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ABSTRACT
Aims: This study examines earnings inequality among rural agricultural workers in Telangana by analysing the association of employment type, gender, age, and education with monthly labour earnings.
Study Design: Cross-sectional quantitative study.
Place and Duration of Study: The study uses unit-level data from the Periodic Labour Force Survey (PLFS) 2023–24 conducted by the Ministry of Statistics and Programme Implementation (MoSPI), Government of India.
Methodology: The analysis is based on 1,511 rural agricultural workers engaged in self-employment and casual labour. Monthly labour earnings were classified into three categories: Zero Earnings, ₹1–5,000, and Above ₹5,000. Multinomial Logistic Regression, Marginal Effects, and Predicted Probability analyses were used to examine earnings outcomes.
Results: Employment type was the strongest determinant of earnings. Casual labourers were significantly more likely than self-employed workers to earn above ₹5,000 per month (β = 4.120, p < 0.001). Senior workers had lower probabilities of higher earnings, while higher education was negatively associated with agricultural earnings. Gender differences were relatively small among casual labourers.
Conclusion: Employment type explains earnings inequality more strongly than gender among rural agricultural workers in Telangana. The findings support Labour Market Segmentation Theory and highlight the need to strengthen income security for self-employed agricultural workers and expand productive rural employment opportunities.
Keywords: Agricultural workers; Earnings inequality; Employment type; Gender; Labour Market Segmentation Theory; Telangana.



1. INTRODUCTION
Agriculture remains one of the largest sources of employment and livelihoods worldwide, particularly in developing economies. According to the International Labour Organization (ILO, 2024), nearly 900 million people are engaged in agricultural activities globally, while approximately 793 million people are employed in agri-food systems across Asia. Agriculture, forestry, and fishing contribute around 4 per cent of global Gross Domestic Product (GDP) (World Bank, 2024). Despite rapid industrialisation and structural transformation, agriculture continues to provide employment, food security, and income for millions of rural households.
In India, agriculture remains central to the rural economy. Although its contribution to national GDP has gradually declined, the sector still accounts for approximately 16–18 per cent of GDP while supporting nearly half of the country's workforce (Economic Survey of India, 2024). Agricultural employment is predominantly informal and consists largely of self-employed farmers, unpaid family workers, and casual agricultural labourers. These workers often experience seasonal employment, unstable incomes, low productivity, limited social security, and considerable income uncertainty. Consequently, understanding earnings inequality within the agricultural labour market has become increasingly important for achieving inclusive rural development and gender equality.
Telangana provides an important context for examining earnings inequality among agricultural workers. Since the formation of the state in 2014, agriculture has remained the principal source of livelihood for a large proportion of the rural population. Although public investment in irrigation and agricultural infrastructure has contributed to increased agricultural production, rural employment continues to be dominated by informal forms of work, particularly self-employment and casual wage labour. Women constitute a substantial share of the agricultural workforce but remain disproportionately concentrated in unpaid family work and low-paid agricultural occupations. These patterns suggest that gender differences in earnings are influenced not only by individual characteristics but also by the structure and organisation of rural labour markets.
Earnings inequality has important implications for poverty reduction, household welfare, labour productivity, and inclusive economic growth. Lower earnings among women reduce household income security, limit women's economic empowerment, and reinforce intergenerational poverty. Understanding whether gender differences arise because women possess fewer productive characteristics or because labour markets systematically value women's work differently remains an important policy issue. Although numerous studies have examined earnings inequality in Indian agriculture, relatively little evidence is available for Telangana despite its distinctive agrarian structure and continued dependence on informal agricultural employment.




