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Abstract: Global climate change may result in major environmental issues that have already af-
fected and will continue to affect agricultural sector in the future. A continuing effort to utilize and
adopt new agricultural technologies is necessary to mitigate climate change and increase agricultural
income. Agricultural cooperatives are gradually being used in emerging countries to encourage
improved technology and reduce food insecurity and poverty. This research analyses the influence
of cooperative supports (CS) and technology adoption (TA) on agricultural income in Pakistan. It
applied the propensity score matching (PSM) technique to evaluate the productivity on survey data
from 498 wheat growers to conduct counterfactual analysis for farmers in Pakistan. In addition, a
dual selection model (DSM) was applied to resolve the bias in sample selection caused by observed
and unobserved aspects of survey data. The results showed that, contrasted with non-membership
and non-adopters, growers who joined CS and TA could boost agricultural income by 2.78% and
2.35%, respectively. Stimulatingly, the influence of less-revenue farmers on agricultural income was
more substantial than that of high-income farmers. Agricultural income of growers who attached
cooperatives and adopted improved agricultural technology enhanced by 5.45% and 4.51%, respec-
tively. These results, among others, emphasize the optimistic role of growing CS and TA in boosting
wheat farmer’s income. The findings of the study showed strong relationships among education,
age, skill, training, gender with CS and TA, and agricultural income. Overall, this study can be
helpful in conducting similar studies in other emerging/developing countries for wheat or any other
crop growers.

Keywords: cooperatives; PSM; DSM; improved agricultural technology; climate change; adoption;
income; Pakistan

1. Introduction

Sustainable food production and food security are major issues of the 21st century
under a changing climate because the agriculture sector is most vulnerable to climate
change [1,2]. Climate change is already affecting agricultural production and food security
and will continue to affect it in the future, especially in developing countries [3–5]. Climate
change, the environment, food production, and food security [6] are strongly interlinked,
which requires advanced technologies and approaches to minimize the impact of climate
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change and the environment on agriculture from a local to global scale. While farmers of
developed countries have started to practice smart climate agriculture, precision agriculture,
and smart farming [7], the farmers of developing countries are still moving along with
traditional farming practices. It is essential to develop modern agricultural practices and
technologies to mitigate the effect of climate change on agricultural production.

Moreover, it requires climate-smart agriculture (CSA) practices because the CSA can
respond to climate change and enhance the livelihood of farmers [8]. On the other hand, the
CSA require implementing smart technologies and tools. Moreover, traditional agricultural
research and extension rely on replicated field experiments but lacks widespread adoption
of technologies [9], which might help reduce the impact of climate change on agricultural
production.

According to Sardar et al. [10] and Sardar et al. [11], the agricultural sector of develop-
ing countries is more vulnerable to climate change because of lower adoption. Therefore,
enhancing extension services and access to climate information and climate-smart prac-
tices, which require adopting technologies, will help improve the agricultural sector [12].
Agricultural cooperative support is important for a sustainable agricultural system to boost
farms, associated farmers, and overall rural societies [13]. For example, in recent years,
China witnessed a boom in the formation of agricultural cooperatives. Both agricultural
service cooperatives and agricultural production cooperatives exist in China [14]. Results
showed that agricultural cooperatives play a major role in agricultural development in
China; however, they need government support. The agricultural cooperative in Russia
started a decade before 1929, and farmers and producers benefited from it on their farm
services [15].

Several researchers have investigated the status and benefits of agricultural coop-
eratives in different countries globally, such as in Romania [16], Senegal [17], Iran [18],
China [19]; Spain [20], Uganda [21], Uzbekistan [22], Greece [23], France [24], Ethiopia [25],
Turkey [26], and others. The primary objective of each study in a different country was
to explore the benefits of the agricultural cooperative to enhance agricultural production
and food security. It was found that the agricultural cooperative helped its members in the
production, processing, and marketing of agricultural products.

Various analyses have indicated that higher education, farmland size, access to credit,
social capital, access to extension, and market constraints can affect participating in the
agricultural cooperative. For example, Dung [27] evaluated the farmer’s participating
behaviour in agricultural cooperatives in Vietnam. They found that farmers are more
likely to participate in agricultural cooperatives when they have more favourable resources,
higher education level, access to extension, etc. Ankrah Twumasi et al. [28] conducted a
similar study in Ghana. They found that the household head’s decision to join agricultural
cooperatives is affected by their access to credit, off-farm work, education level, and
peer influence. Ma and Abdulai [29] assessed the influence of agricultural cooperative
membership on farmer’s choices to implement integrated pest management technology in
China. They found that the farmer’s decision on participating in an agricultural cooperative
significantly depends on farmer and farm characteristics, such as education and farm size.

According to Manda et al. [30], empirical evidence suggests that cooperative member-
ship is highly linked with the adoption of agricultural technologies in developing countries.
A study conducted by Abebaw et al. [31] in Ethiopia suggests that agricultural cooperative
service can play an essential role in accelerating the adoption of agricultural technologies
by smallholders. Moreover, Zhang et al. [32] also found a positive effect of cooperative
membership on technology adoption. Modern technologies play a significant role in en-
hancing agricultural production that, in turn, help reduce poverty and increase farmer’s
income [33–39].

While these findings are crucial to understanding the relationship between agricultural
cooperative service and adoption of agricultural technology, it is rather important to
conduct similar studies in a different country because several critical factors impact the
decision of farmers to adopt agricultural technology. The age of farmers, education level,
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gender, farm size, access to extension, government support, geographical location, climatic
conditions, and agricultural practices are important parameters that vary spatially.

