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Increasing farmers’ income and ensuring food security remain significant challenges in Pakistan’s agricultural sector. Social media adoption offers new opportunities for knowledge sharing, market access, and productivity gains; however, its impact on agricultural income remains underexplored. This study investigates the impact of social media usage during the production stage on crop farmers’ income in Punjab, Pakistan, and explores the underlying mechanisms, including improvements in technical efficiency, land productivity, and agricultural labor efficiency. Using survey data from 480 crop farmers, an endogenous switching regression model is employed to estimate the causal effect of social media usage on agricultural income. Mediation analysis further examines how productivity improvements drive income growth. Social media usage significantly increases agricultural income, with results remaining robust across alternative estimation methods. These income gains are primarily driven by improved technical efficiency and land productivity. They are especially evident among farmers with higher education levels, larger landholdings, and greater initial income. These findings underscore the transformative role of social media in rural development by facilitating better access to information and improved farm performance. To amplify these benefits, policymakers should prioritize expanding digital infrastructure, promoting digital literacy, and improving access to agricultural information, particularly for smallholder and low-income farmers.
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1 Introduction

The global agricultural sector faces numerous challenges, including the need to ensure food security, adapt to climate change, and promote sustainable farming practices (Middelberg, 2013; Chand, 2022). As the world’s population grows and food demand rises, transforming agricultural systems has become essential. Sustainable agriculture, which aims to increase food production while minimizing environmental degradation and preserving natural resources, plays a critical role in this transformation (Wang et al., 2024; Chin et al., 2024). In recent years, digital technologies, particularly social media, have emerged as powerful tools for advancing sustainable agricultural practices (Khan et al., 2021). These technologies enhance resource efficiency, improve productivity, and provide farmers with real-time access to climate forecasts, market trends, and best agricultural practices. Social media platforms are reshaping traditional farming by facilitating knowledge sharing, enabling peer-to-peer learning, and expanding farmers’ access to online markets (Ki et al., 2020; Johnson et al., 2020; Cui, 2014). Thus, the integration of digital technologies in agriculture not only boosts farm productivity but also helps address interconnected challenges related to food security, climate change, and rural development (Parra-López et al., 2024). In this context, understanding how social media supports sustainable agricultural growth, particularly among smallholder farmers, is crucial for shaping effective policies and interventions.

Connecting smallholder farmers to modern agricultural practices is essential for rural revitalization and agricultural modernization (Zheng et al., 2022). Several studies have investigated strategies to bridge this gap, including the promotion of farmer cooperatives, the development of agricultural socialized services, and the adoption of innovative land-use models such as land trusteeship and land stock cooperatives (He and Wu, 2019; Khan et al., 2022; Khan et al., 2022). Over the past decade, the integration of digital technologies, especially social media, has accelerated rural development. Governments worldwide have actively promoted the adoption of digital tools in agriculture, enhancing rural information infrastructure and reducing internet costs (Khan et al., 2022). Social media now plays a critical role in rural life by enhancing information exchange and building agricultural networks (Khan et al., 2021). By bridging the gap between farmers and modern innovations, it supports sustainable, broad-based rural development (Misaki et al., 2016). Recent data suggests that social media penetration in rural areas has reached a significant level, increasing farmers’ ability to access critical agricultural information and services. One of the key concerns in rural development is increasing farmers’ income, which is essential for motivating farmers to remain engaged in agriculture and strengthening the sector’s role in economic development. Despite the diversification of rural income sources, agricultural income remains relatively low, leading to a decline in farming enthusiasm (Pandey et al., 2024). The increasing adoption of social media in agriculture has influenced nearly every stage of production, from information gathering to decision-making and market access (Pandey et al., 2024). This shift improves information flow and encourages the adoption of modern technologies in agriculture, and enhancing human capital development in rural areas.

While earlier studies have examined the relationship between social media usage and income generation (Khanal et al., 2015), the majority have concentrated on its effects on overall or non-agricultural income, with comparatively little attention paid to its specific impact on agricultural income (Khanal et al., 2015), Unlike previous studies that focus on social media’s impact on overall or non-agricultural income, this research specifically examines the role of social media in influencing agricultural income through productivity improvements. By employing an endogenous switching model, this research provides robust causal evidence on the mechanisms through which social media enhances agricultural earnings. Some research suggests that social media usage positively influences agricultural production by optimizing production decisions and improving resource allocation (Goyal, 2010). It also enhances market awareness, which can lead to higher selling prices and increased income growth (Goyal, 2010; Siaw et al., 2020). However, other studies argue that social media access does not necessarily translate into higher agricultural income, as it may influence production decisions without significantly altering farmers’ financial outcomes (Aker and Ksoll, 2016). Some findings indicate little to no significant effect of social media usage on household agricultural income (Ma and Wang, 2020; Nguyen et al., 2022). However, these studies often fail to account for the heterogeneous effects of social media usage and the underlying mechanisms driving its impact on agricultural income.

To address this gap, the present study empirically analyzes data from 480 crop farmers in Punjab Province, Pakistan, using an endogenous switching model to examine how social media usage during the production stage affects agricultural income. Additionally, the study explores the mechanisms through which social media enhances income, focusing on its impact on productivity specifically technical efficiency, land productivity, and labor efficiency. The study further investigates the heterogeneous effects of social media adoption among different labor groups of farmers, considering factors such as human capital, farm size, and initial income levels.

The remainder of the paper is organized as follows: Following the introduction, Section 2 provides the theoretical framework and outlines the study’s hypotheses. Section 3 describes the methodology employed, while Section 4 presents the empirical results. Section 5 offers a discussion of the findings, including policy implications and limitations. The final section concludes the study.



2 Theoretical analysis and study hypotheses


2.1 Theoretical analysis

Social media usage has a profound impact on agricultural production by influencing land input, labor input, capital input, and the adoption of advanced agricultural technologies. Farmers, as the primary decision-makers in agriculture, require timely and accurate information to optimize their production processes. Access to relevant agricultural information enhances productivity, reduces uncertainty, and improves decision-making efficiency (Aker et al., 2016). Social media serves as an effective channel for acquiring agricultural knowledge, and facilitating cost-effective access to farming methods, input procurement, land management techniques, weather forecasts, and market trends (Deichmann et al., 2016; Du et al., 2023).