1.1 LITERTURE REVIEW
1.1.1 Labour Market Segmentation and Agricultural Earnings Inequality
Labour Market Segmentation Theory, developed by Doeringer and Piore (1971), argues that labour markets are divided into primary and secondary segments. Workers in the primary segment generally enjoy secure employment, higher earnings, and better working conditions, whereas those in the secondary segment experience low earnings, irregular employment, and limited opportunities for advancement. Informal agricultural labour markets largely belong to the secondary segment, where women, landless labourers, and socially disadvantaged groups are disproportionately concentrated.
Empirical evidence supports this theoretical perspective. Reddy (2012) demonstrates that rural labour markets in India are segmented by gender, caste, and land ownership, resulting in women being concentrated in low-productivity and low-paying agricultural activities. Srivastava (2019) further argues that labour market segmentation has intensified because of informality, migration, caste, and regional disparities, leading to persistent earnings inequality even after controlling for workers' observable characteristics. Similarly, Chand, Srivastava, and Singh (2017) show that although non-farm activities contribute an increasing share of rural income, employment diversification has remained slow, forcing many workers to remain in low-productivity agriculture.
1.1.2 Gender Earnings Inequality in Agricultural Labour
Gender and Development (GAD) Theory, proposed by Moser (1993), explains that gender inequality arises from unequal social relations, unequal access to productive resources, institutional discrimination, and unequal bargaining power within households and labour markets. Unlike earlier welfare approaches, GAD emphasises structural inequalities rather than biological differences.
Several empirical studies support this perspective. Ahmed and Maitra (2010, 2015) show that discrimination explains a substantial proportion of gender earnings differences in Bangladesh's agricultural labour market. Valientes (2015) finds that male agricultural workers in the Philippines earn significantly higher incomes than women, primarily because of unequal returns to productive characteristics. Benali et al. (2024) report persistent gender pay gaps across agricultural sectors in lower-middle-income countries due to occupational segregation and structural discrimination. Similarly, Yemelina et al. (2024) demonstrate that industrial segregation contributes substantially to gender earnings inequality in Kazakhstan. Within India, Mahajan (2017) shows that rainfall shocks affect male and female earnings differently, while Kundu and Das (2019) find that women's education, irrigation facilities, and participation in Self-Help Groups (SHGs) help reduce gender disparities in agricultural earnings. However, these studies generally analyse multiple states simultaneously and therefore do not adequately capture the institutional and labour market characteristics unique to Telangana.
1.1.3 Human Capital and Earnings Determination
Human Capital Theory, proposed by Becker (1964), argues that education, training, skills, and work experience enhance labour productivity and consequently increase earnings. Workers who invest more in human capital are expected to receive higher earnings because they contribute greater productivity.
Empirical evidence, however, suggests that returns to education are considerably weaker within informal agricultural employment. Unni and Rani (2004) show that economic reforms increased demand for skilled labour in India, yet these gains were concentrated primarily in formal employment. Reddy (2012) finds that education offers limited earnings advantages in rural agriculture because most workers remain confined to informal employment. Srivastava (2019) similarly reports that although experience improves earnings, women and disadvantaged workers continue to earn less even when educational attainment and work experience are similar.
1.1.4 Efficiency Wage Theory and Informal Agricultural Labour
Efficiency Wage Theory, developed by Shapiro and Stiglitz (1984), argues that employers may deliberately pay wages above the market-clearing level to improve worker productivity, reduce labour turnover, and discourage shirking. Although this theory explains wage determination in formal employment, its application is limited in informal agricultural labour markets. Agricultural employment in rural India is characterised by seasonal work, temporary contracts, and weak employer–worker relationships. Under such conditions, employers have little incentive to pay efficiency wages, resulting in persistently low earnings despite differences in workers' education or productivity. Consequently, earnings are influenced more by labour market conditions than by productivity-enhancing incentives.
1.2 Research Gap
Although several studies have examined gender earnings inequality in Indian agriculture, most rely on national or multi-state data, which mask state-specific labour market conditions. Very few studies compare self-employed and casual agricultural workers despite their distinct employment arrangements and earnings structures. Furthermore, limited research has examined how gender, education, age, and employment type jointly influence earnings using the latest PLFS 2023–24 data. Therefore, this study addresses this gap by providing a state-specific analysis of earnings inequality among rural agricultural workers in Telangana. It integrates Labour Market Segmentation Theory and Human Capital Theory to examine how employment type, gender, education, and age shape earnings outcomes.
1.3 Research Questions
1. What are the patterns of earnings inequality between self-employed and casual agricultural workers in Telangana?
2. How do gender, education, age, and employment type influence agricultural earnings?
3. Does employment type explain earnings inequality more strongly than gender among rural agricultural workers in Telangana?


1.4 Objectives of the Study
The study has the following objectives:
1. To examine the distribution of earnings categories among self-employed and casual agricultural workers in Telangana.
2. To analyse the effects of gender, education, age, and employment type on earnings outcomes using multinomial logistic regression.