Increasing income, improving productivity, and reducing poverty are important issues
for farmers’ economic welfare under a changing climate [36]. These issues are noteworthy,
especially in emerging nations, including Pakistan. According to the labour force survey
description (2017–2018) performed by the bureau statistics of Pakistan, 39% labour force
of the country is involved in the agricultural sector (30.2% males and 67.2% females) [40].
In the past few decades, the government has reduced poverty and enhanced agriculture
productivity. According to the multidimensional poverty index (MPI), about a quarter
(~24%) population of the county lives below the national poverty line, and 39.0% is un-
der poverty [41]. Although many factors may influence poverty reduction in Pakistan,
researchers and policymakers believe that farmer’s cooperatives and agricultural extension
services are essential organizations that can help reduce poverty in rural areas.

Moreover, the cooperative supports (CS) and technology adoption (TA) support 3
out of 17 Sustainable Development Goals (SDGs) proposed by the United Nations (UN)
General Assembly in September 2015 adopted for 2030 Agenda for sustainable develop-
ment. The three SDGs are (i) ending poverty, (ii) ending hunger, achieving food security,
improving nutrition, and promoting sustainable agriculture, and (iii) ensuring sustainable
consumption and production patterns. Indeed, the CS and TA could directly help increase
farmer’s income and agricultural production and support the listed three SDGs in the
long run.

Previous studies focused on investigating the influence of CS and TA on the prosperity
of smallholders. They found that farmer’s cooperatives could help smallholders to increase
their trading and transaction power [42,43], decrease business expenses and information
asymmetry [44], and increase their TA rates [45]. Parenthetically, farmers could join agricul-
tural cooperatives and adopt the latest technologies to boost their income and agricultural
productivity [34,36,46], reduce their poverty [39,47], and adapt their agricultural system
to climate change [3]. They also reported that improved farming technology could in-
crease farmer’s income [48]. Some studies reported that modern technology primarily
improves agricultural yield by boosting farming income, thus, directly or indirectly enhanc-
ing farmer’s income levels [35,49]. Previous studies also showed non-cooperative farmers
could benefit directly or indirectly when the skilled and technology-adopting farmers share
the advantage of being cooperative members with the non-cooperative farmers [50,51].
Agricultural TA can help decrease poverty by expanding non-agricultural services for
low-income farmers and reducing the farmer’s expenditure levels [48,52].

This article aims to evaluate the influence of CS and TA to help increase the income
of wheat growers. This research emphasizes the economic well-being of wheat growers
through assessments of agricultural income. This study used counterfactual analysis to
calculate the extent to which these decisions can increase agricultural benefits, mainly
focusing on low-return growers. Notably, the mechanisms by which technology affects
farmer’s economic welfare are diverse because of the availability of variety in agricultural
technology. In developing countries, the rapid rise in the prices of agricultural products
is becoming an important reason for the weakening of their global competitiveness in the
agricultural sector [34,53]. Numerous researchers suggested that it is critical to resolve
the high cost of agricultural production by adopting affordable agricultural technology,
which helps mitigate climate change and protect the environment [1,54]. Further, modern
technology helps growers decrease production costs significantly, improve farming pro-
duction efficacy, and decrease labour force inputs effectively [55–59]. Hence, this study
emphasized using improved agricultural TA (such as seed and fertilizers) that epitomize
increased agricultural income.

The remainder of this article is organized as follows. Section 2 introduces the method-
ology: empirical procedures, research fields, data collection, variables considered, and
analysis procedures. Section 3 details the empirical results of the research, and Section 4
presents conclusions and policy recommendations.
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2. Research Methodology

Agricultural CS and TA can affect farm performance by influencing agricultural pro-
duction, marketing, and incomes. Current empirical research confirmed that the first major
pathway is that cooperative support influences agricultural yields and, in turn, directly in-
creases farmer’s income [60,61]. This is because agricultural cooperatives improve farmer’s
access to better technology, markets, and agricultural inputs. Past studies have presented
that cooperative membership can improve farmer’s access to better agricultural inputs (e.g.,
fertilizers and pesticides), profitable markets to increase agricultural yields [31,62]. Higher
agricultural yields can be achieved not only by increasing the level of better agricultural
inputs but also by changing how different inputs are combined and used effectively [61,63].

This paper used the following strategies to study the influence of CS and TA on
agricultural income:

(i) Establish a unified analysis outline to examine the membership of growers in agricul-
tural cooperatives (CS, hereafter described as cooperatives) and adoption of expense-
reduction farming technologies (hereafter referred to as TA);

(ii) Use analytical approaches (PSM and DSM) to correct the selection bias of farmer’s
decision-making to attain consistent empirical findings;

(iii) Study the influence of social capital on farmer’s decision-making.

