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ABSTRACT
The development of downstreampalm oil processing at the smallholder level in Indonesia remains limited, de‑

spite its potential to enhance farmerwelfare and promote equitable value chain participation. Persistent disparities
in fresh fruit bunch (FFB) prices, slow progress in smallholder‑led industrial initiatives, and farmers’ vulnerability
to market fluctuations point to the need for inclusive downstream strategies. The study aims to assess farmers’
perspectives on the establishment of palm oil processing plants at the farmer level. Simple random sampling was
employed in selecting 200 smallholders across Dharmasraya andWest Pasaman regencies. The research employs a
mixed‑method combining Structural Equation Modeling–Partial Least Squares (SEM–PLS) and qualitative analysis
using NVivo in data analysis. The findings reveal that farmers’ expectations of benefits and their readiness signifi‑
cantly influence their intention to build palm oil processing plants. Mediation analysis further shows that readiness
partially mediates the relationship between farmer demographic profiles and their intention to invest in process‑
ing infrastructure. Most farmers expressed willingness to establish processing plants if they clearly perceive the
benefits, such as increased income, price stability, and employment opportunity. However, they face substantial
challenges, particularly limited financial capital and inadequate access to technology. These constraints highlight
the need for comprehensive support from various stakeholders, including government agencies, cooperatives, and
private sector partners, to enable farmers to participate in downstream processing. Strengthening farmer readi‑
ness through informal education, technical assistance, and inclusive financing mechanisms is essential to promote
sustainable and equitable development in the palm oil sector.
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1. Introduction
The downstream palm oil industry at the farmer

level in Indonesia represents a vital yet often overlooked
segment of the value chain. Smallholder farmers con‑
tribute approximately 40%of the country’s palm oil pro‑
duction, making them essential to the industry. How‑
ever, their involvement is typically limited to the up‑
stream phase—cultivating and harvesting fresh fruit
bunches (FFB), which are then sold to intermediary
traders or directly to mills for processing into crude
palm oil (CPO).

These farmers are heavily dependent on palm oil
mills, most of which are owned by large corporations.
During the 2022 export restrictions on Indonesian palm
oil, many mills reduced their FFB purchases, causing
a sharp decline in farm–level prices. A study [1] found
that 91% of farmers continued selling their FFB despite
prices falling below variable production costs, as they
had no viable alternatives. A smaller group (8%) chose
to delay harvesting, which negatively affected FFB qual‑
ity. In extreme cases, some farmers resorted to selling
their oil palm land. This situation highlights the weak
bargaining position of smallholders. They remain price
takers, capturing only the value of the raw productwhile
bearing the greatest risks and losses along the supply
chain. Such dynamics threaten the long‑term sustain‑
ability of the palm oil industry and its potential to im‑
prove farmer welfare.

Smallholder participation in downstream activi‑
ties—such as refining, processing, and manufacturing—
remains limited due to barriers including lack of ac‑
cess to capital, technology, infrastructure, and markets.
Nonetheless, initiatives are emerging to integrate farm‑
ers into value‑added processes. These include small‑
scale processing units and cooperative models that en‑
able collective ownership and management of down‑
stream operations, allowing farmers to capture more
value.

One notable initiative is the Indonesian govern‑
ment’s Mini Cooking Oil Factory program (Pabrik Mini
Minyak Goreng, or Pamigo). This technological innova‑
tion enables the conversion of FFB into cooking oil at
the local level. Pamigo aims to boost domestic cooking
oil production, expand market access for farmers, and
increase the added value of agricultural products. By
bringing processing closer to the source of raw materi‑
als, the program seeks to empower local economies and
enhance farmer welfare.

1.1. Theoretical Framework

However, the success of such initiatives hinges on
farmers’ behavioral intentions and their readiness to in‑
vest in processing infrastructure. To explore these dy‑
namics, this study draws on several behavioral and in‑
novation adoption theories: (a) Theory of Planned Be‑
havior (TPB) [2] examines how attitudes, perceived so‑
cial norms, and control over resources influence farmers’
intentions; (b) Technology Acceptance Model (TAM) [3]
emphasizes perceived usefulness and ease of use in tech‑
nology adoption; (c) Diffusion of Innovations Theory [4]

explains how new practices spread within communities,
shaped by perceived benefits and social networks; (d)
Sustainable Livelihoods Framework (SLF) [5] highlights
the role of financial, human, and physical assets in en‑
abling participation in downstreamactivities; (e) COM‑B
Model [6] frames behavior as a function of capability, op‑
portunity, and motivation, suggesting that interventions
like informal education and inclusive financing can en‑
hance readiness; (f) Theory of ReasonedAction (TRA) [7]
underscores the influence of beliefs and social norms
on behavioral intentions, reinforcing the importance of
community and cooperative support.

In assessing technology adoption, farmers’ percep‑
tions of specific attributes are crucial [8]. Research shows
that adoption is more likely when technologies are per‑
ceived to improve productivity or income [9,10] and carry
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low risk [11]. Participation in cooperatives has also been
shown to enhance understanding of agricultural tech‑
nologies [12], facilitating knowledge sharing and reduc‑
ing perceived barriers.

Organizational factors—such as management sup‑
port, internal capacity, and external conditions like mar‑
ket competition and assistance—play a significant role
in adoption decisions [13]. While technological barriers
such as cost and complexity may not always show statis‑
tical significance, qualitative findings reveal their practi‑
cal importance. Other influential factors include access
to finance [14], extension services, demonstration partic‑
ipation [9], farmer characteristics, innovation attributes,
and perceived benefits [15]. Additionally, perceived use‑
fulness, ease of use, social influence, and trust are key
drivers of technology uptake [16].

Ultimately, the success of downstream palm oil ini‑
tiatives at the farmer level depends on the active par‑
ticipation and acceptance of smallholders. Their deci‑
sions are shaped by economic opportunities, technolog‑
ical and financial constraints, training needs, and pol‑
icy support. This study aims to assess oil palm farmers’
perceptions of both the opportunities and challenges in
developing farmer‑level downstream processing indus‑
tries.

1.2. Research Gap

By identifying the key enablers and barriers to
smallholder participation, this research informs tar‑
geted policy interventions to enhance farmer welfare
and promote sustainable growth in Indonesia’s palm oil
sector. It contributes to the broader discourse on inclu‑
sive agricultural development by offering empirical evi‑
dence to support context–specific and equitable strate‑
gies for strengthening the palm oil value chain.

While many studies have explored agricultural
technology adoption, most focus on upstream produc‑
tion or general innovation uptake. For instance, study
on farmers’ satisfaction and adoption of Coffee Arabica
F1 hybrids [14], wheat technology adoption in Ethiopia [9],

farmers’ Decision for Adoption and Non‑Adoption of
Oil Palm Cultivation in Northeast Thailand [17], farmers’
perception of sustainable soil management practices [18],
adoption of climate‑smart agriculture innovations [19],
Farmers’willingness to adopt conservation practices [20],
and perceptions on the adoption of sustainable agricul‑
tural intensification practices [21]. These works empha‑
size productivity, risk perception, and institutional sup‑
port but rarely address farmer‑led downstream initia‑
tives. In contrast, this study offers a novel contribution
by investigating smallholder oil palm farmers’ intentions
to establish processing plants at the farmer level inWest
Sumatra—an area where such initiatives are still emerg‑
ing. The technology is significantly different from what
the farmers have been practicing. Farmers only get used
to farming activities; they will need new knowledge to
run a processing business. Therefore, how farmers per‑
ceive running a processing business is a critical factor in
further developing such a business at the farmer level.
Figure 1 shows the hypothetical model for this study.

