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ABSTRACT 
Farm-level uptake of improved agricultural technologies is a key lever for 

raising Irish potato incomes worldwide. As global population growth 

continues to strain the food system, there is a pressing need for strategies 

that lift productivity and, with it, farmer earnings. Yet despite the crop’s 

economic weight, many smallholders still record modest returns because 

they have not fully embraced modern production technologies. This study 

therefore investigated how technology adoption shapes the income of Irish 

potato growers in Ol Kalou Sub-County, Kenya. Using a descriptive cross-

sectional design, 385 respondents were drawn from a population of 21,942 

smallholder Irish potato farmers. Descriptive statistics and Propensity Score 

Matching (PSM) were used, via SPSS version 28 and STATA version 17, 

to compare farmers who had and had not adopted technologies such as 

certified seed, fertilizer use, mechanization, irrigation, and integrated pest 

management. Adopters earned a significantly higher average income of 

KES 45,546.25 per acre against KES 30,230.10 per acre for non-adopters, 

with an estimated Average Treatment Effect on the Treated (ATT) of KES 

15,316.15 per acre, a 50.67% income gain attributable to adoption. The 

results show that adopting agricultural technologies meaningfully lifts farm 

profitability by raising productivity, cutting production risk, and 

strengthening market participation. The study therefore recommends wider 

adoption of these technologies as a route to more efficient, lower-cost 

production. 
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1. INTRODUCTION 

Technology adoption has emerged as one of the principal pathways through which agriculture can become more 

productive, more profitable, and better able to secure food supplies worldwide. Continued growth in the world's 

population is placing mounting demands on farming systems to deliver more output from a fixed natural-resource 

base (Hoque & Mondal, 2026). Innovations in production methods have accordingly been championed as key 

instruments for lifting efficiency, cutting costs, raising output quality, and sharpening the competitive position of 

agricultural enterprises (Rambe & Khaola, 2022). Within Irish potato farming specifically, uptake of improved seed, 

fertilizer, irrigation, mechanization, integrated pest and disease control, better storage, and information and 

communication technologies (ICTs) have reshaped production systems across numerous countries (Evelyne et al., 

2021; Kansiime et al., 2025). Such innovations allow farmers to harvest more potatoes from each unit of land while 

lowering production risk and raising household earnings. 

Irish potato (Solanum tuberosum) ranks among the world's most valuable food crops, prized for its nutrient density, 

short growing cycle, and adaptability to a wide range of climates (Khurshid et al., 2026 and Mairiga et al., 2026). It 
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underpins food security, generates employment, and provides income for millions of households, especially across 

the developing world (Djaman et al., 2021 and Naseeb et al., 2026). Global output has risen quickly on the back of 

population growth, urban expansion, shifting diets, and growing demand for affordable, nutritious staples (Richards 

& Rickard, 2020). Even so, yields in many developing countries continue to fall short of their potential because 

farmers have yet to fully take up the modern technologies that would raise production efficiency. 

Applying scientifically developed farming practices, innovations, and inputs boosts both agricultural output and 

farmers' earnings (Ashraf & Riaz, 2026). Such technologies range from certified, disease-free seed potatoes and 

balanced fertilizer use to irrigation, mechanization, integrated pest and disease management, precision agriculture, 

improved post-harvest handling, and digital advisory services (Tehreem & Ashfaq (2025)). Taking these up lets 

farmers raise productivity while making more efficient use of the resources they already have (Akoto et al., 2020 and 

Mairiga et al., 2026). How readily farmers adopt them depends on several factors, including education, access to 

extension services, farm size, access to credit, market access, institutional support, and household income. 

Technology adoption benefits Irish potato farmers' incomes in several ways (Atieno et al., 2026, Ngalaga et al., 2026). 