2. MATERIALS AND METHODS
2.1 Data Source
This study is based on unit-level data from the Periodic Labour Force Survey (PLFS) 2023–24, conducted by the Ministry of Statistics and Programme Implementation (MoSPI), Government of India. The PLFS is India's principal nationally representative labour force survey and provides comprehensive information on employment status, industry, occupation, earnings, educational attainment, and demographic characteristics. Owing to its nationally representative design and detailed labour market information, the PLFS has been widely used in studies examining employment patterns, earnings inequality, and gender disparities in India (Abraham, 2019; Mehrotra & Parida, 2019; Deshpande & Kabeer, 2022).
The PLFS 2023–24 dataset contains 418,159 individual observations across India. For the present study, respondents from Telangana (State Code: 36) were extracted. Of the 10,046 individuals surveyed in the state, 1,511 rural agricultural workers engaged in agricultural activities (NIC Divisions 01–03) constituted the analytical sample. The analysis focuses on self-employed workers and casual labourers, as these represent the predominant forms of informal employment in Telangana's rural agricultural sector.
2.2 Construction of the Earnings Variable
The PLFS collects earnings information differently across employment categories. Therefore, a comparable monthly labour earnings variable was constructed to facilitate analysis of both self-employed workers and casual labourers.
For casual labourers, the survey records daily cash and in-kind wages along with the number of days worked during the reference period. Monthly labour earnings were estimated by multiplying the reported daily earnings by the corresponding number of days worked.
For self-employed workers, the PLFS reports net earnings from self-employment. These earnings represent income generated from own-account farming or household agricultural enterprises rather than individual wage payments. Consequently, the present study analyses monthly labour earnings instead of wages in the strict economic sense. Similar approaches have been adopted in previous studies using PLFS and National Sample Survey (NSS) data to compare earnings across self-employed and wage-employed workers (Mehrotra & Parida, 2019; Abraham, 2019).
A substantial proportion of self-employed agricultural workers, particularly unpaid family workers, reported zero monetary earnings during the reference period. These observations should not be interpreted as an absence of productive work. Rather, they may reflect unpaid family labour, the non-allocation of household farm income among individual members, or the absence of positive monetary returns from agricultural production during the survey period. Similar measurement issues have been documented in studies of rural labour markets and informal employment (Binswanger & Rosenzweig, 1986; Ellis, 2000; Mehrotra & Parida, 2019).
Accordingly, the Zero Earnings category represents the absence of individual monetary earnings and should not be interpreted solely as evidence of labour market withdrawal or agricultural losses.
2.3 Dependent Variable
The dependent variable is monthly labour earnings, classified into three mutually exclusive categories:
· 0 = Zero Earnings
· 1 = ₹1–5,000 per month
· 2 = Above ₹5,000 per month
This classification captures different levels of income security among informal agricultural workers while accounting for the substantial proportion of workers who reported no individual monetary earnings during the reference period.
2.4 Explanatory Variables
The explanatory variables included in the analysis are:
· Gender: Male (Reference), Female
· Education: Not Literate (Reference), Primary, Secondary, Higher
· Age Group: Young/Early (Reference), Mature, Senior
· Employment Type: Self-employed (Reference), Casual Labour
These variables were selected based on the theoretical perspectives of Human Capital Theory (Becker, 1964), Labour Market Segmentation Theory (Doeringer & Piore, 1971), and Gender and Development Theory (Moser, 1993), together with previous empirical studies examining earnings determination in rural labour markets (Klasen & Pieters, 2015; Mehrotra & Parida, 2019).
Although additional factors such as caste, landholding, irrigation, farm size, and household asset ownership may also influence agricultural earnings, comparable information for all agricultural workers was not available in a form suitable for inclusion in the present analysis. This limitation should be considered when interpreting the estimated relationships.
2.5 Econometric Model
Since the dependent variable consists of three unordered categories, the study employs a Multinomial Logistic Regression (MNL) model. The MNL model is appropriate when the dependent variable is nominal with more than two mutually exclusive outcomes (Greene, 2018; Gujarati & Porter, 2021). The Zero Earnings category is treated as the reference outcome, and the model estimates the probability of belonging to the ₹1–5,000 and Above ₹5,000 earnings categories relative to the base category.


Let Wi denote the wage category of the Individual where:
Wi
The multinomial logit Model is specified as:
In
=Probability that individual iii belongs to wage category j



The reference categories are:
· Gender: Male
· Education: Not Literate
· Age Group: Young/Early (15–25 years)
· Employment Type: Self-employed
Following model estimation, Average Marginal Effects (AMEs) and Predicted Probabilities were computed to facilitate interpretation of the influence of gender, education, age, and employment type on earnings outcomes.
2.6 Limitations
This study has several limitations. First, the cross-sectional nature of the PLFS 2023–24 data does not permit causal inference; therefore, the estimated relationships should be interpreted as associations rather than causal effects. Second, earnings reported for self-employed agricultural workers may include unpaid family labour and do not necessarily represent household farm income. Third, important determinants of agricultural earnings, such as land ownership, irrigation facilities, farm size, and household assets, could not be incorporated because of data limitations. Consequently, the findings should be interpreted within the context of rural agricultural workers in Telangana.