The hypotheses assessed are as follows:

H1. Information positively influences behavioral inten‑
tion.

H2. Readiness positively influences behavioral intention.

H3. Demographic profile influences readiness.

H4. Readiness mediates the relationship between demo‑
graphic profile and behavioral intention.

H5. Economic conditions positively influence behavioral
intention.

H6. Partnership positively influences behavioral inten‑
tion.

H7. Perceived benefits positively influence behavioral in‑
tention.

H8. Constraints negatively influence behavioral intention.
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Figure 1. Hypothetical model of intention to establish a palm oil processing plant at the farmer level.

2. Materials and Methods

2.1. Study Area

The study was conducted in two regencies within
West Sumatra Province: West Pasaman and Dharmas‑
raya. These areas were purposively selected due to
their status as the leading centers of palm oil produc‑
tion in the province, collectively contributing approxi‑
mately 70% of West Sumatra’s total output. As of 2023,
West Pasaman encompassed a land area of 127,309
hectares, yielding 372,315.28 tons of palm oil. Dharmas‑
raya, with a total land area of 33,836.20 hectares, pro‑
duced 120,590.94 tons [22]. In both regencies, oil palm
cultivation represents the primary agricultural activity
and serves as the main source of income for local farm‑
ers. The population of oil palm farmers was recorded at
63,879 in West Pasaman and 17,477 in Dharmasraya.

2.2. Sampling and Data Collection Methods

The sampling design employed a two‑stage ap‑
proach. In the first stage, one cooperative from each
regency was selected purposively, based on their oper‑

ational capacity and expressed interest in developing a
palm oil processing facility. The selected cooperatives
were Koperasi Produsen Perkebunan Sawit Perintis in
West Pasaman, established in 1991 and comprising 506
members, and Koperasi Lubuk Karya in Dharmasraya,
established in 1981 with 589 members. In the second
stage, a simple random sampling technique was applied
to select 100 farmers from each selected cooperative for
participation in the study.

Cross‑sectional data were used to meet the objec‑
tive of this study. The data were collected from both pri‑
mary and secondary sources. The primary datawere col‑
lected using a structured questionnaire from 200 small‑
holder farmerswho aremembers of village cooperatives,
focusing on their perception of factors influencing their
intentions to establish a palm oil processing plant. Sec‑
ondary data were collected from published documents,
such as books, proceedings, and journals, and unpub‑
lished documents, like annual reports of different orga‑
nizations.

The instrument for primary data was developed
to ensure alignment with the study’s conceptual model
(Figure 1) and demographical information. Eight vari‑
ables are involved in themodel to assess farmers’ percep‑
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tion of establishing a palm oil processing plant. They in‑
clude information, farmer profile, economic status, part‑
nership, readiness, benefit, constraints, and intention.

The definition of the variables is described in Table 1.
The perception variables are measured on a 5‑point Lik‑
ert scale from “strongly disagree” to “strongly agree”.

Table 1. Description of variables and theoretical foundations.
Latent Variable Indicators Theoretical Foundations

Intention = the willingness of farmers to
establish a processing plant by their
cooperative

“intention” in TPB [2]

Readiness = the capacity to establish a
processing plant

1. Enough support from the government
2. Having enough knowledge and ability
3. Availability of support from other stakehold‑

ers (partnership)

“perceived behavioral control” in
TPB [2] and “ease of use” in TAM [3]

The constraints the cooperative will face
in establishing a processing plant

1. Capital constraints
2. Technical constraints

“perceived behavioral control” in
TPB [2]and “ease of use” in TAM [3]

The benefits farmers can receive if their
cooperative establishes a processing
plant

1. Increase employment
2. Increase farmers’ income
3. FFB price is more stable

“attitude toward the behavior” in
TPB [2]; “perceived of usefulness” in
TAM [3]; ‘perceived advantages” in
Diffusion of Innovations Theory [4]

Information farmers receive about the
government program on establishing a
processing plant at the farmer level

1. Farmers got information on the government
program on establishing a processing plant
at the farmer level (1 = yes, 0 = no)

2. The source of information (1 = from cooper‑
ative, 0 = otherwise)

“social influence” in TRA [7]

Profile of respondents
1. Educational level
2. Experience in palm oil farming (years)
3. Age (years)

“capability” in COM‑B Model [6]

Economic condition 1. Size of land holding (ha)
2. Received price of FFB (IDR per kg) “access to asset” in SLF [5]

Willingness to have a partnership to
establish a processing plant “social influence” in TRA [7]

2.3. Data Analysis

Partial Least Squares SEM (PLS–SEM) was chosen
to verify the hypotheses in this study. Observed vari‑
ables and their associated relationships with latent vari‑
ables were described by the measurement models. The
models were tested in terms of validity and reliabil‑
ity in terms of composite reliability, convergent valid‑
ity, and discriminant validity. Subsequently, the struc‑
tural model was tested to verify the proposed hypothe‑
ses. Qualitative datawere collected through open‑ended
questions embedded in the same questionnaire to cap‑
ture the perception of farmers on barriers and required
support to build a palmoil processing plant at the farmer
level. The qualitative data are analyzed using NVivo,
which is expected to enhance the quantitative data.

This study adopts amixed‑methods approach by in‑

tegrating quantitative analysis using Structural Equation
Modeling–Partial Least Squares (SEM–PLS)with qualita‑
tive analysis conducted through NVivo. Structural Equa‑
tion Modelling–Partial Least Squares (SEM–PLS) plays
a critical role in this study by enabling the simultane‑
ous analysis of complex relationships among multiple
latent variables that influence farmers’ intentions to es‑
tablish palm oil processing plants. Unlike traditional
regression techniques, SEM–PLS allows for the assess‑
ment of both direct and indirect effects, including me‑
diation pathways—such as the role of readiness in me‑
diating the relationship between farmer profiles and in‑
tention. This method is particularly well‑suited for ex‑
ploratory researchwith relatively small sample sizes and
non‑normal data distributions, as is often the case in
rural development studies. By incorporating measure‑
ment and structural models, SEM–PLS ensures the relia‑
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bility and validity of constructs such as perceived ben‑
efits, constraints, and readiness, thereby providing ro‑
bust empirical evidence to inform policy and interven‑
tion strategies in the palm oil sector.

There are two steps in analyzing the data in SEM–
PLS. The first step is to evaluate themeasurementmodel.
Assessing the measurement model begins with evalu‑
ating indicator reliability to ensure that each indica‑
tor appropriately reflects its corresponding latent con‑
struct. Next, internal consistency reliability is examined
using Cronbach’s alpha and Composite Reliability, which

should meet acceptable thresholds to demonstrate con‑
sistency among indicators. Convergent validity is then
assessed through the Average Variance Extracted (AVE).
Secondly, the structural model is assessed by analyz‑
ing path coefficients for significance, typically through
bootstrapping procedures. We also examine R² values
to determine the explained variance of endogenous con‑
structs, and evaluate effect sizes (f²) and predictive rele‑
vance (Q²) to understand the impact and forecasting abil‑
ity of themodel. Table 2 shows the criteria to assess the
model.

