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ABSTRACT
Global climate changeposes severe challenges to agricultural production,with climate‑smart agriculture emerg‑

ing as a key response strategy. However, insufϐicient empirical evidence exists regarding its causal effects on small‑
holder income and food security. This study surveyed 712 farming households in Southwest China from July to
September 2023, using propensity score matching to evaluate climate‑smart agriculture technology adoption im‑
pacts. The research constructed a comprehensive adoption index including 8 core technologies such as conser‑
vation tillage, stress‑resistant varieties, and water‑saving irrigation. Results show 48% of farmers adopted these
technologies. Technology adoption increased average annual household income by 5.16 thousand yuan (23.8% in‑
crease) and improved food security scores by 1.74 points (10.4% improvement). Income growth primarily came
from crop income increases (3.89 thousand yuan) and livestock income increases (0.98 thousand yuan), with no
signiϐicant changes in non‑agricultural income. Heterogeneity analysis revealed stronger effects among large‑scale
farmers (6.93 thousand yuan), highly educated farmers (6.28 thousand yuan), and cooperativemembers (6.41 thou‑
sandyuan). Sensitivity analysis indicated robust conclusionswith Γ values of 1.65 (income) and1.42 (food security).
Climate‑smart agriculture adoption signiϐicantly improves smallholder welfare, but effects vary across groups, sug‑
gesting theneed for differentiated approaches, including enhanced technical training, improved ϐinancial services,
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and farmer organization promotion. This study advances technology adoption theory by showing that beneϐits de‑
pend on complementary assets. Limitations include cross‑sectional design and geographic speciϐicity.
Keywords: Climate‑SmartAgriculture; SmallholderFarmers; IncomeEffects; FoodSecurity; Propensity ScoreMatch‑
ing

1. Introduction
The global climate change issue is bringing rapid

and intense changes to the pattern of agricultural pro‑
duction, and it has severely affected traditional agri‑
cultural systems. Global climate change, characterized
by frequent extreme weather events, irregular rainfall
patterns, and temperature ϐluctuations, not only threat‑
ens global food security but also directly impacts the
livelihoods of smallholder farmers in developing coun‑
tries [1]. The latest report published by the Intergovern‑
mental Panel on Climate Change shows that the effect
of climate change on agricultural systems has strongly
demonstrated spatial variability and temporal variabil‑
ity, and the risks to small agricultural systems appear
to be more prominent in this area [2]. Under the above
circumstances, how to handle climate risks and improve
the resilience of agricultural systemshas thus becomean
urgent issue in the global agricultural sector, especially
in developing countries that strongly rely on agricultural
systems but lack effective adaptive capacity [3].

Due to the presence of ever‑growing and more
severe climate issues, the need for a sustainable pro‑
duction system in the agricultural sector has arisen.
Within the last few years, due to the rise in global
food price instability, the effect of the pandemic, and
the rise in global tensions, there has been an increase
in the levels associated with food insecurity, thereby
making the need for the development of robust agri‑
cultural systems a priority [4]. Climate‑smart agricul‑
ture has emerged as a comprehensive agricultural de‑
velopment strategy focusing upon the need to achieve
the objectives associatedwith agricultural productivity,
climate change adaptation, and greenhouse gas mitiga‑
tion through the innovation and optimization of man‑
agement and institutional changes and improvements
through innovation and optimization [5]. climate‑smart
Agriculture is more than a set of technologies because

it involves an agricultural transformation approach as‑
sociated with the changes linked to the optimization of
the value chain and changes associated with the man‑
agement of agricultural systems [6].

There have been in‑depth discourses in academia
regarding the conceptual basis and implications of
climate‑smart agriculture, and a relatively complete con‑
ceptual framework has been formed. The early studies
highlighted the implication of the concept, the technol‑
ogy aspect of climate‑smart agriculture, and the triple
role of climate‑smart agriculture in enhancing farm pro‑
ductivity, resilience to climate, and the reduction of
greenhouse gas emissions [7]. The later studies high‑
lighted the comprehension of the climate‑smart agricul‑
ture concept, which has been characterized by signiϐi‑
cant discrepancies in the applicability of the combina‑
tion of the technology based on the natural setting, the
socio‑economic context, and the particular conditions [8].
This literature review highlights the factors that inϐlu‑
ence the effects of the application of climate‑smart agri‑
culture technology.

Small farmers represent a signiϐicant component of
the global agricultural community, undertaking the crit‑
ical function of maintaining the food chain for the whole
global citizenry. Statistical evidence reveals that more
than 80% of global farms are smaller than 2 hectares,
maintained by small farmers who account for one‑third
of global food production, being most susceptible to cli‑
mate change effects [9]. Small farmers are confronted
with simultaneous demands of income expansion and
food security—to augment income through agricultural
productivity advancements, simultaneously maintain‑
ing stability as well as nutritional adequacy of domes‑
tic food supplies. Climate change effects upon small
farmers are more acute in areas like sub‑Saharan Africa,
as agricultural practices of that region face difϐiculties
in adapting to worsening climate conditions [10]. Thus,
there is signiϐicant relevance in examining climate‑smart
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agriculture technologies that can be applicable to small
farmers as well as their impact mechanisms to accom‑
plish the goals of sustainable development. Global evi‑
dence varies regarding the CSA (Climate‑Smart Agricul‑
ture) impact. African studies have identiϐied a positive
impact of 20–50% yield augmentation, though adoption
is hampered by human as well as capital resource re‑
quirements [11]. South Asian studies highlight local adap‑
tation as signiϐicant [12].

In recent years, a growing body of academics has
started to pay attention to the effects of climate‑smart
agriculture on smallholder welfare, as the literature on
this topic has been rapidly expanding. Systematic review
studies indicate that adoption of climate‑smart agricul‑
ture technologies can indeed improve smallholder in‑
come status and food security levels to some extent,
but effect sizes and impact mechanisms show consider‑
able variation across different studies [13]. On the other
hand, some research indicates that the comprehensive
implementation of climate‑smart agriculture practices
has a signiϐicant effect on improving theproductivity and
risk management in agricultural production, as well as
increasing the effectiveness in the reduction of green‑
house gas, thereby achieving a double beneϐit for farm‑
ers in terms of economic and environmental beneϐits [14].
These ϐindings provide important empirical support for
climate‑smart agriculture policy promotion while point‑
ing toward feasible directions for the agricultural sector
to address climate change.

