Model 1. All models are estimated using maximum likelihood estimation with robust standard errors.
Alongside investigating the association between off-farm income shares and farmers’ ALP adoption, this study also delves into variations in ALP preferences across different farmer categories. The models are structured as follows:
	
	(3)

	
	(4)

	
	(5)


,  and  signify the three types of ALP adoption preferences of the ith farmer, represented as dummy variables with values of 0 or 1. They indicate whether farmers have adopted enhancements in irrigation and drainage facilities (IDF), implementation of land leveling procedures (LLP), and the application of organic fertilizers (ORF), respectively.  denotes the farmer category of the ith farmer, where j can assume values 1, 2 and 3. ,  and  are dummy variables indicating whether the ith farmer is a full-time farmer, a part-time I farmer, and a part-time II farmer, respectively.  represents a set of variables that may impact on dependent variables.  is the unobservable disturbance term, while ,  and  are parameters subject to estimation. All models are estimated using Stata 15. Variance Inflation Factor (VIF) tests indicate no serious multicollinearity (mean VIF = 1.22; see Table 4).
Table 4. Variance inflation factors.
	Variable
	VIF
	1/VIF

	Area of rice growing
	2.26
	0.44

	Annual household income
	2.16
	0.46

	Off-farm income shares
	1.22
	0.82

	Professional cooperative
	1.10
	0.91

	Number of plots
	1.09
	0.92

	Agricultural training
	1.09
	0.92

	Soil fertility
	1.07
	0.93

	Health status
	1.06
	0.94

	Topography of arable land
	1.06
	0.94

	Education level
	1.04
	0.96

	Political identity
	1.04
	0.96

	Market environment
	1.04
	0.96

	Agricultural laborers
	1.04
	0.96

	Age
	1.04
	0.96

	Transport condition
	1.02
	0.98

	Mean VIF
	1.22
	


4. Results
4.1. Poisson Regression
Table 5 reports the Poisson regression estimates. Column 1, which excludes the quadratic term, shows a negative and significant coefficient for the off-farm income shares (−0.402, p < 0.05), confirming a net negative association. Column 2, which includes the quadratic term, yields a positive coefficient for the linear term (1.216, p < 0.05) and a negative coefficient for the squared term (−1.961, p < 0.01), indicative of an inverted U-shaped relationship. The “utest” procedure confirms that the inverted-U relationship is statistically significant (p = 0.001). The slope is positive at the lower bound of the observed range (0.892, p < 0.01) and negative at the upper bound (−1.496, p < 0.001), indicating a genuine non-monotonic pattern rather than a U-shape in the opposite direction. These results support the presence of an inverted-U relationship between the off-farm income shares and ALP adoption, with a turning point of 0.336 as reported in Table 6. These results support Hypothesis 1.
Among the control variables, agricultural training has a positive and strongly significant association (p < 0.01). Health status and number of plots are also positive and significant (p < 0.05). Political identity and annual household income are positive at the 10% level. Market environment and transport conditions have negative and significant associations.
Table 5. The results of Poisson regression.
	[bookmark: _Hlk147658151]Variable
	(1)
	(2)

	
	Coef.
	S.E.
	Coef.
	S.E.

	off-farm income shares
	−0.402 **
	0.129
	1.216 **
	0.439

	off-farm income shares2
	—
	—
	−1.961 ***
	0.533

	Age
	0.001
	0.001
	0.001
	0.001

	Education level
	−0.003
	0.007
	−0.004
	0.008

	Political identity
	0.256 *
	0.123
	0.250 *
	0.121

	Health status
	0.156 **
	0.052
	0.136 **
	0.053

	Area of rice growing
	−0.001
	0.001
	−0.002
	0.001

	Agricultural laborers
	0.024
	0.0480
	0.037
	0.050

	Annual household income
	0.011
	0.007
	0.012 *
	0.006

	Soil fertility
	−0.118
	0.067
	−0.107
	0.068

	Number of plots
	0.001 ***
	0.000
	0.000 **
	0.000

	Topography of arable land
	−0.095
	0.080
	−0.049
	0.082

	Market environment
	−0.297 **
	0.094
	−0.249 **
	0.091

	Transport condition
	−0.028 *
	0.013
	−0.027 *
	0.013

	Professional cooperative
	0.042
	0.087
	0.039
	0.086

	Agricultural training
	0.347 ***
	0.084
	0.329 ***
	0.083

	Constant
	−0.891 **
	0.344
	−1.071 **
	0.343

	N
	971
	971
	971
	971

	Pseudo R2
	0.032
	0.038


Note: *, **, and *** indicate significance at 10%, 5%, and 1%, respectively. Robust standard errors are reported in the S.E. columns. Robust standard errors are reported in the S.E. columns.
Table 6. Test for an inverted U-shaped relationship.
	