This study adopts the Technology Adoption Theory and Information Diffusion Theory to explain the mechanisms through which social media impacts agricultural income. The Technology Adoption Theory suggests that farmers adopt new technologies when they perceive them as useful and compatible with their existing practices. Social media accelerates this process by disseminating knowledge, reducing barriers to technology adoption, and enhancing farmers’ ability to integrate new agricultural practices. Meanwhile, Information Diffusion Theory explains how knowledge spreads within a farming community, and influences both individual and group decisions. Social media acts as a conduit for agricultural knowledge diffusion, enabling rapid adoption of best practices, modern farming techniques, and improved market access. By improving farmers’ access to timely and relevant agricultural knowledge, social media enhances technical efficiency, which refers to how well farmers utilize available inputs to maximize output. Additionally, it contributes to land productivity by promoting efficient land use practices, ensuring higher agricultural output per unit of land. Furthermore, social media improves labor efficiency by equipping farmers with better techniques, market insights, and mechanized solutions, ultimately increasing output per unit of labor. The agricultural production function can be represented using the Cobb–Douglas production function:
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In Equation 1 where i represents the farming household, Yield denotes agricultural output, A captures technological progress, and K, L, and M represent capital, labor, and land inputs, respectively. Social media enhances these factors through improved information dissemination, reducing transaction costs, increasing efficiency, and optimizing input allocation (Nyarko and Kozári, 2021; Zheng et al., 2022). The following subsections detail the specific pathways through which social media impacts agricultural production.


2.1.1 Information dissemination and land input

Land is one of the most critical resources in agriculture, and its efficient use significantly affects farm productivity and income. Social media plays a crucial role in improving land management through information dissemination. Farmers can access guidance on soil fertility preservation, organic farming techniques, and precision agriculture methods. They can also learn about land improvement strategies, such as organic fertilizer application, straw return, and land leveling, which enhance soil quality and productivity (Xue and Xue-tao, 2023). Additionally, social media reduces information asymmetry in land rental markets, facilitating smoother transactions and reducing search and negotiation costs. Improving transparency in land leasing and ownership verification, it enhances land market efficiency, enabling optimal resource allocation (Xu et al., 2024; Zhang et al., 2022). These factors contribute to increased farming efficiency (Ahmad et al., 2024), ultimately boosting agricultural income (Deininger and Jin, 2005).



2.1.2 Technological innovation and labor input

Social media significantly influences labor input by promoting technological innovation and improving agricultural labor efficiency. Through social media, farmers gain access to a wealth of agricultural knowledge, including modern practices such as mechanization, precision farming, and digital extension services. This facilitates knowledge accumulation, enhances skill development, and encourages the transition toward more efficient farming techniques. Furthermore, social media facilitates peer-to-peer learning, enabling farmers to exchange insights and experiences with their counterparts in other regions. The real-time dissemination of best practices through videos, tutorials, and expert consultations accelerates the adoption of labor-saving technologies. As a result, farmers can allocate labor more efficiently, reducing costs and increasing overall agricultural productivity (Deininger and Jin, 2005).



2.1.3 Market access and capital input

Access to financial resources is essential for sustaining agricultural investments. Social media provides farmers with better access to capital and market opportunities by linking them to financial institutions, microfinance services, and government subsidy programs. Digital platforms enable farmers to access low-cost loans, flexible credit, and government grants for investing in inputs (Qianfeng and Qifeng, 2022). Moreover, social media enhances market integration, allowing farmers to connect directly with buyers, bypass intermediaries, and secure better prices for their produce. Platforms like Facebook, WhatsApp, and YouTube facilitate online marketplaces, enabling farmers to advertise their products, negotiate prices, and expand their customer base. This improved market access leads to higher returns on agricultural investments (Sheng and Wang, 2015; Khan et al., 2022; Hou et al., 2019).



2.1.4 Social media and the adoption of advanced agricultural technologies

Smallholder farmers often struggle with information gaps that hinder their adoption of modern agricultural technologies. Social media bridges this gap by providing real-time access to expert advice, training programs, and virtual demonstration plots. Studies show a strong correlation between social media engagement and increased adoption of agricultural innovations (Aker, 2011). Through social media, farmers can participate in virtual training sessions, access extension services remotely, and receive updates on new farming technologies (Atanu et al., 1994; Adegbola and Gardebroek, 2007). Additionally, real-time problem-solving through farmer networks and expert forums enhances technology uptake, leading to improved productivity and efficiency (Larochelle et al., 2019).

Based on the above discussion, Figure 1 presents the conceptual framework illustrating how social media enhances agricultural income. The framework highlights the key pathways through which social media influences farming outcomes, including improved land management, increased labor productivity (output per unit of labor input, typically measured in yield per labor day), optimized capital inputs, and accelerated technology adoption. These factors collectively contribute to higher farm productivity and sustainable income growth for farmers.
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FIGURE 1
 Theoretical framework of social media’s impact on agricultural income.





2.2 Hypothesis development

Based on the above theoretical analysis, the current study proposes the following hypotheses:


H1: Social media usage by farmers can increase their agricultural income.


Factor inputs (land management, labor productivity, capital inputs, and technology adoption) and technological progress are key sources of productivity growth. As previously discussed, social media optimizes farmers’ input decisions and technology adoption behaviors, improving agricultural productivity. The increase in agricultural productivity is closely tied to the increase in agricultural income (Block, 2014; Xu et al., 2022). Therefore, to comprehensively analyze the indirect role of productivity in the process by which social media promotes income growth for farmers, this study focuses on three indicators technical efficiency, land productivity, and labor productivity to represent farmers’ productivity. Technical efficiency measures the efficiency of agricultural production management and overall production efficiency (Wouterse, 2010), and using this indicator allows for a comprehensive assessment of farmers’ production efficiency from the perspectives of resource allocation, technology adoption, and decision-making management. Land productivity, with a constant land operating scale, indicates an increase in agricultural output. Similarly, improvements in labor productivity are linked to increased agricultural output or a reduction in the labor cost of family agricultural labor. As discussed earlier, social media usage can encourage farmers to adopt advanced agricultural technologies, optimize resource allocation, and enhance human capital, which will positively affect farmers’ technical efficiency, land productivity, and labor productivity (Deng et al., 2024; Gao et al., 2022; Peng et al., 2022), ultimately raising agricultural income. Thus, this study proposes the second hypothesis:


H2: Social media usage by farmers increases agricultural income by improving technical efficiency, land productivity, and labor productivity.





