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ABSTRACT

The livelihood of Indian farmers is primarily shaped by agriculture and its allied components. The degree of intricacy 
and contributions of each agricultural activity, although, vary with different social-ecological systems. Migration is 
considered an approach to livelihood adaptation; however, the migrants face challenges in new social-ecological 
settings due to their limited access to resources. This research aimed to develop a predictive model for sustainable 
agricultural employment options in Rajasthan and Uttar Pradesh (UP). In this study, states were selected purposively, 
while respondent farmers were chosen using a stratified multistage sampling design. A total of 480 resident and migrant 
farmers were selected to collect data. The machine learning algorithm, based on classification and regression tree 
(CART) analysis, was applied that could help to identify factors and prospects for migrant farmers in the agricultural 
sector. Results indicated that milk yield, operational land holding, and rabi crop yield were significant predictors. 
Further, milk yield, rabi crop yield, and kharif crop yield were observed to be the essential factors contributing to 
profitable ventures. The recommendations provided by Krishi Vigyan Kendra’s professionals led to the identification 
of key income-generating activities, such as livestock management, vegetable production, and organic farming. These 
prospects are tailored to the location-specific context where migrant farmers reside. Overall, this research shed light 
on viable employment opportunities, ultimately contributing to the well-being of migrant workers in northern India, in 
addition to the policy interventions focused on capacity building and providing an enabling environment to the migrants.
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Agriculture serves as a major source of livelihood in 
the world. In the year 2022, ~53 million individuals were 
internally migrated within their own countries across 25 
nations facing food crises (GMDAC 2024). Additionally, 
around 20 million refugees and asylum seekers found shelter 
in 55 out of the 58 countries and territories experiencing 
food crises (GMDAC 2024). In India, the migration rate was 
28.9% during 2020–21, with 26.5% and 34.9% in rural areas 
and urban areas, respectively (NSO 2022). Migrants, often 
originate from impoverished areas and seek employment 
in the agricultural sector as a means of livelihood and for 
economic stability (Saini et al. 2023a). However, limited 
access to reliable employment opportunities hampers the 
socio-economic development of the farmers as well as 
the farming community (Parmacli 2019). Agricultural 

employment has been a substantial aspect of the labour 
market dynamics, rural development, poverty alleviation and 
social welfare (Kaika and Racelis 2021). The availability and 
accessibility of agricultural occupations in northern India are 
influenced by seasonal variations in crop demand (Keshri 
and Bhagat 2012), regional disparities, land fragmentation, 
and the use of traditional farming practices (Sarkar et al. 
2019). Additionally, limited access to credit, skills and 
social networks further compounds the challenges faced by 
migrants in seeking employment (Saini et al. 2023b). Studies 
have highlighted the importance of understanding the socio-
economic characteristics of migrants, their occupational 
mobility patterns, livestock holding and the barriers they 
encounter when accessing agricultural employment (Saini 
et al. 2024). 

According to the Migration of India (2020) report rural 
males and rural females migrated in search of employment 
was 11.8% and 0.2%, respectively; urban males and 
urban females migrated in search of employment was 
29.9% and 1.5%, during 2020–21 (NSO 2022) Migrarian 
(migration and agriculture) livelihoods now form a crucial 
part of India’s economy and it has become one of the key 
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approaches of livelihood adaptation across rural India. 
Moreover, the spatial distribution of agricultural jobs across 
different regions in northern India plays a crucial role in 
determining migrants’ opportunities (Saini et al. 2024). The 
problem at hand revolves around the limited understanding 
of agricultural employment opportunities for migrants in 
northern India (Singh and Basu 2020).

Despite the significant contribution of migrants to 
the agricultural sector, there is a lack of comprehensive 
information on the availability, accessibility, and distribution 
of employment opportunities (Singh and Basu 2020). 
This knowledge gap hampers effective policymaking and 
targeted interventions to address the employment challenges 
faced by migrants. Therefore, this research aims to utilize 
machine learning algorithms to scientifically investigate 
and delineate agricultural employment opportunities for 
migrants in northern India. By leveraging the power of data-
driven analysis, this study seeks to provide valuable insights 
into exploring agricultural employment opportunities, 
identify factors influencing income generation activities 
and contribute to evidence-based recommendations for 
policymakers and stakeholders. Subsequently, the study 
contributes to the growing body of knowledge on labour 
market dynamics, specifically focusing on the agricultural 
sector.