3.RESULTS AND DISCUSSION
Table 1 Sample Distribution by Wage Category, Gender, Education, Age Group, and Employment Type in the Agricultural Sector, Telangana (N = 1,511)
	Variables
	Category
	Total Sample (N)
	No Wage (N)
	₹1–5,000 (N)
	Above ₹5,000 (N)

	Gender
	Male
	797
	592
	41
	164

	
	Female
	714
	383
	72
	259

	Education
	Not Literate
	716
	423
	66
	227

	
	Primary
	417
	284
	20
	113

	
	Secondary
	303
	201
	25
	77

	
	Higher
	75
	67
	2
	6

	Age Group
	Young/Early
	160
	95
	20
	45

	
	Mature
	310
	184
	21
	105

	
	Senior
	1,041
	696
	72
	273

	Employment Type
	Self-Employed
	1,153
	948
	55
	150

	
	Casual Labour
	358
	27
	58
	273

	Total
	—
	1,511
	975
	113
	423



Source: NSSO, Periodical Labour force survey 2023-2024
Sample Distribution by Wage Category
Table 1 shows the distribution of 1,511 agricultural workers in Telangana by wage category, gender, education, age group, and employment type. A large share of workers (N = 975) received no monetary earnings. Among them, 948 were self-employed and 27 were casual labourers. As the PLFS records individual earnings rather than household farm income, zero earnings among self-employed workers may reflect unpaid family work or the non-apportionment of household agricultural income.
Gender differences are evident across wage categories. Among workers with no earnings, 592 were men and 383 were women. Women were more concentrated in the ₹1–5,000 wage category (N = 72) than men (N = 41), while more women (N = 259) than men (N = 164) earned above ₹5,000. Workers with no schooling and primary education accounted for most of the no-earnings category, and the senior age group formed the largest share across all wage categories.
Table.2. Weighted Distribution of Agricultural Workers by Wage Category and Socio-Demographic Characteristics, Telangana (PLFS 2023–24)
	Variable 
	Category
	Zero Wage (%)
	₹1–5,000 (%)
	Above ₹5,000 (%)
	Total (%)

	Gender
	Male
	60.55
	34.38
	38.71
	51.89

	
	Female
	39.45
	65.62
	61.29
	48.11

	Education Level
	Not Literate
	41.85
	62.12
	55.43
	47.58

	
	Primary
	25.48
	11.65
	28.44
	25.15

	
	Secondary
	22.68
	25.64
	15.09
	20.71

	
	Higher
	10.00
	0.60
	1.04
	6.56

	Age Group
	Young/Early
	8.58
	11.51
	12.43
	9.96

	
	Mature
	20.64
	16.56
	22.44
	20.82

	
	Senior
	70.77
	71.93
	65.13
	69.22

	Employment Type
	Self-Employed
	97.04
	33.19
	32.59
	72.65

	
	Casual Labour
	2.96
	66.81
	67.41
	27.35


Source: NSSO, Periodical Labour force survey 2023-2024
Weighted Distribution of Wage Categories by Socio-Demographic Characteristics
Table.2 shows that weighted distribution of agricultural workers in Telangana by wage category. Among workers with zero monetary earnings, 97.04% are self-employed, while only 2.96% are casual labourers. Since the PLFS provides individual earnings instead of household farm income, zero earnings among self-employed workers should be interpreted cautiously. They may reflect unpaid family work, the non-apportionment of household agricultural income, seasonal fluctuations in farm income, or low net returns from cultivation, rather than the complete absence of economic activity. Among small and marginal farming households where family members contribute labour without receiving separate monetary payments (ILO, 2022; FAO, 2021).
Gender differences are evident across wage categories. Men constitute 60.55% of the zero-wage group, whereas women account for 65.62% of workers earning ₹1–5,000 and 61.29% of those earning above ₹5,000. This suggests that men are more concentrated in self-employment, where household farm income is generally shared rather than paid as individual wages, while women are relatively more engaged in casual agricultural work where cash wages are paid directly. These differences are consistent with Labour Market Segmentation Theory (Doeringer & Piore, 1971), which explains that workers are distributed across different employment segments with unequal earning opportunities.
Educational differences are also evident. Workers with no schooling account for the largest share across all wage categories, whereas higher-educated workers represent only a small proportion of agricultural employment. This indicates that better-educated individuals are more likely to move towards non-agricultural employment, while workers with lower education remain concentrated in informal agricultural activities. This finding is consistent with Human Capital Theory (Becker, 1964), which suggests that education improves access to better employment opportunities. The senior age group constitutes nearly 70% of workers across all wage categories, indicating continued dependence on agriculture among older workers. Limited access to alternative employment, lower occupational mobility, and continued involvement in family farming may explain their greater concentration in agricultural work. These patterns indicate that employment type, gender, education, and age are closely associated with wage outcomes, providing the basis for the multinomial logistic regression analysis presented in the next section.
	Variable
	Level/Category
	VIF
	1/VIF (Tolerance)