2.1. Agriculture and Wheat Production in the Research Area

Agriculture is the second largest sector of Pakistan’s economy, and most of the popu-
lation’s livelihood directly or indirectly depends on agriculture. In addition, in the past
few decades, its contribution to gross domestic product (GDP) has gradually declined
to 19.3% [64–66]. However, incorporating modern agricultural technology to increase
agricultural productivity, this sector has great potential to increase its share of national
GDP. Wheat is produced throughout Pakistan, including Punjab, Sindh, Balochistan, and
Khyber Pakhtunkhwa (KPK) provinces. In this research, KPK province was selected as
the study domain. The study domain KPK has favorable climatic conditions for wheat
and can produce high-quality wheat [64,65,67,68]. Notably, wheat production mainly relies
on rainwater in this study area, and only a small number of growers (about 40% of the
study area) use irrigation. Although small numbers of growers plant cash crops, wheat
is a dominant crop in the study region. This sector needs farmers’ cooperative support
and agricultural technologies adoption, including improved agricultural techniques and
practices to support wheat production and agricultural modernization. However, in this
study area, the mechanization rate is still relatively low, and this fact poses a challenge to
wheat production and agricultural development. Wheat production is affected by insects
and pests globally, and Pakistan is no exception. Therefore, growers typically used to
replace wheat seeds with fresh seeds after 3–4 years of high yield.

2.2. Study Area Description and Data Collection

The research data were collected in KPK Province, Pakistan, from January to March
2021. Five hundred fifty (550) questionnaires were distributed to the wheat-growers, and
a total of 498 questionnaires were considered complete to collect the data needed for
this study. Multistage random sampling techniques were used to collect the essential
information from wheat growers (face-to-face). Based on the available information on
agriculture production in the study area, first, data were collected from four districts
(Dera Ismail Khan, Charsadda, Mansehra, and Swat) to help understand current CS and
TA by wheat farmers in KPK province (Figure 1 and Table 1). Second, one tehsil was
selected to fill out questionnaires, and third, one union council was targeted from each
tehsil. Fourth, four villages were focused randomly on each selected union council, and
finally, the essential data were collected from wheat growers in the selected villages. The
questionnaires used in this study were divided into different sections. The first portion of
the organized questionnaire contains the demographic and socio-economic characteristics
of the respondents. The rest of the questionnaire aims to obtain information about the CS
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and TA by wheat growers. The questionnaire was initially written in English and later
translated into Urdu (local language) for the ease of the interviewees.
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Table 1. Sample distribution.

Name of
Province

Name of
Districts No. of Tehsils No. of Union

Council
No. of
Village

No. of
Samples

Khyber
Pakhtunkhwa

Dera Ismail Khan 1 1 4 125
Charsadda 1 1 4 124
Mansehra 1 1 4 124

Swat 1 1 4 125

Total 4 4 4 16 498

Two decisions of growers from four sub-samples; growers who had CS and adopted
agricultural technology, growers who had CS but had not adopted technology, growers
who did not have CS but adopted technology, and growers who did neither. Descriptive
statistics of the four sets are summarized in Table 2. The four grower groups are allowed to
be classified, and the study data meets the requirements of this study. It is more suitable
for cooperative research than most prior micro study data only for cooperatives. However,
there is specified information regarding the four growers’ groups and their associated
growers’ cooperatives, which provides inclusive info for examining the four conditions in
which growers make two decisions.

Table 2. Samples distribution in four groups.

Cooperative
Support

Agricultural Technologies Adoption

Not Adopted Adopted

Not supported 139 46
Supported 195 118
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2.3. Empirical Procedure

Based on Pakistan’s KPK province data, a dual selection model (DSM) with modified
sample selection bias was utilized to examine the influence of CS and TA on farmer’s
agricultural income levels. This study used the propensity score matching (PSM) technique
to estimate the income differentials caused by farmer’s choices regarding CS and TA.

All probability statistics need conditional independence; that is, the value of the pre-
dictor variable is independently assigned to the dependent variable. For the following
reasons, DSM is appropriate for the empirical assessment of this study. Firstly, DSM can ap-
propriately decrease the endogenous selection bias produced via unobserved and observed
factors [70]. When farmers make decisions about CS and TA from their heterogeneous
selections without contemplating the various info they utilize to make the decision, bias
occurs, leading to contradictory assessments [71]. Secondly, DSM can assess dual endoge-
nous choice models simultaneously. These dual choices are associated because grower’s
cooperatives are essential for improved agricultural technology expansion, for instance,
providing essential advanced farming equipment services [72–74]. It is vital to utilize
the DSM method to solve the endogenous deviation of the two selections simultaneously.
The DSM technique has dual stages: (i) a Bivariate Probit method is utilized to examine
the grower’s choices and compute the inverse mills ratio (IMR). (ii) Apply the ordinary
least squares (OLS) evaluation technique to analyse the association between the result and
descriptive variables series when the selective correction terms IMR are included in the
calculation.

Let yc and ync indicate the expected benefits of cooperative support and non-support,
correspondingly. If y∗c = yc − ync > 0, wheat growers will participate in farmer’s coopera-
tives. Let yt and ynt denote the projected advantages of improved TA and non-adoption,
correspondingly. If y∗t = yt − ynt > 0, wheat growers will adopt these improved technolo-
gies. The net income of wheat growers y∗c and y∗t are latent variables.

(Y∗c = β′cXc + εc ),
(
Y∗t = β′tXt + εt

)
(1)

where εc and εt are the random errors of the normal distribution. The mean is equivalent to
0, and the variance is equal to 1. When the two choices of wheat growers are influenced
through unobservable factors, the random factors that influence these two choices are not
independent, then COV (εc, εt) = ρ.