3 Methodology


3.1 Study area and data collection

Punjab province, located in eastern Pakistan, is the country’s most agriculturally significant region, contributing a substantial share of national crop production. Its fertile soil, extensive irrigation system, and diversified farming practices make it a leading center for agricultural research and innovation. The province produces key staple and cash crops, including wheat, rice, sugarcane, and cotton, which are essential for Pakistan’s food security and agrarian economy (Ali et al., 2022). Compared to other provinces, Punjab has a higher adoption rate of modern agricultural technologies, making it an ideal setting for studying the impact of social media usage on farm performance. While regions such as Sindh, Khyber Pakhtunkhwa, and Balochistan also contribute to agriculture, they differ in climate, crop diversity, and irrigation infrastructure. Sindh, for instance, has a greater reliance on the Indus River system, while Balochistan’s agriculture is constrained by water scarcity and arid conditions. Punjab, in contrast, benefits from a well-established canal system and a mix of smallholder and large-scale commercial farms, allowing for a comprehensive analysis of agricultural digitization across different farm sizes. Given Punjab’s central role in Pakistan’s agricultural economy, the findings from this study provide insights that are broadly applicable to other major crop-producing regions with similar agro-economic structures. However, variations in infrastructure, market access, and policy environments across provinces suggest that while Punjab serves as a representative case, future research should explore regional differences to assess the full national impact of social media adoption in agriculture.

The data for this study was collected through a field survey in Punjab Province, Pakistan, from July to September 2022, targeting crop farming households. A combined stratified and random sampling method was used to ensure representativeness. The sampling followed a hierarchical structure: crop production area, province → districts → tehsils → villages → farmers. Four major crop production areas were identified, from which one district per area was proportionally selected, resulting in four sample districts. Within each district, four tehsils were randomly chosen (16 total), followed by four randomly selected villages per tehsil (32 total). Finally, 15 households per village were randomly chosen, targeting primary agricultural producers and decision-makers (Table 1). To minimize potential biases, the study ensured broad geographical coverage, including both remote and central areas. Random selection at each stage reduced selection bias, while participation bias was mitigated by emphasizing voluntary and confidential participation. Efforts were made to include a diverse mix of smallholder and large-scale farmers to enhance representativeness. A total of 500 questionnaires were distributed, with 480 valid responses, yielding a 96% response rate. These measures strengthen the reliability of the dataset and ensure an accurate reflection of Punjab’s agricultural landscape.


TABLE 1 Summary of sampling design.


	Stage
	Sampling unit
	Number selected

 

 	Stage 1 	Survey conducted in 	1 (Punjab Province)


 	Stage 2 	Crop production zones 	4 zones


 	Stage 3 	Districts (1 per zone) 	4 districts


 	Stage 4 	Tehsils (4 per district) 	16 tehsils


 	Stage 5 	Villages (4 per tehsil) 	64 villages


 	Final Sample 	Valid household responses 	480 households




 



3.2 Model specification


3.2.1 Endogenous switching regression model (ESRM)

Since it is not possible to simultaneously observe the agricultural income of the same farmer in both the social media usage and non-usage states, an endogenous switching regression model (ESRM) was constructed. This model accounts for selection bias by allowing different income determination equations for social media users and non-users, addressing both observed and unobserved heterogeneity as an advantage over OLS and propensity score matching (PSM). The selected instrumental variables, “personal willingness” and “influence of others,” strongly affect social media usage but do not directly influence agricultural income, ensuring validity in addressing endogeneity concerns. The income determination equation for farmers is as follows:
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In Equation 2, Incfarm represents the agricultural income of farmer i, Si is the binary variable representing social media usage, where Si = 1 indicates “used,” and Si = 0 indicates “not used.” Xij represents other variables that influence farmers’ income, including personal, family, and village characteristics.

If the decision to use social media by farmers is random, then applying OLS regression to Equation 2 would provide an unbiased estimate of farmers’ income. In this case, α represents the magnitude of the impact of social media usage on farmers’ income. However, the decision to use social media is influenced by external policy environments and farmers’ heterogeneity, leading to a “self-selection” problem. There are also unobservable variables that simultaneously affect farmers’ social media usage and their income levels. Ignoring the impact of sample heterogeneity on decision-making would lead to bias and endogeneity issues.

The ESRM is a two-stage estimation process: In the first stage, a selection estimation equation is established, i.e., the model for estimating social media usage, which verifies the factors influencing farmers’ decision-making. In the second stage, the result equation is used to estimate the income equation for both “used” and “not used” groups separately, verifying income differences under different scenarios.

Farmers’ behavioral decision model is expressed as follows:




S
i

∗

=

γ
j


Z
ij

+

v
i

      (3)

In Equation 3 Si is the latent variable of the binary indicator Si. When Si > 0, Si = 1; when Si < 0, Si = 0. Zij represents the variable that influences farmers’ decision-making behavior. The income determination equations for farmers are presented in Equation 1:
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In the Equation 4 the scenarios “farmers who have used social media choose not to use it” and “farmers who have not used social media but would have used it” are two unobservable “counterfactual” situations. According to the ESRM, the income in these scenarios can be fitted, leading to an estimate of the average treatment effect of farmers choosing to use social media. The Average Treatment Effect on the Treated (ATT) for farmers who use social media, had they not used it, is given in Equation 6:
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The average treatment effect on the untreated (ATU) for farmers who have not used social media as they used it, is given Equation 7:
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3.2.2 Mediation effect model

Theoretical analysis suggests that social media usage has a positive impact on farmers’ agricultural production, including technical efficiency, land productivity, and labor productivity, which in turn promotes agricultural income growth. This effect mechanism requires further empirical testing. Drawing from the mediation effect methodology by Wen and Ye (2014), the model is presented as follows:
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In these equations, M represents the mediator variable, which includes the farmer’s production technical efficiency, land productivity, and labor productivity. Y represents the farmer’s agricultural income, and X represents social media usage. In Equation 8, α1 represents the effect of social media usage on agricultural income. If α1 is significantly positive, it indicates that social media usage increases agricultural income, and α1 is the total effect. If γ1 in Equation 9 and β2 in Equation 10 are both significant, a mediation effect exists. The indirect effect, γ1 × β2, represents the indirect impact of social media usage on agricultural income through the mediator variables.




3.3 Variable selection

In Table 2 the dependent variable is “farmer agricultural income.” Since the survey targets crop farmers, “agricultural income” is defined as the total income obtained from crop production by the farmer’s household, measured in 10,000 PKR.


TABLE 2 Variable selection and description.


	Variable name
	Variable description

 

 	Dependent variable


 	Agricultural income 	Total income from crop production (PKR).


 	Explanatory variable


 	Social media usage 	Uses social media for agricultural information (1 = Yes, 0 = No).


 	Digital infrastructure


 	Broadband network 	Household has fixed broadband (1 = Yes, 0 = No).


 	Land and farm structure


 	Family land size 	Total land managed by the household (hectares).


 	Land rights confirmation 	Household has confirmed land rights (1 = Yes, 0 = No).


 	Degree of diversification 	Extent of farm diversification (0 = None, 3 = Full-time).