However, there are evident gaps in methodolo‑
gies and empirical analyses in existing research. A
majority of existing literature uses mean comparison
or ordinary least squares estimation to examine the
effects of technology adoption, without appropriately
addressing self‑selection issues in farmers’ decisions
on technology adoption, potentially introducing endo‑
geneity into estimation results. Whether or not farm‑
ers choose to adopt climate‑smart agriculture technolo‑
gies remains non‑random, being made through ratio‑
nal decision‑making under farmers’ attributes, endow‑
ments, and risk preferences. This non‑randomness in‑
troduces systematic differences in treatment and con‑
trol groups in terms of observable and unobservable at‑
tributes [15]. Furthermore, existing literature remains

dominated by case studies of single technologies or
regional‑speciϐic analyses, without systematically evalu‑
ating the comprehensive effects of climate‑smart agricul‑
ture, thereby undermining the external validity of con‑
clusions reached in existing literature [16]. More impor‑
tantly, there remains a need for in‑depth analysis of the
mechanism through which climate‑smart agriculture in‑
ϐluences smallholder income structure and multidimen‑
sional food security [17]. A key gap remains in the het‑
erogeneous effectiveness of CSA. Existing literature re‑
mains dominated by analyses of decisions to adopt, with‑
out consideration of the role of farmer attributes and
endowments in mediating effects. This makes it difϐi‑
cult to design interventions. Furthermore, mountainous
Southwest China, with land fragmentation and climate
fragility, remains an under‑explored area, and the effec‑
tiveness of CSA remains to be empirically tested.

With respect to theoretical contributions, current
literature primarily concentrates on technical factors
and models of climate‑smart agriculture, with less em‑
phasis on theoretical mechanisms of economic impacts.
Although some research has examined decisions about
climate‑smart agriculture adoption based on technology
adoption theory and behaviorist economics of farmers,
theoretical models based on the impact of technology
adoption on farmers' welfare through different mecha‑
nisms have not been fully explored [18]. Especiallywithin
the current dual context of globalization and climate
change, the complexity of agricultural transformation
calls for more comprehensive and dynamic theoretical
frameworks of analysis. The current research combines
technology adoption theory with the RBV (Resource‑
based View) approach and the sustainable livelihood ap‑
proach. The value of technology not only hinges on adop‑
tion but also on the use of complementary assets (hu‑
man capital, infrastructure, social capital) that facilitate
its optimal use. The authors hypothesize that the im‑
pact of climate‑smart agriculture will be heterogeneous,
with larger impacts accruing to farmers with access to
complementary resources. Building resilience in the
long run calls for improvements in productivity as well
as adaptability, although only short‑term economic and
food security outcomes are examined in the current re‑
search.
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According to the above research status and exist‑
ing gaps, this study attempts to make a comprehensive
assessment of the causal relationship between climate‑
smart agriculture and smallholder income as well as
food security through propensity score matching ap‑
proaches. Propensity score matching approaches can ef‑
fectively address self‑selection biases in adoption deci‑
sionsby creatingbalanced samples of treatment and con‑
trol groups, so as toobtainmore reliable causal inference
results. This study not only targets the impact of climate‑
smart agriculture on total household income, but also
makes an in‑depth analysis of differentiated effects of
climate‑smart agriculture onvarious incomechannels as
well as various aspects of food security, to explore the
distribution of technology adoption effects among vari‑
ous groups of farmers. This study attempts to provide
more reliable evidence to promote climate‑smart agri‑
culture policies aswell as theoretical research on agricul‑
tural development economics through the comprehen‑
sive use of various robustness tests.

The research achievements of this paper are
primarily embodied in the following three aspects:
from the methodological perspective, the adoption
of propensity score matching methods can effectively
solve the endogeneity issue and is of great methodolog‑
ical signiϐicance to the relevant research. In the empir‑
ical research, the assessment of the multi‑dimensional
effects of climate‑smart agriculture on smallholder in‑
come and food security can enrich the empirical evi‑
dence of agricultural technology adoption. In the pol‑
icy implications, the research can offer a scientiϐic basis
to support the promotion policy of climate‑smart agri‑
culture and is of great practical signiϐicance to the Sus‑
tainable Development Goal. This paper will discuss the
research methods, empirical ϐindings, and policy impli‑
cations below.

2. Research Methods

2.1. Study Region and Data Sources

This study selected Southwest China as the survey
area. The area falls in the subtropical monsoon climate

and has typical mountain farm conditions and a high
level of agricultural diversity. The area is dominated by
small farming households, with a total ofmore than 85%
of the agricultural operations in the area conducted by
small farming households, and an average farming area
of approximately 0.8 ha per household. The area mainly
plants rice, corn, and tubers. The area has recently suf‑
fered from severe weather conditions, such as drought
and ϐlooding, and has now started to introduce climate‑
smart agricultural practices and technologies, such as
conservation tillage, drought‑tolerant strains, andwater‑
saving irrigation methods. The choice of area has high
representative signiϐicance because the area has simi‑
lar levels of economic development and farming prac‑
tices with most other mountain farming areas around
the world [19]. Figure 1 illustrates the geographic distri‑
bution of the study area and sampling locations across
the four selected counties.

As shown in Figure 2, the theoretical analysis
framework developed in this study systematically shows
the pathways of the impacts of the adoption of climate‑
smart agriculture technology and constitutes a complete
causal chain from the preconditions to the outcome vari‑
ables.

Data collection employed a stratiϐied random sam‑
pling method, with the sampling process divided into
three stages: at the county level, 4 typical agricultural
counties were randomly selected; at the township level,
3 townships were randomly selected from each county;
at the village level, 2–3 administrative villages were ran‑
domly selected from each township. Sample size deter‑
mination was based on statistical power analysis, con‑
sidering expected effect size, signiϐicance level, and sta‑
tistical power requirements, ultimately determining an
effective sample size of 712 farming households. The
survey took place from July to September 2023, and the
methods included a combination of structured question‑
naires and in‑depth interviews. The questionnaires in‑
cluded basic farmer information, farm operation status,
technology adoption status, income structure, and food
security status. A quality control system was also put in
place to ensure accuracy and completeness of the data
obtained [20].
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Figure 1. Study Area and Sampling Distribution in Southwest China.
Note: County boundaries and village locations are schematic representations to protect participant anonymity while maintaining geographic representativeness.
Stars indicate county centers; dots represent surveyed villages. Counties A–D span elevations from 800 to 2,200 m across approximately 15,000 km2 . Sample
distribution: County A (89 households), County B (176 households), County C (198 households), County D (249 households). Total: 712 households across 12
townships and 28 villages.

Figure 2. Conceptual Framework of Climate‑Smart Agriculture Impact on Smallholder Income and Food Security.

2.2. Ethics Statement

This research has been formally approved by the
ResearchEthics Committee of the related institution (Ap‑
proval No.: IRB‑2023‑AG‑056). All the research partici‑
pants voluntarily took part in the research and signed
the informed consent form. Their privacy rights were
protected throughout the research process, and all the
personal information provided by the research partici‑
pants remained anonymous.

2.3. Variable Deϐinition and Measurement

The main dependent variables for this study are
the total household income per year, as well as the to‑
tal household food security score. The total household
income per year considers different sources of income
such as crop sales, animal sales, and non‑agricultural
employment incomes, measured in thousands of yuan.
The total household food security score was derived us‑
ing the Food and Agriculture Organization’s Household
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Food Insecurity Access Scale (HFIAS), which takes into
account the three aspects of food access: adequacy, sta‑
bility, and nutritional quality, with an overall score of 0
to 27, obtained by weighted analysis [21].