Since the net-income y∗c and y∗t are unobserved latent variables, the observed wheat
grower’s choices are:

Dc =

{
1 i f y∗c > 0

0 else y∗c ≤ 0
Dt =

{
1 i f y∗t > 0

0 else y∗t ≤ 0
(2)

Among them, Dc is farmer’s choice on cooperatives membership, and Dt is farmers
choice on TA. The two choices lead to four outcomes, and the growers in the full sample
could be separated into four subsamples (Table 2) [75,76]. This matching likelihood P00,
P01, P10, and P11 of the four subsamples could be articulated as:

P00 = pr(Dc = 0, Dt = 0) = pr
(
εc ≤ −β′cXc, εt ≤ −β′tXt

)
= Φ(−β′cXc,−β′tXt, p

)
(3)

P01 = pr(Dc = 0, Dt = 1) = pr
(
εc ≤ −β′cXc, εt > −β′tXt

)
= Φ

(
−β′cXc,−β′tXt,−p

)
(4)

P10 = pr(Dc = 1, Dt = 0) = pr
(
εc > −β′cXc, εt ≤ −β′tXt

)
= Φ

(
−β′cXc,−β′tXt,−p

)
(5)

P11 = pr(Dc = 1, Dt = 1) = pr
(
εc > −β′cXc, εt > −β′tXt

)
= Φ(−β′cXc, β′tXt, p

)
(6)
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where Φ represents the cumulative distribution function of the standard bivariate normal
distribution, which is a parallel coefficient ±ρ. In the first stage of DSM’s bivariate probit
method assessment, the following probability function could be acquired:

L = ∏
sP1

Φ(−β′cXc,−β′tXt, p) ∏
sP2

Φ(−β′cXc,−β′tXt,−p) ∏
sP3

Φ(β′cXc,−β′tXt,−p)

∏
sP4

Φ(β′cXc,−β′tXt, p)
(7)

Increasing this probability function will produce consistent estimates of β̂c, β̂t and ρ̂.
Among them, utilize the outcomes of the bivariate probit model assessment to estimate the
IMR λ̂c and λ̂t. The farming income equation for correcting the selection bias is:

Y = a′Z + σcλ̂c + σtλ̂t + ξ (8)

There are two λ̂ terms to fix for binary selection bias. The λ̂c term modifies the selection
bias caused by the participation of wheat farmer’s cooperatives and the λ̂t term corrects
the selection bias caused by the farmer’s adoption of improved agricultural technology.

3. Results and Discussion
3.1. Descriptive and Summary Statistics for Key Variables

Table 3 displays the description and summary statistics of the variables utilized in
the research study. The decision variables (DV) utilized in the research are CS and TA. If
the family belongs to an agricultural cooperative and adopts the improved technology,
the value is 1, if there is no CS and the TA, the value is 0. It can be seen from Table 3
that about 68% of the wheat-growers in the sample belong to agricultural cooperatives.
Wheat grower’s average age (A) is close to 48 years. The average distance (MD) between
the farm and the market is 7 (km), and about 32% of the growers in the village live
in the mountains (VT) area. The average annual agricultural income (AI) of farmers is
close to 11% of total investment. Improving agricultural productivity and its income
is one of the most important priorities for policymakers. In this regard, it is expected
that farmer’s cooperatives play a significant role in attaining good development in this
sector. Farmer’s cooperation announcement encourages the establishment and operation
of farmer’s cooperatives. Cooperative participation in delivery provides members with
different services. These services include disseminating improved agricultural inputs
(e.g., fertilizers, improved seeds), providing loans, and marketing produced from the
member’s farm.

Table 3. Variable description and summary statistics.

Category of
Variables Variables Name Description Mean (S.D)

Dependent
Variables

Agricultural
Incomes (AI)

Natural log of farmer’s annual agricultural
income in 2021 (PKR) 10.99 (1.19)

Decision
Variables (DV)

Cooperatives supports (CS) 1 = cooperative supports, 0= otherwise 0.68 (0.32)
Technology Adoption (TA) 1 1 = improved technologies adopters, 0= otherwise 0.28 (0.13)

Social
Network (SN)

Party Membership (PM) 1 = farmers are a political party member, 0 otherwise 0.19 (0.39)

Sales Range (SR)
Scope of agricultural products sales: 5 = resident of
province, 3 = resident of city, 2 = hometown; 1 = resident
of village

4.88 (2.15)

Cooperation
Degree (CD)

The cooperation level among wheat growers: 4 = high,
often support each other; 3 = higher, occasionally
support each other; 2 = low, support each other
occasionally; Other; 1 = very low, basically
not cooperated

2.85 (2.14)
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Table 3. Cont.

Category of
Variables Variables Name Description Mean (S.D)

Social
Trust (ST)

Government
Support (GS)

The government support level for growers’
cooperatives: 4 = very high, 3 = high, 2 = fair, 1 = low 3.29 (1.25)

Village Education (VE) The proportion of the population with high school
education or above in the whole village (%) 24.0 (15.76)

Agricultural
Insurance (AI)

1 = If wheat growers bought agricultural insurance,
0 = otherwise 0.41 (0.49)

Social
Participation

(SP)

Agricultural
Training (AT)

1 = If the wheat grower has received agricultural
training, 0 = otherwise 0.74 (0.44)

Agricultural Information
Service (AIS)

1 = If wheat grower gained agricultural intelligence
service, 0 = otherwise 0.81 (0.40)

Agricultural Skill (AS) 1 = If wheat grower has farming skills, 0 = otherwise 0.54 (0.50)

Agricultural
Input (AI)

Agricultural Labor
Force (ALF)

Number of household members who participated
in farming 2.62 (1.02)

Labor Share (LS) Labor force as a percentage of household members (%) 0.61 (0.20)
Farmland Area (FA) Farmland area managed by growers (ha) 2.35 (0.79)

Material Input (MI) 2
The natural logarithm of the material input cost (PKR),
counting the acquisition of agricultural production
materials.

