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ABSTRACT
This study investigates the impact of Direct Market Access (DMA) on the economic results of Small‑Scale Dairy

Farmers (SSDF) in Gujarat, India. Speciϐically, it explores how DMA impacts Proϐit Margins (PM), Supply Chain Efϐi‑
ciency (SSE), and Economic Resilience (ER), compared to Traditional Market Access (TMA), which intermediaries
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dominate. A total of 248 SSDF participated in the study, with data collected through structured surveys and ϐi‑
nancial records. Descriptive and inferential statistical analyses, including t‑tests, ANOVA, and Multiple Regression
(MR), were employed to assess the relationships betweenMarket Access Type (MAT) and Key Economic Indicators.
The results show that farmers using DMA reported signiϐicantly higher PM (Mean = ₹. 29,123) than those using
TMA (Mean = ₹. 26,347). The DMA is better SSE by reducing transportation costs, time to market, and product
wastage, with a signiϐicant difference in efϐiciency scores (t = 4.02, p = 0.001). The Farm Size (FS), Education Level
(EL), and Years of Experience (YoE) considerably affect agricultural results. Large farmsmean there are more scale
efϐiciencies because a farm is a signiϐicant operation with many resources to utilize. Education increases farmers’
understanding, enhances new technologies, and encourages them to adopt performance management. YoE results
inmore effective decisions based onpractical knowledge, riskmanagement, and an adaptive approach. All these fac‑
tors are consistent; for example, educated farmers with suitable experience and large farms have the best chance of
adopting newmethods andmaximizing returns and productivity. These improvements create tenacity, sustainabil‑
ity, and effectiveness in farming businesses. DMA enhanced ER, enabling farmers to withstand market ϐluctuations
better and maintain stable incomes. Key factors such as FS, EL, and YoE further inϐluenced these outcomes, with
larger andmore educated farmers beneϐitingmore fromDMA. The study concludes that DMA is a viable strategy for
improving the economic sustainability of SSDF. However, addressing gender disparities and providing education
and capacity‑building initiatives are essential for ensuring that all farmers can fully beneϐit from DMA. These ϐind‑
ings offer essential identiϐications for policymakers, farmer cooperatives, and development organizations focused
on enhancing the incomes of SSDF.
Keywords: Direct Market Access; Small‑Scale Dairy Farmers; Statistical Analysis; ANOVA, Machine Learning; Smart
Agriculture

1. Introduction
Small‑Scale Dairy Farming (SSDF) is a critical liveli‑

hood source for millions of farmers worldwide, particu‑
larly in developing economies like India, where agricul‑
ture remains a cornerstone of rural economies [1]. Gu‑
jarat has long been recognized in India for its robust
dairy sector, with SSDF playing a vital role in domestic
milk production and contributing to local economies [2].
However, these farmers frequently face signiϐicant chal‑
lenges in Direct Market Access (DMA), directly impact‑
ing their proϐitability, operational efϐiciency, and long‑
term sustainability [3]. Traditionally, SSDF has relied on
intermediaries and cooperatives to sell their products,
which, while providing DMA, regularly results in lower
ProϐitMargins (PM) due to the involvement ofmediators
and limited bargaining power [4].In recent years, DMA—
where farmers sell their products directly to consumers
or via alternative channels like cooperatives, local mar‑
kets, or digital platforms—has emerged as a potential
solution to improve the economic results for small‑scale

farmers [5]. DMA can enable farmers to capture a larger
share of the ϐinal consumer price, reduce transportation
and logistical costs, and adopt a more direct relation‑
ship with buyers [6]. This change has been enhanced
by the rise of digital platforms, which provide new op‑
portunities for farmers to DMA beyond their immedi‑
ate geographic region [7].Despite the growing interest in
DMA, limited empirical research systematically explores
its impact on Key Economic Indicators (KEI) for SSDF [8].
Speciϐically, little is known about how DMA impacts PM,
Supply Chain Efϐiciency (SSE), and Economic Resilience
(ER)—three critical factors that determine the sustain‑
ability of SSDF operations [9]. PM provides an under‑
standing of farmers’ ϐinancial well‑being, SSE affects the
cost and time of delivering products to market, and ER
reϐlects the farmers’ ability to withstand market volatil‑
ity and external shocks such as cost variations or input
cost changes [10].This study pursues to address this gap
byexamining the impact ofDMSon these three economic
indicators among SSDF in Gujarat, India. By focusing on
Gujarat, a region with a rich agricultural tradition and a

542



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

robust dairy sector, this study aims to provide a compre‑
hensive understanding of howTMA can improve the eco‑
nomic outcomes for SSDF. Through a comparative anal‑
ysis of farmers who use DMA and those who rely on Tra‑
ditional Market Access (TMA), this researchwill provide
valuable insights into the advantages and challenges of
DMA and present potential policy recommendations to
support SSDF in improving their market input and eco‑
nomic sustainability [11–15].The theoretical rationale link‑
ing ProductivityManagement (PM), Socio‑Economic Em‑
powerment (SSE), and Economic Resilience (ER) as the
four pillars of economic sustainability is grounded on
existing theories in agricultural economics and devel‑
opment studies. PM facilitates the intensive use of re‑
sources to improve efϐiciency in the output and acquired
data from the theory of production economics and Smart
Farming (SF). The key tenets of SSE are capacity de‑
velopment, fair and sustainable resource mobilization,
deployment, and people‑centred approaches with the‑
oretical reinforcements in rural development concepts
and the theory of power to empower [16–20]. ER uses
the resilience theory, noting ϐlexibility and managing
risks in an unstable environment. Bridging these pil‑
lars, agricultural market access is understood as the en‑
abler that allows individuals and producers to connect
to value chains, ensure adequate prices, and realize re‑
duced transaction costs [21–24]. In combination, these
ideas propose a complete understanding of how the
economic sustainability of smallholder SF can be evalu‑
ated and enhanced based on productivity, female house‑
hold head’s vulnerability, and agency based on the ever‑
evolving global and local agricultural market [25–30].This
research examines the factors affecting the adoption of
SF in Bihar, India, particularly Government Subsidies
(GS), Farmers’ Awareness (FA), andMarket Access (MA),
which were analyzed using SEM to establish economic
and ecological effects. The need for DMA stems from the
need tobridge the economic viability of dairyproduction
andmarketing. DMA is fundamentally important in help‑
ing to improve MA, stabilize prices, and increase income
for dairy producers [31–35]. It enables the acceptance of
best production techniques, quality assurance, and inte‑
gration into the supply chain. Moreover, DMA provides
technical support to farmers through capacity‑building