The core explanatory variable is climate‑smart agri‑
culture technology adoption status. Based on theoreti‑
cal connotations, this study identiϐied 8 core technolo‑
gies: conservation tillage technology, stress‑resistant va‑
riety use, water‑saving irrigation technology, organic fer‑
tilizer use, crop diversiϐication planting, crop straw in‑
corporation, soil testing and formula fertilization, and
integrated pest management. A comprehensive technol‑
ogy adoption index was constructed through principal
component analysis and processed as a binary variable
according to the median [22].

Control variables encompass three levels: farmer
characteristics, farm characteristics, and external envi‑
ronment. Farmer characteristics include household head

age, education level, gender, household size, and labor
force quantity; farm characteristics include farm size,
land quality, terrain conditions, and main crop types; the
external environment includes distance to county seat,
credit access, technical training participation, coopera‑
tive membership status, and policy support situation [23].

Land quality was assessed using a four‑point scale
(1 = poor, 2 = fair, 3 = good, 4 = excellent) adapted
from China's national agricultural land grading stan‑
dards (GB/T 28407‑2012) [24]. Trained agricultural ex‑
tension ofϐicers evaluated each plot during household
surveys based on soil fertility (organic matter, nutrient
content), physical properties (texture, drainage, topsoil
depth), and observed productivity (historical yields, irri‑
gation access).

As shown inTable1, the basic characteristics of the
full sample of 712 farming households present typical
smallholder characteristics.

Table 1. Variable Deϐinitions and Descriptive Statistics.
Variable Deϐinition Mean Std. Dev. Min Max

Dependent Variables
Total Income Total household income (CNY 1,000) 23.56 11.42 7.80 58.40

Food Security Score Household food security score (0–27) 17.43 4.28 8.00 25.00
Treatment Variable

CSA Adoption Climate‑smart agriculture adoption (1 = yes, 0 = no) 0.48 0.50 0.00 1.00
Household Characteristics

Household Head Age Age of household head (years) 52.14 10.67 32.00 69.00
Education Level Education level of household head (1–4) 2.08 0.76 1.00 4.00

Gender Gender of household head (1 = male, 0 = female) 0.74 0.44 0.00 1.00
Household Size Number of household members 3.87 1.34 2.00 7.00
Labor Force Number of laborers in household 2.41 0.92 1.00 5.00

Farm Characteristics
Farm Size Farm size (hectares) 0.73 0.41 0.15 1.87

Land Quality Land quality score (1–4) (1 = poor, 2 = fair, 3 = good, 4 = excellent) 2.52 0.81 1.00 4.00
Terrain Terrain condition (1 = plain, 2 = hill, 3 = mountain) 2.28 0.69 1.00 3.00

Crop Type Main crop type (1 = grain, 2 = cash, 3 = mixed) 1.64 0.63 1.00 3.00
External Environment

Distance to County Distance to county seat (kilometers) 18.7 12.3 4.0 47.0
Credit Access Access to formal credit (1 = yes, 0 = no) 0.28 0.45 0.00 1.00

Training Participation Participation in technical training (1 = yes, 0 = no) 0.33 0.47 0.00 1.00
Cooperative Membership Cooperative membership (1 = yes, 0 = no) 0.22 0.41 0.00 1.00

Policy Support Receipt of agricultural subsidies (1 = yes, 0 = no) 0.47 0.50 0.00 1.00

2.4. Propensity Score Matching Method

The propensity score matching method identiϐies
the causal effects of climate‑smart agriculture technology
adoption by constructing balanced treatment and control
groups. This method uses observable variables to cal‑
culate the conditional probability of each farmer adopt‑
ing technology (propensity score), and estimates the av‑
erage treatment effect by matching farmers with similar

propensity scores but different technology adoption sta‑
tuses to construct counterfactual control groups [25].

Propensity score estimation employs a Logitmodel
with technology adoption status as the dependent vari‑
able:

e(Xi) = P (Di = 1|Xi) =
exp(α+Xi′β)

1 + exp(α+Xi′β)
(1)

Where Di represents the technology adoption sta‑
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tus of farmer i, Xi represents the vector of covariates
affecting technology adoption decisions, α is the con‑
stant term, and β is the coefϐicient vector. The esti‑
mation quality of propensity scores is veriϐied through
model goodness‑of‑ϐit tests and predictive accuracy as‑
sessments [26].

The matching algorithm uses several techniques to
guarantee the robustness of the results: the matching
by the nearest neighbor identiϐies the individual in the
control group with the most similar propensity score to
each individual in the treatment group; the matching by
the radius deϐines the caliper value of 0.005 and selects
all eligible individuals in the control group within the
speciϐied neighborhood; the kernel matching uses the
Epanechnikov kernel, and the counterfactual outcomes
are constructed by taking weighted averages of all indi‑
viduals in the control group. The quality of the match
is assessed by the standardized bias, which requires the
standardized bias of all covariates to be less than 5% af‑
ter matching, and the pseudo‑R2 tests and joint signiϐi‑
cance tests are carried out.

Under the assumption of conditional independence
and common support, the estimation formula for the av‑
erage treatment effect is:

τATE = E[Yi(1)− Yi(0) | X]

= E[Yi | Di = 1, e(Xi)]− E[Yi | Di = 0, e(Xi)]
(2)

2.5. Robustness Testing Design

In order to guarantee the accuracy of conclusions
drawn from research, this paper sets up a multi‑level
robustness test plan. The sensitivity analysis uses the
Rosenbaum bounds test to estimate how unadjusted co‑
variate bias may affect treatment effect estimates by
measuring critical values τ [27]. The comparison ofmulti‑
ple matching algorithms checks if results are consistent
by using Mahalanobis distance matching, genetic match‑
ing, or exact covariate matching. The construction of

false treatment variables by randomly assigning technol‑
ogy adoption status in the placebo test checks if the iden‑
tiϐication strategy is valid; theoretically, false treatment
effects should be close to zero and not statistically signif‑
icant [28]. The test of the sample group checks if the char‑
acteristics of robustness and heterogeneity of results dif‑
fer by dimensions of sample group characteristics, in‑
cluding dimensions of farm size, geography, and house‑
hold head characteristics.

3. Results Analysis

3.1. Sample Characteristics Description

Using sample data from 712 farming families col‑
lected from ϐield surveys, this paper thoroughly exam‑
ines the basic characteristics of sample farmers in or‑
der to build a foundation for propensity score matching.
Survey results show that sample farmers exhibit typical
characteristics of smallholder farmers in the Southwest
mountainous areas in terms of demographic character‑
istics, farm operating conditions, and socio‑economic
environment, demonstrating strong representativeness.
The average age of household heads is 52.14 years, with
male household heads accounting for 74%. Education
levels are primarily at the junior high school level (av‑
erage score 2.08), reϐlecting the basic status of rural hu‑
man capital in the region. The average household size is
3.87 people with 2.41 laborers, consistent with national
rural family structures. Regarding farm size, the average
operating area is 0.73 ha, conforming to smallholder op‑
erating characteristics. Land quality scores 2.52 (out of
4), indicating above‑average land conditions in the study
region.