9.62 (1.48)

Agricultural Fixed
Assets (AFA)

The natural log of the present cost of agricultural
technology apparatus (PKR) 4.78 (4.13)

Agricultural Loan (AL) The grower natural logarithm agricultural loan (PKR)
in 2021 3.35 (4.78)

Farmer
Characteristics

(FC)

Gender (G) 1 = If male, 0 = otherwise 0.83 (0.39)
Age (A) Respondents’ age (years) 48.29 (12.78)

Education (E) Respondents’ education level: 5 = College and above,
4 = High school, 3 = Secondary, 2 = Elementary, 1 = Non 3.03 (0.90)

Migrant Workers (MW) Number of family non-agricultural migrant labor 0.49 (0.70)
Off-Farm Income (OFI) Percentage of off-farm income in total family income (%) 0.21 (0.25)

Economic Status (ES)
The financial position of growers: 5 = very rich,
4 = comparatively rich, 3 = average, 2 = comparatively
poor, 1 = very poor

3.93 (0.80)

Location
Characteristics (LC)

Market Distance (MD) Distance between farm and market (km) 6.65 (6.05)

Village Terrain (VT) 1 = if growers of the village live in the mountain region,
0 = otherwise 0.32 (0.13)

Note: 1 TA (improved seed and fertilizers); 2 Material inputs contain costs for agricultural production materials
such as seeds (seeds and poultry), insecticides (veterinary drugs), fertilizers, and mulching films; agricultural
fixed assets describe the inputs of agricultural equipment held through households.

3.2. The Impact of Wheat Grower’s Decision-Making on Income Growth

Table 4 presents the marginal influence of the determinants of the second decision
of wheat growers and the first step regression results of the DSM full sample. The con-
sequences display the factors that affect the secondary decision-making of farmers. As
revealed in Table 4, there is a strong relationship between these dual choices. The coeffi-
cient ρ is 0.299, which is significant at the 1% level. The unobserved factors that affect the
cooperative members especially increase the possibility of adopting improved technologies.

Moreover, Table 4 indicates the independent variables that have a statistically substan-
tial influence on these two choices. In particular, the standard education level of growers
shows that social trust substantially influences cooperative membership. It is because
wheat growers with higher education are more likely to develop consensus and generate
trust than growers with lower education. Cooperatives’ farming training enhances farmer’s
understanding of adopting improved agricultural technologies. Additionally, participating
in farming training signifies social membership as a substantial positive influence on coop-
erative membership since the training allows growers to know the advantages of farmer’s



Land 2022, 11, 361 9 of 18

cooperatives [77–79]. Receiving information about agricultural equipment and production
facilities as an additional sign of social contribution also positively influences the CS.

Table 4. The marginal impact of the first-step regression outcomes of the full-sample DSM.

Category of
Variables

Variables
Name

Cooperative
Supports

Technology
Adoption

dy/dx (S.E) dy/dx (S.E)

SN
PM 0.038 (0.051) 0.036 (0.039)
SR 0.019 (0.015) 0.033 *** (0.013)
CD −0.007 (0.021) 0.024 (0.018)

ST
GS 0.023 (0.016) 0.017 (0.013)
VE 0.004 *** (0.001) 0.005 *** (0.001)
AI −0.020 (0.041) 0.073 ** (0.034)

SP
AT 0.228 *** (0.048) 0.024 (0.039)
AIS 0.228 *** (0.052) −0.031 (0.041)
AS 0.071 * (0.042) 0.065 * (0.034)

AI

LS 0.087 (0.125) 0.120 (0.085)
FA −0.022 (0.027) 0.031 (0.024)
MI 0.479 (0.121) *** 0.027 (0.062)

AFA 0.011 (0.009) 0.011 (0.005)
AL 0.002 (0.006) 0.001 (0.004)

FC

G 0.103 * (0.058) 0.033 (0.063)
A −0.006 ** (0.002) 0.001 (0.003)
E −0.018 (0.026) –0.008 (0.024)

MW −0.007 (0.028) 0.020 (0.031)
OFI −0.437 *** (0.087) −0.303 *** (0.088)

LC
MD −0.008 ** (0.003) −0.001 (0.003)
VT 0.148 *** (0.055) 0.012 (0.045)

N 498
Log-likelihood −744.072

p 0.299 ***
Note: *, **, and *** indicate significance levels at 10%, 5%, and 1%, respectively.

The estimated influences of different social factors on growers’ TA are also shown in
Table 4. Social capital, comprising social networks, social trust, and social involvement, are
important in influencing TA. Social networks evaluated by the scope of agricultural product
sales have a substantial positive impact on TA, consistent with the existing information [80].
This is true because the larger the transactions range of agricultural products, the more
intense the marketplace contest, which promotes growers to use cost-reducing/improved
agricultural approaches to improve the competitiveness of their products. As determined
by the education level, social trust has a substantial, positive influence on TA, which
aligns with prior research [81,82]. It also found that highly educated growers can quickly
learn more modern agricultural skills. Agricultural insurance is an efficient risk managing
instrument that can assist growers in reducing threats when implementing improved
technologies [83,84]. As quantified by grower’s farming abilities, social contribution has a
substantial influence on TA. The family characteristics of farmers also influence new TA.