Table 2. Criteria for assessing the model.
Criterion Acceptable Level

Reflective measurement models

Reflective indicator loadings ≥0.70, for exploratory research, loadings of 0.60 are acceptable
Internal consistency reliability Cronbach’s alpha > 0.70
Convergent validity AVE ≥ 0.50
Formative measurement models

Collinearity (VIF) VIF < 5
Statistical significance of weights p‑value < 0.05
Structural model

R2 value R2 values of 0.75, 0.50, and 0.25 are considered substantial, moderate, and weak.
R2 values of 0.90 and higher are typically indicative of over‑fitting

Effect size f2 f 2 values of 0.02, 0.15, 0.35 are considered weak, moderate, strong effects
Q2 value Q2 is indicative of predictive relevance; Q2 Values higher than 0, 0.25, and 0.50 depict small,

medium, and large.
Source: Hair et al. [23] .

To complement and contextualize these findings,
qualitative data were collected through open‑ended sur‑
vey responses and were analyzed thematically using
NVivo. This allowed for the identification of nuanced
perceptions, constraints, and support needs that may
not be fully captured through quantitative indicators.
The integration of both methods enhances the validity
and depth of the analysis, offering a more comprehen‑
sive understanding of the behavioral, institutional, and
contextual factors shaping smallholder participation in
downstream palm oil processing.

3. Results

3.1. PalmOil Industry Profile inWest Suma‑
tra

Oil palm is a key agricultural commodity in West
Sumatra, widely cultivated by both local communities

and business entities. Its economic significance is re‑
flected in the substantial production and land area dedi‑
cated to its cultivation. Oil palm production reached a to‑
tal of 715,118.27 tons with the total area of 256,329.51
hectares in 2024, comprising 205,368.57 hectares of
mature, productive plantations, 26,734.45 hectares of
immature (non‑yielding) plantations, and 24,226.49
hectares of old or damaged plantations [24].

Table 3 shows the area and production of oil palm
in the last five years. Palm oil production has shown
a consistent upward trend, rising from 567,930 tons in
2020 to 715,118.27 tons in 2024, indicating improved
yield or processing efficiency. The total plantation area
increased significantly from 2020 to 2022, peaking at
251,591 ha. In 2023, there was a notable drop to
203,842.12 ha, possibly due to replanting, land conver‑
sion, or data revision. By 2024, the area rebounded to
256,329.51 ha, the highest in the five‑year period. De‑

138



Research onWorld Agricultural Economy | Volume 07 | Issue 01 | March 2026

spite the dip in plantation area in 2023, production con‑
tinued to rise, suggesting either higher productivity per

hectare or improved harvesting and processing meth‑
ods.

Table 3. Oil palm plantation area and production in West Sumatra (2020–2024).
Year Total Area (ha) Production (tons)

2020 219,663.00 567,930.00
2021 250,631.00 668,605.00
2022 251,591.00 674,933.00
2023 203,842.12 699,934.62
2024 256,329.51 715,118.27

Source: BPS‑Statistics Sumatera Barat Province [25] .

Palm oil mills inWest Sumatra Province are spread
across several regencies/cities, with the highest number
located in West Pasaman Regency. The palm oil mills
generally produce Crude Palm Oil (CPO); some also pro‑
cess palm kernels. These mills vary in production scale,
ranging from medium to large‑scale operations. Most
of the mills are privately owned companies. As of now,
there are no mills owned by farmer organizations.

Figure 2 presents the distribution of palm oil fac‑
tory capacities ranging from 15.0 to 100.0 tons per hour.

A total of 32 factories are represented, with an average
capacity of approximately 58.21 tons per hour. Themost
common capacity is 60.0 tons per hour, associated with
the highest number of factories (10). This indicates a
strong preference for mid‑range capacities among man‑
ufacturers. While capacities like 45 tons/hour also show
notable representation (5 factories), higher capacities
such as 90 and 100 tons/hour are less frequent, suggest‑
ing theymaybe less economically or operationally viable
for most producers.

Figure 2. The distribution of palm oil factory capacities in West Sumatra.
Source: Dinas Perkebunan Tanaman Pangan dan Hortikultura Provinsi Sumatera Barat [26] .

3.2. The Profile of Oil Palm Smallholders

Table 4 describes the profile of oil palm farmers.
The demographic profile of the participants was diverse,
reflecting a wide range of socio‑economic and farming
contexts. The majority of respondents are between 41
and 65 years old, with the highest concentration found

in the 51–65 age group (34%). This suggests that the oil
palm farming sector inWest Sumatra is largely sustained
by middle‑aged to older adults, who likely possess sub‑
stantial experience and knowledge of agricultural prac‑
tices. However, this age profile also raises concerns
about generational continuity and the future sustainabil‑
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ity of theworkforce, especially if younger individuals are
not entering the sector. The presence of individuals over
65 years old, particularly more prevalent in Pasaman
Barat (10.5%) compared to Dharmasraya (5%), may re‑
flect regional differences in labor availability, retirement
norms, or economic necessity. In Pasaman Barat, older
individuals may continue working due to limited pen‑
sion access or strong cultural ties to farming. This ag‑

ing demographic could have implications for technology
adoption, policy planning, as well as health and produc‑
tivity. Older farmers may be less inclined to adopt digi‑
tal ormechanized farming tools. Theremaybe a need for
targeted programs to encourage youth participation and
succession planning. Aging workers may face physical
limitations, affecting overall productivity and requiring
health support services.

Table 4. Profiles of respondents.

Description Dharmasraya (%)
N = 100

West Pasaman (%)
N = 100

Total (%)
N = 200

Age (years)
20–30 4.00 0.50 4.50
31–40 16.00
41–50 15.00 15.00 30.00
51–65 17.00 17.00 34.00
>65 5.00 10.50 15.50

Education
Elementary school 13.50 11.00 24.50
Junior high school 18.00 7.00 25.00
Senior high school 13.50 22.00 35.50
Diploma 3 1.00 1.00 2.00
Diploma 0.50 0.00 0.50
Undergraduate 3.50 9.00 12.50

Experience (years)
1–10 12.50 9.00 21.50
11–20 6.50 12.00 18.50
>20 31.00 29.00 60.00

Number of dependents (persons)
1–5 44.50 47.50 92.00
6–10 5.50 2.50 8.00

Oil palm area (hectares)
<2 19.00 0.00 19.00
2.1–5 28.50 50.00 78.50
>5 2.50 0.00 2.50

In terms of educational attainment, most respon‑
dents have completed senior high school (35.5%), fol‑
lowed by junior high school (25%). Dharmasraya shows
a higher proportion of junior high school graduates,
whereas Pasaman Barat has more respondents with se‑
nior high school and undergraduate qualifications. The
data suggests a moderate level of formal education.
This may influence the adoption of agricultural innova‑
tions and access to formal employment opportunities.
The regional contrast—Dharmasraya with more junior
high school graduates and Pasaman Barat with more
senior high school and undergraduate holders—could
reflect differences in educational infrastructure, socio‑
economic conditions, or access to higher education.

Regarding farming experience, a significant portion
of respondents (60%) have experience for over 20 years,
indicating a predominance of experienced farmers or la‑
borers in both regions. This depth of experience may
contribute to stable production practices and resilience
in the face of market or environmental challenges. How‑
ever, it may also suggest limited generational renewal,
raising questions about youth involvement in agricul‑
ture and long‑term sustainability.