As shown in Table 2, comparative analysis of sam‑
ple characteristics grouped by climate‑smart agricul‑
ture technology adoption status reveals signiϐicant dif‑
ferences between adoption and non‑adoption groups
across multiple dimensions.

From the comparison analysis presented in Ta‑
ble 2, it is clear that farmers in the technology adop‑
tion group have advantages in various important at‑
tributes, which form preliminary evidence of positive
selection on technology adoption. The average age of
household heads in the technology adoption group is
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younger (50.42 years vs. 53.67 years), with greater
education attainment, superior farm size and quality,
and greater access to market, credit, technical training,
and policy support relative to the non‑adoption group.
More signiϐicantly, the technology adoption group ex‑

hibits advantages on outcome indicators, where average
household income is 32.6% higher, and food security
scores are 14.3% higher than those of the non‑adoption
group, forming descriptive evidence of positive impacts
of climate‑smart agriculture technology adoption.

Table 2. Sample Characteristics by Climate‑Smart Agriculture Adoption Status.
Variable Non‑Adopters (n = 369) Adopters (n = 343) Difference t‑Statistic

Household Characteristics
Household Head Age 53.67 (10.45) 50.42 (10.72) −3.25*** 3.84
Education Level 1.92 (0.68) 2.26 (0.82) 0.34*** −5.52
Gender (Male = 1) 0.71 (0.46) 0.77 (0.42) 0.06 −1.68
Household Size 3.74 (1.28) 4.02 (1.38) 0.28** −2.73
Labor Force 2.31 (0.87) 2.53 (0.96) 0.22** −2.95

Farm Characteristics
Farm Size (hectares) 0.68 (0.37) 0.79 (0.44) 0.11*** −3.42
Land Quality Score 2.38 (0.75) 2.67 (0.85) 0.29*** −4.58
Terrain Condition 2.35 (0.71) 2.21 (0.67) −0.14** 2.65

Crop Type 1.58 (0.59) 1.71 (0.66) 0.13** −2.67
External Environment

Distance to County (km) 21.3 (13.2) 15.8 (10.7) −5.5*** 5.78
Credit Access 0.22 (0.41) 0.35 (0.48) 0.13*** −3.67

Training Participation 0.19 (0.39) 0.49 (0.50) 0.30*** −8.12
Cooperative Membership 0.15 (0.36) 0.30 (0.46) 0.15*** −4.53

Policy Support 0.41 (0.49) 0.54 (0.50) 0.13*** −3.25
Outcome Variables
Total Income (1,000 CNY) 20.45 (8.92) 27.12 (12.58) 6.67*** −7.58

Food Security Score 16.34 (3.87) 18.68 (4.49) 2.34*** −7.02
Note: Standard deviations in parentheses; ***p < 0.01, **p < 0.05, *p < 0.1.

3.2. Propensity Score Estimation Results

In order to better grasp the spatial distribution
characteristics and adoption trends of climate‑smart
agriculture technology in the study region, this study
systematically carries out the analysis of the geographic
distribution, type structure, and propensity score of
the adoption of climate‑smart agriculture technology.
Through the survey, the results show that the promotion
of climate‑smart agriculture technology in the study re‑
gion has a certain spatial heterogeneity and is closely re‑
lated to the regional economic development level and in‑
frastructure conditions. The adoption rates of the coun‑
ties range between 35% and 62%, and the adoption
rates of the places close to the county towns and those
with convenient transportation conditions are much
higher than those of the mountainous areas.

From Figure 3, the level of difference in the adop‑
tion rates of the various forms of climate‑smart agricul‑

ture technologies is evident, and technology choice dis‑
plays preference differentiation.

From the analysis, the results in Figure 3 demon‑
strate key ϐindings for climate‑smart agriculture technol‑
ogy adoption and the statistical analysis basis. In Panel
A, it can be seen that the adoption rate for the use of or‑
ganic fertilizer is the highest at 72%because of the strong
desire by the farmers to improve the soil; the use of con‑
servation tillage is also at 67% and the use of integrated
nutrient management at 62%, showing that the technolo‑
gies that have to do with the management of the soil can
be more easily adopted by the farmers. On the other
hand, the adoption rate for the use of water‑saving irri‑
gation technology is 45%, crop diversiϐication planting is
at 41%, and the technologywith the lowest adoption rate
is the precision agriculture technology at 29%. In Panel
B, the propensity score distribution indicates that even if
there are some differences in the propensity scores for
the technology adopters (green) and the non‑adopters
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(brown), there is enough overlap in the support areas for
the two groups (0.15–0.85), providing a good statistical
basis for the analysis in the propensity score matching.

The overlap in the propensity score distribution indicates
that there is enough data for the analysis to enable the es‑
timation of the causal effects of technology adoption.

Figure 3. Climate‑Smart Agriculture Technology Adoption and Propensity Score Analysis. (a) Technology Adoption Rate by
Type; (b) Propensity Score Distribution and Common Support Assessment.

3.3. Main Treatment Effect Estimation

Anaccurate estimation of the propensity score is an
essential step to ensure the quality of the matching pro‑
cess and the validity of the inference of causality. This
research utilizes the Logit model to estimate the propen‑
sity score regarding the adoption of the climate‑smart

agriculture technology by each farmer. The overall ϐit
of the model is good, with the pseudo R‑squared statis‑
tic of 0.247. Model estimation results show that house‑
hold head education level, household labor force quan‑
tity, farm size, land quality, technical training participa‑
tion, and cooperative membership have signiϐicant posi‑
tive effects on technology adoption, while factors such as
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household head age and distance to county town show
negative effects, which is basically consistent with agri‑
cultural technology adoption theory expectations.

As shown in Table 3, the implementation effects of

propensity scorematching and covariate balance test re‑
sults indicate that thematching process effectively elimi‑
nates systematic differencesbetween treatment and con‑
trol groups.