 	Years in farming 	Number of years engaged in farming.


 	Agricultural labor force 	Number of household members engaged in farming.


 	Social Capital


 	Village leader 	Holds a village leadership role (1 = Yes, 0 = No).


 	Cooperative member 	Member of an agricultural cooperative (1 = Yes, 0 = No).


 	Demographic characteristics (control variables)


 	Gender 	Gender of the farmer (1 = Male, 0 = Female).


 	Age 	Age of the farmer (years).


 	Education 	Education level (years of formal education).


 	Health status 	Self-rated health (1 = Very Poor, 5 = Very Good).


 	Behavioral and perceptual variables (dummy variables)


 	Personal willingness 	Willing to use social media for agricultural info (1 = Yes, 0 = No).


 	Influence of others 	Neighbors use social media for farming info (1 = Yes, 0 = No).




 

The key explanatory variable is “social media usage.” The survey question asked, “Do you use social media to obtain relevant information in the production process (such as agricultural input purchases, land transfer, planting techniques, socialized services, and production material loans)?” A “Yes” response is coded as 1, and “No” as 0, making it a binary variable.

To minimize omitted variable bias, the following control variables are selected: individual characteristics, including the farmer’s gender, age, years of education, health status, years in farming, degree of diversification, whether the farmer is a village leader, and whether they are a member of a cooperative (8 variables); family characteristics, including the family’s land management scale, whether land rights have been confirmed, number of agricultural laborers, and whether the family has fixed broadband social media access (4 variables); and village characteristics, including village terrain and village type (2 variables). Dummy variables are generated in the empirical analysis to control for village-level characteristics. Furthermore, the endogenous switching model requires instrumental variables that influence the selection equation (social media usage) but do not directly impact the outcome equation (agricultural income) (Udimal et al., 2020). The selected instruments “personal willingness” and “influence of others” are appropriate as they directly affect a farmer’s decision to use social media but do not independently determine agricultural income. The survey includes the question: are you willing to obtain necessary information via social media? Which captures a farmer’s intrinsic motivation to engage with digital tools. This willingness influences their likelihood of adopting social media for agricultural purposes but does not directly alter their income unless usage occurs. Similarly, the survey question Do your neighbors use social media to obtain necessary information? Measures peer influence, as farmers surrounded by social media users are more likely to adopt it themselves. However, their neighbors’ social media usage does not directly impact their agricultural income, ensuring the validity of the exclusion restriction (Ma et al., 2022; Li et al., 2024). These instruments effectively capture both internal motivation and external influence while addressing potential endogeneity concerns.




4 Empirical results


4.1 Descriptive statistics

Table 3 presents the variable definitions and descriptive statistics. Among the surveyed farmers, 55.5% use social media for agricultural purposes, showing notable differences in income, demographics, and farm characteristics compared to non-users. On average, social media users earn 25,650 PKR more in agricultural income. They tend to be middle-aged, with a mean age of 54.99 years, rather than young. They have also received more formal education, averaging 7.78 years. Their self-reported health status is higher as well, averaging 3.90 on a five-point scale. Regarding farm characteristics, social media users manage landholdings averaging 5.56 hectares, which is slightly smaller than the overall sample average landholding of 6.30 hectares. This suggests that social media users do not generally have larger farms. Contrary to expectations, social media users are less likely to hold leadership positions, with 21.6% serving as village leaders, compared to 28.4% among all farmers surveyed. Notably, broadband access is significantly higher among social media users, with 86.8% having a fixed broadband connection. Furthermore, 65.8% of social media users express willingness to obtain agricultural information online, and 39.8% report that their neighbors also use social media for agricultural purposes. In terms of farming practices, social media users show a higher degree of diversification, with a mean score of 0.94, but have slightly fewer years of farming experience 22 years than non-users. These descriptive statistics underscore the potential benefits of social media adoption in agriculture and provide a foundation for further empirical analysis.


TABLE 3 Descriptive statistics of main variables.


	Variable name
	Mean (SD)

 

 	Agricultural income 	5.798 (9.772)


 	Social media usage 	0.555 (0.486)


 	Broadband network 	0.868 (0.326)


 	Family land size 	5.561 (23.825)


 	Land rights confirmation 	0.949 (0.209)


 	Degree of diversification 	0.940 (1.162)


 	Years in farming 	22.051 (13.249)


 	Agricultural labor force 	1.793 (0.675)


 	Village leader 	0.216 (0.423)


 	Cooperative member 	0.198 (0.396)


 	Gender 	0.672 (0.151)


 	Age 	54.994 (8.122)


 	Education 	7.785 (2.958)


 	Health status 	3.897 (0.987)


 	Personal willingness 	0.658 (0.461)


 	Influence of others 	0.398 (0.489)




 



4.2 Mean differences between two groups of farmers

The statistical characteristics of the sample of farmers reveal several key differences between social media users and non-users in Table 4. The average age of household heads using social media is 53.14, which is younger than 56.11 for non-users, indicating that social media users tend to be younger. Social media users have an average of 8.22 years of education, compared to 7.45 years among non-users, suggesting that social media users generally have a higher level of education. In terms of agricultural income, social media users report an average of 6.90, significantly higher than the 4.34 for non-users, highlighting the positive association between social media use and income. Regarding landholdings, social media users have larger family farms, with an average size of 52.67 acres compared to 36.30 acres for non-users, indicating that larger-scale farmers are more likely to use social media. Additionally, social media users are more likely to be involved in community leadership roles (0.25 vs. 0.15) and are more engaged in cooperative memberships (0.25 vs. 0.14). Social media users also exhibit a higher willingness to adopt new technologies (0.84 vs. 0.45), as well as stronger influence from others (0.51 vs. 0.25), suggesting greater openness to agricultural innovations. These results show that social media users tend to have better resources, higher incomes, and a greater propensity for adopting new agricultural practices compared to non-users.


TABLE 4 Mean differences between two groups of farmers.