programs, market connection to formal markets, and
promotes pro‑farmer fair price structures. This posi‑
tively impacts the proϐitability of milk production and
provides better buffering against economic risks; there‑
fore, it is the most suitable approach for developing sus‑
tainable milk production systems [36–40].Therefore, the
practical research gap is how much DMA has impacted
PM, SSE, and ER. While DMA is accepted for improving
MA and income certainty, fewworks estimate the impact
of DMA and its indirect impact on these fundamental di‑
mensions. For policymakers, this gap hinders more nu‑
anced approaches to formulating the best interventions
to complement DMA. The farmers’ awareness and ratio‑
nal utilization of such practices are not much on DMA.
To this end, it is critical to ϐill the gaps in knowledge
to ϐind out what works, to get the best evidence on sus‑
tained impacts, and to understand better how policy can
reach the farmer level.UnderstandingDMAusingmarket
control, transaction cost economics, and resilience con‑
cepts is beneϐicial in analyzing its effect on SSDF. Market
power affects price determination, and transaction cost
analysis examines cost‑effectiveness and resilience the‑
ory, which features vulnerability to and coping with eco‑
nomic and environmental risks to increase productivity
andproϐits among farmers.The ERuses resilience theory
and shows how adaptable and capable of managing risk
the FTSE 100 companies are in volatile markets. Con‑
necting these pillars, agricultural MA is a key enabler as
it helps a country connect to the value chains, obtain fair
product prices, and increase value by decreasing trans‑
action costs. In combination, these concepts constitute
a suitable theoretical foundation to build the evaluation
and enhancement of sustainable economic development
in low‑income agriculture, considering a multifaceted
and evolving balance between output, agency, and vul‑
nerability in the light of the global and local chain of agri‑
cultural markets.

This paper will explore the following key research
questions:
(a) How does DMA affect PM for SSDF compared to

TMA?
(b) To what extent does DMA improve SSE, particu‑

larly in reducing costs and delivery times?
(c) How does DMA contribute to the ER of SSDF, par‑
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ticularly in its ability tomanagemarket variations
and maintain stable incomes?

The paper is organized as follows: Section 2
presents the methodology, Section 3 presents the result
analysis, Section 4 discusses the ϐindings, and Section 5
presents the conclusion.

2. Methodology

2.1. Study Design

This study employs a quantitative research design
to examine the impact of DMA on SSDF in Gujarat, In‑
dia. Gujarat has a rich agricultural tradition and a strong
SSDF sector, making it an ideal case for exploring how
TMA affects economic outcomes. The study aims to
collect measurable data to evaluate PM, SSE, and ER
changes due to farmers’ participation in DMA platforms
such as local markets, cooperatives, and digital market‑
places. Sampling will target SSDF across various dis‑
tricts in Gujarat, emphasizing those who actively partici‑
pate in DMA and TMA.The studywill focus on farmswith
annual production below a speciϐic threshold to ensure
consistency in the sample, differentiating SSDF from
medium and large‑scale operators. The sample size will
be statistically signiϐicant to enable robust analysiswhile
ensuring representation across different Farm Size (FS),
production capacities, and geographic areas within Gu‑
jarat Data collection is conducted through structured
surveys and ϐinancial records of participating SSDF. Sur‑
veys are acquired from the data on SSDF’s marketing
channels, production levels, operational costs, trans‑
portation logistics, and revenues. On the other hand, ϐi‑
nancial records provide insights into PMbefore and after
adopting DMA strategies. SSE is assessed by analyzing
time‑to‑market, transportation costs, and wastage lev‑
els. Additionally, resilience is gauged by evaluating how
farmers handle market ϐluctuations, price volatility, and
income stability. The study design also incorporates a
comparative analysis between SSDF, who primarily rely
on TMA, and those who have transitioned to DMA. This
comparative framework will help isolate the speciϐic ef‑
fects of DMA on the targeted economic indicators. By
focusing on these elements, the study contributes to a
more profound knowledge of how DMA inϐluences the

economic sustainability of SSDF in the region.

2.2. Participants

The participants in this study consist of 248 SSDF
from various districts in Gujarat, including rural and
semi‑urban regions. These farmers were selected based
on their involvement in dairy farming as their primary
livelihood and engagement in TMA or DMA. Among the
selected participants, 61% (151 Farmers) are Male, and
39% (97 Farmers) are Female, reϐlecting the gender
composition in the SSDF community of Gujarat. This
gender distribution provides valuable insights into how
DMA affects Male and Female farmers, especially since
women frequently play a crucial role in household‑based
dairy operations.The age distribution of the participants
ranges from 28 to 63 years, with an average age of
46 years. This spread represents a balance between
younger farmers who may be more inclined to adopt
new DMA and older farmers with more traditional SSE
experience. Additionally, the participants have been in‑
volved in dairy farming for at least 8 years, with themost
experienced participant reporting over 35 years in the
sector. On average, farmers have 18 Years of Experi‑
ence (YoE) in dairy farming, ensuring that the study cap‑
tures insights from individuals with substantial practi‑
cal knowledge.The participants manage SSDF with vary‑
ing herd sizes, ranging from 4 to 18 cattle, with an av‑
erage of 10 cattle per farm. This variability allows the
study to explore how DMA impacts farmers of differ‑
ent production scales. Most farmers (74% or 183 Farm‑
ers) own their land, while 26% (65 Farmers) lease their
SSDF land, reϐlecting diverse ownership structures that
may inϐluence theirmarket approaches. Education Level
(EL) among participants differs, with 29% (72 Farm‑
ers) having completed secondary education, while 47%
(116 Farmers) possess a higher secondary education or
diploma. A smaller portion, 24%(60Farmers), have pur‑
sued formal education beyond secondary school. This
educational diversity is crucial for understanding how
DMA may require varying degrees of literacy and en‑
trepreneurial skills.Moreover, the participants are split
into two key groups based on their DMA channels: 120
Farmers (48%) are involved in DMA, including selling
through local markets, cooperatives, and digital plat‑
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forms, while the remaining 128 Farmers (52%) rely on
TMA dominated by intermediaries. From Table 1 is
the balanced sample enables a comparative analysis of
the economic results of both groups, providing a robust
framework to assess the inϐluence of DMA on PM, SSE,
and ER.

Table 1. Participant demographics.

Demographic Values

Total Participants 248
Male 151 (61%)
Female 97 (39%)

Age Range (Years) 28–63
Average Age (Years) 46
YoE Range (Years) 8–35

Average Experience (Years) 18
Herd Size Range (Cattle) 4–18
Average Herd Size (Cattle) 10

Land Ownership 183 (74%)
Land Leased 65 (26%)

Secondary Education 72 (29%)
Higher Secondary/Diploma 116 (47%)
Education Beyond Secondary 60 (24%)

DMA 120 (48%)
TMA 128 (52%)

2.3. Data Collection

The data collection for this studywas conducted us‑
ing a combination of surveys and ϐinancial records from
the participating SSDF. The survey was designed to cap‑
ture detailed information on the farmers’ DMA, produc‑
tion, and SSE, while the ϐinancial records provided ob‑
jective data on their economic performance. The survey
consisted of 30 Likert scale questions designed to mea‑
sure the farmers’ perceptions and experiences on vari‑
ous aspects of DMA and TMA. The Likert scale ranged
from 1 (Strongly Disagree) to 5 (Strongly Agree), allow‑
ing for a nuanced understanding of the farmers’ atti‑
tudes toward different factors manipulating their eco‑
nomic outcomes.