Table 3. Propensity Score Matching Results and Covariate Balance Assessment.
Variable Before Matching After Matching

Treated Control Std. Bias Treated Control Std. Bias

Logit Model Results (Propensity Score Estimation)
Household Head Age −0.024** (0.011)
Education Level 0.387*** (0.108)
Gender (Male = 1) 0.245 (0.198)
Household Size 0.156* (0.082)
Labor Force 0.211** (0.095)
Farm Size 0.524*** (0.167)

Land Quality 0.298*** (0.102)
Distance to County −0.031*** (0.008)

Training Participation 1.247*** (0.187)
Cooperative Membership 0.467** (0.215)

Constant −1.823*** (0.645)
Covariate Balance Assessment

Household Head Age 50.42 53.67 −30.4 50.85 51.23 −3.6
Education Level 2.26 1.92 44.2 2.18 2.15 3.9
Household Size 4.02 3.74 21.2 3.95 3.89 4.5
Labor Force 2.53 2.31 24.1 2.46 2.41 5.2
Farm Size 0.79 0.68 27.3 0.75 0.73 4.9

Land Quality 2.67 2.38 36.1 2.58 2.55 3.7
Distance to County 15.8 21.3 −46.2 16.9 17.4 −4.2

Training Participation 0.49 0.19 68.7 0.42 0.39 6.1
Cooperative Membership 0.30 0.15 37.8 0.26 0.24 4.6
Matching Quality Statistics
Pseudo R2 (before/after) 0.247 0.018
LR Chi2 (before/after) 287.4*** 15.6
Mean Standardized Bias 39.5% 4.4%
Matched Observations 343 289

Note: Logit coefϐicients represent log‑odds ratios. Standardized bias measures covariate balance (>10% = imbalance, <5% = good balance). Pseudo R2 decrease
(0.247→0.018) and non‑signiϐicant LR Chi2 after matching conϐirm successful balance. Mean bias reduction (39.5%→4.4%) meets < 5% threshold. ***p < 0.01, **p <
0.05, *p < 0.1. Robust standard errors in parentheses.

From Table 3, it is clear that the Logit model was
able to establish important variables that contributed
to the adoption of technology, and covariate balance
was signiϐicantly reduced by matching. The imbalance
in covariates between treatment and control samples
before matching was very high at 39.5%, which is not
acceptable at all. After propensity score matching pro‑
cessing, the standardized bias for all covariates de‑
creased to below 5%, with the average standardized
bias dropping to 4.4%, pseudo‑R2 falling from 0.247 to
0.018, and the likelihood ratio test statistic decreasing
from 287.4 to 15.6 and no longer signiϐicant, indicat‑
ing that treatment and control groups achieved statis‑

tical balance in observable characteristics after match‑
ing. The last successful match contains 343 observa‑
tions from the treatment group and 289 observations
from the control group, giving a solid statistical base for
calculating the causal effects.

3.4. Heterogeneity Effect Analysis

Based on matched samples that passed balance
tests, this study estimated the average treatment effects
of climate‑smart agriculture technology adoption on
smallholder income and food security. To ensure robust‑
ness of the results, three different algorithms were used
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for comparative veriϐication: nearest neighbor match‑
ing, radius matching, and kernel matching. Empirical
results show that climate‑smart agriculture technology
adoption had signiϐicant positive impacts on farmer wel‑
fare, but the degree of impact varies by outcomevariable,

which is basically consistent with ϐindings from related
international research.

As shown in Table 4, treatment effect estimates
from multiple matching algorithms show high consis‑
tency, verifying the robustness of core conclusions.

Table 4. Average Treatment Effects of Climate‑Smart Agriculture: Main Results and Robustness Checks.
Outcome Variable Nearest Neighbor Radius Matching Kernel Matching Robustness Checks

Total Household Income (1,000 CNY)
Adopters 26.84 (0.68) 26.92 (0.65) 26.87 (0.63)

Non‑Adopters 21.73 (0.57) 21.68 (0.54) 21.71 (0.52)
ATE (Average Treatment Effect) 5.11*** (0.89) 5.24*** (0.85) 5.16*** (0.82)

% Change 23.5% 24.2% 23.8%
Food Security Score (0–27)

Adopters 18.45 (0.24) 18.52 (0.23) 18.48 (0.22)
Non‑Adopters 16.78 (0.21) 16.71 (0.20) 16.74 (0.19)

ATE 1.67*** (0.32) 1.81*** (0.30) 1.74*** (0.29)
% Change 9.9% 10.8% 10.4%

Income by Source
Crop Income ATE 3.82*** (0.67) 3.95*** (0.64) 3.89*** (0.61)

Livestock Income ATE 0.94** (0.38) 1.02** (0.36) 0.98** (0.34)
Off‑farm Income ATE 0.35 (0.28) 0.27 (0.26) 0.29 (0.25)
Sensitivity Analysis

Rosenbaum Γ (Income) 1.65
Rosenbaum Γ (Food Security) 1.42

Alternative Methods
Mahalanobis Matching 4.87*** (0.94)

Genetic Matching 5.23*** (0.91)
Sample Size
Treated 343 343 343

Matched Controls 289 312 343
Note: ***p < 0.01, **p < 0.05, *p < 0.1. Bootstrap standard errors in parentheses (500 resamples),

The estimation results from multiple matching algo‑
rithms in Table 4 show high consistency, further verify‑
ing the robustness of core conclusions. The income treat‑
ment effects estimated by three matching methods (near‑
est neighbormatching, radiusmatching, kernel matching)
are 5.11 thousand yuan, 5.24 thousand yuan, and 5.16
thousand yuan, respectively, with small differences and all
signiϐicant at the 1% level, indicating that results do not
depend on speciϐic matching algorithm selection. Income
source decomposition analysis shows that income growth
from technology adoption mainly comes from within the
agricultural sector: crop income increased by 3.89 thou‑
sand yuan, accounting for 75.4% of the total income in‑
crease effect; livestock income increased by 0.98 thou‑
sand yuan, accounting for 19.0%; while changes in non‑
agricultural income were only 0.29 thousand yuan with‑
out statistical signiϐicance, accounting for 5.6%. This

structural property reveals that the primary economic im‑
pact of climate‑smart agriculture is to enhance agricul‑
tural productivity and minimize agricultural risk. The im‑
pact on improving food security also remains strong, and
the estimated effects are 1.67, 1.81, and 1.74 points, re‑
spectively, through three matching approaches, indicat‑
ing an average improvement of about 10.4%. The im‑
provement takes place through three different channels,
including increased availability, increased nutrient diver‑
sity, and increased stability of supply.

3.5. Robustness Test Results

In order to grasp the distributional features and
condition‑dependent relationship of the effects of
climate‑smart agricultural technology adoption, the het‑
erogeneity analysis is performed from multiple angles,
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such as the size of the farmland, the location, and the
attributes of the household head. At the same time,
the robustness of the key ϐindings is checked by em‑
ploying different robustness tests. The ϐindings of the
heterogeneity analysis indicate that there exist large dif‑

ferences in the effects of technology adoption among
different groups.

As indicated by Figure 4, the results of heterogene‑
ity and sensitivity analysis further conϐirm the robust‑
ness and validity of the study’s conclusions.

Figure 4. Treatment Effect Heterogeneity and Sensitivity Analysis. (a) Heterogeneous Treatment Effects on Household Income;
(b) Sensitivity Analysis for Unobserved Confounders.