MATERIALS AND METHODS
As reported by the Ministry of Labour and Employment, 

Govt. of India, a significant proportion of migrant workers, 
approximately 1.14 crore, returned to their home states during 
the COVID-19 lockdowns. The primary states to which these 
migrants returned were mainly Uttar Pradesh (UP), Bihar, 
West Bengal, Rajasthan, and Odisha. Specifically, 26% of 
the migrant workers returned to UP, while 11% returned to 
Rajasthan. In light of these indicators, both Uttar Pradesh 
and Rajasthan were intentionally selected to investigate 
vocational opportunities for agricultural migrants in their 
home states. A stratified multistage sampling design was 
used for data collection. A respondent was considered an 
agricultural migrant if, within the last 5 years, his usual 
place of residence (UPR) was different from the location 
of the survey for a minimum of 6 months. Additionally, he 
must have received more than ₹4000/month as the value 
of produce from agricultural activities; otherwise, they are 
classified as a resident farmer (NSO 2022). To gather data, 
a structured interview schedule was employed, and a total 
of 480 migrant and resident farmers each were interviewed 
face-to-face during 2022–23. 

The primary objective was to investigate the income 
disparities between migrant and resident farmers by 
examining the factors influencing agricultural income. In 
pursuit of this objective, we adopted the push and pull 
factors theory of migration (Lee 1966) as the theoretical 
framework to contextualize migration in the agricultural 
sector. This theory offers valuable insights into the drivers as 
well as motivations behind migration decisions and is widely 
recognized as a foundational framework for understanding 

migration patterns and their implications across various 
domains. By integrating this theoretical perspective into 
our study, we aimed to provide a comprehensive analysis 
of the complex interplay between migration dynamics and 
agricultural income.

The study employed machine learning algorithms, 
namely classification and regression tree (CART), and 
bigram text mining (BTM) to inquire into agricultural 
employment prospects for migrants in Northern India. The 
data analyses were carried out using the rpart and tidyverse 
packages in R software version 4.2.2. CART is a type of 
decision tree algorithm used for both classification and 
regression tasks. The basic structure of a CART model 
involves recursively partitioning the feature space into 
distinct regions, each associated with a predictive model 
(Loh 2014). For this study, the target variable was the 
monthly household farm income generated by resident 
farmers. Furthermore, the resulting decision tree are 
visually interpretable to evaluate the important variables 
in determining agricultural occupation opportunities for 
migrants.

Classification tree: It aims to predict the class label ‘y’ 
based on a set of input features X. For each node ‘m’ in the 
tree, let Rm represent the region of feature space associated 
with node ‘m’. Let pm (k|X) denote the predicted probability 
of class ‘k’ for the observations in region Rm. The splitting 
criterion typically involves measures such as Gini impurity 
or entropy. The algorithm aims to recursively partition the 
feature space by selecting the split ‘s’ that maximizes the 
reduction in impurity. The predicted probability pm (k|X) for 
a given observation X within region Rm​ is often estimated 
as the proportion of training observations in region Rm​ 
belonging to class ‘k’.

Regression tree: It aims to predict a continuous target 
variable ‘y’ based on a set of input features X. For each 
node ‘m’ in the tree, let Rm​ represent the region of feature 
space associated with node ‘m’. Let cm​ denote the predicted 
value for observations in region Rm​. The splitting criterion 
typically involves measures such as mean squared error 
(MSE). The algorithm aims to recursively partition the 
feature space by selecting the split ‘s’ that minimizes 
the prediction error. The predicted value cm​ for a given 
observation X within region Rm​ is often estimated as the 
average (or median) of the target variable for training 
observations in region Rm​. 
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In BTM, the focus is on extracting pairs of consecutive 
words from a given text corpus and analyzing their 
frequencies for various natural language processing tasks. 
Pointwise mutual information (PMI) score, which measures 
the association strength between two words occurring 
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together was used. The BTM method was utilized to analyse 
the diverse and profitable ventures of resident farmers and 
the suggestions provided by Krishi Vigyan Kendra (KVK) 
professionals to enhance vocational opportunities for 
migrants in their location-specific context. Given a bigram 
wi​ and wj​, and their frequencies f(wi​) and f(wj​), and the 
frequency of their co-occurrence f(wi​,wj​) within a corpus, 
the PMI score is calculated as:

( )( ) ( )2 log  (   )i i i jPMI f w X f w f w w X N=

where f(wi​,wj​), Frequency of the bigram wi​ and wj​ occurring 
together in the corpus; f(wi​) and f(wj​), Frequencies of the 
individual words wi​ and wj​, respectively; N, Total number 
of tokens (words) in the corpus.