The survey covered areas such as:
(a) Satisfaction with PM achieved through DMA.
(b) Perceived improvements in SSE (e.g., reduced

waste, quicker delivery times).
(c) ER in the face of market ϐluctuations, such as pric‑

ing volatility.
(d) Challenges in transitioning to DMA include tech‑

nological barriers and initial costs.
(e) Overall satisfaction with their DMA adoptions.

In addition to the survey, ϐinancial recordswere col‑
lected to measure ER performance objectively.

These records included details such as:
(a) DMA segments monthly income from SSDF.
(b) Operational costs, including feed, labour, trans‑

portation, and veterinary services.
(c) Time to market and associated costs for DMA and

TMA.
(d) Wastage levels, particularly concerning trans‑

portation inefϐiciencies.
(e) PM is calculated based on sales revenue minus to‑

tal costs.
FromTable 2 is the dual approach of collecting per‑

ceptual and ϐinancial data allows for a comprehensive
analysis of howDMA impacts subjective experiences and
objective ϐinancial results. The ϐinancial records, in par‑
ticular, will be critical in verifying the claims made by
farmers in the survey, ensuring that the data reϐlects ac‑
tual economic trends in the dairy sector.

From Table 3 is the 30‑question Likert scale sur‑
vey was validated to ensure that the questionnaire is
robust regarding content validity, reliability, and clar‑
ity. The CVI across the questions averaged 0.89, indicat‑
ing that the questions effectively cover the relevant ar‑
eas of interest—namely, the economic impact, SSE, and
ER associated with DMA for SSDF. A CVI value above
0.80 signiϐies that the questionnaire is comprehensive
and well‑aligned with the study objectives. Regarding
reliability, Cronbach’s Alpha for the entire set of ques‑
tions averaged 0.86, reϐlecting strong internal consis‑
tency. This means the questions will likely yield reliable
results when used repeatedly under similar conditions.
A Cronbach’s Alpha value exceeding 0.80 is generally
considered acceptable for ensuring the responses are de‑
pendable and reproducible, making the questionnaire
suitable for this quantitative study. The average clarity
rating was 4.7 out of 5, suggesting that the questions
were clear and easy for the participants. High clarity
is crucial in ensuring that participants accurately inter‑
pret and respond to the questions, reducing the probabil‑
ity of misinterpretation. This high rating demonstrates
that the questionnaire will likely elicit precise and reli‑
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Table 2. Survey questionnaire.

Question No. Question

1 I am satisϐied with the PM I achieved through DMA.
2 DMA has improved my overall income from SSDF.
3 I ϐind it easier to sell SSDF through DMA than through TMA.
4 DMA has reduced my dependency on mediators.
5 I have seen an improvement in SSE after adopting DMA.
6 DMA has helped reduce transportation costs.
7 DMA has allowed me to deliver products to market more quickly.
8 I experience less SSDF wastage when using DMA.
9 My income has become more stable since transitioning to DMA.
10 DMA has improved my ability to cope with market ϐluctuations.
11 I am better able to manage price volatility through DMA.
12 DMA has improved my ER.
13 I face fewer ϐinancial challenges with DMA than with TMA.
14 I believe DMA has a positive long‑term impact on my business.
15 My production levels have increased due to opportunities created by DMA.
16 I receive higher prices for my products through DMA.
17 DMA requires less reliance on external ϐinancial support.
18 The costs of transitioning to DMA were manageable for my business.
19 DMA has increased my overall PM.
20 I believe DMA is a viable approach for SSDF’s future growth.
21 I ϐind it easier to build customer relationships through DMA.
22 DMA has allowed me to reach a broader range of customers.
23 I have experienced challenges in using the technology required for DMA.
24 I feel conϐident in my ability to navigate online or digital sales platforms.
25 The marketing costs involved in DMA are affordable for my business.
26 DMA has improved my bargaining power with buyers.
27 DMA helps me adapt quickly to changing customer demands.
28 I ϐind it easier to obtain real‑time feedback from customers through DMA.
29 DMA has helped me create a more predictable cash ϐlow.
30 I would recommend that other SSDFs adopt DMA.

able responses from SSDF across different ELs and back‑
grounds.

Table 3. Validation score.

Validation Metric Average Value

Content Validity Index (CVI) 0.89
Reliability (Cronbach’s Alpha) 0.86

Clarity Rating (1–5) 4.7

2.4. Variables

The variables in this study are designed to explore
the impact of DMA on SSDF’s economic results. The au‑
tonomous variable is the type of MA the farmers employ,
classiϐied as DMA (e.g., sales through local markets, dig‑
ital platforms, or direct consumer interactions) or TMA
(e.g., reliance on mediators or cooperatives). This vari‑

able is central to understanding how alternative mar‑
ket structures inϐluence economic and operational fac‑
tors. In addition to Market Access Type (MAT), sev‑
eral dependent variables have been identiϐied to mea‑
sure the outcomes. The ϐirst key dependent variable
is PM, which captures the net income generated from
dairy sales after accounting for all production and op‑
erational costs. This variable will help assess whether
DMA provides a signiϐicant advantage in terms of PM.
The second dependent variable is SSE, focusing on fac‑
tors like transportation costs, time to market, and prod‑
uct wastage. This variable helps quantify operational
improvements or challenges that arise from switching
MA channels. The third dependent variable is ER, which
refers to the farmers’ ability to withstand market ϐluc‑
tuations, price volatility, and external economic shocks,
such as changing consumer demand or input cost vari‑
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ations.Additionally, control variables are considered to
ensure a more accurate analysis. These include FS (mea‑
sured by herd size), YoE in SSD, and the educational back‑
ground of the farmer, all of which could inϐluence the
farmers’ ability to adopt DMA and their subsequent eco‑
nomic outcomes.Sources of sampling and data collection
bias include large FS, farms located in regions that are
easily accessible, and farms that aremore organized and
hence will be easier to access than other less organized
ones. To minimize these biases, the study uses a ran‑
dom sampling technique augmented by stratiϐication by
FS, location, and market access. Fractionalization helps
management receive many unique farming proϐiles and
understand the factors that affect sustainable farming.
Another essential factor is gendered impact differences
on economic security and decision‑making that tend to
be signiϐicantly marked in rural areas. Women are also
constrained by the ability to access resources and mar‑
kets and to access decision‑makers within farming prac‑
tices, hence their production. Gender analysis is inte‑
grated as a method of inequality assessment and as a
framework for policy afϐirmative policies. Hypotheses
testing was based on a review of literature on Smart
Farming (SF), access to markets, and rural economics so
that the survey questions matched the theoretical con‑
structs. Consultations with professionals and pilot stud‑
ies were used to improve the content and form of the
questionnaire regarding language and culture. Consid‑
ering these aspects, the study design effectively mini‑
mizes various biases impacting the results and improves
the credibility and diversity of the identiϐied practices,
which can help enhance fairness and SF development.