The results of the forest plot and the sensitivity
analysis, as shown in Figure 4, again support the robust‑
ness and policy targeting of the conclusions drawn by

the study. The heterogeneity analysis of Panel A shows
that there exist signiϐicant disparities in the treatment
effects for different subgroups:
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In the farm size dimension, large‑scale farmers (>1
ha) show the most signiϐicant income growth effect at
6.93 thousand yuan (95% conϐidence interval: 5.21–
8.65), signiϐicantly higher than medium‑scale farmers'
5.47 thousand yuan (95%conϐidence interval (CI): 4.12–
6.82) and small‑scale farmers' 3.87 thousand yuan (95%
conϐidence interval: 2.94–4.80), reϐlecting the important
role of economies of scale in technology application.

In the education level dimension, the treatment ef‑
fect of highly educated farmers (high school and above)
is 6.28 thousand yuan (95% CI: 4.85–7.71), which is
much higher than the result of the low‑educated group
at 4.15 thousand yuan (95%CI: 3.22–5.08), verifying the
important role of human capital in the adoption of tech‑
nology.

The treatment effect for cooperative members on
the organizational level dimension has a value of 6.41
thousand yuan (95% CI: 4.98, 7.84), which is consider‑
ably higher than that for non‑members, 4.58 thousand
yuan (95% CI: 3.71, 5.45), suggesting that the organiza‑
tion can strengthen the economic impact of technology
adoption.

From the sensitivity analysis curves of panel B, it
can be seen that if the magnitude of hidden bias Γ is
above 1.65, then the signiϐicance of household income
effects (p = 0.05) may be at risk, and the critical value
of food security effects is 1.42. This implies that there
is resistance tomoderate‑strength hidden biases against
which the ϐindings of researchwork, but care is required
in the interpretation of causal relationship strength.

However, the large heterogeneity calls for further
study. Economies of scale, credit access, and bargain‑
ing power explain why large farms enjoy a return of
79% higher than others. Education raises the level
of knowledge‑intensive management; this is a 51% in‑
crease. However, equity may be a concern if the bene‑
ϐits of CSA accrue mostly to educated farmers. Coopera‑
tives supply inputs and training as well as joint market‑
ing; this is a 40% increase. This indicates that organiza‑
tional innovationsmay offset limitations of individual ca‑
pacity. Unobserved variables should not be ignored. Mo‑
tivation and management capacity of the farmer, which
is related to education and group membership, may ex‑
plain the adoption and impact of the intervention.

4. Discussion
Several limitations affect interpretation. The cross‑

sectional design captures short‑term effects (~1 year
post‑adoption) but not long‑term sustainability. Geo‑
graphic speciϐicity (mountainous Southwest China) lim‑
its generalizability to other agroecological zones. Propen‑
sity scorematching controls observables but cannot elim‑
inate selection on unobservables (motivation, manage‑
ment ability). Sensitivity analysis suggests moderate ro‑
bustness (Γ = 1.65), but randomized trials would provide
stronger causal evidence. The empirical results based
on propensity score matching in this study offer crucial
quantitative data supporting the effectiveness of climate‑
smart agriculture in terms of its contribution to the in‑
come and food security of small farmers. The results indi‑
cate that the application of climate‑smart agriculture sig‑
niϐicantly enhanced farmers' annual income by an aver‑
age of 23.8%, and the level of food security by an average
of approximately 10.4%. The results are generally in line
with the conclusions made in similar studies in Ethiopia,
but with more modest and rational magnitudes [27]. The
income increase is mostly due to the marked increase in
income from crop production, due to the favorable effect
of climate‑smart agriculture technology in terms of im‑
proving the output and quality of agricultural products,
and the decrease in the risks involved in their production
processes. Studies conducted in theNyandowatershed in
Kenya demonstrated that adopting multi‑stress‑tolerant
varieties of cereals can raise farmers' income by an aver‑
age of 83% [28]. Though the increase appears higher, the
current study presentsmore comprehensive indicators of
the application of the relevant technology, and thus, the
results are more representative.

The enhanced effect of climate‑smart agriculture
on food security is an expression of themultifaceted ben‑
eϐits of adopting technology. Ghanaian results reveal
that climate‑smart farming practices such as irrigation
and index‑based crop insurance contribute to higher
earnings and climate‑change resilience for farmers [29].
The current study ϐinds that the effect of food security
improvement ismostly through the threemechanismsof
increasing food availability, improving nutritional diver‑
sity, and improving food supply stability, agreeing with
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the conclusion of similar studies conducted in Tanzania
and Ethiopia [30]. The fact that the effect of adopting the
technology in the current study has no effect upon in‑
come in the non‑agricultural sector indirectly reϐlects
the fact that the improvement in agricultural technolo‑
giesmostly plays a role in the agricultural sector in terms
of structural economic and humanmigration of the stud‑
ied area.

Heterogeneity analysis brings out the important
distributive properties of the effect of technology adop‑
tion, forming the scientiϐic basis for precise policymak‑
ing. The income growth effect for large‑scale farmers is
signiϐicantly higher than that of the other two groups of
farmers: the result is similar to the conclusion reached
in the Qamata irrigation project in South Africa, conϐirm‑
ing the crucial contribution of economies of scale to the
application of the technology [31]. Those farmers who at‑
tain higher levels of education are able tomaster and ap‑
ply the new technology better and gain higher economic
beneϐits from it. This ϐinding proves the crucial contri‑
bution of human capital to agricultural technology diffu‑
sion and application [32]. The farmer treatment effect of
cooperative members is signiϐicantly higher than that of
those who are not members, conϐirming the crucial con‑
tribution of the level of organization and social networks
to the diffusion and amplifying effect of the technology,
in accordance with the conclusion reached in Zambian
studies of small farmers [33]. The effect difference due
to the geographical factor shows that the moderating ef‑
fect of infrastructural facilities and market access is im‑
portant to the effect of the application of the technology,
and those farmers who live closer to the county towns
are able to make better use of the services and market‑
ing channels and gain higher economic beneϐits from the
application of the technology [34].

This study's methodological contributions are
mainly reϐlected in strict causal identiϐication strate‑
gies and robustness testing design. Compared to simple
descriptive analysis or ordinary least squares methods
used in most existing studies, this study uses propensity
score matching to effectively control self‑selection bias
in technology adoption decisions, improving causal in‑
ference credibility [35]. From the results of the sensitivity
analysis, the resistance of research conclusions to mod‑

erately strong unobserved confounding variables exists,
with Γ = 1.65 and Γ = 1.42. Even if not as strong as in
the case of randomized controlled trials, this is a rather
robust level in the case of observational research [36].
The same results from different matching algorithms
conϐirm the validity of the conclusions.

The implications of the study are very signiϐicant to
policies that can inϐluence agricultural development. It
is important that governments and international bodies
improve their investments in climate‑smart agricultural
technologydevelopment. This should focuson the capac‑
ity building of small‑scale farmers. Technology develop‑
ment can be promoted through farmers' organizations,
cooperatives, which can be developed through innova‑
tions that are a product of policies to improve the level
of farmers' organizations. This is because it is signiϐi‑
cant that farmers' organizations are strengthened. The
development of infrastructure and improvement of the
market system can be a guarantee for the realization of
technological effects, involving the integration of trans‑
portation, information, and circulation facilities. The de‑
velopment of ϐinancial service innovations can be a key
to alleviating the capital constraint for farmers, involv‑
ing the exploration of ϐinancial instruments suitable for
small‑scale farmers.