RESULTS AND DISCUSSION
The study found significant 

differences in socio-economic variables 
between migrant and resident farmers 
in northern India (Table 1). 

Classifying factors contributing 
to high income generation:  The 
classification tree of the machine 
learning a lgor i thm CART was 
employed to analyse and classify the 
factors contributing to the high-income 
generation of resident farmers. The 
target variable, monthly farm income, 
was classified into binary output, 
where the decision “no” was taken 
by the algorithm if resident farmers 
earned less than fifteen thousand, and 
“yes” otherwise (NSO 2022). The 

“yes” decision signifies the high income earned by resident 
farmers, leading to better and diversified opportunities in 
agriculture. Conversely, the “no” decision indicates less than 
15,000 income earned by the resident farmers, resulting in 
a more probability to earn. The dataset of 480 respondents 
was divided into two halves for training and testing the 
model to classify the factors. The training dataset (n = 240) 
was used to first train the classification tree, which was then 
further tested to predict the model for determining significant 
factors. The significant factors that contributed to building 
the classification tree were milk yield (m3/animal per year), 
operational landholding of residents (ha), and rabi crop yield 
(q/ha) as visualised in Fig. 1 and the probability of outcome 
with predication is illustrated in Table 2.

Significant contributing factors employed by the 
classification model for predicting high income are given 

Table 1  Operationalization of variables in the study 

Variables Description of measurement Mean (*SD)
Migrants Residents 

Age (No. of years) Number of chronological years since the birth 39.08
(5.82)

48.5
(7.7)

Farmer type Landless farmers 3.5% 0.6%
Marginal farmers 60.8% 42.7%
Small farmers 31.9% 45.0%
Semi-medium farmers 31.9% 11.7%

Farming experience 
(No. of years)

Practicing farming as an income-generating activity for a household is measured 
in years

13.77
(3.94)

24.4
(4.4)

Operational 
landholding (ha)

The area is actively utilized and managed by the farmer for agricultural purposes 0.7
(0.4)

1.2
(0.5)

Kharif yield (q/ha) The production per hectare of a crop obtained during the kharif season 18.2
(11.9)

34.7
(12.4)

Rabi yield (q/ha) The production per hectare of a crop obtained during the rabi season 25.3
(7.5)

35.6
(6.1)

Milk yield (litres/
animal)

The production of milk per animal was obtained during a year 900
(500)

1200
(800)

*SD, Standard deviation in the given variable; %, Percent of farmers belong to the given class

Fig. 1	Classification tree predicting significant variables for high monthly household income.



March-S1 2024]

59

VOCATIONAL OPPORTUNITIES FOR AGRICULTURAL MIGRANTS

in Table 2 provides the conditions of profit maximization 
for migrants. These findings suggest that optimizing 
milk yield within the range of 4000 to 4500 litre/animal 
annually can significantly enhance the annual income for 
migrant farmers engaged in agricultural activities. Fine-
tuning milk production to this threshold may serve as a 
strategic approach to strengthening income stability as 
well as fostering sustainable livelihoods within migrant 
communities. These opportunities will help in generating 
1.5 to 2 lakh income/annum to agricultural migrants. The 
results indicate consistent metrics values during the training 
and testing phases. The accuracy showed an improvement of 
4.1%, while the reliability increased by 17.8%. Therefore, 
this model can aid in enhancing the farm profit for migrant 
farmers. The model performance of the classification tree, 
is presented in terms of accuracy, reliability (Kappa), 
sensitivity, and specificity (Table 3). 