3. Statistical Analysis
The descriptive statistics (Table 4) provide an

overview of the key variables across the sample of SSDF.
The PM shows a mean of ₹ 28,731 per month, with a
Standard Deviation (SD) of ₹ 5,643, indicating moderate
variability across the participants. The minimum and
maximum PM range from ₹ 7,219 to ₹ 39,487, suggest‑
ing a wide range of PM, likely prejudiced by the type of
market access and operational efϐiciency. The median
of ₹ 27,914 aligns closely with the mean, indicating that

the PM distribution is relatively standard. For SSE, the
mean score of 4.2 and the median of 4.3 (on a 5‑point
scale) indicate that most farmers perceive their supply
chains as relatively efϐicient, with an SD of 0.61 show‑
ing some variation. The minimum score of 2.93 sug‑
gests that a few farmers experience signiϐicant inefϐicien‑
cies, while the maximum score of 4.87 highlights high
efϐiciency among others, particularly those using DMA.
The ER scores also exhibit moderate variation, with a
mean of 3.91 and a standard deviation of 0.71. This
indicates that most farmers feel somewhat resilient in
managing market ϐluctuations, although the range from
2.53 to 4.83 points to differences in the ability to with‑
stand economic challenges. Income stability shows a
high mean score of 4.13, suggesting that many farmers
perceive their income as relatively stable, with less vari‑
ability (SD=0.52) than other factors. The herd size of the
farmers ranges from 4 to 17 cattle, with a mean of 10.3
and an SD of 3.13. This moderate variation in herd size
reϐlects differences in production capacity among SSDF.
Lastly, the YoE range from 8 to 33 years, with a mean of
18.2 years, suggesting that the sample consists of rela‑
tively new and highly experienced SSDFs.

The T‑test results (Table 5) reveal signiϐicant dif‑
ferences between farmers using DMA and those relying
on TMA. For PM, farmers with DMA report signiϐicantly
higher PM (Mean=₹9,123) than those usingTMA (Mean
= ₹ 26,347), with a t‑value of 3.14 and a p‑value of 0.003.
This indicates that DMA positively impacts PM. For SSE,
farmers utilizingDMA score signiϐicantly higher (Mean =
4.41) than those using TMA (Mean = 3.91), with a t‑value
of 4.02 and a p‑value of 0.001. This suggests that DMA
improves operational efϐiciency by reducing reliance on
intermediaries and allowing faster time‑to‑market. Sim‑
ilarly, ER is higher for farmers with DMA (Mean = 4.02)
than those with TMA (Mean = 3.63), with a t‑value of
2.87 and a p‑value of 0.005. This demonstrates that DMA
strengthens farmers’ ability to copewithmarket ϐluctua‑
tions and price volatility, contributing to more excellent
ϐinancial stability.

The ANOVA results in Table 6 highlight how vari‑
ous factors inϐluence the key dependent variables. For
PM, there is a signiϐicant effect of FS (F = 4.27, p = 0.013),
EL (F = 3.91, p = 0.021), and YoE (F = 5.12, p = 0.008).
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Table 4. Descriptive statistics.

Variable Mean Median SD Minimum Maximum

PM (₹/Month) 28,731 27,914 5,643 17,219 39,487
SSE (Score) 4.2 4.3 0.61 2.93 4.87
ER (Score) 3.91 4.01 0.71 2.53 4.83

Income Stability (Score) 4.13 4.17 0.52 3.01 4.87
Herd Size (Cattle) 10.3 10 3.13 4 17

YoE (Years) 18.2 17 7.47 8 33

Table 5. T‑test results comparing the two groups.

Variable DMA (Mean ± SD) TMA (Mean ± SD) t‑Value p‑Value

PM (₹/Month) 29,123 ± 5,491 26,347 ± 5,782 3.14 0.003
SSE (Score) 4.41 ± 0.51 3.91 ± 0.67 4.02 0.001
ER (Score) 4.02 ± 0.61 3.63 ± 0.76 2.87 0.005

More signiϐicant FS, higher EL, and more YoE are asso‑
ciated with higher PM, suggesting that these factors en‑
hance farmers’ ability to utilize DMA and maximize PM
effectively. Similarly, for SSE, signiϐicant effects were
found for FS (F = 2.89, p = 0.041), EL (F = 3.27, p = 0.027),
and YoE (F = 4.03, p = 0.017). Larger farms and more
experienced or educated farmers tend to operate more
SSE, possibly due to better resource management and
strategic decision‑making. Lastly, ER is signiϐicantly in‑
ϐluenced by FS (F = 3.54, p = 0.032), EL (F = 2.77, p =
0.045), and YoE (F = 4.84, p = 0.010). These results sug‑
gest that farmers with larger herds, higher educational
attainment, and more experience are better equipped
to manage economic challenges, making them more re‑
silient in uncertain market conditions.

Table 6. ANOVA results.

Variable Factor F‑Value p‑Value

PM (₹/Month)
FS 4.27 0.013
EL 3.91 0.021
YoE 5.12 0.008

SSE (Score)
FS 2.89 0.041
EL 3.27 0.027
YoE 4.03 0.017

ER (Score)
FS 3.54 0.032
EL 2.77 0.045
YoE 4.84 0.010

The multiple regression analysis in Table 7 pro‑
vides insights into how MAT, FS, EL, and YoE inϐluence
the dependent variables PM, SSE, and ER. For PM, MAT

has a signiϐicant positive impact (Beta=0.412, p=0.001),
indicating that farmersusingDMAexperiencehigherPM.
The R² value of 0.35 suggests that MAT and the control
variables can explain 35% of the variance in PM. Addi‑
tionally, FS (Beta = 0.236, p = 0.008), EL (Beta = 0.191, p
= 0.011), and YoE (Beta = 0.167, p = 0.038) also signiϐi‑
cantly contribute to PM. Larger farms, higher education,
and more experience are associated with increased PM.

From Table 8 is SSE, MAT again has a strong posi‑
tive effect (Beta = 0.482, p = 0.000), with anR² of 0.41, in‑
dicating that the predictor variables explain 41% of the
variance in SSE. Farmers using DMA experience more ef‑
ϐicient supply chains. FS (Beta = 0.215, p = 0.004), EL
(Beta = 0.147, p = 0.027), and YoE (Beta = 0.173, p =
0.017) alsohave signiϐicant positive effects onSSE,mean‑
ing that these factors enhance operational efϐiciency. For
ER, MAT remains a signiϐicant predictor (Beta = 0.379, p
= 0.002), with an R² of 0.33. This means that the predic‑
tors explain 33% of the variance in ER. FS (Beta = 0.256,
p = 0.005), EL (Beta = 0.133, p = 0.036), and YoE (Beta =
0.196, p = 0.014) are all signiϐicant factors in increasing
ER, suggesting that larger farms, higher education, and
more signiϐicant experiencehelp farmerswithstandmar‑
ket volatility.

The Chi‑Square test results reveal signiϐicant re‑
lationships between MAT and several categorical vari‑
ables. The relationship between MAT and customer
reach is statistically signiϐicant (χ² = 12.41, p = 0.002),
indicating that farmers using DMA are more likely to ex‑
pand their customer base than those relying on TMA.
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Table 7. Multiple regression results.