Some unavoidable shortcomings of this study
should be fully considered during the interpretation of
results and application of policies. The cross‑sectional
dataset limits analysis on long‑run effects and dynamic
effects of the adoption of technologies, which cannot ad‑
dress important aspects of technology learning curves,
adaptation, and sustainability. Although propensity
score matching can address the role of confounding fac‑
tors of observable variables, it may still be vulnerable to
unobservable heterogeneities, especially those of inher‑
ent abilities of farmers, risk preferences, and social net‑
works that cannot be fully quantiϐied. The regional char‑
acteristics of this study area limit the generalizability of
the external validity of technology effects, which may
be substantially different in varying climate patterns,
market structures, and institutional settings. The mea‑
surement of climate‑smart agriculture technologies ad‑
dresses the overall effects of technology packages, which
cannot address the optimal effects of combinations of
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various technologies.
Further studies in the future should carry out in‑

depth and expanded analysis in several different ways.
Set up long‑term tracking databases tomonitor dynamic
processes and long‑term effects of technology adoption,
especially in technology learning, adaptation, and sus‑
tainability. Use randomized controlled trials to seek
more credible causal inferences through experimental
designs, and investigate the comparative effects of dif‑
ferent technology package combinations and dissemi‑
nation approaches. Increase the geographic scope of
studies, carry out regional comparisons, and explore
the environmental dependence and moderating effects
of technology outcomes. Carry out in‑depth micro‑
mechanism studies of technology adoption, use behav‑
ioral economics theories and approaches to decompose
and interpret decision‑making processes for farmers,
and investigate the social network effects of technol‑
ogy diffusion. Improve the quantitative analysis of
climate‑smart agriculture’s environmental effects, estab‑
lish overall evaluation systems for economic and ecolog‑
ical beneϐits, and thus provide more comprehensive pol‑
icy support for sustainable agricultural development.

5. Conclusions
This research shows that the adoption of climate‑

smart agriculture has a signiϐicant positive effect on the
welfare of small farmers, increasing their household in‑
come by 23.8% and improving their food security by
10.4%. However, the results also show that the beneϐits
from the technology are not equally shared, and this cre‑
ates a critical issue in the design of policies, in that the
beneϐits to large farmers are 79% greater than the ben‑
eϐits to small farmers, the beneϐits to educated farmers
are 51% greater than the beneϐits to less‑educated farm‑
ers, and the beneϐits to members of farmers’ organiza‑
tions are 40%greater than the beneϐits to non‑members.
What this means is that technology transfer by itself,
without anything else happening to address scale, ed‑
ucation, and organizational constraints, might actually
widen the gap in the beneϐits that small farmers receive
from the welfare beneϐits. The study has strong sensitiv‑
ity analysis incorporated into the matching estimation

(Γ = 1.65), but the data collected are cross‑sectional, and
the geographic speciϐicity limits generalizability. The
results on the impact on household income would re‑
quire comparative analysis across various geographic lo‑
cations, ideally via a randomized controlled trial, to al‑
lay all concerns on the issue of selection bias. The re‑
sults on the beneϐits from the technology being 94%
within the agriculture sector also raise questions on the
hypothesis that technology transfer would bring about
economic transformation. The technology raises pro‑
ductivity but fails to bring about diversiϐication within
the agriculture sector, whereas this is the expected out‑
come from development theories on technology trans‑
fer. The next course of action should therefore be the
design of an overall strategy that combines technology
transfer with education, organizational development, ϐi‑
nancial development, and infrastructure development,
especiallywith regard to the disadvantaged groups. This
should require a critical acknowledgment that the bene‑
ϐits from technology transfer depend on other comple‑
mentary factors.

Author Contributions
Conceptualization, L.Z. and T.L.; methodology, L.Z.;

software, L.Z.; validation, L.Z. and T.L.; formal analysis,
L.Z.; investigation, L.Z.; resources, L.Z.; data curation,
L.Z.; writing—original draft preparation, L.Z.; writing—
review and editing, T.L.; visualization, L.Z.; supervision,
T.L.; project administration, L.Z.; funding acquisition, L.Z.
and T.L. All authors have read and agreed to the pub‑
lished version of the manuscript.

Funding
This work received no external funding.

Institutional Review Board State‑
ment

The study was conducted in accordance with the
Declaration of Helsinki and approved by the Research
Ethics Committee of INTI International University (proto‑
col code IRB‑2023‑AG‑056, approved on 15 June 2023).

408



Research onWorld Agricultural Economy | Volume 07 | Issue 03 | September 2026

Informed Consent Statement
Informed consentwas obtained fromall subjects in‑

volved in the study.

Data Availability Statement
The data presented in this study are available on re‑

quest from the corresponding author. The data are not
publicly available due to privacy and ethical restrictions
to protect the anonymity of participating farming house‑
holds.

Acknowledgments
The authors thank all participating farming house‑

holds and local agricultural extension ofϐicers.

Conϐlicts of Interest
The authors declare no conϐlict of interest.

References
[1] Begna, T., Wakweya, R.B., 2025. Climate‑Smart

Agriculture: Effect of Climate Change on Food Se‑
curity and Its Mitigation Strategies. International
Journal of Agronomy. 2025(1), 9972955. DOI: ht
tps://doi.org/10.1155/ioa/9972955

[2] Rahman, T.U., Faraz, A., Nawaz, T., et al., 2025. To‑
wards sustainable solutions: Climate change and
food security in a globalized world. Food and En‑
ergy Security. 14(5), e70126. DOI: https://doi.or
g/10.1002/fes3.70126

[3] Abebaw, S.E., 2025. A Global Review of the Im‑
pacts of Climate Change and Variability on Agricul‑
tural Productivity and Farmers’ Adaptation Strate‑
gies. Food Science & Nutrition. 13(5), e70260. DOI:
https://doi.org/10.1002/fsn3.70260

[4] Saccone, D., Vallino, E., 2025. Global food security
in a turbulent world: Reviewing the impacts of
the pandemic, the war and climate change. Agricul‑
tural and Food Economics. 13(1), 47. DOI: https:
//doi.org/10.1186/s40100‑025‑00388‑0

[5] Khan, N., Kamaruddin, M.A., Sheikh, U.U., et al.,
2024. Climate‑smart agriculture: A path to sustain‑
able food production. Journal of Natural Science
Review. 2(Special. Issue), 130–147. DOI: https:
//doi.org/10.62810/jnsr.v2iSpecial.Issue.121

[6] Zhao, J., Liu, D., Huang, R., 2023. A review of

climate‑smart agriculture: Recent advancements,
challenges, and future directions. Sustainability.
15(4), 3404. DOI: https://doi.org/10.3390/su
15043404