	Lower Bound
	Upper Bound
	Turning Point
	Overall Test

	Interval
	0
	0.900
	0.336
	

	Slope
	0.892
	−1.496
	
	

	t-statistic
	3.198
	−4.830
	
	3.200

	p-value
	0.001
	0.000
	
	0.001

	95% CI for turning point
	
	
	[0.287, 0.389]
	


Note: The turning point is calculated as −β1/(2β2) = 0.336. The 95% confidence interval is estimated via the delta method. The overall test rejects the null hypothesis of a monotonic relationship (p = 0.001).
[bookmark: OLE_LINK2]4.2. Robustness Tests
To assess the robustness of our main results, we conducted four additional checks, summarized in Table 7. First, we re-estimated the main model including the 519 excluded off-farm farmers. The quadratic term remained negative and significant, with a turning point of 0.323 (Column 1). The exclusion of these farmers therefore does not drive the inverted-U pattern.
Second, we winsorized continuous variables at the 1st and 99th percentiles to reduce the influence of extreme observations. The quadratic term remained negative and significant (p < 0.01), with a turning point of 0.293 (Column 2). The relationship is not an artifact of outliers.
Third, we clustered standard errors at the village level to allow for correlated errors within villages. The quadratic term remained negative and significant (p < 0.01), with a turning point of 0.293 (Column 3). Standard errors increased modestly, as would be expected with 62 village clusters. The pattern thus holds after accounting for within-village dependence.
Fourth, we replaced the Poisson Regression Model with an Ordered Probit specification as an alternative functional form. This addresses the concern that our results might depend on the count-data distributional assumption. The quadratic term remained negative and significant (p < 0.01), with a turning point of 0.283 (Column 4).
In all four specifications, the quadratic term kept a negative sign and the turning points stayed within the range of the observed data. Taken together, these checks suggest that the inverted-U relationship is not an artifact of sample selection, distributional assumptions, outliers, or unadjusted village-level correlation. We note, however, that the clustered standard errors are less precise than the main estimates, which we attribute to the limited number of village clusters.
Table 7. Robustness test results.
	Variable
	(1) Total 
Samples
	(2) Winsorized 
(1–99%)
	(3) Village
Clustered SE
	(4) Ordered 
Probit

	Off-farm income shares
	3.233 ***
	1.160 **
	1.160 *
	0.925 **

	
	(0.459)
	(0.508)
	(0.621)
	(0.435)

	Off-farm income shares2
	−5.001 ***
	−1.982 ***
	−1.982 ***
	−1.633 **

	
	(0.493)
	(0.595)
	(0.694)
	(0.512)

	Controls
	Yes
	Yes
	Yes
	Yes

	Constant
	−0.709 (0.464)
	−0.282 (0.604)
	−0.282 (0.654)
	—

	Cut 1
	—
	—
	—
	0.595

	
	
	
	
	(0.321)

	Cut 2
	—
	—
	—
	1.771 ***

	
	
	
	
	(0.322)

	Cut 3
	—
	—
	—
	2.489 ***

	
	
	
	
	(0.324)

	N
	1360
	967
	967
	971

	Pseudo R2
	0.144
	0.044
	0.044
	0.041

	Turning point
	0.323
	0.293
	0.293
	0.283


Note: *** p < 0.01, ** p < 0.05 and * p < 0.1. Robust standard errors in parentheses for Columns 1–2; village-clustered standard errors in Column 3; standard errors in Column 4.
4.3. Associations with Proposed Behavioral Pathways
Our theoretical framework suggests four channels through which off-farm income might relate to ALP adoption: less time available for farming, greater physical distance from cropland, smaller operational scale, and weaker awareness of land protection. We constructed binary indicators for these four channels from the survey data. This section examines whether the off-farm income shares are correlated with these indicators. We do not claim that these are causal mechanisms; testing whether these variables transmit the association would require panel data or quasi-experimental variation to establish temporal order.
Table 8 reports the Probit estimates for each indicator. The off-farm income shares are positively associated with all four variables, and the associations are statistically significant. The strongest association is with IDH (increasing distance from home), followed by RLS (reduction in land scale), DFT (disruption of farming time), and WAP (weakened awareness). These patterns are consistent with the idea that as farmers rely more on off-farm income, their connection to farming weakens across multiple dimensions.
These results align with our theoretical expectations, but they do not constitute evidence of mediation. Whether these four variables actually transmit the association between off-farm income and ALP adoption remains an open question that longitudinal data could help answer.
Table 8. Probit estimates for pathway indicators.
	Variable
	(1)
	(2)
	(3)
	(4)