Dependent Variable Predictor Variable Beta Coefϐicient Standard Error t‑Value p‑Value R²

PM (₹/Month)
MAT 0.412 0.095 4.34 0.001 0.35
FS 0.236 0.088 2.68 0.008
EL 0.191 0.074 2.58 0.011
YoE 0.167 0.079 2.11 0.038

SSE (Score)
Market Access Type 0.482 0.089 5.42 0.000 0.41

FS 0.215 0.072 2.99 0.004
EL 0.147 0.064 2.29 0.027
YoE 0.173 0.071 2.44 0.017

ER (Score)
Market Access Type 0.379 0.093 4.07 0.002 0.33

FS 0.256 0.081 3.16 0.005
EL 0.133 0.069 2.12 0.036
YoE 0.196 0.077 2.54 0.014

Table 8. Chi‑square test results.

Variable MAT Chi‑Square Value (χ²) p‑Value

Customer Reach (Expanded vs. Not) DMA vs. TMA 12.41 0.002
Gender (Male vs. Female) DMA vs. TMA 3.78 0.051

Land Ownership (Owned vs. Leased) DMA vs. TMA 8.96 0.005

This ϐinding highlights a key beneϐit of DMA in help‑
ing farmers reach a wider audience. For gender, the
Chi‑Square test approaches signiϐicance (χ² = 3.78, p =
0.051), signifying a potential difference in MA prefer‑
ences between male and female farmers, although the
result is not statistically signiϐicant. From Table 9 is the
ϐinding could be explored further in future research. The
relationship between MAT and land ownership is signif‑
icant (χ² = 8.96, p = 0.005), indicating that land owner‑
ship may inϐluence optimal MA, with farmers who own
their landmore likely to adoptDMAthan thosewho lease
land. This suggests that ownership status could affect
market decisions and economic outcomes.

The Pearson correlation results demonstrate sev‑
eral signiϐicant relationships between key continuous
variables. A moderate positive correlation between PM
and SSE (r = 0.512, p = 0.001) indicates that more efϐi‑
cient supply chains are associated with higher PM. Sim‑
ilarly, a positive correlation between PM and ER (r =
0.476, p = 0.002) suggests that farmers with higher PM
are more resilient in market ϐluctuations. Additionally,
YoE positively correlates with PM(r = 0.381, p = 0.009)
and ER (r = 0.429, p = 0.004), indicating that more expe‑
rienced farmers tend to bemore PMandER. This reϐlects
the importance of experience in managing SSDF opera‑

tions effectively. The correlation between SSE and ER
(r = 0.537, p = 0.001) is robust, signifying that farmers
with more SSE can better withstand market challenges
andmaintain stable operations. Aweaker but signiϐicant
positive correlation exists between SSE and herd size (r
= 0.265, p = 0.037), indicating that larger farms tend to
have more SSE.

The analysis of PM by gender, as shown in Table
10, highlights notable differences between Males and
Females in DMA and TMA. For farmers using DMA, the
mean PM for Males is 18.51%, slightly higher than that
of Females, who report a mean of 17.25%. The SD are
relatively similar for both genders, indicating compara‑
ble variability in PM. The larger sample size for Males
(91) compared to Females (29) in this group suggests
that more men are involved in DMA; for farmers using
TMA, the gender gap persists, with Males reporting a
mean PM of 12.42%, compared to 11.67% for Female.
The SD for Males (4.02%) is slightly higher than for fe‑
males (3.88%), indicating more signiϐicant variability
among men in TMA. This suggests that Males tend to
have slightly higher and more variable PM across MAT,
with DMA presenting superior PM for both genders.

PM by FS (herd size) shown in Table 11 reveals
interesting trends. Among farmers using DMA, those
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Table 9. Pearson correlation coefϐicient.

Variable 1 Variable 2 Pearson Correlation (r) p‑Value

PM SSE 0.512 0.001
PM ER 0.476 0.002
PM YoE 0.381 0.009
SSE ER 0.537 0.001
SSE Herd Size 0.265 0.037
ER YoE 0.429 0.004

Table 10. PM by gender.

Group Gender Mean PM (%) SD (%) Sample Size

DMA Male 18.51 5.02 91
DMA Female 17.25 4.95 29
TMA Male 12.42 4.02 76
TMA Female 11.67 3.88 52

with small herds (≤10 cattle) have amean PMof 17.83%,
while farmers with medium‑sized herds (>10 cattle) re‑
port a slightly highermean PM of 18.55%. The SD is sim‑
ilar across the two groups, indicating comparable vari‑
ability in PM based on herd size. These results suggest
that DMA beneϐits small and medium‑sized farms, with
a slight advantage for medium‑sized farms. The differ‑
ences in PM by herd size for farmers using TMA are
minimal. Farmers with small herds have a mean PM of
12.08%, while those with medium‑sized herds report a
marginally higher mean of 12.25%. The SD are compa‑
rable, indicating that herd size has little inϐluence on PM
within TMA. However, the lower overall PM in TMA high‑
lights the beneϐits ofDMA, particularly formedium‑sized
farms.

EL plays a signiϐicant role in inϐluencing PM (Table
12). For farmers using DMA, those with higher sec‑
ondary education or above report a higher mean PM
(18.95%) compared to those with secondary education
or less (17.34%). This suggests that higher education en‑
ables farmers to better utilize the advantages of DMA,
possibly through improved business acumen or a bet‑
ter understanding of market dynamics. The SD is sim‑
ilar across both groups, indicating consistent variabil‑
ity. In TMA, farmers with higher education still report
marginally better PM (12.37%) than those with lower
EL (11.82%). However, the gap between the two ELs
is minor in TMA, reϐlecting the limited potential for PM
improvement in these markets. Overall, education en‑

hances farmers’ ability tomaximize PM, especially when
using DMA.

TheChi‑Square analysis (Table13) of ERby gender
reveals statistically signiϐicant differences. For Males,
the Chi‑Square statistic is 6.24 (p=0.0125), indicating
that ER is signiϐicantly impacted by their market ac‑
cess type. Similarly, for Females, the Chi‑Square statis‑
tic is 4.67 (p=0.0307), showing that Females also expe‑
rience signiϐicant differences in ER depending on mar‑
ket access type, though to a lesser extent than their
male counterparts. For FS, the Chi‑Square statistic for
small farms is 5.11 (p=0.0237), and for medium‑sized
farms, it is 6.58 (p=0.0103), indicating that market ac‑
cess type signiϐicantly affects ERacross FS,withmedium‑
sized farms showing stronger ER. The analysis byEL also
shows signiϐicant differences, with thosewith secondary
education or less showing a Chi‑Square value of 7.02
(p=0.0081) and those with higher secondary education
or above showing a value of 6.31 (p=0.0120). This indi‑
cates that education plays a crucial role in enhancing ER.

The analysis of farmer reach and sales volume
(Table 14) reveals that farmers using DMA reach a
signiϐicantly higher number of customers per month
(Mean=149) compared to those using TMA (Mean=83).
The SD are 27 and 19, respectively, showing moderate
variability. This highlights the clear advantage of DMA
in expanding farmers’ customer base, which is crucial
for increasing sales and revenue. Farmers using DMA
report a signiϐicantly higher mean sales volume (3,795

550



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

Table 11. PM by FS (herd size).