Chief among these is higher productivity: improved seed varieties carry greater genetic potential, stronger disease 

resistance, and better germination than traditional stock. Paired with proper fertilizer use and sound crop 

management, they lift yields per hectare markedly (Setiawan & Inayati, 2020 and Kangogo et al., 2024). Larger 

harvests mean bigger marketable surpluses, more revenue, and higher household incomes, while also helping farmers 

meet market demand consistently and deepen their participation in commercial markets. 

Modern technologies also cut production costs and sharpen efficiency. Mechanization, for instance, reduces the labor 

needed for land preparation, planting, spraying, and harvesting (Mahmood et al., 2025), lowering costs while keeping 

farm operations on schedule, a key factor in maximizing yields. Irrigation, similarly, loosens the grip of unreliable 

rainfall and lets farmers grow potatoes year-round, lifting cropping intensity and annual income (Evelyne et al., 

2021). Irrigating farmers are also better placed to supply the market when supply elsewhere is thin, capturing higher 

prices in the process. 

Integrated pest and disease management also carries real weight for farm income. Irish potato crops are vulnerable 

to pests and diseases such as late blight, bacterial wilt, aphids, and potato cyst nematodes, which can cause heavy 

yield losses when left unmanaged. By combining resistant varieties, biological control, cultural practices, and careful 

pesticide use, integrated pest management curbs these losses while limiting environmental harm (Sharifi et al., 2018), 

leaving farmers with more and better-quality potatoes to sell and, in turn, higher profitability. 

Across the globe, countries that have transformed their potato sectors have generally done so through widespread 

technology adoption (Chiarini et al., 2026). China and India, the world's leading producers, have poured investment 

into improved seed systems, irrigation infrastructure, mechanization, and agricultural research (Badea et al., 2025), 

investments that have lifted productivity, farm incomes, and national food security alike (Wang et al., 2020; 

Siamalube et al., 2025). Comparable gains have been recorded in Europe and North America, where precision 

agriculture, mechanized farming, and efficient supply chains underpin high yields and profitable commercial 

production (Abdelhamid et al., 2024). 

In Africa, by contrast, potato productivity still trails the global average despite the crop's rising economic importance. 

Yields lag those in Europe, North America, and Asia largely because many smallholders still rely on traditional 

methods and have limited access to modern production technologies (Djaman et al., 2021). Low uptake of improved 

seed, fertilizer, irrigation, mechanization, and post-harvest technologies keeps both productivity and incomes down, 

while weak extension services, limited credit access, poor rural infrastructure, costly inputs, and thin market linkages 

continue to hold back adoption among smallholders (Unekwu et al., 2020). 

Evidence suggests that closing the technology-adoption gap could substantially lift potato productivity and income 

across the continent. Richards and Rickard (2020) estimated production could rise by as much as 140 percent under 

full adoption of available technologies, while Fitz-Koch et al. (2018) found that technological innovation opens real 

opportunities for smallholders in sub-Saharan Africa to raise productivity, engage more with markets, and reduce 

rural poverty. Higher productivity, in turn, lifts household income and strengthens national food security by making 

affordable food more available. 

Despite these benefits, adoption rates vary widely among farmers in Kenya and specifically in Ol Kalou Sub-County. 

Socioeconomic factors (education, farming experience, household income, farm size, age, and gender) shape both 

willingness and ability to adopt new technologies, while institutional factors such as access to extension services, 

farmer organizations, credit, government support, and input supply systems also matter a great deal (Qin et al., 2022; 

Ishak & Mazlan, 2025; Ashfaq & Tehreem, 2025). Farmers in areas with well-developed markets and infrastructure 

tend to adopt improved technologies more readily than those in remote rural areas. 

While a large body of research links technology adoption to higher farm income, the size of that effect differs across 

countries, farming systems, and socioeconomic settings. Differences in the technology packages used, market 
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conditions, institutional support, environmental factors, and policy frameworks all shape how far adoption translates 

into higher incomes (Wang et al., 2020; Ngalaga et al., 2026). This points to a continuing need for context-specific 

studies of how particular agricultural technologies affect Irish potato farmers' income under different production 

conditions, evidence that policymakers, extension providers, development partners, and researchers can use to design 

interventions that promote adoption, raise productivity, lift household incomes, and strengthen food security. 