	Variable name
	Non-social media users (N = 230)

 Mean (SD)
	Social media users (N = 250)

 Mean (SD)
	Group difference (standard error)

 

 	Agricultural income 	4.336 (7.611) 	6.903 (10.889) 	−2.565*** (0.581)


 	Broadband network 	0.841 (0.366) 	0.890 (0.314) 	−0.049*** (0.021)


 	Family land size 	36.295 (65.723) 	52.668 (78.785) 	−16.373*** (4.452)


 	Land rights confirmation 	0.941 (0.233) 	0.955 (0.207) 	−0.013 (0.132)


 	Degree of diversification 	0.858 (1.134) 	0.985 (1.166) 	−0.127** (0.697)


 	Years in farming 	35.222 (13.156) 	33.149 (13.280) 	2.070*** (0.801)


 	Agricultural labor force 	1.767 (0.685) 	1.813 (0.681) 	−0.046 (0.417)


 	Village leader 	0.155 (0.362) 	0.254 (0.440) 	−0.108*** (0.029)


 	Cooperative member 	0.136 (0.333) 	0.245 (0.430) 	−0.110*** (0.241)


 	Gender 	0.690 (0.198) 	0.659 (0.098) 	−0.031*** (0.010)


 	Age 	56.117 (8.237) 	53.140 (7.920) 	1.985*** (0.481)


 	Education 	7.449 (2.934) 	8.218 (2.921) 	−0.769*** (0.178)


 	Health status 	3.775 (0.958) 	3.990 (1.003) 	−0.214*** (0.595)


 	Personal willingness 	0.453 (0.499) 	0.835 (0.381) 	−0.382*** (0.024)


 	Influence of others 	0.251 (0.429) 	0.500 (0.499) 	−0.262*** (0.029)





*, **, *** indicate significance at the 10, 5, and 1% levels, respectively.
 



4.3 Analysis of the income-increasing effect of social media usage

The impact of social media usage on farmers’ agricultural income: The results from the ESRM (Table 5) show that the Wald test rejects the null hypothesis of independence between the selection equation and the outcome equation at the 1% significance level. Both ρ0 and ρ1 are significantly different from zero at the 1% level, indicating that unobservable factors simultaneously influence farmers’ decisions to use social media and their agricultural income. Therefore, it is essential to correct for selection bias to avoid potential errors. This suggests that using the endogenous switching model for empirical estimation is appropriate. Factors influencing farmers’ decision to use social media: As seen in Column (1) of Table 5, the estimation results provide insights into the factors affecting farmers’ decisions to use social media, analyzed from the perspectives of household head characteristics, family operation features, and other relevant factors. The ESRM (Table 5) highlights several factors influencing farmers’ decisions to use social media. Males are more likely to use social media for agricultural information, likely due to higher participation in farming, while healthier farmers are more inclined to engage with online resources. Farmers in leadership roles or those involved in cooperatives have broader access to information channels, increasing their likelihood of social media use. Additionally, farmers with larger land holdings tend to use social media to improve efficiency and profitability, and households with broadband social media access are more likely to engage with online resources. Farmers’ willingness to use social media and the influence of neighbors are both significantly correlated with social media usage, suggesting that personal motivation and social networks play key roles in adoption.


TABLE 5 Estimation results of the endogenous switching model.


	Variable name
	Selection equation
	Outcome equation



	Social media usage (1)
	Using social media (2)
	Not using social media (3)

 

 	Broadband network 	0.239** (0.120) 	0.175 (0.703) 	−0.570 (0.531)


 	Family land size 	0.001* (0.000) 	0.121*** (0.003) 	0.094*** (0.004)


 	Land rights confirmation 	0.204 (0.188) 	−0.713 (1.031) 	−0.466 (0.836)


 	Degree of diversification 	0.022 (0.037) 	0.437** (0.178) 	0.090 (0.191)


 	Years in farming 	0.002 (0.005) 	0.036* (0.021) 	0.023 (0.022)


 	Agricultural labor force 	0.004 (0.062) 	0.459 (0.318) 	0.632** (0.281)


 	Village leader 	0.190* (0.105) 	−0.735 (0.522) 	−1.131** (0.555)


 	Cooperative member 	0.234** (0.108) 	−0.294 (0.523) 	−0.139 (0.593)


 	Gender 	0.762** (0.315) 	0.075 (1.981) 	0.015 (1.010)


 	Age 	−0.005 (0.008) 	−0.041 (0.035) 	−0.024 (0.035)


 	Education 	0.006 (0.016) 	0.085 (0.078) 	−0.046 (0.073)


 	Health status 	0.089** (0.040) 	−0.270 (0.235) 	−0.007 (0.224)


 	Personal willingness 	0.905*** (0.094) 	– 	–


 	Influence of others 	0.405*** (0.088) 	– 	–


 	Village terrain 	Controlled 	Controlled 	Controlled


 	Village type 	Controlled 	Controlled 	Controlled


 	Constant 	−2.259** (0.595) 	6.398* (3.532) 	2.162 (2.459)


 	lnσ0 	– 	1.435*** (0.035) 	–


 	ρ0 	– 	−0.253** (0.110) 	–


 	lnσ1 	– 	1.673*** (0.029) 	–


 	ρ1 	– 	−0.255** (0.125) 	–


 	Wald chi-squared (16) 	1010.74*** 	– 	–


 	LR test of independence 	χ2 (2) = 10.15, Prob > χ2 = 0.0061





Significance Levels: *p < 0.10, **p < 0.05, ***p < 0.01.
 

A comparison of income determinants between social media users and non-users reveals notable differences. For social media users, more years in farming significantly contribute to higher income, as experienced farmers combine their accumulated knowledge with online information to optimize resources. The degree of diversification positively impacts income for social media users, helping part-time farmers balance agricultural and non-farming activities, while non-users see no such effect. Village leader status positively correlates with income for non-users, but not for social media users, suggesting that social media helps village leaders balance governance duties with farming. Both groups show a positive relationship between family land size and income, but social media users benefit more due to improved resource efficiency. Lastly, while non-users see a positive relationship between family labor force size and income, social media usage compensates for smaller labor forces among social media users, enhancing productivity and boosting income. Overall, social media usage enables farmers to optimize practices, improve efficiency, and increase income through better access to information and technology.



4.4 Average treatment effects in two scenarios

To further assess the impact of social media usage on agricultural income, we calculate the agricultural income for both groups of farmers under “factual” and “counterfactual” scenarios. Table 6 presents the Average Treatment Effect on the Treated (ATT) and the Average Treatment Effect on the Untreated (ATU), providing insights into how social media influences income levels. The results indicate that social media users earn significantly higher agricultural income than non-users. The ATT value of 2.422 means that among farmers who already use social media, their income would have been lower by this amount had they chosen not to use it. Similarly, the ATU value of 2.214 suggests that if non-users had adopted social media, their income would have increased by this amount. A notable income gap emerges in the counterfactual scenario. For non-social media users, the analysis reveals that their agricultural income could increase by 54.81% if they adopted social media, underscoring the significant economic potential of digital adoption. Conversely, for current social media users, discontinuing social media usage would lead to a 35.79% income reduction, reinforcing the critical role of social media in sustaining higher agricultural earnings. These findings suggest that non-users could significantly benefit from social media adoption, highlighting the need for digital literacy programs and rural infrastructure investments. Policymakers should support training initiatives to help farmers leverage social media for market access, modern techniques, and financial resources. Additionally, sustained digital inclusion policies are essential to prevent income losses among current users and ensure long-term agricultural resilience.