3.3. The Influence of Farmer’s Decision-Making on Agricultural Income

Table 5 reveals the outcomes of the second step DSM regression method: the impact
of farmer’s decision-making on agricultural income by controlling other affecting factors.
Table 5 shows that after controlling the selection bias caused through observed and unob-
served factors, these two farmer’s choices have a substantial influence on their agricultural
income, which aligns with the previous findings [35,46,85].
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Table 5. The second step-regression outcomes of the full-sample DSM.

Category of
Variables

Variables
Name

Agricultural Income

Coefficients (S.E)

DV
CS 0.387 * (0.217)
TA 1.080 *** (0.171)

AI

ALF 0.021 (0.039)
FA 0.038 (0.052)
MI 0.568 *** (0.030)

AFA 0.012 (0.008)
AL 0.004 (0.008)

FC

G 0.105 (0.123)
A 0.003 (0.005)
E 0.013 (0.049)

MW −0.054 (0.067)
ES −0.080 * (0.047)

LC
MD 0.008 (0.007)
VT −0.145 * (0.087)

CONST 4.810 *** (0.477)
Note: * and *** demonstrate significance levels at 10% and 1%, correspondingly.

In addition, it is also determined by the considerable impact of controlling factors on
farmer’s agricultural income. First, the input of agricultural materials has a substantial
influence on farmer’s agricultural income. Agricultural workforce input, fixed assets,
arable land area, and loans positively influence farmer’s agricultural income, although the
influence is not statistically substantial. The household economic level has a substantial
negative impact on farmer’s agricultural income. The probable cause is that with the
development of the off-farm economy, non-agricultural income accounts for an increasing
proportion of farmer’s total income, and growers with improved financial conditions are
less reliant on agricultural income [44,52]. Village topography has a substantial negative
influence on agricultural revenue. The probable cause is the problematic conveyance in
mountain communities, raising transport expenses, and reducing farming productivity.

3.4. Influence of Incomes on Farmer’s Decision-Making

Table 6 describes the average treatment effect for treated (ATT) estimation results
obtained by three various matching methods: nearest-neighbour matching (NNM), kernel-
based matching method (KBM), and radius matching method (RM). Moreover, we directed
a sensitivity test on the PSM assessment to check the results’ robustness and described the
crucial hidden bias presented in the last column of Table 6.

Table 6 shows that the three corresponding approaches have achieved reliable findings,
indicating that the farming income of wheat growers who participate in cooperatives and
adopt improved technologies has enhanced significantly. Specifically, when using KBM,
NNM, and RM, the agricultural income of cooperative contributors improved with ap-
proximately 2.72%, 2.73%, and 2.87%, which contrasted with non-participants, respectively.
The farming income of the three supporting methods increased by an average of 2.78%.
Contrasting with non-adopters, the adopter’s income was improved by 2.11%, 2.78%, and
2.18%, respectively, with a standard increase of 2.35%. Furthermore, it was found that
CS can substantially boost income and is insensitive to hidden deviations or unobserved
factors. For example, if the likelihood variance between two growers participating in the
cooperative using the same covariate is 35%, the assessed ATT of the growers joining the
cooperative is not improbable. The minimum and maximum critical values of Γ are 1.35–1.4
and 1.45–1.5, respectively. TA can substantially enhance the incomes of the entire sample
and is insensitive to hidden deviations or unobserved factors. Suppose two farmers with
the same covariate have a 27% difference in the likelihood of using agricultural technology.
In that case, it is implausible to estimate the ATT of farmers using agricultural technology.
The minimum and maximum critical values of Γ are 1.25–1.3 and 1.35–1.4, respectively.
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These values are relatively high because we controlled various covariates that affect the
dual selections.

Table 6. The ATT and sensitivity analysis outcome of the whole sample.

Category of
Variables

Rural
Farmer’s

Decisions

Matching
Algorithms Treated Controls ATT Bootstrap

S. E
Range of

Change (%)

Critical
Level of
Hidden
Bias (Γ)

DV

CS

NNM
(n = 4) 11.1239 10.8287 0.2863 * 0.170 2.73 [1.35–1.4]

KBM
(bandwidth = 0.06) 11.1139 10.8199 0.2939 * 0.155 2.72 [1.35–1.4]

RM 11.1139 10.8042 0.3096 ** 0.152 2.87 [1.45–1.5]

TA

NNM
(n = 4) 11.1837 10.8820 0.3017 * 0.171 2.78 [1.35–1.4]

KBM
(bandwidth = 0.06) 11.1832 10.9515 0.2316 * 0.139 2.11 [1.25–1.3]

RM 11.1382 10.9449 0.2382 * 0.143 2.18 [1.25–1.3]

Note: *, and ** show significance levels at 10%, 5%, and 1%, respectively.

To assess the outcomes’ consistency of the PSM technique mentioned above, we
conducted a balanced assessment to calculate the conditional independence hypothesis
and an assessment to check the common assistance conditions.

3.5. The Influence of Low-Income Farmer’s Decision-Making on Poverty Reduction

An empirical examination of less-income growers was conducted to scrutinize the
influence of farmer’s decision-making on poverty reduction by CS and TA. The study also
examines the heterogeneity of less-revenue farmer’s sample consequences. To identify
the low-income rural households in existing research, first, we analysed the per capita
net income of the complete sample in 2021. Next, we categorized families with an annual
income of less than (USD 1000.73) (resident income) as low-income households.