Group Herd Size Mean PM (%) SD (%) Sample Size

DMA Small (≤10) 17.83 4.92 65
DMA Medium (>10) 18.55 5.15 55
TMA Small (≤10) 12.08 3.96 70
TMA Medium (>10) 12.25 4.05 58

Table 12. PM by EL.

Group EL Mean PM (%) SD (%) Sample Size

DMA Secondary or Less 17.34 4.98 58
DMA Higher Secondary or Above 18.95 5.10 62
TMA Secondary or Less 11.82 3.81 73
TMA Higher Secondary or Above 12.37 4.08 55

litres/month) than TMA farmers (2,193 litres/month).
The SD for sales volume is higher in TMA (397 Liters)
than in DMA (355 Liters), indicating more signiϐicant
variability in the TMA. These ϐindings underscore the
role of DMA in helping farmers increase their customer
reach and sales volume, leading to improved ER.

4. Discussion
The ϐindings of this study provide signiϐicant in‑

sights into how DMA impacts SSDF’‑PM, SSE, and ER
compared to TMA. These results have important implica‑
tions for understanding the ER of SSDF in Gujarat, India,
and provide actionable lessons for farmers, policymak‑
ers, and agricultural development organizations.

i. PM: The results indicate a substantial positive ef‑
fect of DMA on farmers’ PM. Farmers using DMA
(e.g., selling directly to consumers or through dig‑
ital platforms) reported signiϐicantly higher PM
than those using TMA dominated by intermedi‑
aries. Speciϐically, the T‑test results show that
farmers with DMA had a mean monthly PM of
₹ 29,123, compared to ₹ 26,347 for those using
TMA. The differencewas statistically signiϐicant (t
= 3.14, p = 0.003), indicating that DMA enables
farmers to retain a more signiϐicant portion of the
ϐinal consumer price by reducing intermediary
costs. This increase in PM can be attributed to the
ability of DMA to eliminate or reduce the role of
mediators, who often capture a signiϐicant share
of the value chain in TMA.Additionally, DMA gives

farmers more control over pricing, allowing them
to respond to market demands and adjust prices
ϐlexibly. This ϐinding is further supported by the
results of the ANOVAanalysis, which revealed that
factors such as FS, EL, and YoE signiϐicantly inϐlu‑
encePM. Larger farmsand farmerswithhigher ed‑
ucational attainment beneϐitmore fromDMA, sug‑
gesting that operational scale and education may
enhance farmers’ ability to optimize DMA.

ii. SSE: The study’s results also highlight the im‑
pact of DMA on SSE, particularly in reducing
transportation costs, time‑to‑market, and prod‑
uct wastage. The T‑test results show that farm‑
ers using DMA had signiϐicantly higher SSE scores
(Mean = 4.41) than those using TMA (Mean =
3.91), with a t‑value of 4.02 and a p‑value of
0.001. This suggests that DMA helps streamline
supply chain operations by reducing the distance
between producers and consumers and enabling
faster deliveries. The improvement in SSE can
be explained by DMA frequently involving shorter
and more localized distribution networks, reduc‑
ing the need for long‑distance transportation and
the associated costs. Additionally, direct sales al‑
low for better coordination between producers
and consumers, minimizing delays and product
spoilage. This ϐinding is consistent with the re‑
gression analysis, which showed that market ac‑
cess type had a strong positive effect on SSE (Beta
=0.482, p=0.000), explaining41%of the variance
in SSE. Notably, larger farms and more educated
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Table 13. ER by gender.

Variable Group Chi‑Square Statistic P‑Value Degrees of Freedom

Gender Male 6.24 0.0125 1
Female 4.67 0.0307 1

FS Small (≤10 cattle) 5.11 0.0237 1
Medium (>10 cattle) 6.58 0.0103 1

EL Secondary Education or Less 7.02 0.0081 1
Higher Secondary or Above 6.31 0.0120 1

Table 14. Customer reach and sales volume.

Group Mean Customer Reach
(Customers/Month) SD (Customers) Mean Sales Volume

(Liters/Month) SD (Liters) Sample Size
(Farmers)

DMA 149 27 3,795 355 120
TMA 83 19 2,193 397 128

farmers also reported higher SSE, indicating that
operational scale and knowledge are critical in op‑
timizing logistics and reducing inefϐiciencies.

iii. ER: ER is a critical factor for SSDF, particularly
in its ability to withstand market ϐluctuations,
price volatility, and external shocks. The results
show that DMA signiϐicantly enhances farmers’
ER, as evidenced by higher ER scores among DMA
farmers (Mean = 4.02) compared to those using
TMA (Mean = 3.63). This difference was statis‑
tically signiϐicant (t = 2.87, p = 0.005), indicat‑
ing that DMA contributes to better ϐinancial sta‑
bility and risk management capacity. The Chi‑
Square test results further support this conclu‑
sion, revealing that DMA is signiϐicantly associ‑
ated with farmer reach and sales volume, key fac‑
tors contributing to ER. Farmers with DMA re‑
ported a mean monthly customer reach of 149,
compared to 83 customers for TMA farmers, and
signiϐicantly highermonthly sales volumes (3,795
vs. 2,193 litres). These results indicate that DMA
helps farmersmaintain a stable income by diversi‑
fying their customer base and increasing sales vol‑
ume, providing a buffer against market volatility.
Additionally, the regression analysis shows that
FS, EL, and YoE signiϐicantly inϐluence ER. Larger
farms and farmers with higher EL were better
able to cope with market ϐluctuations, likely due
to their more signiϐicant ϐinancial resources, bet‑
ter knowledge of market dynamics, and ability to

implement riskmanagement strategies. This ϐind‑
ing highlights the importance of capacity‑building
initiatives that improve farmers’ ϐinancial literacy
andmarket knowledge, particularly for thosewith
smaller farms or lower educational levels.

iv. Gender Differences: The analysis also revealed
notable gender differences in PM and ER. Male
farmers, particularly those using DMA, reported
slightly higher PM (18.51%) thanmales (17.25%)
and ER scores. This gender gap persists across
TMA, with Males reporting a mean PM of 12.42%
compared to 11.67% for Females. While the dif‑
ferences are relatively small, they point to poten‑
tial barriers Females may face in accessing DMA
or fully leveraging the beneϐits of market access.
These barriers could include limited access to re‑
sources, technology, market data, and gendered
household labour and decision‑making roles.

v. Education and FS: The role of education and FS
was evident across all keyER. Farmerswithhigher
levels of education (higher secondary education
or above) consistently reported better outcomes
in terms of PM, SSE, and ER. This proposes that
education gives farmers the skills and knowl‑
edge to navigate complex market systems, opti‑
mize SSE, and implement risk management ap‑
proaches. Similarly, larger farms beneϐitted more
from DMA, likely due to their greater production
capacity, access to better technology, and ability
to scale operations efϐiciently.
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The ϐindings of this study underscore the poten‑
tial of DMA as a viable approach for improving the
ER of SSDF. Policymakers and development organiza‑
tions should consider promoting DMA through support‑
ive policies, infrastructure development, and capacity‑
building programs. Initiatives that focus on improving
farmers’ access to digital platforms, transportation logis‑
tics, and market data could further enhance the beneϐits
of DMA. Additionally, efforts to reduce gender dispari‑
ties in MA should be prioritized. By addressing the spe‑
ciϐic barriers Females face, such as access to resources,
training, and technology, policymakers can ensure that
the beneϐits of DMA are equitably distributed. Moreover,
targeted interventions that enhance the education and
ϐinancial literacy of SSDF, particularly those with lower
levels of formal education, can help improve their ability
to navigatemarket dynamics and optimize their farming
operations.