TABLE 6 Average treatment effects of social media usage on farmers’ agricultural income.


	Farmer category
	Social media users
	Non-social media users
	ATT
	ATU
	Change rate

 

 	Social media users (a) 	6.821 	0.385 	4.399 	0.245 	2.422*** 	0.487 	— 	35.79%


 	Non-social media users (b) 	6.665 	0.380 	4.451 	0.292 	— 	2.214*** 	0.480 	54.81%





ATT (Average Treatment Effect on the Treated) represents the impact of social media usage on income for users. ATU (Average Treatment Effect on the Untreated) estimates how much non-users would gain if they adopted social media. Change Rate is calculated as the percentage increase in agricultural income due to social media usage. ***Indicates significance at the 1% level.
 



4.5 Heterogeneity analysis


4.5.1 Different levels of human capital

Education, land size, and income levels were selected for subgroup analysis as they significantly influence farmers’ ability to adopt and benefit from social media. Higher education enhances farmers’ ability to interpret and apply online agricultural information, while larger landholdings and higher initial income create greater opportunities for efficiency gains. To assess human capital, we use years of education as an indicator. Farmers are divided into high and low human capital groups based on the sample’s average education level of 8 years. The ability to effectively use information depends on human capital, as supported by empirical results (Table 7), which show that social media usage significantly increases income for both groups (ATT and ATU significant at 1%). However, the negative differences in ATT and ATU between the groups suggest that the income-increasing effect is stronger for farmers with higher education. Although improved digital infrastructure facilitates social media adoption, income growth from social media depends on farmers’ ability to filter, analyze, and apply information effectively. Higher education equips farmers with better analytical and management skills, allowing them to make more informed production decisions. Consequently, the impact of social media on agricultural income varies based on farmers’ human capital levels.


TABLE 7 Heterogeneity results are based on farmers’ human capital level.


	Variable
	Low human capital (edu ≤ 8)
	High human capital (edu > 8)
	Diff. (a-b)

 

 	ATT 	1.801** 	0.836 	2.120*** 	0.630 	−0.319


 	ATU 	1.903** 	0.817 	3.010*** 	0.565 	−1.107


 	Sample size 	230 	250 	





ATT and ATU represent the Average Treatment Effect on the Treated and the Untreated, respectively. Diff. (a-b) refers to the difference in the ATT and ATU between the low and high human capital groups. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
 



4.5.2 Different household land operation scales

According to the existing policy documents on the definition of “large-scale households,” farmers are categorized into large and small-scale groups based on their family-operated land area, with 25 acres serving as the dividing line. Large-scale farmers typically enjoy significant technical advantages and economies of scale (Hu et al., 2022). Additionally, considering production costs, farmers with larger land operations tend to invest more in agriculture from an input–output perspective (Smidt and Jokonya, 2022). The empirical results (Table 8) further indicate that, for both social media users and non-users, social media usage has a positive income-increasing effect on farmers, regardless of their land operation scale. Both the ATT and ATU for both groups are significant at the 1% level. However, the differences between the ATT and ATU for both groups are negative, suggesting that social media usage has a more pronounced income-increasing effect for large-scale farmers. In other words, the larger the land operation, the more beneficial the use of social media in increasing income. For large-scale farmers, having more abundant resources such as capital and land allows them to leverage social media to optimize the allocation of resources and enhance efficient input. For instance, social media can help integrate fragmented land to improve land productivity or use machinery to replace manual labor, thereby increasing labor productivity and ultimately boosting agricultural output and income.


TABLE 8 Heterogeneity results based on household land operation scale.


	Variable
	Small scale (area ≤ 25 acres)
	Large scale (area > 25 acres)
	Diff. (a-b)

 

 	ATT 	2.564*** 	0.101 	4.519*** 	0.949 	−1.946


 	ATU 	0.556*** 	0.103 	5.708*** 	1.309 	−5.152


 	Sample size 	250 	230 	





ATT and ATU represent the Average Treatment Effect on the Treated and the Untreated, respectively. Diff. (a-b) refers to the difference in the ATT and ATU between small-scale and large-scale farmers. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
 



4.5.3 Different initial agricultural income levels

To explore the heterogeneity of the income-increasing effect of social media usage across rural residents with different initial agricultural income levels, we divided the sample based on agricultural income into low-income, middle-income, and high-income groups. A regression analysis was conducted by grouping according to income levels. The empirical results (Table 9) show that social media usage has a positive and significant ATT and ATU for low, middle, and high agricultural income groups, indicating that the income-increasing effect of social media is “inclusive” across all income levels. However, compared to the low-income group, the differences in ATT and ATU between the middle and high-income groups gradually increase. This suggests that the impact of social media usage on agricultural income differs significantly among farmers, with the income-increasing effect being more pronounced for high-income farmers. For low-income farmers, who have fewer initial production resources and face stricter resource constraints, using social media to access production information can enhance their human capital. However, it may not significantly help them leverage their existing resource endowments to achieve greater output. The results suggest that while the “digital dividend” exists across all income levels, the magnitude of its effect varies. Therefore, efforts should be made to assist low-income farmers in using social media to acquire agricultural production information and make efficient use of their inherent resources, maximizing agricultural production efficiency and narrowing the income gap between farmers, thus addressing the “three-level digital divide.”


TABLE 9 Heterogeneity results are based on farmers’ initial agricultural income.


	Variable
	Low income (income ≤ 25th percentile)
	Middle income (25th < income ≤ 75th percentile)
	High income (income > 75th percentile)
	Diff. (a-b)
	Diff. (a-c)

 

 	ATT 	0.200*** 	0.023 	0.256*** 	0.054 	3.525* 	2.472 	−0.054 	−3.331


 	ATU 	0.232*** 	0.022 	0.482*** 	0.301 	6.022*** 	2.152 	−0.261 	−5.789





ATT and ATU represent the Average Treatment Effect on the Treated and the Untreated, respectively. Diff. (a-b) and Diff. (a-c) show the difference between the low-income group and the middle/high-income groups. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01. Numbers in parentheses represent standard errors.
 