	Gender
	Female
	1.15
	0.8720

	Age Group
	Mature
	2.40
	0.4162

	
	Senior
	3.00
	0.3329

	Education Group
	Primary
	1.34
	0.7469

	
	Secondary
	1.65
	0.6056

	
	Higher
	1.27
	0.7878

	Employment Type
	Casual Labour
	1.08
	0.9236

	Mean VIF
	
	1.70
	


Table 3. Multicollinearity Diagnostics (Variance Inflation Factor) for Explanatory Variables
Source: NSSO, Periodical Labour force survey 2023-2024
The VIF results indicate that multicollinearity is not a concern in the multinomial logistic regression model. All VIF values are below the threshold of 5, ranging from 1.08 to 3.00, with a mean VIF of 1.70. The highest VIF is observed for the Senior age group (3.00), which remains within the acceptable range. Tolerance values range from 0.33 to 0.92, indicating that each explanatory variable contributes unique information to the model. Therefore, the estimated effects of gender, age, education, and employment type can be interpreted reliably without significant bias from multicollinearity.
Table 4 Model Fit Statistics (Multinomial Logistic Regression)
	Statistic
	Value

	Number of observations (N)
	1,511

	Wald χ² (df = 16)
	217.19

	Prob > χ²
	0.0000

	Log Pseudolikelihood
	–14,933,309

	Pseudo R²
	0.3344


Source: NSSO, Periodical Labour force survey 2023-2024
Table.4 indicates that the multinomial logistic regression model provides a good fit for explaining wage categories among agricultural workers in Telangana. The Wald χ² statistic of 217.19 (df = 16, p < 0.001) shows that gender, age, education, and employment type jointly have a statistically significant association with wage outcomes. The model is estimated using 1,511 observations and reports a Pseudo R² of 0.3344, indicating that about 33.4% of the variation in wage categories is explained by the included variables. This level of explanatory power is satisfactory for cross-sectional labour market data and suggests that the selected socio-demographic characteristics are important determinants of agricultural wage inequality.
Table.5 Multinomial Logistic Regression Results for Wage Categories of Agricultural Labourers (Telangana)
	Variable
	Category
	Low wage (1–5000)
	High wages (above 5000)

	
	
	β
	Std. Err.
	z
	P>
	z
	
	β
Std. Err.

	Gender
	Female
	0.686*
	0.315
	2.17
	0.030
	0.450
	0.233
	1.93
	0.053

	Age
	Mature
	-0.985
	0.551
	-1.79
	0.074
	-0.782*
	0.356
	-2.20
	0.028

	
	Senior
	-0.822
	0.496
	-1.66
	0.097
	-1.211**
	0.376
	-3.22
	0.001

	Education
	Primary
	-0.676
	0.421
	-1.61
	0.108
	0.115
	0.286
	0.40
	0.687

	
	Secondary
	0.560
	0.441
	1.27
	0.205
	-0.252
	0.349
	-0.72
	0.469

	
	Higher
	-2.294**
	0.847
	-2.71
	0.007
	-2.005***
	0.527
	-3.80
	0.000

	Employment Type
	Casual Labour
	4.138***
	0.417
	9.92
	0.000
	4.120***
	0.330
	12.47
	0.000