5. Conclusions and FutureWork
This study comprehensively analyzes how DMA af‑

fects the ER of SSDF in Gujarat, India. The ϐindings
demonstrate that DMA signiϐicantly improves key ER, in‑
cluding PM, SSE, and ER. Farmers using DMA reported
higher PM than those relying on TMA, reϐlecting the ϐi‑
nancial beneϐits of bypassing intermediaries and hav‑
ing more control over pricing. Furthermore, DMA en‑
hances SSE by reducing transportation costs and time
to market, enabling farmers to deliver their products
more quickly and with less waste. The results also indi‑
cate that DMA is critical in bolstering farmers’ ER, allow‑
ing them to withstand better market ϐluctuations, price
volatility, and other external shocks. Importantly, this
study shows that factors such as FS, EL, and YoE further
inϐluence the extent to which farmers beneϐit from DMA,
with larger farms and more educated farmers achiev‑
ing better outcomes across all ERs. However, the anal‑
ysis also highlights gender disparities in PM and ER, sug‑
gesting that Females may face additional challenges in
accessing and beneϐiting from DMA. Addressing these
gender gaps will be essential for ensuring that the ad‑
vantages of DMA are equitably distributed. Overall, the
ϐindings of this study offer important insights for pol‑

icymakers, development organizations, and farmer co‑
operatives. Efforts to promote DMA through support‑
ive policies, infrastructure improvements, and capacity‑
building programs can enhance the ER of SSDF. In par‑
ticular, interventions aimed at increasing digital literacy,
market knowledge, and logistical support for farmers, es‑
pecially those with smaller farms or lower educational
levels, will be vital for maximizing the beneϐits of DMA.
Additionally, targeted efforts to empower Females and
reduce the barriers they face inmarket participationwill
help ensure more inclusive and equitable development
in the sector.

Author Contributions
Conceptualization, methodology, software, valida‑

tion, and formal analysis, investigation, resources, data
curation, writing—original draft preparation, writing—
review and editing, visualization, supervision, project
administration, funding acquisition, H.M.A., A.D., A.L.K.,
V.B., K.K.K., R.S., S.S. All authors have read and agreed to
the published version of the manuscript.

Funding
This work received no external funding.

Institutional Review Board State‑
ment

Not applicable.

Informed Consent Statement
Not applicable.

Data Availability Statement
Not applicable.

Conϐlicts of Interest
The authors declare no conϐlict of interest.

553



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

References
[1] Sahoo, B., 2021. Gender Mainstreaming through

Improved Dairy Farming for Livelihood Security
and Entrepreneurship Development. Promoting
Women Agripreneurship through Crop‑Livestock‑
Fisheries Technologies [E‑book], 47.

[2] Sarkar, A., Gupta, H., Dutta, A., 2024. Sus‑
tainable dairy sector of an emerging econ‑
omy: An empirical quest based on India.
Agricultural Systems, 218, 103970. DOI:
https://doi.org/10.1016/j.agsy.2024.103970

[3] Bisht, I. S., Rana, J. C., Pal Ahlawat, S., 2020. The fu‑
ture of smallholder farming in India: Some sustain‑
ability considerations. Sustainability, 12(9), 3751.
DOI: https://doi.org/10.3390/su12093751

[4] Otieno, G. O., 2020. Smallholder dairy farmers’ ty‑
pologies, collective action, and Commercialisation
in Kenya (Doctoral dissertation). Nairobi: Jomo
Kenyatta University of Agriculture and Technology.

[5] Bachman, G., Lupolt, S., Strauss, M., et al., 2021.
An examination of adaptations of direct market‑
ing channels and practices by Maryland fruit
and vegetable farmers during the COVID‑19 pan‑
demic. Journal of Agriculture, Food Systems, and
Community Development, 10(4), 283‑301. DOI:
https://doi.org/10.5304/jafscd.2021.104.010

[6] Li, G., Zhang, H., 2024. The Efϐiciency and Chal‑
lenges of E‑Commerce Logistics in Enhancing
Market Access for Agricultural Products in Ru‑
ral China. Law and Economy, 3(2), 31‑43. DOI:
https://doi.org/10.56397/LE.2024.02.07

[7] Duncan, E., Abdulai, A. R., Fraser, E. D. (2021).
Modernizing agriculture through digital technolo‑
gies: Prospects and challenges. Handbook on
the human impact of agriculture, 138‑161. DOI:
https://doi.org/10.4337/9781839101748.00018

[8] Liverpool‑Tasie, L. S. O., Wineman, A., Young, S., et
al., 2020. A scoping reviewofmarket links between
value chain actors and small‑scale producers in de‑
veloping regions. Nature Sustainability, 3(10), 799‑
808. DOI: https://doi.org/10.1038/s41893‑020‑
00621‑2

[9] Connolly, R., Bogue, J., Repar, L., 2022. Farmers’
markets as resilient alternative market structures
in a sustainable global food system: A small ϐirm
growth perspective. Sustainability, 14(18), 11626.
DOI: https://doi.org/10.3390/su141811626

[10] Lubag, M., Bonifacio, J., Tan, J. M. et al., 2023.
Diversiϐied Impacts of Enabling a Technology‑
Intensiϐied Agricultural Supply Chain on
the Quality of Life in Hinterland Commu‑
nities. Sustainability, 15(17), 12809. DOI:
https://doi.org/10.3390/su151712809

[11] Fikry, I., Eltawil, A., Gheith, M., 2021. A ro‑

bust crop rotation optimization model with wa‑
ter scarcity and net return uncertainty consid‑
erations. IEEE Access, 9, 128938‑128950. DOI:
https://doi.org/10.1109/ACCESS.2021.3113125

[12] Guleria, M., Rajesh, T., Panicker, A. J., et al., 2020.
Using Human‑Centered Design to Improve Socio‑
economic Livelihoods with Modernized Irrigation
Systems, Proceedings of IEEE 8th R10 Humanitar‑
ian Technology Conference (R10‑HTC), December
1‑3, 2020, Kuching, Malaysia, pp. 1‑6.

[13] Abrar‑Ul‑Haq, M., Sankar, J. P., Akram, F., et al.,
2024. Harvesting Prosperity: AI‑Powered Solu‑
tions for Household Poverty Reduction through
Smart Agriculture. Proceedings of The 2024 IEEE
1st Karachi Section Humanitarian Technology Con‑
ference (KHI‑HTC), January 8‑9, 2024; Tandojam,
Pakistan. pp. 1‑5.