For less-income farmers, we also applied the DSM method to check the influence of
their two choices on their farming income, but it reduced the selection bias. However,
agricultural cooperatives could play a substantial role in increasing the farming income
of low-income farmers. Table 7 shows the marginal effect of DSM’s first step regression
findings on low-income farmers. These two choices of low-income farmers are highly
linked with the coefficient ρ (0.412), which is considerable at the significance level of 1%.
This is greater than the complete sample (0.299), showing that the influence of CS and TA
on the agricultural income and welfare of low-income farmers is more important than the
full sample. Unobserved factors affecting the membership of farmer cooperatives have also
increased the adoption of improved agricultural technologies.

Compared with the test findings of the complete sample, most of the independent
variables have a similar impact on the second decision of low-income farmers, but the
degree of influence is different. On the other hand, social capital impacts the two choices of
low-income farmers compared with the full sample. For example, social trust exemplified
by government assistance and social membership characterized by farming training and
farming info facilities has a significant optimistic impact on the participation of low-income
farmer’s cooperatives. The social network signified via the cooperative’s degree, the
social trust characterized by the government assistance, and the level of schooling have a
substantial encouraging impact on the TA of low-income farmers. The matching coefficient
is greater than the coefficient in the complete sample. In contrast, compared with the full
sample, family attributes and regional attributes have less influence on the decision-making
of low-income families.
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Table 7. The marginal influence of DSM on low-income farmer’s first-step regression findings.

Category of
Variables

Variables
Name

Cooperative
Supports

Technology
Adoption

dy/dx (S.E) dy/dx (S.E)

SN
PM 0.021 (0.083) –0.098 (0.092)
SR 0.019 (0.024) 0.021 (0.022)
CD −0.010 (0.031) 0.086 *** (0.031)

ST
GS 0.046 * (0.025) 0.044 * (0.023)
VE 0.003 (0.002) 0.006 *** (0.002)
AI −0.004 (0.070) 0.107 * (0.059)

SP
AT 0.137 ** (0.067) 0.024 (0.070)
AIS 0.207 *** (0.063) –0.095 (0.063)
AS −0.083 (0.062) 0.022 (0.055)

AI
LS 0.231 (0.159) 0.072 (0.151)
FA 0.005 (0.044) 0.071 * (0.042)

FC

G 0.135 * (0.078) –0.006 (0.075)
A −0.005 (0.004) –0.003 (0.004)
E −0.043 (0.036) 0.028 (0.036)

MW −0.005 (0.046) 0.007 (0.045)
OFI −0.528 *** (0.126) –0.322 ** (0.136)

LC
MD −0.009 (0.007) 0.004 (0.006)
VT 0.179 * (0.092) –0.028 (0.080)
N 182

Log pseudo-
likelihood −321.070

p 0.414 ***
Note: *, **, and *** show significance levels at 10%, 5%, and 1%, correspondingly.

3.6. The Effect of Low-Income Farmer’s Decision-Making on Their Agricultural Incomes

The findings in Table 8 show the dual step regression of the DSM method for low-
income farmers. The two decisions of low-income farmers have a significant optimistic
influence on their farming income at the significance level of 1%, which aligns with the
previous studies [86].

Table 8. DSM’s second step regression outcomes and low-revenue growers.

Category of
Variables

Variables
Name

Agricultural Income

Coefficients (S.E)

DV
CS 0.707 *** (0.232)
TA 0.777 *** (0.257)

AI

ALF −0.006 (0.049).
FA 0.114 (0.085)
MI 0.664 *** (0.040)

AFA 0.013 (0.012)
AL 0.016 (0.010)

FC

G 0.270 * (0.153)
A 0.007 (0.007)
E −0.017 (0.073)

MW −0.001 (0.089)
ES −0.064 (0.060)

LC
MD 0.012 (0.013)
VT −0.075 (0.136)

CONST 2.998 *** (0.674)
Note: * and *** specify significance levels at 10% and 1%, correspondingly.

Other factors also substantially impact the agricultural income of low-income farmers.
For example, material inputs can substantially boost their incomes. Due to the limited
resource endowments of low-income farmers, the positive impact of material inputs on
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their farming income is higher than the complete sample. Having a male head of the family
also substantially increased their agricultural income.

3.7. Poverty Reduction Impact of Low-Income Farmer’s Decision-Making

The PSM was utilized to measure the influence of dual choices made by low-income
farmers on their income. Parallel to the complete sample analysis, first, we estimated the
PS by the logit method and then calculated the ATT by the PSM method. Table 9 shows
the ATT assessment findings of low-income farmers gained through the three matching
approaches of RM, KBM, and NNM. The findings are consistent, signifying that the decision
of low-income farmers to participate in the cooperative system and TA have a substantial
positive influence on their farming income, which is reliable with the results of the whole
sample. However, the last column of Table 9 shows the critical level of hidden bias for
robustness checks. Evaluated by RM, KBM, and RM, the agricultural income of low-income
farmers who are cooperative members is about 5.08%, 5.55%, and 5.76% greater than that
of non-members, respectively. On average, agricultural income was increased by 5.45%,
greater than the full sample (2.78%). TA’s results are similar, showing that farmers with low
income who joined the cooperative have achieved a higher income. At the same time, the
agricultural incomes of low-income farmers who adopted improved technology through
the three matching methods were 4.36%, 4.48%, and 4.70% higher than that of low-income
non-adopters, respectively. The agricultural income increased by 4.51% on average, greater
than the complete sample of 2.35%.

Table 9. ATT and sensitivity assessment findings of low-income samples.