	
	DFT
	IDH
	RLS
	WAP

	Part_time
	0.118 **
	0.541 ***
	0.138 ***
	0.083 *

	
	(0.041)
	(0.081)
	(0.038)
	(0.035)

	Controls
	YES
	YES
	YES
	YES

	N
	971
	971
	971
	971

	Pseudo R2
	0.024
	0.159
	0.033
	0.001


Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Robust standard errors are reported in parentheses.
4.4. Heterogeneity Across Farmer Categories
To examine whether the aggregate index masks differential adoption patterns across technologies, we estimate separate Probit models for each of the three ALP practices (IDF, LLP, and ORF). We re-define the independent variables as dummy indicators for full-time, part-time I, and part-time II farmers, with off-farm farmers excluded from the sample. The full results are presented in Table 9.
For full-time farmers, the coefficient in Column 4 is positive and significant at the 5% level (LLP: 0.285, p < 0.05), while the coefficient in Column 1 is negative and significant at the 10% level (IDF: −0.410, p < 0.10). This indicates that full-time farmers are significantly more likely to adopt land leveling procedures and significantly less likely to adopt irrigation and drainage enhancements. These findings support Hypothesis 2.
[bookmark: OLE_LINK3]For part-time I farmers, the coefficients are positive and highly significant in both Column 2 (IDF: 0.443, p < 0.01) and Column 8 (ORF: 0.493, p < 0.01). This suggests a strong and consistent preference among part-time I farmers for adopting both irrigation and drainage facilities and organic fertilizers, which aligns with Hypothesis 3.
For part-time II farmers, the coefficient in Column 6 is negative and significant at the 1% level (LLP: −0.318, p < 0.01), indicating a notable reluctance to adopt land leveling procedures. No significant associations are found for IDF or ORF. This pattern supports Hypothesis 4, confirming that part-time II farmers show little engagement with ALP technologies overall.
Overall, these results confirm that ALP technology preferences vary systematically across farmer livelihood strategies. The findings point to a simple policy implication: extension programs should match technology promotion to farmers’ economic circumstances. Full-time farmers need low-cost options; part-time I farmers can absorb capital-intensive practices; part-time II farmers, who have largely disengaged from farming, may require service-based approaches rather than technology promotion.
[bookmark: OLE_LINK1]Table 9. Differences in ALP practices across farmer categories.
	
	IDF
	LLP
	ORF

	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)

	Full-time
	−0.410 *
	
	
	0.285 **
	
	
	−0.312
	
	

	
	(0.161)
	
	
	(0.107)
	
	
	(0.164)
	
	

	Part-time I
	
	0.443 ***
	
	
	0.129
	
	
	0.493 ***
	

	
	
	(0.120)
	
	
	(0.102)
	
	
	(0.132)
	

	Part-time II
	
	
	−0.161
	
	
	−0.318 ***
	
	
	−0.225

	
	
	
	(0.119)
	
	
	(0.092)
	
	
	(0.126)

	Constant
	−0.269
	−0.452
	−0.152
	−0.734
	−0.767
	−0.527
	−2.306 ***
	−2.494 ***
	−2.172 ***

	
	(0.450)
	(0.433)
	(0.438)
	(0.479)
	(0.476)
	(0.485)
	(0.488)
	(0.493)
	(0.498)