[7] Lipper, L., Thornton, P., Campbell, B.M., et al., 2014.
Climate‑smart agriculture for food security. Nature
Climate Change. 4(12), 1068–1072. DOI: https:
//doi.org/10.1038/nclimate2437

[8] Smith, P., Calvin, K., Nkem, J., et al., 2020. Which
practices co‑deliver food security, climate change
mitigation and adaptation, and combat land degra‑
dation and desertiϐication? Global Change Biology.
26(3), 1532–1575. DOI: https://doi.org/10.1111/
gcb.14878

[9] Ogada, M.J., Rao, E.J.O., Radeny, M., et al., 2020.
Climate‑smart agriculture, household income and
asset accumulation among smallholder farmers in
the Nyando basin of Kenya. World Development
Perspectives. 18, 100203. DOI: https://doi.org/
10.1016/j.wdp.2020.100203

[10] Jennings, S., Challinor, A., Smith, P., et al., 2024.
Stakeholder‑driven transformative adaptation is
needed for climate‑smart nutrition security in sub‑
Saharan Africa. Nature Food. 5(1), 37–47. DOI:
https://doi.org/10.1038/s43016‑023‑00901‑y

[11] Arslan, A., McCarthy, N., Lipper, L., et al., 2014.
Adoption and intensity of adoption of conservation
farming practices in Zambia. Agriculture, Ecosys‑
tems & Environment. 187, 72–86. DOI: https://
doi.org/10.1016/j.agee.2013.08.017

[12] Aryal, J.P., Sapkota, T.B., Khurana, R., et al., 2020.
Climate change and agriculture in South Asia:
Adaptation options in smallholder production sys‑
tems. Environment, Development and Sustainabil‑
ity. 22(6), 5045–5075. DOI: https://doi.org/10.
1007/s10668‑019‑00414‑4

[13] Yiridomoh, G.Y., Bonye, S.Z., Ahmed, A., et al., 2025.
Climate‑Smart Agriculture Adoption and Food Se‑
curity in Sub‑Saharan Africa: A Systematic Re‑
view. Climate Resilience and Sustainability. 4(2),
e70017. DOI: https://doi.org/10.1002/cli2.70017

[14] Zheng, H., Ma, W., He, Q., 2024. Climate‑smart agri‑
cultural practices for enhanced farm productivity,
income, resilience, and greenhouse gas mitigation:
A comprehensive review. Mitigation and Adapta‑
tion Strategies for Global Change. 29(4), 28. DOI:
https://doi.org/10.1007/s11027‑024‑10124‑6

[15] McCarl, B.A., 2025. Climate change: What do we
do about it? Economic issues regarding agricul‑
tural adaptation and mitigation. American Journal
of Agricultural Economics. 107(2), 368–389. DOI:
https://doi.org/10.1111/ajae.12517

[16] Qaim, M., Parlasca, M.C., 2025. Agricultural Eco‑
nomics and the Transformation toward Sustain‑
able Agri‑Food Systems. Agricultural Economics.

409

https://doi.org/10.1155/ioa/9972955
https://doi.org/10.1155/ioa/9972955
https://doi.org/10.1002/fes3.70126
https://doi.org/10.1002/fes3.70126
https://doi.org/10.1002/fsn3.70260
https://doi.org/10.1186/s40100-025-00388-0
https://doi.org/10.1186/s40100-025-00388-0
https://doi.org/10.62810/jnsr.v2iSpecial.Issue.121
https://doi.org/10.62810/jnsr.v2iSpecial.Issue.121
https://doi.org/10.3390/su15043404
https://doi.org/10.3390/su15043404
https://doi.org/10.1038/nclimate2437
https://doi.org/10.1038/nclimate2437
https://doi.org/10.1111/gcb.14878
https://doi.org/10.1111/gcb.14878
https://doi.org/10.1016/j.wdp.2020.100203
https://doi.org/10.1016/j.wdp.2020.100203
https://doi.org/10.1038/s43016-023-00901-y
https://doi.org/10.1016/j.agee.2013.08.017
https://doi.org/10.1016/j.agee.2013.08.017
https://doi.org/10.1007/s10668-019-00414-4
https://doi.org/10.1007/s10668-019-00414-4
https://doi.org/10.1002/cli2.70017
https://doi.org/10.1007/s11027-024-10124-6
https://doi.org/10.1111/ajae.12517


Research onWorld Agricultural Economy | Volume 07 | Issue 03 | September 2026

56(3), 327–335. DOI: https://doi.org/10.1111/
agec.70023

[17] Akter, S., 2025. Climate Resilient Development for
Agriculture and Pathways for Gender Inclusivity.
Agricultural Economics. 56(3), 446–456. DOI: ht
tps://doi.org/10.1111/agec.70040

[18] Hultgren, A., Carleton, T., Delgado, M., et al., 2025. Im‑
pacts of climate change on global agriculture account‑
ing for adaptation. Nature. 642(8068), 644–652. DOI:
https://doi.org/10.1038/s41586‑025‑09085‑w

[19] Wordofa, M.G., Hassen, J.Y., Endris, G.S., et al.,
2021. Adoption of improved agricultural technol‑
ogy and its impact on household income: A propen‑
sity score matching estimation in eastern Ethiopia.
Agriculture & Food Security. 10(1), 5. DOI: https:
//doi.org/10.1186/s40066‑020‑00278‑2

[20] Abioye, D.O., Fadare, D.A., Omitoyin, S., et al., 2025.
Adoption impact and heterogeneity of mobile
agricultural advisory technologies among small‑
holder farmers in Nigeria. Discover Agriculture.
3(1), 251. DOI: h t tp s : //do i . o rg/10 .1007/
s44279‑025‑00427‑w

[21] Wu, F., 2022. Adoption and income effects of new
agricultural technology on family farms in China.
Plos One. 17(4), e0267101. DOI: https://doi.or
g/10.1371/journal.pone.0267101

[22] Zewdie, M.C., Cools, J., Van Passel, S., 2025. Causal
impact of adopting irrigation technology on agri‑
culture in Ethiopia: Evidence from a propensity
score matching. Agricultural Water Management.
309, 109328. DOI: https://doi.org/10.1016/j.ag
wat.2025.109328

[23] Wang, Q., Gui, L., Meng, Q., et al., 2025. Rural credit
and new technology adoption among family farms:
Evidence from two demonstration areas in China.
Humanities and Social Sciences Communications.
12(1), 1–13. DOI: https://doi .org/10.1057/
s41599‑025‑05491‑7

[24] Standardization Administration of the People’s Re‑
public of China, 2012. Regulation for Gradation on
Agriculture Land Quality: GB/T 28407‑2012. Stan‑
dards Press of China: Beijing, China.

[25] Quddoos, A., Salhofer, K., Morawetz, U.B., 2023.
Utilising farm‑level panel data to estimate climate
change impacts and adaptation potentials. Journal
of Agricultural Economics. 74(1), 75–99. DOI: http
s://doi.org/10.1111/1477‑9552.12490
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