The majority support between one to five depen‑
dents (92%), reflecting a moderate level of family re‑
sponsibility. This demographic structure may influence
labor availability, household income allocation, and the
need for social support systems. It also reflects the
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socio‑economic reality of rural agricultural communi‑
ties, where family size and dependency ratios are key
factors in livelihood strategies. In terms of land own‑
ership, most respondents possess oil palm plantations
ranging from 2.1 to 5 hectares (78.5%), indicating a
prevalence of medium‑scale farming. This scale is of‑
ten associated with semi‑commercial operations—large
enough to generate income but small enough to remain
family‑managed. Dharmasraya’s greater variation in
land size suggests a more diverse farming landscape, po‑
tentially including both smallholders and larger estates.
In contrast, Pasaman Barat’s concentration in the 2.1–5
hectare range implies amore uniform farming structure,
possibly shaped by land policies or historical settlement
patterns.

The data paints a picture of a relatively educated,
experienced, andmoderately burdened agricultural pop‑
ulation engaged in medium‑scale oil palm farming. Re‑
gional differences in education and landholding hint at
localized development dynamics. These insights can
inform targeted interventions—such as education pro‑
grams, land reform, or youth engagement strategies—to
enhance productivity and sustainability in West Suma‑
tra’s palm oil sector.

Table 5 provides a comparative overview of the
yield and economic performance of oil palm farming
in Dharmasraya and West Pasaman. The data clearly
shows that West Pasaman achieves significantly higher
productivity, with an average yield of 26,774.28 tons

per hectare per year, compared to 14,492.49 tons per
hectare per year in Dharmasraya. This substantial dif‑
ference in output highlights a notable disparity in farm‑
ing outcomes between the two regions. One of the pri‑
mary factors contributing to the lower productivity in
Dharmasraya is the recent replanting of oil palm trees by
many farmers in the area. Replanting is a common prac‑
tice aimed at rejuvenating aging plantations and improv‑
ing long‑term yields. However, newly planted oil palm
trees typically require several years to reach full matu‑
rity and optimal production levels. During this early
growth phase, the trees produce significantly less fruit,
which directly impacts overall yield figures. As a result,
the current productivity in Dharmasraya does not yet
reflect the full potential of its plantations. This transi‑
tional period is expected to be temporary, and yields are
likely to improve as the young trees mature. In contrast,
West Pasaman may have a larger proportion of mature
plantations, which are already operating at or near peak
productivity. This maturity, combined with potentially
more intensive input use andbetter agronomic practices,
contributes to the region’s superior performance. Un‑
derstanding these dynamics is crucial for interpreting
thedata accurately and forplanning future interventions.
Support for farmers during the replanting phase—such
as access to high‑quality seedlings, training in best prac‑
tices, and financial assistance—can help accelerate the
recovery of yields in Dharmasraya and ensure long‑term
sustainability of the sector.

Table 5. Average of production, FFB price, and input cost of oil palm farming of respondents.
Description Dharmasraya West Pasaman Total

Production (tonne/year/ha) 14,492.49 26,774.28 20,633.39
FFB price (IDR/kg) 2,484.30 3,272.41 2,878.36

Fertilizer cost (IDR/year/ha) 3,549,113.86 5,850,000.00 4,699,556.93
Chemical cost (IDR/year/ha) 632,443.37 361,150.00 496,796.69

Figure 3 shows the relationship between the age
of oil palm trees and their yield, as modelled from the
primary data. The trees bear fruit at around the age
of three years. The production ranges from 4.5 to 36
tons/hectare/year. It reaches its peak at 15 years old.
The quadratic regression curve shown follows the equa‑
tion. This equation shows that production increases as
the tree ages to a certain point, then decreases, reflect‑

ing a common pattern in the oil palm crop productivity
cycle.

y = −0.115x^2+ 3.591x+ 0.825 (1)

Farmers in West Pasaman enjoy a distinct eco‑
nomic advantage in the oil palm sector due to higher
market prices for Fresh Fruit Bunches (FFB) (Table
5). On average, they receive IDR 3,272.41 per kilo‑
gram, whereas their counterparts in Dharmasraya earn
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a lower price of IDR 2,484.30 per kilogram. This notable
price gap can be attributed to several underlying factors,
including differences in market access, quality control
standards, and efficiency within the supply chain. One
of themost influential factors affecting FFB pricing is the
existence of formal partnerships between farmers and

palm oil mill companies. Farmers who are part of these
partnershipsbenefit fromstructuredagreements that of‑
ten include technical support, guaranteed purchase ar‑
rangements, and access to government‑regulated pric‑
ing mechanisms. As a result, they are able to secure
higher and more stable prices for their produce.

Figure 3. The relationship between oil palm yield and the age of trees.

The provincial government plays a key role in reg‑
ulating FFB prices, issuing official price determinations
on a weekly basis. However, these prices are only appli‑
cable to farmers who are affiliated with recognized part‑
ner companies. Independent farmers—those who oper‑
ate outside of formal partnerships—are excluded from
this pricing scheme and must negotiate prices individu‑
ally, often resulting in lower earnings. This system cre‑
ates a two‑tiered market structure, where partnership
farmers are economically favored, while independent
farmers face greater uncertainty and reduced profitabil‑
ity. The implications of this pricing structure are signif‑
icant. It encourages farmers to seek partnerships with
mills, which can lead to improved farming practices and
better access to resources. However, it also highlights
the vulnerability of independent farmers, who may lack
the bargaining power or infrastructure to compete effec‑
tively. Addressing this disparity may require policy in‑
terventions aimed at expanding partnership opportuni‑

ties, improving market transparency, and supporting in‑
dependent farmers through cooperativemodels or inclu‑
sive pricing frameworks.

West Pasaman incurs higher fertilizer expenses, av‑
eraging IDR 5,850,000/year/hectare, compared to IDR
3,549,113.86/year/hectare in Dharmasraya. This could
reflect differences in soil fertility, input usage intensity,
or pricing. Interestingly, Dharmasraya spends more
on chemicals (IDR 632,443.37/year/hectare) thanWest
Pasaman (IDR 361,150.00/year/hectare), possibly indi‑
cating greater pest or disease pressure, or differing crop
management strategies.

3.3. Farmer Perception of Oil Palm Farm‑
ers onEstablishingDownstream Indus‑
tries at the Farmer Level

3.3.1. Measurement Model Assessment
Assessment of the measurement model was con‑

ducted using a PLS algorithm for the hypothetical model.
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Factor loading and cross‑loading were checked as the
first step to the measurement model. Figure 4 illus‑
trates a Structural Equation Model (SEM) that examines
the relationships between several latent variables and
their influence on farmers’ readiness and intention to
participate in thedevelopment of processingplant (Palm
Oil Processing Units) or Pamigo at the cooperative level.
The model identifies eight latent constructs: Informa‑

tion, Partnership, Readiness, Intention, Constraint, and
Benefit. Latent variables are represented by blue cir‑
cles and are measured through observed variables (yel‑
low rectangles), with path coefficients indicating the
strength and direction of relationships. In Figure 4, the
values between indicators and latent variables are factor
loadings for reflective models and indicator weights for
formativemodels, while p‑values arewritten in brackets.

Figure 4. The estimation results of the hypothetical model.