Category of
Variables

Rural
Farmer’s

Decisions

Matching
Algorithms Treated Controls ATT Bootstrap

S. E

Range of
Change

(%)

Critical
Level of

Hidden Bias
(Γ)

DV

CM
NNM (n = 4) 11.8500 10.2700 0.5901 * 0.331 5.76 1.8–1.88

KBM
(bandwidth = 0.06) 11.8500 10.2907 0.5693 * 0.320 5.55 1.7–1.84

RM 10.8600 10.3357 0.5243 * 0.307 5.08 1.57–1.7

TA
NNM (n = 4) 11.0757 10.5784 0.4973 * 0.282 4.70 1.36–1.5

KBM
(bandwidth = 0.06) 10.9760 10.5052 0.4708 * 0.284 4.48 1.5–1.37

RM 10.9760 10.5174 0.4586 * 0.268 4.36 1.37–1.6

Note: * shows the significance levels at 10%.

In this situation, the improved TA supports poor growers and contributes to reducing
their poverty. Moreover, the finding is not sensitive to hidden deviations or un-observation
aspects. Suppose the variance in odds between two farmers participating in the cooperative
utilizing the same covariate is 55%. In that case, the assessed ATT of the farmers joining the
cooperative is implausible. The minimum and maximum critical values of Γ are 1.57–1.7
and 1.8–1.88, respectively. The results of technical assistance for low-income farmers are
not sensitive to hidden biases or unobserved factors. If the probability disparity between
two farmers utilizing the agricultural technology covariate is 30%, the ATT assessed via the
adopter is inaccurate. The minimum and maximum critical values of Γ are 1.5–1.37 and
1.37–1.6, respectively. The value is comparatively high because we controlled numerous
covariates affecting farmer’s CS and TA choices. The KBM-based balance test shows that
the stability requirement is completely met. The PSM distribution for less-income farmers
shows that the common sustenance assessment is satisfied by comparing the similarity
between the treatment and control groups.

4. Conclusions Policy Recommendations and Limitations

Several reports showed the impact of CS and TA on agricultural income has not been
thoroughly studied in most emerging countries, such as Pakistan. Additionally, according
to the author’s best information, the studies on the impact of CS and TA on agricultural
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income do not exist for Pakistan, and those present for other emerging nations are mostly
qualitative rather than quantitative. The present study used PSM and DSM methods
to examine the data of wheat growers from Pakistan’s KPK province to understand the
influence of farmer’s CS and TA decisions on their farming benefits. The PSM model
was also utilized to reduce farmer’s selection bias caused by observation factors and the
variance of agricultural benefits under various choices calculated through counterfactual
analysis. Balance testing and sensitivity analysis were used to evaluate model performance.

First, CS can significantly enhance growers’ agricultural benefits by controlling the
ad-hoc selection of farmers. In the low-income sample, the positive influence of cooperative
members on incomes is sturdier than the incomplete sample, which means that participa-
tion in cooperatives has the potential reducing poverty. Second, TA can also significantly
increase farmer’s agricultural benefits by controlling farmer’s ad-hoc selection bias. In
addition, there is a substantial association among farmer’s choices about CS and TA. In the
low-income sample, TA had a sturdier influence on income than the full sample, indicating
that TA can help reduce poverty and increase agricultural income. Third, factors such as
farmer’s social capital are also significantly related to farmer’s CS and TA choices. CS is
substantially correlated with social participation and trust for the whole sample. For the
low-income growers, social participation and social trust have significantly improved the
membership of cooperatives, and other control features have various influences on the
cooperatives’ membership. TA has a significant positive association with social participa-
tion, trust, and social network for the growers in the whole sample. Social trust, social
participation, and the social network had significantly increased the TA rate for the fewer
income groups.

The analysis showed strong relationships among education, age, skill, training, gender
with CS and TA, and agricultural benefits. While these findings are crucial to understanding
the relationship between agricultural cooperative service and adoption of agricultural
technology, it is rather important to conduct similar studies in a different country because
several critical factors impact the decision of farmers to adopt agricultural technology.

This article proposes some policy-related recommendations. For example, the govern-
ment and non-government organizations should take actions to regulate relevant legisla-
tion to support the farmer’s cooperatives development, particularly in low-income areas;
promote cost-decreasing emerging agricultural technologies, increasing the amount and
quantity of subsidies for the purchase of advanced and improved agricultural technolo-
gies; and support cooperative propaganda to growers, regulate the cooperatives’ process,
improve the cooperative service capability, and solve the problems encountered by wheat
growers in the process of the farming operation and production. As discussed in this article,
several governmental and non-governmental organizations can support farmers/growers
for cooperative support and adopting technologies to achieve agricultural-related SDGs.

This study has some limitations, and future researchers could address these limitations.
This study did not consider detailed agronomic practices implemented by farmers, which
could help understand the role of agronomic practices in the agricultural sector, which
was beyond the scope of this study. Additionally, the current research did not measure the
influence of implemented agricultural practices on the environment. Due to funding and
the COVID-19 pandemic constraints, this study only focused on four districts in Pakistan’s
KPK province. Future researchers can consider large sample size, possibly an entire country.
In addition, future researchers could consider how farmer’s CS and membership affect
other parts of the agricultural sector (such as agricultural progress, production efficiency,
productivity, market information, etc.). Finally, this research only recognized agricultural
income, and future researchers could further explore other essential parts of agricultural
development and poverty reduction in rural areas.
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