Taken together, the evidence points to agricultural technology adoption as a critical driver of productivity, 

profitability, and income among Irish potato farmers. Technologies that improve seed quality, soil fertility, water 

management, pest and disease control, mechanization, and market access can turn potato farming from a subsistence 

activity into a profitable commercial enterprise. Widening farmers' access to these technologies through better 

extension services, affordable credit, quality inputs, and supportive policy will therefore remain central to improving 

Irish potato farmers' livelihoods and advancing sustainable agricultural development. Therefore, there is need to 

investigated how technology adoption shapes the income of Irish potato farmers in Ol Kalou Sub-County, Kenya. 

2. MATERIALS AND METHODS 

Study Area and Research Design 

The study was conducted across the five words of Ol Kalou Sub-County (Kanjuire Ridge, Kaimbaga, Ruria, Karau, 

and Mirangine) which together cover an area of 384.9 km2 and are home to a population of 75,262 (County 

Government of Nyandarua, 2018). The sub-county was chosen for its strong potential for Irish potato production, 

output that has nonetheless been declining in recent years (Mumia et al., 2018). Most of the land is arable thanks to 

fertile soils, and Ol Kalou sits on the western slopes of the Aberdare Ranges, one of Nyandarua County's five sub-

counties. It lies at roughly 1o South latitude, and 27o East. Ol Kalou Sub County is characterized by Potato, maize 

and horticulture are the main crops grown by farmers in the area while dairy, sheep and goats form the major livestock 

enterprise in Ol Kalou Sub County. The annual Irish potato production in Ol Kalou Sub County is approximately 

27,519 tonnes with a value of about KES 900,000,000 (County Government of Nyandarua, 2018). Ol Kalou Sub 

County is at an altitude of 2361 m hence enjoys a Mediterranean climate with rainfall of between 700 mm and 1500 

mm per year and temperatures ranging from 12 oC in cold months and 25 oC in hold months (Kamau et al. 2015).  

This study used a descriptive cross-sectional research design, which describes the farmers' circumstances in the study 

area as they currently stand. Descriptive cross-sectional designs are well suited to building an accurate picture of 

situations or events as they exist on the ground (Blazy et al., 2009). It also allowed for the collection of both qualitative 

and quantitative data from smallholder potato farmers and was well suited to gauging the potential effect of 

technology adoption on yield and income, since descriptive surveys are built to capture a population's current status 

on one or more variables. 

 

The study's target population was smallholder Irish potato farmers. Li and Song (2019) define a target population as 

the group of individuals a study seeks to draw conclusions about. Here, that population totaled 21,942 smallholder 

Irish potato farmers in Ol Kalou Sub County (County Government of Nyandarua, 2018). To qualify as a respondent, 

a farmer had to be a smallholder potato producer who had grown the crop continuously for at least the past five years. 

This criterion excluded recent entrants, who would not yet have had the chance to build adequate knowledge of the 

available agricultural technologies.  

Sample Size Determination and Sampling Procedures 

Sample size was computed using the Cochran (2007) formula for the smallholder Irish potato producers in Ol Kalou.  

𝑛 =
𝑍2𝑝𝑞

𝑒2
… … … … … … … … … … … … … … … … … … … … … … . … … (1) 

𝑛 =
(1.96)(1.96)(0.5)(0.5)/0.5

(0.05)(0.05)
= 385 

At a 95% confidence level, this yielded a sample of 385 smallholder Irish potato farmers (Table 1). Respondents 

were selected through multi-stage sampling: proportionate sampling first allocated the sample across Ol Kalou's five 

wards, then simple random selection drew respondents from lists obtained from the Ministry of Agriculture, 

Nyandarua County, and local administrative leaders. Finally, purposive sampling identified three key informants 

from the Ministry of Agriculture Nyandarua County, KALRO Tigoni, and ADC Molo. 