In our study, Information, Profile, Economic, Part‑
nership, Readiness, Intention, Constraint, and Benefit
are reflectively measured constructs, while Profile and
Economic are formative measured constructs. As this
study is an exploratory research, the cut‑off point used
for factor loadings is 0.60 for the reflective model. The
results show that most factor loadings for the reflective
measurementmodel are >0.60. Itmeans that factor load‑

ings are valid. Technological constraint is the only indica‑
tor with a factor loading < 0.60; therefore, it is dropped
for further analysis. The assessment of Construct Reli‑
ability and Validity in Table 6 shows that the values of
Cronbach’s Alpha and AVE for Readiness and Constraint
are very low. Thus, these two variables needmore atten‑
tion to respecify the model. Other latent variables have
the AVE values >0.60.

Table 6. Construct the reliability and validity of the original model.
Variable Cronbach’s Alpha rho_A Composite Reliability Average Variance Extracted (AVE)

Benefit 0.69 0.71 0.83 0.62
Constraint –0.05 0.06 0.07 0.51
Information 0.74 0.87 0.88 0.79
Intention 1.00 1.00 1.00 1.00

Partnership 1.00 1.00 1.00 1.00
Readiness 0.42 0.37 0.71 0.45
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In the formative model, the result shows that in‑
dicator experience (weight = –0.065; ρ = 0.832) is not
significant to form construct Profile, while for Economic,
indicator price (weight = 0.449; ρ = 0.369). These vari‑
ables were then dropped from the model.

The second‑round estimation was conducted after
removing invalid indicators in the model. The second
model estimation result is presented in Figure 5. All

factor loadings are higher than 0.70, and all indicator
weights are significant at a 10% significance level. Table
7 describes that the Final Model is valid based on Con‑
struct Reliability and Validity. The values of Cronbach’s
Alpha are close to 0.70 for one variable and > 0.70 for
other variables. The values of Composite Reliability and
AVE are > 0.08 and > 0.60, respectively.

Figure 5. SEMModel of farmers’ intention in establishing a processing plant at the farmer level.

Table 7. Construct the reliability and validity of the final model.
Variable Cronbach’s Alpha rho_A Composite Reliability Average Variance Extracted (AVE)

Benefit 0.691 0.712 0.828 0.617
Constraint 1.000 1.000 1.000 1.000
Information 0.742 0.873 0.880 0.786
Intention 1.000 1.000 1.000 1.000

Partnership 1.000 1.000 1.000 1.000
Readiness 1.000 1.000 1.000 1.000

3.3.2. Structural Model Assessment
Structural model evaluation for endogenous con‑

structs can be measured by R–square. Data analysis us‑
ing smart–PLS software in the study results in the value
R2 (0.30) for intention is low, meaning that 30% of farm‑

ers’ intention in establishing a processing plant at the
farmer level can be explained by the seven exogenous
variables, the remaining 70% is explained by other vari‑
ables not measured in the study. The R2 for Readiness is
even weaker (0.06), indicating that involving more rel‑
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evant variables would be more valuable for future re‑
search.

Table 8 presents the predictive relevance of–
Square value. Q² evaluates howwell the observed values

are reconstructed by the model and its parameter esti‑
mates. The result shows that the model has predictive
relevance for a particular endogenous construct, with
the Q² value of 1.88.

Table 8. Predictive relevance of Q².
Variable SSO SSE Q² (= 1−SSE/SSO)

Benefit 600.000 600.000
Constraint 200.000 200.000
Economic 200.000 200.000
Information 400.000 400.000
Intention 200.000 162.447 0.188

Partnership 200.000 200.000
Profile 400.000 400.000

Readiness 200.000 200.000

Furthermore, changes in the R–square value are
used to assess the effects of certain exogenous latent
variables on endogenous latent variables, which can be
measured by the value of f2. Our study found that the
perceived benefit has an f² value of 0.287 (Table 9), in‑

dicating that this variable has a moderate influence on
farmer’ willingness to initiate processing units within
their own communities. The effect of Profile on Readi‑
ness, and Readiness on Intention are weak with the f²
values of 0.061 and 0.016, respectively.

Table 9. Path coefficient and hypothesis test.
Original Sample

(O)
Sample Mean

(M)
Standard Deviation

(STDEV)
T Statistics
(|O/STDEV|) p Values f‑Square

Benefit ‑> Intention 0.474 0.472 0.087 5.459 0.000* 0.287
Constraint ‑> Intention 0.038 0.040 0.046 0.815 0.415 0.002
Economic ‑> Intention 0.009 0.010 0.041 0.214 0.831 0.000
Information ‑> Intention 0.062 0.069 0.060 1.041 0.298 0.005
Partnership ‑> Intention 0.106 0.105 0.065 1.628 0.104 0.014

Profile ‑> Intention −0.016 −0.022 0.068 0.228 0.820 0.000
Profile ‑> Readiness −0.240 −0.254 0.066 3.628 0.000* 0.061

Readiness ‑> Intention 0.117 0.112 0.065 1.787 0.075* 0.016
Note: * significant at α = 0.10.

Overall, the model highlights Benefit as a key pre‑
dictor of Intention, underscoring its central role in influ‑
encing farmers’ decision‑making. The path from Benefit
to Intention is both statistically significant and positive
(coefficient = 0.474, p = 0.000) as shown in Table 9, in‑
dicating that the more farmers perceive tangible advan‑
tages, the stronger their intention to engage in process‑
ing plant development. Readiness, which is measured
through an indicator of adequate knowledge about pro‑
cessing operations, has a positive and statistically signif‑
icant effect on Intention (coefficient = 0.117, p = 0.075).
This suggests that when farmers feel adequately sup‑
ported and informed, they are more likely to develop a
strong intention to establish processing facilities.

The profile construct, which includes demographic
characteristics such as education level and age, shows
a significant negative effect on Readiness (coefficient
= −0.240, p = 0.000). This implies that certain demo‑
graphic groups—possibly older or more formally edu‑
cated farmers—may feel less prepared or confident in
initiating processing activities. Other variables in the
model, including Constraints, Economic factors (land
size), Information, Partnership, and Profile, do not ex‑
hibit significant direct effects on Intention.

The quantitative data are enriched with qualitative
data to capture obstacles farmers may face and the sup‑
port they need to build a palm oil processing plant. The
datawere analyzed using the NVivo approach. Theword
cloud in Figure 6 highlights key terms of constraints as‑
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sociatedwith establishing a processing plant at the farm‑
ers’ level. The relative size of each word reflects its fre‑
quency or significance within the given context. Among
the most prominent terms are Capital, Factory, Land, Lo‑

cation, and Cost, suggesting their central role in discus‑
sions around the constraints. Additionally, other notable
words such as Licensing, Administrative, Membership,
Insufficient, and Regulation further emphasize themes.

Figure 6. Constraints in establishing a palm oil processing plant at the farmer level.

Table 10 presents word frequencies and their
weighted percentages, highlighting the most commonly
mentioned. The word “capital” stands out significantly,
appearing 124 times and accounting for 22.71% of the
total, indicating its central importance in the context—
likely referring to financial resources or investment.

“Factory” follows with 59 mentions (10.81%), suggest‑
ing a strong focus on industrial infrastructure. Other
frequently occurring terms include “land” (34 mentions,
6.23%), “location” (31 mentions, 5.68%), and “cost” (17
mentions, 3.11%), all of which are critical factors in de‑
veloping a palm oil processing plant at the farmer level.