	Controls
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES

	N
	971
	971
	971
	971
	971
	971
	971
	971
	971

	Pseudo R2
	0.079
	0.088
	0.073
	0.044
	0.040
	0.048
	0.130
	0.143
	0.129


Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Robust standard errors are reported in parentheses.
[bookmark: OLE_LINK6]5. Discussion
[bookmark: OLE_LINK8]5.1. The Inverted U-Shape and Competing Explanations
[bookmark: OLE_LINK9]Our finding of an inverted-U-shaped relationship between the off-farm income shares and farmers’ adoption of ALP practices is consistent with a narrative of shifting rationalities. At low levels of off-farm income, farmers appear to prioritize short-term survival and income security, which limits their investment in land protection. As off-farm income rises toward the turning point, the pattern suggests that ecological rationality gains ground: farmers acquire both the financial means and the incentive to invest in sustainable land management. Beyond this threshold, farming becomes a secondary activity, and the opportunity cost of time spent on land protection may outweigh its perceived benefits. The observed pattern across farmer groups is consistent with a progression from survival-driven to sustainability-driven behavior, and back again as off-farm income continues to rise.
While our cross-sectional data cannot directly verify this long-term dynamic process, we can still consider several other explanations for the observed pattern. First, liquidity constraints may bind for part-time farmers: off-farm income often goes to consumption rather than agricultural investment, limiting working capital for ALP practices. Second, rising off-farm wages increase the opportunity cost of farm labor, making time-intensive practices less attractive. Third, farmers with less secure land rights may underinvest in long-term land protection regardless of their off-farm income. Fourth, differential access to extension services and credit may confound the relationship. Fifth, selective withdrawal—less capable or less motivated farmers sorting into part-time II status—could produce the pattern without any causal effect of off-farm income on ALP adoption.
The overall negative association between off-farm income shares and ALP adoption is consistent with Sun et al. [37], who found that off-farm employment reduces agricultural green total factor productivity, particularly among households with a high share of non-agricultural income. This does not imply that off-farm work should be discouraged; rather, it points to the need for policies that help farmers balance off-farm work with sustainable land management. The estimated turning point of 0.336 should be interpreted as a sample-specific feature of the fitted relationship rather than as a universal or policy threshold.
The correlational patterns we observe across the four pathway variables (IDH, RLS, DFT, and WAP) point to possible channels through which off-farm income might relate to ALP adoption. The strongest association is with increased distance from home, followed by reduction in land scale, disruption of farming time, and weakened awareness. These patterns suggest several policy directions. Promoting local off-farm employment could reduce the spatial distance between farmers and their land. Improving land transfer systems could help mitigate the fragmentation effects of part-time farming. Investing in ALP training programs tailored to part-time farmers, especially those with high off-farm income shares, might compensate for their reduced time and awareness. We emphasize, however, that these are speculative policy inferences based on correlational evidence.
5.2. International Perspectives on Part-Time Farming and Land Protection
Our findings also speak to broader debates on agricultural transition beyond China. The trend toward part-time farming in China shares similarities with pluriactivity in Europe, where farm households also diversify income sources through off-farm work [40]. However, the motivations differ: in many European contexts, pluriactivity is partly sustained by agricultural subsidies and lifestyle choices, whereas in rural China it is more often a response to low agricultural returns and limited land availability. Despite these differences, the ecological implications appear convergent. European farmers have been found to give limited attention to soil multi-functionality beyond primary productivity [40], and evidence from India suggests that improved non-farm employment opportunities increase household welfare but reduce incentives to deploy labor for soil and water conservation [41], a pattern consistent with our results. Institutional context also matters: the inverted-U relationship we observe may be shaped by China’s collective land tenure system, in which farmers hold use rights rather than full ownership. Under private property regimes, the incentive structure for long-term land conservation could differ. Our findings thus contribute to a growing international literature that examines how agricultural transformation shapes land management, while also highlighting the role of institutional context in shaping these relationships [42].
5.3. Other Determinants of ALP Adoption
Age and education do not show significant associations with ALP adoption in our sample, which contrasts with some earlier studies. Higher household income is positively associated with ALP adoption, consistent with Boz [38]. Rice-growing area is not significant, suggesting that scale alone does not drive land protection. The number of plots, however, shows a positive association, possibly because fragmented land requires more attention and diversified management practices. Market environment and transport access show negative associations, which we interpret as suggestive evidence that convenient sales outlets reduce farmers’ attention to production quality. Agricultural training has a strong positive association, confirming the role of extension services. The significant associations of training and political identity echo Zhang and Lu [39], who emphasized the role of policy cognition and social networks in promoting conservation practices.