The realm of sustainable agricultural employment 
opportunities for migrants recognizes the importance of 
promoting inclusive growth, reducing poverty, and ensuring 
the well-being of both migrants and the agricultural sector. 
The income disparity between migrant and resident farmers 
serves as a primary economic impetus compelling farmers 
to migrate aligns with push and pull theory (Lee 1966). 
Kundu and Das (2019) highlight the rural-to-urban migration 
trends driven by the dearth of employment opportunities and 
suboptimal agricultural incomes in India. The significance 
of factors such as milk yield, operational land holding, and 
yields from both kharif and rabi crops in generating income 
for migrant farmers emphasizes the multifaceted nature of 
sustainable agricultural employment. The role of livestock 
and milk yield is crucial as part of coping mechanisms 
against natural adversities, such as drought and biotic and 
abiotic stresses, thereby mitigating the need for temporary 
migration (Sarkar et al. 2019). Jokisch (2002) also found 

that farmers with small operational landholdings migrate 
without significant agricultural investment, instead shifting 
towards housing and land, thus transforming the region into 
a peri-urban landscape. Thus, changing human-environment 
landscape in peri-urban region is becoming one of the 
frontier areas with new changes influenced by the migrants, 
and posing challenges to the sustainability of agricultural 
production (Marshall and Dolley 2019). As among the 
migrants the younger were predominant, it is imperative 
to learn that age, as a factor, plays pivotal role in taking 
decision whether to migrate from rural to urban region. 
Therefore, the developmental agencies and policy makers 
need to learn how the decision process of younger migrants 
are influenced by the gender and their choices of livelihoods 
contextualized with multipole stress (Resurreccion et 
al. 2019). The size of operational landholdings directly 
determines the yields of rabi and kharif crops (Azumah et 
al. 2022). The transitional nature of agricultural families, 
who strategically navigate livelihood vulnerabilities and 
migration decisions as adaptive strategies, resonate with 
the findings of Singh and Basu (2020). These dynamic 
stresses the complex interplay of socio-economic factors 
influencing migration patterns and livelihood choices among 
agricultural communities.

Predicting the significant factors of a profitable venture 
using a regression tree: The significant factors contributing 
to monthly household farm income for resident farmers 
were analysed using regression tree of the CART method 
for predicating vocational opportunities for migrant farmers. 
The training dataset (n = 240) was utilized to initially train 
the regression tree, which was subsequently tested to predict 
the model for determining significant factors. The significant 
factors that contributed to building the regression tree were 
milk yield (m3/animal per year), rabi crop yield, and kharif 
crop yield (q/ha) as depicted in Fig. 2.

The predictive outcomes for receiving more monthly 
household income, using regression tree analysis are 
presented in Table 4. The condition with the highest coverage 
of respondents forecasted that achieving a sustained income 
for migrant farmers is facilitated by a milk yield exceeding 
1600 litres per animal annually, along with rabi and kharif 
crop yields surpassing 22 and 16 q/ha, respectively. These 
observations were based on the milk productivity of milching 
animals and associated resources available at the farmer’s 
level. These prospects will aid in creating 3.0 to 3.5 lakh 
returns per annum to agricultural migrants. The performance 

Table 2  Predictions of classification tree for high monthly farm household income

Probability of 
outcome

Conditions for outcome n = 480 
(%)

Prediction

0.99 When milk yield >= 4500 litres per animal in a year. 74 High-income
0.95 When milk yield <4500 litres per animal in a year and land holding >= 1.6 (ha). 8 High-income
0.62 When milk yield <4500 litres per animal in a year and land holding <1.6 (ha) and  

Rabi yield <37 (q/ha). 
5 High-income

0.20 When milk yield <4500 litres per animal in a year and land holding <1.6 (ha) and Rabi 
yield >= 37 (q/ha). 

12 Less-income

Table 3  Model performance of classification tree

Statistics of class: Yes Training model Testing model
Accuracy 0.9083 0.9458
Kappa 0.6413 0.7559
Sensitivity 0.965 0.9713
Specificity 0.625 0.7742
P-value 0.000*** 0.000*** 

***Significant at P-value <0.001.
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of the regression tree in predicting the model, demonstrates 
consistent fitting of observed and predicted values of 
outcome variables in both the training and testing datasets 
(0.45 and 1.97e-15, respectively). The decreased root mean 
square error (RMSE) in the testing model dataset indicates 
the robust performance of the model.