Table 10. The main constraints in establishing an oil palm processing plant at the farmer level.
Word Count Weighted Percentage (%)

capital 124 22.71
factory 59 10.81
land 34 6.23

location 31 5.68
cost 17 3.11

licensing 15 2.75
administrative 13 2.38
membership 13 2.38
insufficient 12 2.2
regulation 12 2.2

Less frequent but still notable are terms like “licens‑
ing” (2.75%), “administrative” and “membership” (both
2.38%), and “insufficient” and “regulation” (each 2.2%).
Thesewords suggest concerns or considerations around
governance, access, and policy constraints. Overall, the

distribution of these terms reflects a thematic emphasis
on financial investment, industrial setup, land use, and
regulatory frameworks.

Figure 7 and Table 11 show key terms of farm‑
ers’ expectations regarding the support to establish an
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oil palm processing plant at the farmers’ level. In line
with the main constraint, the most prominent concern
is capital, which accounts for 23.12% of the mentions.
This suggests that access to financial resources is a ma‑
jor issue, possibly indicating difficulties in securing fund‑

ing for operations, investments, or growth. Following
this, assistance is the secondmost frequentlymentioned
termat 10.57%, highlighting a strong need for support—
whether in the form of technical guidance, advisory ser‑
vices, or institutional aid.

Figure 7. Expected support in establishing a palm oil processing plant at the farmer level.

Table 11. The main expected support in establishing an oil palm processing plant at the farmer level.
Word Count Weighted Percentage (%)

capital 129 23.12
assistance 59 10.57
licensing 31 5.56
price 29 5.2

fertilizer 24 4.3
regulation 15 2.69

Other notable terms include licensing (5.56%) and
regulation (2.69%), which point to bureaucratic or legal
challenges that may be hindering progress. These could
involve complex procedures, unclear requirements, or
restrictive policies. The mention of price (5.2%) reflects
concerns about the price stability of FFB at the farmer
level, which is expected through establishing an oil palm
processing plant by farmer institutions. Lastly, fertilizer
(4.3%) suggests that agricultural inputs are a specific
area of concern, possibly due to supply chain issues or
rising costs in the farming sector.

Overall, the data indicates that financial and oper‑
ational support are top priorities, while regulatory and
market‑related challenges also play a significant role.
These insights can inform targeted interventions, such

as financial aid programs, regulatory reforms, and sup‑
port for agricultural inputs.

4. Discussion
Understanding farmers’ perceptions is central to

the success of agricultural innovation [27] and down‑
stream engagement. According to Ajzen [28], a farmer’s
expectations about the outcomes of a technique sig‑
nificantly influence their decision to accept or reject
it. Insufficient consideration of farmers’ perspectives
may result lack of adoption of certain farming meth‑
ods [19,29]. Studies by Mulyono et al. [30] and Omara et
al. [31] highlight that how quickly and widely technolo‑
gies are adopted depends largely on farmers’ percep‑
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tions of associated risks, costs, and benefits. The liter‑
ature consistently highlights that farmer perception is
not a peripheral issue but a central factor in the success
or failure of agricultural programs. Programs that fail
to consider farmers’ views, experiences, and local con‑
texts risk low adoption rates. Therefore, engaging farm‑
ers early, addressing misconceptions, and building trust
through effective extension services are essential strate‑
gies for enhancing adoption and ensuring long‑term sus‑
tainability. In this light, we examined how oil palm farm‑
ers perceivedonprogram to involve farmers at thedown‑
stream.

4.1. The Effect of Perceived Benefit on In‑
tention

The adoption of new technologies is often influ‑
enced by users’ perceptions of the economic benefits
they may gain. Perceived economic benefit refers to the
belief that using a particular technology will result in
financial or resource–related advantages, such as cost
savings, increased productivity, increased income, and
communitywelfare improvement. This perception plays
a critical role in shaping behavioural intentions toward
technology adoption, especially in sectors where return
on investment is a key consideration.

Our study revealed that the Benefit construct en‑
compasses perceived improvements in employment op‑
portunities, income generation, and price stability—
factors that highly influenced the intention to build such
a facility. The strong support from its indicators sug‑
gests that farmers view the establishment of processing
plants, such as Pamigo, as a practical strategy for enhanc‑
ing their economic resilience and market control. This
finding aligns with research by Kule et al. [21] in Eastern
Uganda, which showed that farmers who adopted Sus‑
tainable Agricultural Intensification Practices (SAIPs)
had a more favourable perception of their benefits com‑
pared to non–adapters. Non–adopters often viewed
these practices as risky and expensive, underscoring the
critical role of perception in shaping adoption behaviour.
The study highlighted that positive perceptions, along
with access to extension services and proximity to mar‑
kets, were key drivers of adoption.

Similarly, Meshesha et al. [19] found that favourable

views on the benefits of climate‑smart agriculture—
particularly improved productivity—led to higher adop‑
tion rates in Ethiopia. Nyairo et al. [32] also empha‑
sized that perceived economic advantages were central
to their decision‑making. However, even when farmers
held positive views of these technologies, adoption was
often limited by inadequate access to information and a
lack of trust in extension agents. Furthermore, evidence
from Tanzania indicated that local perceptions and sus‑
tainability concerns significantly influenced the scaling‑
up of fertilizers, improved seeds, and irrigation technolo‑
gies [33].

In rural development, the adoption of technology
is increasingly recognized as a catalyst for economic
transformation, improved livelihoods, and sustainable
growth. A critical factor influencing this adoption is the
perceived economic benefit—the belief that using a par‑
ticular technology will lead to tangible financial or pro‑
ductivity gains. This perception significantly shapes the
intention of rural populations, particularly farmers and
small‑scale entrepreneurs, to embrace technological in‑
novations.

Recent studies underscore that when rural users
perceive clear economic advantages—such as increased
crop yields, reduced production costs, or better market
access—they are more likely to adopt agricultural tech‑
nologies [34,35]. In Nigeria, Nnanna et al. [36] emphasized
that technological interventions in rural areas—such as
mobile platforms for market access or precision farm‑
ing tools—are more readily adopted when communities
understand their economic implications. However, the
study also noted that adoption is moderated by factors
such as infrastructure, education, and institutional sup‑
port, which can either amplify or dampen the perceived
benefits.

4.2. The Effect of Perceived Capital Con‑
straint on Intention

Capital constraints are a major barrier to technol‑
ogy adoption in agriculture and rural development—not
just due to actual financial limitations, but also perceived
ones. Farmers may view new technologies as too costly
or risky, even when subsidies or financing are available.
These perceptions often stem from limited financial liter‑
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acy, distrust in institutions, or uncertainty about returns,
leading to risk‑averse behavior.

Although quantitative analysis showed capital con‑
straints didn’t significantly affect intentions to build
processing plants, qualitative data revealed it as a ma‑
jor concern. This highlights how risk attitudes shape
adoption decisions. For example, Patil and Veettil [37]
found risk‑seeking farmers in India favored mechaniza‑
tion, while risk‑averse ones preferred low‑cost, stress‑
tolerant crops. Ahmed, Correa, and Sitko [38] emphasized
that capital‑intensive practices improve resilience and
income, while labor‑intensive strategies vary by context.
Brewer andFeatherstone [39] showed thatwhile debt can
reduce costs, it may also lower efficiency due to agency
costs.

Access to finance is crucial for productivity and de‑
velopment, especially among marginalized rural popu‑
lations. Yadav et al. [40] proposed a pro‑poor subsidy
model involving banks, suppliers, and the government
to improve energy access. Formal savings boost invest‑
ment and income, while broader financial inclusion and
green finance enhance productivity [41,42]. Studies by Vil‑
lalba, Venus, and Sauer [43], Adong et al. [44], and Maurya
and Mohanty [45] highlight structural barriers in agricul‑
tural value chains and advocate for inclusive financial re‑
forms.