5.4. Heterogeneity in ALP Preferences
The differences across farmer categories provide practical guidance for policy design. Full-time farmers prefer low-cost, labor-intensive options such as LLP. Part-time I farmers, who combine agricultural and off-farm income, are more likely to adopt capital-intensive technologies such as IDF and ORF. Part-time II farmers, who have largely decoupled from agriculture, show little interest in any ALP technology. These patterns suggest that uniform extension programs are unlikely to be effective [43].
For full-time farmers, whose ALP adoption remains low due to capital constraints rather than lack of incentive, subsidies for conservation practices and promotion of low-cost technologies are the priority. Reducing the upfront cost of adoption could encourage greater uptake of practices like land leveling, which aligns with this group’s resource endowments.
For part-time I farmers, who have already reached the highest ALP adoption levels among the three groups, the policy focus should shift from subsidizing adoption to sustaining and scaling up investment. Credit support and capital-intensive technology packages, such as irrigation facilities and organic fertilization, could help this group maintain their current engagement with ALP technologies.
For part-time II farmers, the low adoption reflects limited time, spatial distance from farmland, and reduced economic dependence on agriculture rather than a lack of available technologies. For this group, land trusteeship and socialized services may be more practical than technology promotion alone. These approaches can relieve part-time II farmers of direct management burdens while maintaining land productivity, addressing the specific constraints identified in our pathways analysis.
6. Conclusions
Part-time employment is a widespread feature of agricultural development in countries with limited arable land resources. Using survey data from 1571 rice farmers in China’s Jianghan Plain, this study applies Poisson and Probit models to examine how the off-farm income shares are associated with farmers’ ALP adoption. While our empirical setting is the Jianghan Plain, the analytical framework and policy logic developed here have broader applicability to other regions experiencing similar processes of agricultural transition.
Three main conclusions emerge. First, ALP adoption is highest at intermediate levels of off-farm income shares and lower at both ends of the observed distribution, consistent with an inverted U-shaped association. The estimated turning point of 0.336 is sample-specific and should not be interpreted as a universal policy threshold. Second, off-farm income shares are positively associated with four proposed pathway indicators, but these associations do not establish mediation effects. Third, practice-specific adoption patterns differ across farmer categories: full-time farmers show higher LLP adoption, part-time I farmers show higher IDF and ORF adoption, and part-time II farmers show lower LLP adoption.
These findings point to several policy implications. At a general level, governments should enhance the economic attractiveness of agriculture to keep farming a viable livelihood, promote local employment to help farmers balance off-farm work with farm work, and design ALP policies that account for farmer heterogeneity. More specifically, for full-time farmers, reducing upfront costs through subsidies and promoting low-cost technologies are appropriate, as their relatively low adoption may partly reflect capital constraints. For part-time I farmers, who already show the highest engagement with ALP, policy should shift from promoting adoption to sustaining and scaling up investments through credit support and capital-intensive technology packages. For part-time II farmers, whose limited adoption stems from time and spatial constraints rather than technology unavailability, land trusteeship and socialized services may be more practical than technology promotion alone.
Several limitations should be considered when interpreting our findings. First, our cross-sectional design does not allow us to establish causal relationships or observe dynamic transitions between farmer categories over time. Although we interpret our findings as conditional associations consistent with our theoretical framework, we cannot rule out reverse causality or unobserved confounding. Panel data or quasi-experimental designs would be valuable for future research to strengthen causal identification.
Second, the aggregate count measure of ALP adoption assumes equal weighting of the three practices (IDF, LLP, and ORF), which may oversimplify differences in cost, frequency, environmental benefits, and decision-making responsibility across the three technologies. While we supplement the aggregate analysis with practice-specific Probit models, future research could develop weighted indices based on environmental impact assessments or cost–benefit analyses.
Third, our findings are drawn from a sample of rice farmers in the Jianghan Plain, a flat and intensively cultivated region. The results may not be directly generalizable to mountainous areas, pastoral regions, or smallholder-dominated farming systems with different land tenure arrangements and off-farm labor market conditions. Moreover, the off-farm income shares are measured at the household level and rely on self-reported income data, which may introduce measurement error. Further empirical validation in diverse agricultural settings is needed.
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The following abbreviations are used in this manuscript:
	ALP
	Arable Land Protection

	IDF
	Irrigation and Drainage Facilities

	LLP
	Land Leveling Procedures

	ORF
	Organic Fertilizers

	IDT
	Irrigation and Drainage Technologies

	FMT
	Farmland Management Technologies

	SIT
	Soil Improvement Technologies

	DFT
	Disturbance of Farming Time

	IDH
	Increasing Distance from Home

	RLS
	Reduction in Arable Land Scale

	WAP
	Weakness of Awareness in ALP

	VIF
	[bookmark: _GoBack]Variance Inflation Factor
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