4.6 Robustness check


4.6.1 Changing the estimation model

To ensure the robustness of our findings, we conducted multiple robustness checks, including alternative estimation models, different functional forms, and sub-sample analyses. Specifically, we tested the results using Ordinary Least Squares (OLS) regression, the Treatment Effects Model, and the Two-Stage Least Squares (2SLS) Instrumental Variables (IV) Method, as presented in Table 10. A comparative analysis shows that while OLS regression produces significantly positive coefficients, they are smaller than those from other models, suggesting endogeneity issues and potential bias. The IV method (2SLS) addresses endogeneity but does not fully resolve self-selection bias, while the Treatment Effects Model mitigates self-selection bias but does not fully account for sample heterogeneity. Despite these methodological differences, the results remain consistent, confirming the reliability of our main findings. Additionally, we tested the model’s sensitivity to different functional forms and performed sub-sample analyses to further verify the robustness of our conclusions. These checks ensure that our findings on the impact of social media on agricultural income are not artifacts of model choice or estimation bias.


TABLE 10 Comparison of results from different methods.


	Model
	(1) OLS
	(2) Treatment effects
	(3) 2SLS

 

 	Social media usage 	0.652** 	0.352 	2.101*** 	0.542 	2.225*** 	0.855


 	Control variables 	Controlled 	Controlled 	Controlled


 	Village dummy variables 	Controlled 	Controlled 	Controlled


 	Sample size 	480





The 2SLS refers to two-stage least squares, an instrumental variables method. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
 



4.6.2 Changing the dependent variable

Although the survey targets rice farmers, in practice, farmers do not only grow rice but may also cultivate other crops such as wheat, peanuts, and other food and cash crops. Therefore, we combined the total income from all crops grown by the household and used “household crop income” as the new dependent variable for further testing. Additionally, while the use of social media in agricultural production was initially focused on rice, farmers may also use social media for information related to other crops, thereby increasing their overall crop income. Thus, using the survey data, we calculated the total income from rice, wheat, corn, peanuts, and other food and cash crops grown by the household, while including all previously selected control variables, and applied the endogenous switching model for estimation. The results in Table 11 show that ATT = 2.655, and ATU = 3.270, with change rates of 35.66 and 68.75%, respectively. This indicates that social media usage in the agricultural production process significantly increased household crop income, aligning with the empirical results from the main model, thereby confirming the robustness of the findings.


TABLE 11 Average treatment effect of social media usage on household crop income.


	Farmer category
	Social media users (a)
	Non-social media users (b)
	ATT
	ATU
	Change rate %

 

 	Social media users 	7.652 	0.418 	5.005 	0.315 	2.655** 	0.524 	– 	35.66%


 	Non-social media users 	8.094 	0.413 	4.825 	0.309 	– 	3.270*** 	0.479 	68.75%





ATT and ATU represent the average treatment effect on the treated and the untreated, respectively. Change rate is calculated as the percentage increase in agricultural income due to social media usage. Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
 




4.7 Mechanism analysis of the impact of social media usage on farmers’ agricultural income

To analyze the mechanism through which social media usage affects farmers’ agricultural income from a productivity perspective, we used the Stochastic Frontier Approach (SFA) for estimation. Since the primary survey target was rice farmers, the output indicator was total rice production (measured in kilograms), land input was the total area planted with rice (measured in acres), and labor input was the total family and hired labor input (measured in days). Other material inputs included seeds, fertilizers, agricultural films, pesticides, irrigation, machinery use, and fuel. Land productivity and labor productivity were measured by the average yield per acre (kilograms/acre) and average output per labor day (kilograms/day), respectively. Drawing from the mediation effect analysis method by Wen and Ye (2014), we performed non-parametric bootstrap testing to examine the underlying impact mechanism.

Technical efficiency measures agricultural production management efficiency and productivity, reflecting factors such as production potential, cost control during the production process, and competitiveness. It serves as a key indicator of how efficiently farmers utilize available resources. Social media usage contributes to income growth by enhancing technical efficiency, land productivity, and labor productivity. Specifically, social media provides farmers with real-time access to agricultural information, including best farming practices, input selection, weather forecasts, and market prices. This enables them to make more informed decisions, optimize input use, and adopt modern agricultural techniques, reducing inefficiencies and improving production outcomes. Moreover, social media facilitates knowledge-sharing, allowing farmers to learn from peers, agricultural experts, and extension services, further enhancing their ability to allocate resources effectively.

The empirical results in Table 12 show that social media usage significantly improves technical efficiency, with a mediation effect of 0.135, accounting for 18.86% of the total impact on income. This suggests that part of the income increase associated with social media usage is due to improved management practices and better resource utilization. Similarly, social media enhances land productivity, with a mediation effect of 0.154, contributing 21.52% of the total effect. This improvement is driven by farmers gaining access to information on soil fertility management, precision farming, and irrigation techniques, leading to better land utilization and higher yields. Additionally, labor productivity is significantly improved through social media usage, with a mediation effect of 0.129, accounting for 17.00% of the total impact. This indicates that social media helps farmers streamline labor management by adopting mechanization and efficient workforce allocation, ultimately boosting agricultural income. Overall, the total effect of social media usage on agricultural income is 0.709, with its impact distributed across technical efficiency, land productivity, and labor productivity. While social media directly enhances income by improving market access and reducing transaction costs, a significant portion of its effect is mediated through productivity improvements.


TABLE 12 Mechanism testing results for agricultural productivity.


	Effect
	Coeff. (S. E.)
	Confidence interval (95%)



	Lower bound (upper bound)

 

 	Land productivity


 	Social media’s effect on land productivity 	37.464** (16.820) 	6.426 (68.515)


 	Land productivity’s effect on agricultural income 	0.004*** (0.000) 	0.003 (0.005)


 	Indirect effect 	0.154** (0.069) 	0.017 (0.289)


 	Direct effect 	0.558* (0.306) 	−0.042 (1.158)


 	Total effect 	0.711** (0.314) 	0.095 (1.327)


 	Technical efficiency


 	Social media’s effect on technical efficiency 	0.017** (0.009) 	0.001 (0.031)


 	Technical efficiency’s effect on agricultural income 	7.698*** (0.958) 	5.815 (9.582)


 	Indirect effect 	0.135** (0.067) 	0.000 (0.268)


 	Direct effect 	0.577* (0.314) 	−0.036 (1.191)


 	Total effect 	0.711** (0.327) 	0.068 (1.354)


 	Labor productivity and technology adoption


 	Social media’s effect on labor productivity 	36.861* (19.764) 	−1.918 (75.639)


 	Labor productivity’s effect on agricultural income 	0.003*** (0.000) 	0.002 (0.004)


 	Indirect effect 	0.129* (0.072) 	−0.009 (0.267)


 	Direct effect 	0.582** (0.264) 	0.045 (1.122)


 	Total effect 	0.709** (0.293) 	0.134 (1.287)




 

In the context of limited land operation scales and a higher number of agricultural laborers on relatively small plots of land, labor productivity is a more accurate reflection of how farmers optimize the allocation and use of agricultural labor compared to land productivity. As previously discussed, social media usage helps compensate for income losses caused by a reduction in labor, highlighting its role in improving agricultural income. Building on this analysis, the improvement in labor productivity reflects, to some extent, that farmers not only increase labor productivity through social media usage but also enhance agricultural output. The empirical results (Table 12) show that social media usage significantly boosts labor productivity. The mediation effect is 0.129, indicating that part of the impact of social media usage on farmers’ increased agricultural income is mediated through the improvement in labor productivity, with the mediation effect accounting for 18.00% of the total effect. Therefore, consistent with theoretical expectations, social media usage in the agricultural production process, by providing necessary information, encourages farmers to adopt advanced agricultural technologies, optimize resource allocation, and enhance their human capital. This optimizes farming practices, leading to improvements in technical efficiency, land productivity, and labor productivity all contributing to higher agricultural income.