4.3. The Effect of Economic Condition on In‑
tention

The economic status of farmers, as measured by
land ownership size, was not found to significantly in‑
fluence their intention to establish processing plants at
the farm level. This suggests that landholding size is not
a critical determinant for participation in downstream
agricultural industries. Consistent with this finding, Cho
and Yoon [46] observed that technology adoption is often
constrained by non‑economic factors. Similarly, Ahmar
et al. [47] identified socio‑economic and infrastructural
conditions as key drivers of renewable energy adop‑
tion, emphasizing its potential to alleviate rural energy
poverty and enhance socio–economic outcomes.

Singhal et al. [48] demonstrated that marketing
strategies, economic conditions, and adoption rates sig‑
nificantly shape the diffusion of digital services. Their

model, which outperforms traditional diffusion frame‑
works, offers telecom operators actionable insights
for improving service retention and optimizing market
strategies. This underscores the importance of under‑
standing user behavior and market dynamics in the dig‑
ital transformation of emerging economies.

Further studies highlight themultifaceted nature of
technology adoption in rural contexts. Dibbern et al. [49],
through bibliometric analysis and case studies, identi‑
fied economic conditions, technological infrastructure,
farmer demographics (e.g., age and education), organi‑
zational type, and data privacy concerns asmajor factors
influencing the adoption of digital agriculture technolo‑
gies. They also noted a lack of standardized indicators
for measuring adoption, calling for region‑specific and
socio‑economically tailored policy interventions.

Luna‑delRisco et al. [50] explored the socio‑
economic determinants of household adoption of biodi‑
gester systems in rural Colombia. Their analysis incor‑
porated factors such as technology perception, training,
investment costs, energy savings, and government in‑
centives. Despite the clear benefits of biogas systems,
adoption remains limited due to operational reliability
issues, regulatory gaps, and insufficient technical capac‑
ity. The authors proposed an economic viability model
linked to regional GDP to assess adoption potential and
advocated for targeted government support in regions
with abundant biomass and favorable economic condi‑
tions.

4.4. The Effect of Information Received on
Intention

Access to timely, relevant, and context‑specific in‑
formation is widely recognized as a key enabler of agri‑
cultural and environmental technology adoption, partic‑
ularly among smallholder farmers and rural households
in developing regions. However, in our study, access
to information regarding the palm oil downstream pro‑
gram did not significantly influence farmers’ intention
to adopt, suggesting that information alone may not be
a decisive factor. This finding aligns with broader liter‑
ature indicating that while information is a necessary
condition for adoption, it is not sufficient in isolation.
For instance, Moore et al. [51] found that weather and
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climate information services (WCIS) in Guatemala’s Dry
Corridor positively influenced the adoption of climate‑
resilient agricultural practices. Farmers who accessed
WCIS were more likely to implement adaptive strate‑
gies and experienced reduced food insecurity. Nonethe‑
less, financial and structural barriers—rather than infor‑
mational deficits—were identified as the primary con‑
straints to broader adoption, underscoring the need for
complementary support systems. Similarly, Dibbern et
al. [49] emphasized that adoption of digital agriculture
technologies is shaped not only by access to technical
knowledge but also by economic conditions and trust in
technology.

In the energy sector, studies by Luna‑delRisco et
al. [50] and Ahmar et al. [47] demonstrated that awareness
and understanding of biogas technology significantly in‑
fluence household willingness to adopt. However, in‑
formed households may still refrain from adoption due
to concerns about operational reliability, maintenance
costs, and insufficient institutional support.

Collectively, these findings suggest that while ac‑
cess to information enhances awareness and inten‑
tion, actual adoption depends on a broader constel‑
lation of socio‑economic, infrastructural, and institu‑
tional factors. Effective interventions must therefore in‑
tegrate information dissemination with financial incen‑
tives, capacity‑building initiatives, and participatory ap‑
proaches tailored to local contexts.

4.5. The Effect of Perceived Importance of
Partnership on Intention

Partnerships play a pivotal role in facilitating the
adoption of agricultural and environmental technolo‑
gies, particularly in rural and resource‑constrained con‑
texts. Collaborative efforts among key stakeholders—
including farmers, financial institutions, government
agencies, technology providers, and development
organizations—can help address barriers related to ac‑
cess, affordability, and technical capacity. However, find‑
ings from the structural equation modeling (SEM) anal‑
ysis in our study indicate that farmers’ perceptions of
partnership importance did not significantly influence
their intention to establish processing plants. This sug‑
gests that while partnerships may offer systemic bene‑

fits, they are not always perceived as directly relevant to
individual decision‑making at the farm level.

In contrast, Villalba et al. [43] underscore the criti‑
cal role of multi‑actor partnerships in sustaining credit
systems for smallholder farmers. Their framework illus‑
trates how collaboration among banks, agribusinesses,
and development organizations can reduce transaction
costs and mitigate market risks, thereby improving ac‑
cess to finance and enabling the adoption of climate‑
resilient practices. Similarly, Yadav et al. [40] propose a
contractual partnership model to enhance the delivery
of solar home system subsidies in rural India. By linking
rural banks, suppliers, and government agencies, their
approach ensures that financial support reaches below‑
poverty‑line households, facilitating energy transitions
that would otherwise remain inaccessible.

Moore et al. [51] highlight the value of participatory
partnerships in the dissemination of weather and cli‑
mate information services (WCIS) in Guatemala, demon‑
strating how inclusive engagement improves the rele‑
vance and uptake of adaptive agricultural practices. In
the renewable energy sector, Ahmar et al. [47] and Luna‑
delRisco et al. [50] emphasize the importance of inte‑
grated partnerships involving households, technical ex‑
perts, and local institutions. These collaborations sup‑
port training, resource sharing, and infrastructure devel‑
opment, reducing dependency on subsidies and enhanc‑
ing long‑term sustainability.

Across these studies, a consistent theme emerges:
partnerships are essential for bridging gaps between
information, resources, and implementation. Whether
through financial collaboration, participatory gover‑
nance, or technical integration, partnerships serve as a
foundationalmechanism for enabling inclusive andeffec‑
tive technology adoption in rural development contexts.

4.6. The Effect of Farmer Profile on Inten‑
tion

The initial hypothesis posited that farmers’ de‑
mographic characteristics—specifically age and educa‑
tional attainment—would significantly influence their
intention to establish palm oil processing facilities. This
assumption was grounded in the notion that younger
andmore educated individuals are generallymore recep‑
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tive to innovation, investment opportunities, and value‑
added agricultural ventures. Contrary to expectations,
however, empirical analysis yielded no statistically sig‑
nificant relationship between these demographic vari‑
ables and the intention to develop processing plants.
This finding suggests that other determinants—such as
financial capacity, access to markets, institutional sup‑
port mechanisms, and perceived profitability—may ex‑
ert a more substantial influence on farmers’ decision‑
making processes in this context.

In related literature, Dibbern et al. [49] identify age
and technical knowledge as salient demographic factors
affecting the adoption of digital agricultural technolo‑
gies. Their findings indicate that younger farmers are
typically more inclined to embrace innovation and pos‑
sess greater proficiencywith digital tools, whereas older
farmers may exhibit resistance due to unfamiliarity or
skepticism. Similarly, Moore et al. [51] report a positive
correlationbetweeneducational attainment andboth ac‑
cess toweather and climate information services (WCIS)
and the implementation of climate‑resilient agricultural
practices in Guatemala. Educated farmers are more
likely to comprehend and act upon technical informa‑
tion, thereby enhancing their adaptive capacity in the
face of climate variability.