For earning sustainable income 
study found milk yield and crop 
yields (kharif and rabi crop) as 
crucial intricacy. Azumah et al. 
(2022), also concluded that kharif and 
rabi yield act as proxies for income 
generation in farming. Increased 
crop productivity diminishes the 
likelihood of outmigration (Sloat et 
al. 2020). Keshri and Bhagat (2012) 
similarly concluded that farmers with 
smaller operational landholdings were 
more likely to engage in seasonal 
migration. Smaller land holdings 
often entail suboptimal economies 
of scale, complicating efficient 
resource allocation and modern 
farming practices implementation. This 
situation leads to increased production 

costs per unit, ultimately diminishing 
overall profitability (Lu et al. 2019). 
The study also identified lower milk 
yield as a potential factor influencing 
farmers’ migration decisions. The 
inherent resilience of livestock against 
natural stressors and its ability to 
ensure consistent income throughout 
the year, it emerges as a viable and 
sustainable option for migrants seeking 
continuous profitability (Singh et al. 
2023). Furthermore, livestock farming 
offers diversified income streams 
through products such as meat, milk, 
dairy products, wool, leather, and 
breeding (Zhou et al. 2020). This 
diversification not only enhances the 

overall financial security of migrants, but also contributes 
to the resilience of their livelihoods in the face of climatic 
uncertainties as well as market volatility (Mulwa and 
Visser 2020). 

Exploring profitable ventures for migrant farmers 
through bigram text mining: In order to analyze location-
specific employment opportunities of resident farmers 
from Rajasthan and Uttar Pradesh for continuous income 
generation among migrant farmers, a network analysis of 
bigrams was accompanied. Fig. 3 depicts a network graph 
of bigrams on suggestions of both residents and KVK 
professionals, representing the employment prospects for 
stakeholders. The network consists of nodes representing 
income generation activities and connections between these 
nodes based on the degree of centrality of job prospects. The 
colour of the links represents the strength of connections. 
The network analysis revealed three thematic clusters that 
exhibited the highest number of connections (Fig. 3). The 
first thematic cluster revolves around the production of 
vegetables, flowers, fruits, mushrooms, pulses, and oilseeds. 

Fig. 2	Regression tree predicting significant variables for monthly household income.

Table 4	Predictions of regression tree for monthly household 
income

Outcome 
(₹1000)

Conditions for outcome n = 480 
(%)

46 When milk yield >= 1.6 litres per animal in 
a year and rabi yield <22 (q/ha)

4

28 When milk yield >= 1.6 litres per animal in 
a year and rabi yield >= 22 (q/ha) and kharif 
yield >= 16 (q/ha)

59

19 When milk yield >= 1.6 litres per animal in 
a year and rabi yield >= 22 (q/ha) and kharif 
yield <16 (q/ha)

8

17 When milk yield <1.6 litres per animal in 
a year

29

Fig. 3	A network graph of bigrams indicating profitable income generation activities for 
migrant farmers (n = frequencies of suggestions).
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The second cluster is centered on integrated, organic, and 
natural farming practices in conjunction with sheep and 
goats. The third theme emerges from the management of 
agricultural residue and livestock. The network analysis 
provides valuable insights into the interconnections between 
different employment opportunities and helps visualize the 
relationships among them. These thematic clusters highlight 
additional potential agricultural avenues for profit generation 
among migrant farmers, and also offer valuable insights for 
stakeholders seeking to optimize agricultural productivity 
and sustainability. Moreover, the alignment of Lee’s theory 
of push and pull factors with our findings emphasizes the 
significance of considering vocational opportunities in the 
UPRs for agricultural migrants. 

Conclusions and policy implications
Migrations from rural to urban area has been one of the 

major concerns in the changing socio-ecological and climatic 
scenario. This study could lead to learn that the vocational 
opportunities in agricultural employment for migrants in 
northern India has a complex dynamic. These migrants 
face challenges associated with accessing and improving 
employment opportunities, and thus their overall livelihood 
strategies are impacted. This suggests that interventions 
aimed at expanding opportunities in local agricultural 
sectors can serve as effective measures to mitigate migration 
pressures and facilitate agricultural development within the 
communities. The options explored by resident farmers 
could be utilized for the skill development programmes 
in enhancing migrants’ employability and productivity 
within the agricultural sector. Further, the inclusion of 
migrant farmers in economic growth can reduce income 
disparities and alleviate poverty in agriculture. The key 
insights of this study may help in boosting the productivity 
and creating appealing livelihood opportunities for migrant 
farmers in northern India. To address the challenges faced 
by migrant farmers, policymakers can think to plan and 
implement capacity building programmes in the livestock 
management and integrated farming systems; facilitating 
the access to credit and digital resources, and ensuring 
the social protection for migrant farmers as well as farm-
women. Despite the valuable insights gained from this 
study, this was limited to northern India and subjective to 
the personal bias of resident as well as migrant farmers. 
Therefore, generalization of results is subjected to the similar 
conditions and opportunities of residents and migrants 
related to agricultural sector. 
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