	Constant
	
	-2.572***
	0.604
	-4.25
	0.000
	-0.943*
	0.438
	-2.15
	0.031


Source: NSSO, Periodical Labour force survey 2023-2024
Note: Base outcome: Zero wage | Reference categories: Male, ≤25 years, Not literate, Self-employed.
Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001
Multinomial Logistic Regression of Wage Categories among Agricultural Workers in Telangana
Table.5 show that the multinomial logistic regression estimates for agricultural wage categories, with no wage as the reference outcome. Gender, age, education, and employment type are associated with wage outcomes among agricultural workers in Telangana.
Women have a higher probability than men of earning low wages (₹1–5,000) rather than receiving no monetary earnings (β = 0.686, p < 0.05). This may be attributed to women's concentration in labour-intensive agricultural activities such as weeding, transplanting, and harvesting, where wages remain relatively low. The coefficient for the high-wage category is positive but only marginally significant (β = 0.450, p = 0.053), providing limited statistical evidence of gender differences in higher wage earnings. This finding is consistent with Gender and Development Theory (Moser, 1993) and the studies of Vepa (2009) and Kundu and Das (2019), which attribute gender wage differences to occupational segregation and unequal access to productive resources.
Employment type has the strongest association with wage outcomes. Casual labourers have significantly higher odds than self-employed workers of earning both low wages (β = 4.138, p < 0.001) and high wages (β = 4.120, p < 0.001). This is because casual labourers receive direct cash payments for their work, whereas self-employed workers depend on farm income that remains at the household level or participate as unpaid family workers. This finding supports Labour Market Segmentation Theory (Doeringer & Piore, 1971) and is consistent with Kannan (2014) on the increasing casualisation of rural employment.
Mature workers (β = –0.782, p < 0.05) and senior workers (β = –1.211, p < 0.01) have lower odds of earning more than ₹5,000 than younger workers. This may result from declining physical capacity and continued dependence on low-productivity agricultural activities because of limited opportunities outside agriculture, as discussed Reddy (2022).
Higher education is negatively associated with both the low-wage (β = –2.294, p < 0.01) and high-wage (β = –2.005, p < 0.001) categories. This suggests that individuals with higher education tend to leave agricultural employment for better-paying non-farm occupations. This finding is consistent with Human Capital Theory (Becker, 1964) and Mehrotra (2014), who argue that education improves access to employment outside low-return agricultural work.
Table 6 Marginal Effects of Gender, Age, Education, and Employment Type on Earnings in the Rural Agricultural Sector of Telangana
	Variable
	Category
	Zero Wage 

	₹1–5,000 

	Above ₹5,000 


	
	
	(dy/dx)
	z
	p-value
	(dy/dx)
	z
	p-value
	(dy/dx)
	z
	p-value

	Gender (Ref: Male)
	Female
	-0.060
	-2.23
	0.026**
	0.029
	1.39
	0.166
	0.031
	1.05
	0.293

	Age (Ref: 15–25 years)
	Mature (25–55)
	0.117
	2.28
	0.023**
	-0.033
	-0.91
	0.364
	-0.084
	-1.46
	0.143

	
	Senior (56+)
	0.153
	2.88
	0.004***
	-0.006
	-0.15
	0.879
	-0.147
	-2.50
	0.012**

	Education (Ref: No schooling)
	Primary
	0.001
	0.04
	0.967
	-0.043
	-2.29
	0.022**
	0.041
	1.16
	0.244

	
	Secondary
	0.002
	0.04
	0.968
	0.065
	1.53
	0.126
	-0.067
	-1.36
	0.174

	
	Higher
	0.192
	4.23
	0.000***
	-0.052
	-1.69
	0.090*
	-0.140
	-2.73
	0.006***

	Employment Type (Ref: Self-employed)
	Casual Labour
	-0.731
	-25.42
	0.000***
	0.167
	4.65
	0.000***
	0.565
	13.80
	0.000***


Source: NSSO, Periodical Labour force survey 2023-2024
Marginal Effects on Earnings in the Rural Agricultural Sector of Telangana
 Table 6 shows that Female workers have a 6.0 percentage point lower probability of falling into the zero-wage category than males (dy/dx = −0.060, p < 0.05), while the effects for the ₹1–5,000 and above ₹5,000 wage categories are statistically insignificant. This difference is associated with variations in employment status, as women are concentrated in casual wage employment, whereas men are predominantly engaged in self-employment in agriculture (Mehrotra & Parida, 2017; Kannan, 2014).
Compared with workers aged 15–25 years, mature (25–55 years) and senior (56+ years) workers have higher probabilities of belonging to the zero-wage category, while senior workers have a lower probability of earning above ₹5,000. This pattern reflects greater participation in unpaid family farming and limited access to remunerative agricultural work among older workers (Kannan, 2014; ILO, 2022).
Workers with higher education have a higher probability of belonging to the zero-wage category and a lower probability of earning above ₹5,000. This outcome suggests that educated workers tend to move away from agricultural wage employment in search of better non-farm opportunities (Mehrotra, 2014; Binswanger-Mkhize, 2013).
Compared with self-employed workers, casual labourers have a substantially lower probability of zero wages and higher probabilities of earning ₹1–5,000 and above ₹5,000. This difference reflects direct wage payments received by casual labourers, whereas self-employed farmers and unpaid family workers generally do not receive individual monetary wages (NCEUS, 2007; ILO, 2022).
Table 7 Predicted Probability of Earning Above ₹5,000 by Employment Type and Gender
	Employment Type
	Gender
	Margin
	Std. Err.
	z
	P>|z|
	95% CI