[14] Karn, A. L., Sengan, S., Kotecha, K., 2022. ICA‑
CIA: An Intelligent Context‑Aware framework
for COBOT in defense industry using onto‑
logical and deep learning models, Robotics
and Autonomous Systems, 157, 104234, DOI:
https://doi.org/10.1016/j.robot.2022.104234

[15] Ataei, P., Ghadermarzi, H., Karimi, H., et al., 2020.
The barriers hindering the application of the value
chain in the context of rural entrepreneurship,
Journal of Agricultural Education and Extension,
26(4), 365‑382.

[16] Khatri‑Chhetri, A., Regmi, P. P., Chanana, N., 2020.
Potential of climate‑smart agriculture in reducing
women farmers’ drudgery in high climatic risk ar‑
eas, Climatic Change, 158(1), 29‑42.

[17] Abrar ul Haq, M., Sankar, J. P., Akram, F., 2021. The
role of farmers’ attitude towards their resources to
alleviate rural household poverty, Quality & Quan‑
tity, 56(4), 2133‑2155.

[18] Abrar ul Haq, M., Akram, F., Malik, H. A. M.,
2022. The Economics of Renewable Energy Expan‑
sion for Rural Households, International Journal of
Computing and Digital Systems, 13(1), 1‑15.

[19] Karn, A. L., Ateeq, K., Sengan, S., 2022. B‑LSTM‑NB
based Composite Sequence Learning Model for De‑
tecting Fraudulent Financial Activities, Malaysian
Journal of Computer Science, 30‑49, DOI:
https://doi.org/10.22452/mjcs.sp2022no1.3

[20] Muhammad, K. B., Soomro, T. R., Butt, J., et al., 2022.
IoT and Cloud‑based Smart Agriculture Frame‑
work to Improve Crop Yield Meeting World’s Food
Needs. International Journal of Computer Science
and Network Security, 22(6), 7‑14.

[21] Ncube, M., Madubula, N., Ngwenya, H., 2016.
Climate change household vulnerability and
smart agriculture: The case of two South African
provinces, Journal of Disaster Risk Studies, 8(2),
1‑14.

554



Research onWorld Agricultural Economy | Volume 06 | Issue 01 | March 2025

[22] Hellin, J., Fisher, E., 2018. Building pathways out of
poverty through climate‑smart agriculture and ef‑
fective targeting. Taylor & Francis, 28(7), 974‑979.

[23] Glover, D., Sumberg, J., Ton, G., 2019. Rethinking
technological change in smallholder agriculture,
Outlook on Agriculture, 48(3), 169‑180.

[24] Karn, A. L., Sachin, V., Sengan, S., et al., 2022.
Designing A Deep Learning‑based Financial Deci‑
sion Support System for Fintech to Support Cor‑
porate Customer’s Credit Extension, Malaysian
Journal of Computer Science, pp., 116‑131. DOI:
https://doi.org/10.22452/mjcs.sp2022no1.9

[25] Ncube, M., Madubula, N., Ngwenya, H., et al.,
Climate change household vulnerability and
smart agriculture: The case of two South African
provinces, Jamba: Journal of Disaster Risk Studies,
8(2), 1‑14.

[26] Islam, G.M.N., Yew, T.S., Haq, M.A.U.L., 2023.
Social Capital and Well‑Being of Small‑Scale
Fishers in the West Coast Island of Penin‑
sular Malaysia, Asian Fish Sci, 36(1). DOI:
https://doi.org/10.33997/j.afs.2023.36.1.004

[27] Karn, A.L., Romero, C.A.T., Sengan, S., 2022.
Fuzzy and SVM Based Classiϐication Model
to Classify Spectral Objects in Sloan Digital
Sky, IEEE Access, 10, 101276‑101291. DOI:
https://doi.org/10.1109/ACCESS.2022.3207480

[28] Komarek, A.M., Thurlow, J., Koo, J., 2019. Econ‑
omywide effects of climate‑smart agriculture in
Ethiopia. Agricultural Economics (United King‑
dom), 50(6), 765‑778.

[29] Karn, A.L., Bagale, G.S., Kondamudi, B.R., et al., Mea‑
suring the Determining Factors of Financial Devel‑
opment of Commercial Banks in Selected SAARC
Countries. Journal of DatabaseManagement, 33(1),
1‑21.

[30] Rahmani, M.K.I., Ghanimi, H.M., Jilani, S.F., et
al., Early Pathogen Prediction in Crops Us‑
ing Nano Biosensors and Neural Network‑
Based Feature Extraction and Classiϐica‑
tion, Big Data Research, 34, 100412. DOI:
https://doi.org/10.1016/j.bdr.2023.100412

[31] Lal Karn, A., Kondamudi, B.R., Gupta, R.K., et al.,
2022. An Empirical Analysis of the Effects of En‑
ergy Price Shocks for Sustainable Energy on the

Macro‑Economy of South Asian Countries. Ener‑
gies, 16(1), 363.

[32] Karn, A.L., Pandya, S., Mehbodniya, A., et al., An in‑
tegrated approach for sustainable development of
wastewater treatment andmanagement systemus‑
ing IoT in smart cities. Soft Computing, 1‑17. DOI:
https://doi.org/10.1007/s00500‑021‑06244‑9

[33] Sudhakar, S., Vijayakumar, V., Kumar, C.S., et
al., Unmanned Aerial Vehicle (UAV) based
Forest Fire Detection and Monitoring for re‑
ducing false alarms in Forest ϐires, Elsevier‑
Computer Communications 149, 1‑16. DOI:
https://doi.org/10.1016/j.comcom.2019.10.007

[34] Sudhakar, S., Chenthur Pandian, S., 2016. Hybrid
Cluster‑based Geographical Routing Protocol to
Mitigate Malicious Nodes in Mobile Ad Hoc Net‑
work. InderScience‑International Journal of Ad
Hoc and Ubiquitous Computing, 21(4), 224‑236.

[35] Van der Lee, J. Evolving market linkages, transition
and resilience of dairy farming in the East African
highlands (PhD thesis). Wageningen, The Nether‑
lands: Wageningen University.

[36] Israel, B., Siwandeti, M., 2024. Agri‑food supply
chain capabilities and smallholders’ on‑farm eco‑
nomic viability: a moderated mediation analysis
of subsidy schemes and dynamic pricing. Cogent
Food & Agriculture, 10(1), 2391565.

[37] Koech, J.K., 2023. Descriptive analysis of value addi‑
tion factors and small‑scale dairy farming in Kenya:
case of Chebunyo ward, Bomet County (Doctoral
dissertation), Nairobi, Kenya: The Catholic Univer‑
sity of Eastern Africa.

[38] Shamsuddoha, M., Nasir, T., Hossain, N.U.I., 2023. A
sustainable supply chain framework fordairy farm‑
ing operations: a system dynamics approach. Sus‑
tainability, 15(10), 8417.
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