5 Discussion

The findings of this study provide robust evidence that social media usage has a significant positive impact on agricultural income among crop farmers in Punjab, Pakistan. The results from the endogenous switching model confirm that social media adoption enhances income levels by facilitating improved access to agricultural information, promoting better resource allocation, and increasing efficiency in production processes. The discussion below elaborates on these findings by comparing them with existing literature and analyzing their theoretical and practical implications. The results align with prior studies that highlight the role of digital technologies in agricultural development. Several scholars have emphasized the transformative potential of information and communication technologies, including social media, in improving farmers’ decision-making processes, optimizing input usage, and enhancing market access (Deichmann et al., 2016; Aker and Ksoll, 2016). This study extends this literature by empirically demonstrating that social media usage significantly increases agricultural income through improvements in technical efficiency, land productivity, and labor productivity. This finding is consistent with previous research showing that access to digital information contributes to increased farm productivity and income (Zheng et al., 2022; Khan et al., 2021). However, some studies have reported mixed or insignificant effects of technology adoption on agricultural income (Aker and Ksoll, 2016; Ma and Wang, 2020). The discrepancy between these findings and our results may stem from differences in contextual factors such as the availability of digital infrastructure, farmers’ digital literacy levels, and variations in agricultural practices. In contrast to regions with low social media penetration, this research focuses on Punjab, where digital connectivity has improved significantly, and allowing farmers to leverage social media more effectively.

This study contributes to the theoretical understanding of digital adoption in agriculture by providing empirical evidence on the mechanisms through which social media enhances agricultural income. The findings support the information diffusion theory, which posits that access to timely and relevant information can lead to better decision-making and increased efficiency (Rogers et al., 2014). Specifically, social media usage enables farmers to obtain critical information on weather forecasts, pest control strategies, optimal planting techniques, and market trends, ultimately improving farm productivity. Additionally, the results corroborate the theory of rational inattention, which suggests that individuals allocate their limited cognitive resources to acquiring information that maximizes their economic returns (Sims, 2003). Farmers who use social media effectively prioritize relevant agricultural information, allowing them to optimize resource allocation and enhance income. This insight highlights the need for policies that promote digital literacy and ensure that farmers can filter and apply information effectively.

The study’s findings have several practical implications for policymakers, extension services, and agricultural stakeholders. First, governments should invest in expanding rural digital infrastructure to ensure broader access to social media platforms. Policies aimed at reducing internet costs and improving connectivity can enhance farmers’ ability to use digital tools for agricultural decision-making. Second, targeted training programs should be designed to improve farmers’ digital literacy and ability to leverage social media for agricultural purposes. Extension services can play a crucial role by integrating digital training modules that help farmers navigate social media platforms and extract valuable agricultural insights. Third, policymakers should ensure that digital interventions are inclusive, particularly for smallholder farmers with lower initial income levels and limited education. Providing subsidies for digital devices, offering localized content in regional languages, and facilitating peer-learning networks can help bridge the digital divide. In the context of Punjab’s rural areas, where many farming communities face infrastructural challenges and rely heavily on traditional information sources, digital strategies should be closely aligned with local realities ensuring content relevance, language accessibility, and mobile-based platforms compatible with commonly used devices.

While this study provides valuable insights, it has certain limitations. First, the cross-sectional nature of the data limits the ability to capture the long-term effects of social media usage on agricultural income. Future studies should employ longitudinal data to analyze the sustained impact of digital adoption in farming. Second, the study focuses on agricultural income as the primary outcome variable, without considering other potential benefits of social media usage, such as improvements in farmers’ bargaining power, reduced transaction costs, and enhanced market integration. Further research could explore these additional dimensions. Third, although the endogenous switching model helps address selection bias, a more detailed discussion of its assumptions is necessary. This model accounts for self-selection bias by estimating counterfactual outcomes and controlling for observable factors. However, unobserved external factors, such as policy changes, internet penetration, and variations in government support programs, could still influence the relationship between social media usage and agricultural income. While instrumental variables mitigate these concerns, future research could use longitudinal data or experimental designs to further validate causality. This study highlights the substantial benefits of social media usage in enhancing agricultural income among crop farmers in Punjab. By improving technical efficiency, land productivity, and labor productivity, social media serves as a powerful tool for rural development. Policymakers and stakeholders must capitalize on these findings to design interventions that expand digital access, enhance digital literacy, and ensure equitable benefits for all farmers.



6 Conclusion

This study, based on survey data from 480 crop farmers in the Punjab Province of Pakistan, employs an endogenous switching model to empirically assess the impact of social media usage on agricultural income. It also conducts a heterogeneity analysis considering farmers’ human capital, family landholding scale, and initial agricultural income, while exploring the mechanisms through which social media usage promotes income growth. The findings reveal several key insights. First, both individual and family characteristics significantly influence farmers’ decisions to use social media, and notable differences exist in its impact of social media usage on agricultural income between users and non-users. Second, social media usage is found to significantly boost agricultural income. In a counterfactual scenario, social media users would experience a decline in income if they did not use social media, while non-users would see income increases if they began using it. These results remain consistent even after re-estimating with alternative models and dependent variables. Third, the impact of social media usage on income is generally inclusive, but it is more pronounced for farmers with higher human capital, larger landholdings, and higher initial agricultural income. Finally, social media usage increases agricultural income by enhancing technical efficiency, as well as land productivity and labor efficiency. Future research should use longitudinal data to examine how farmers’ social media usage and income evolve over time. This would provide deeper insights into the causal relationships and long-term effects, helping to understand how sustained engagement with social media influences agricultural productivity and economic outcomes. Additionally, exploring regional variations and incorporating other digital technologies could further enrich the findings.
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