	Self-Employed
	Male
	0.115***
	0.017
	6.84
	0.000
	[0.082, 0.148]

	
	Female
	0.163***
	0.022
	7.31
	0.000
	[0.119, 0.207]

	Casual Labour
	Male
	0.708***
	0.049
	14.43
	0.000
	[0.612, 0.804]

	
	Female
	0.701***
	0.041
	17.28
	0.000
	[0.621, 0.780]





Source: NSSO, Periodical Labour force survey 2023-2024
Table.7 indicates that employment type has a association with earning above ₹5,000 per month than gender. The predicted probability exceeds 70% for both male (0.708) and female (0.701) casual labourers, compared with 11.5% for self-employed men and 16.3% for self-employed women. This difference reflects the institutional characteristics of rural agricultural employment, where casual labour involves direct wage payments, while earnings from self-employment are often generated and shared at the household level rather than reported as individual monetary wages (Kannan & Raveendran, 2019; Himanshu, 2021). The small difference between men and women among casual labourers is consistent with studies showing that gender wage differences tend to narrow in standardized agricultural wage work (Klasen & Pieters, 2015; Jose, 2017). These findings support labour market segmentation theory, indicating that employment type has a greater influence than gender on earnings among rural agricultural workers.






Table 8, Predicted Probability of Earning Above ₹5,000 by Employment Type, Gender, and Education category 
	Employment Type
	Gender
	Education Level
	Margin
	Std. Err.
	z
	P>|z|
	95% CI

	Self-Employed
	Male
	Not Literate
	0.127***
	0.027
	4.66
	0.000
	[0.074, 0.180]

	
	Male
	Primary
	0.142***
	0.025
	5.58
	0.000
	[0.092, 0.192]

	
	Male
	Secondary
	0.099***
	0.024
	4.20
	0.000
	[0.053, 0.146]

	
	Male
	Higher
	0.020**
	0.009
	2.26
	0.024
	[0.003, 0.038]

	
	Female
	Not Literate
	0.179***
	0.029
	6.22
	0.000
	[0.122, 0.235]

	
	Female
	Primary
	0.201***
	0.038
	5.29
	0.000
	[0.127, 0.276]

	
	Female
	Secondary
	0.139***
	0.035
	3.94
	0.000
	[0.070, 0.208]

	
	Female
	Higher
	0.031*
	0.015
	2.11
	0.035
	[0.002, 0.061]

	Casual Labour
	Male
	Not Literate
	0.729***
	0.053
	13.75
	0.000
	[0.625, 0.833]

	
	Male
	Primary
	0.819***
	0.041
	19.83
	0.000
	[0.738, 0.899]

	
	Male
	Secondary
	0.582***
	0.105
	5.51
	0.000
	[0.375, 0.789]

	
	Male
	Higher
	0.490***
	0.131
	3.75
	0.000
	[0.234, 0.746]

	
	Female
	Not Literate
	0.716***
	0.041
	17.47
	0.000
	[0.635, 0.796]

	
	Female
	Primary
	0.824***
	0.043
	19.34
	0.000
	[0.740, 0.907]

	
	Female
	Secondary
	0.551***
	0.104
	5.28
	0.000
	[0.347, 0.756]

	
	Female
	Higher
	0.559***
	0.139
	4.02
	0.000
	[0.287, 0.832]



Source: NSSO, Periodical Labour force survey 2023-2024
Notes: ***p<0.01, **p<0.05, *p<0.1. Pr(wag = "Above ₹5,000"). Robust SEs 
Predicted Probability of Earning Above ₹5,000 by Employment Type, Gender, with Education Level
Table.8 indicates that employment type and education jointly influence the probability of earning above ₹5,000 per month in the agricultural sector. Among self-employed workers, the predicted probabilities remain low across all education levels and decline with higher education for both men and women. This pattern may reflect the household-based nature of agricultural self-employment, where individual monetary earnings are not always reported separately in the PLFS (Kannan & Raveendran, 2019; Himanshu, 2021). In contrast, casual labourers show substantially higher probabilities across all education levels, particularly among workers with primary education, reflecting direct wage payments and standardized wage rates in agricultural labour markets (Imbert & Papp, 2015). Gender differences are relatively small within casual labour across education levels, consistent with evidence that agricultural daily wage work follows common local wage norms (Klasen & Pieters, 2015; Jose, 2017). These findings support Labour Market Segmentation Theory, suggesting that employment type has an association with earnings than educational attainment within the rural agricultural sector.