Furthermore, Arranhado et al. [52] underscore the
significance of gender‑based disparities in education as
a critical determinant of multidimensional poverty in
Benin. These disparities indirectly constrain the adop‑
tion of agricultural technologies, particularly among
women. Limited access to education and financial ser‑
vices among female farmers restricts their ability to en‑
gage with and benefit from innovative agricultural prac‑
tices, thereby perpetuating cycles of poverty and techno‑
logical exclusion.

4.7. The Effect of Farmer Profile on Readi‑
ness

The initial hypothesis posited that farmers’ de‑
mographic characteristics—particularly age and edu‑
cational attainment—would positively influence their
readiness in terms of knowledge. It was assumed
that older and more educated farmers would be better
equipped to understand available resources. Contrary to

this expectation, the empirical findings revealed a nega‑
tive correlation between these demographic factors and
readiness. Specifically, younger and less formally edu‑
cated farmers reported greater perceived access to suf‑
ficient knowledge to establish palm oil processing facili‑
ties. This suggests that the knowledge required for such
ventures is often acquired through informal channels
rather than formal education, thereby diminishing the
relevance of traditional educational attainment in this
context.

This unexpected outcome can be attributed to
several interrelated factors. Informal knowledge
networks—such as peer‑to‑peer learning, community‑
based exchanges, and social media platforms—play a
critical role in disseminating practical, context‑specific
information within agricultural communities. Younger
farmers, in particular, are more likely to engage with
these networks and demonstrate higher levels of digi‑
tal literacy, enabling them to access agricultural advice,
market information, and government programs through
online platforms. These capabilities allow them to com‑
pensate for the lack of formal education and navigate
support systems more effectively.

While previous studies have established that de‑
mographic variables such as age and education influ‑
ence the adoption of agricultural innovations, the rela‑
tionship is often complex and context‑dependent. For
instance, Rizzo et al. [53] found that although educa‑
tion and age can facilitate innovation adoption, other
factors—such as perceived complexity and institutional
support—are equally influential. Similarly, Burton [54]

argued that demographic characteristics are frequently
used to model farmers’ environmental behavior, yet
the causal relationships remain inconsistent due to cul‑
tural and generational dynamics. Ashraf and Qasim [55]

further demonstrated that informal learning—such as
knowledge transmitted through familial or community
networks—can significantly enhance farmers’ decision‑
making and income, particularly when technical agricul‑
tural education is limited.

Moreover, recent shifts in the outreach strategies
of government and non‑governmental organizations
have prioritized youth and marginalized groups, often
through simplified procedures and youth‑oriented train‑
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ing programs. While these initiatives have improved
access for younger farmers, they may inadvertently ex‑
clude older or more traditionally educated individuals
who rely on formal institutions. Additionally, younger
farmers often exhibit greater entrepreneurial orienta‑
tion and risk tolerance, making them more inclined to
pursue innovative ventures such as processing plant de‑
velopment. Importantly, the type of education also mat‑
ters: while formal education may not directly equip
farmerswith the skills necessary for processing plant es‑
tablishment, informal and vocational training often pro‑
vides more relevant and applicable knowledge. Thus, in
this context, readiness is shaped more by access to in‑
formal learning opportunities, digital tools, and targeted
support mechanisms than by age or formal educational
attainment.

4.8. The Effect of Readiness on Intention

Readiness in this study refers to a farmer’s per‑
ceived knowledge, confidence, access to resources, and
the availability of support systems. This sense of readi‑
ness mitigates perceived risks and enhances motivation
to act. A systematic review by Rosário et al. [56] under‑
scores the importance of sociopsychological factors—
particularly perceived behavioral control, knowledge,
and access to support systems—in influencing farmers’
decisions to adopt sustainable agricultural innovations.
These findings are consistent with the present study,
which suggests that readiness is not solely determined
by formal education or age, but rather by a farmer’s per‑
ceived capacity and the enabling environment in which
they operate.

Enhancing readiness through targeted policy in‑
terventions, capacity‑building programs, and multi‑
stakeholder collaboration may therefore serve as a
strategic lever to promote farmer‑led processing initia‑
tives. In the palm oil sector, smallholder farmers who
perceive themselves as ready are demonstrably more
inclined to invest in processing infrastructure. This is
supported by findings from the World Bank and FSG [57],
which highlight that access to training, extension ser‑
vices, andmarket linkages are critical enablers for small‑
holders to ascend the value chain—from raw material
suppliers to processors.

Additionally, Yaseen et al. [17] found that younger
farmers with access to training and extension services
were more likely to adopt oil palm cultivation and ex‑
pand into value‑added activities. This suggests that
readiness, particularly when supported by targeted
training and institutional mechanisms, is closely asso‑
ciated with entrepreneurial behavior in the palm oil
sector. Therefore, readiness should be conceptualized
as a multidimensional construct shaped by experiential
learning, institutional support, and by farmers’ aware‑
ness of business sustainability, and long‑term resource
management—rather than being solely determined by
demographic characteristics.

5. Conclusion
This study investigated the factors influencing

smallholder farmers’ intentions to establish palm oil
processing plants in West Sumatra, Indonesia. Using a
mixed‑methods approach, the findings reveal that per‑
ceived economic benefits and farmer readiness are the
most significant predictors of intention. In contrast, de‑
mographic characteristics (such as age and education),
economic conditions (e.g., land size), and access to infor‑
mation or partnerships did not show a direct influence
on intention. Notably, readiness was found to mediate
the relationship between demographic profiles and in‑
tention, with younger and less formally educated farm‑
ers demonstrating higher perceived readiness.

These findings both align with prior studies (e.g.,
Rosário et al. [56]; World Bank and FSG [57]), and the re‑
sults affirm that perceived benefits and support systems
are critical to technology adoption and entrepreneurial
behavior in agriculture. However, the lack of signifi‑
cance fordemographic andeconomic variables contrasts
with traditional assumptions that older or more edu‑
cated farmers are more likely to adopt innovations. This
divergence highlights the growing importance of infor‑
mal learning, digital engagement, and targeted institu‑
tional support—especially among younger farmers who
are more digitally literate and entrepreneurial.

Based on these insights, several recommendations
emerge: (1) Strengthen farmer readiness through in‑
formal education, vocational training, and digital liter‑
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acy programs tailored to local contexts; (2) Demonstrate
economic value by showcasing successful farmer‑led
processing initiatives, conducting cost‑benefit analyses,
and facilitating peer‑to‑peer learning; (3) Promote in‑
clusive support systems that engage women, youth, and
marginalized groups, ensuring equitable access to re‑
sources and opportunities; (4) Address structural bar‑
riers by improving access to finance (e.g., microcre‑
dit, cooperative funding), simplifying licensing proce‑
dures, and streamlining regulatory frameworks to en‑
courage local enterprise development. Encourage multi‑
stakeholder collaboration among government agencies,
cooperatives, NGOs, and the private sector to provide in‑
tegrated support for downstream development.

Ultimately, fostering farmer‑led processing initia‑
tives requires a shift from focusing solely on demo‑
graphic or economic conditions to enhancing perceived
benefits and readiness. This approach can contribute
to more inclusive, sustainable, and resilient agricultural
value chains.
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