Table.9 Predicted Probability of Earning Above ₹5,000 by Employment Type, Gender, and Age Group (Agriculture Sector, PLFS 2023–24)
	Employment Type
	Gender
	Age Group
	Margin
	Std. Err.
	z
	P>|z|
	95% CI

	Self-Employed
	Male
	Young/Early
	0.248***
	0.064
	3.88
	0.000
	[0.123, 0.373]

	
	Male
	Mature
	0.137***
	0.030
	4.65
	0.000
	[0.079, 0.195]

	
	Male
	Senior
	0.094***
	0.017
	5.66
	0.000
	[0.061, 0.126]

	
	Female
	Young/Early
	0.324***
	0.069
	4.68
	0.000
	[0.188, 0.460]

	
	Female
	Mature
	0.195***
	0.036
	5.43
	0.000
	[0.124, 0.265]

	
	Female
	Senior
	0.136***
	0.023
	5.82
	0.000
	[0.090, 0.181]

	Casual Labour
	Male
	Young/Early
	0.789***
	0.066
	11.96
	0.000
	[0.660, 0.918]

	
	Male
	Mature
	0.773***
	0.053
	14.49
	0.000
	[0.668, 0.878]

	
	Male
	Senior
	0.673***
	0.057
	11.81
	0.000
	[0.561, 0.784]

	
	Female
	Young/Early
	0.769***
	0.065
	11.87
	0.000
	[0.642, 0.896]

	
	Female
	Mature
	0.772***
	0.055
	14.05
	0.000
	[0.664, 0.879]

	
	Female
	Senior
	0.666***
	0.050
	13.39
	0.000
	[0.569, 0.764]


Source: NSSO, Periodical Labour force survey 2023-2024,Notes: ***p<0.01, **p<0.05, *p<0.1. Pr(wag = "Above ₹5,000"). Robust SEs 

Table 9 indicates that employment type and age are associated with the probability of earning above ₹5,000 per month in the agricultural sector. Casual labourers have higher predicted probabilities than self-employed workers across all age groups for both men and women. This difference reflects the direct wage payments received by casual labourers, whereas earnings from self-employment are often generated and shared at the household level rather than reported as individual monetary wages in the PLFS (Kannan & Raveendran, 2019; Himanshu, 2021). Among self-employed workers, the predicted probability declines with age, which may be associated with lower labour productivity and reduced participation in physically demanding agricultural activities among older workers (ILO, 2022). Similarly, the lower probability among senior casual labourers may reflect age-related declines in work intensity and employment opportunities in agricultural labour markets (Himanshu, 2021). Gender differences within each employment type are relatively small, particularly among casual labourers, consistent with evidence that agricultural daily wage work follows common local wage norms (Klasen & Pieters, 2015; Jose, 2017). 
4. FINDINGS
The study finds that employment type is the strongest determinant of earnings among rural agricultural workers in Telangana. Casual labourers have substantially higher probabilities of earning above ₹5,000 per month than self-employed workers because they receive direct monetary wages, whereas earnings from self-employment are generally household-based and may not be reported as individual monetary earnings in the PLFS. Senior workers have lower probabilities of earning above ₹5,000, indicating that age is negatively associated with higher agricultural earnings. Workers with higher educational attainment are less likely to report agricultural earnings, suggesting a transition from agricultural employment to better-paying non-farm occupations. Gender differences in higher earnings are relatively modest, particularly among casual labourers, indicating that employment type plays a more important role than gender in explaining earnings differences. Overall, the findings support Labour Market Segmentation Theory, which emphasises the importance of employment arrangements in shaping labour market outcomes, and are consistent with previous studies by Kannan and Raveendran (2019), Himanshu (2021), and Klasen and Pieters (2015).

5. Conclusion 
This study examined earnings inequality among rural agricultural workers in Telangana using unit-level data from the Periodic Labour Force Survey (PLFS) 2023–24. The findings indicate that earnings inequality is influenced primarily by employment type rather than gender alone. Casual labourers are significantly more likely than self-employed workers to earn positive monthly incomes because they receive direct wage payments, whereas many self-employed workers, particularly unpaid family workers, do not report individual monetary earnings. Age and education also influence earnings outcomes, with senior workers showing lower probabilities of higher earnings and higher-educated individuals being less likely to remain in agricultural employment.
The findings suggest that policies should focus on improving income security for self-employed agricultural workers, strengthening rural livelihood opportunities, expanding access to skill development and non-farm employment, and promoting productive employment in the agricultural sector. Measures aimed at improving the economic conditions of unpaid family workers and enhancing access to social protection may also help reduce earnings inequality. By providing recent state-level evidence using PLFS 2023–24 data, this study contributes to the literature on rural labour markets and offers policy-relevant insights for promoting inclusive and equitable agricultural development in Telangana.
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