Data Collection  

Primary data on farmers' income were collected using a structured questionnaire administered through Open Data 
Kit (ODK) and later exported into SPSS. Enumerators fluent in the local language administered the questionnaires. 

Data on how technology adoption affected income were additionally gathered across two Irish potato seasons i.e. 

June-August and August-October 2022 using a production schedule that recorded total output and production costs 
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for both adopters and non-adopters. Enumerators were trained beforehand to familiarize them with the data to be 

collected. Additional data were gathered from three key stakeholders: KALRO Tigoni, ADC Molo, and the Ministry 

of Agriculture, Nyandarua County. 

Propensity Score Matching 

Propensity Score Matching (PSM) was used to estimate the effect of technology adoption on income. Adopters and 

non-adopters were first coded 1 and 0 respectively, then matched on the propensity scores generated for the adoption 

(treatment) and non-adoption (control) groups using the Nearest Neighbor Matching (NNM) procedure. As Austin 

(2011) explains, NNM matches units on the nearest propensity value, giving equal weight to each unit compared. 

This made it a suitable choice here. The study also enforced common support by matching adopters and non-adopters 

on observable characteristics, excluding from the covariate set any respondents whose propensity values fell outside 

the matched range.  

PSM was essential because it confined the impact estimate to adopting and non-adopting households matched on 

observable characteristics. Its implementation rested on two assumptions: the Conditional Independence Assumption 

(CIA), under which treatment is exogenous so any systematic difference between the comparison and treatment 

groups can be attributed to treatment itself; and common support, which requires that individuals with the same 

covariate values have a positive probability of being either a participant or non-participant in treatment. If the 

potential outcomes of the control and treated groups are independent of treatment allocation once conditioned on 

covariates X, they are likewise independent of treatment conditional on the propensity score, as shown in Eq 2.  

P = ( 𝐷 = 1|𝑋) = 𝑃(𝑋)……………………………………………. (2) 

If the un-confoundedness assumption holds and a study establishes sufficient overlap between the control and 

treatment groups, the propensity score matching estimator for the Average Treatment Effect on the Treated 

conditional can be written as; 

ATT = {E[ |𝐷 = 1, 𝑃(𝑋)] − E[ |𝐷 = 0, 𝑃(𝑋)]}…………………. (3) 

where; 

ATT is the Average Treatment Effect of the Treated 

E[|D=1 is the average value of the income of the interest for treated households 

P(X) is the probability of the variable X 

E[|D=0 is the average value of the income for the control group 

The propensity score, the conditional probability of adopting a given technology, was used to identify the 

counterfactual group of farmers who did not benefit, based on a set of observable variables. PSM allowed the score 

for treated and control units to be calculated from these observable characteristics, addressing the dimensionality 

problem. Once the appropriate control group had been identified, the impact of adoption was determined as follows: 

Impact = {E[ |𝐷 = 1, 𝑃(𝑋)] − E[ |𝐷 = 0, 𝑃(𝑋)]}……………… (4) 

This equation gives propensity score matching as the mean outcome difference over the common support region, 

weighted by the distribution of treated participants. The treatment effect was obtained by averaging this difference 

between adopters and the control group. To check balance, the study compared the Pseudo-R2 before and after 

matching. The Pseudo-R2 shows how well the covariates X explain the probability of treatment participation. 

Variable minima and maxima were compared to check overlap and common support. As Austin (2011) notes, 

observations whose propensity scores fall outside the range of the opposite group are dropped from the sample under 

this approach which can discard a large number of observations where overlap between adopters' and non-adopters' 

scores is poor. A trimming procedure can be applied to keep the common support region well defined. 

3. RESULTS AND DISCUSSION 

Type of Adopters of Agricultural Technologies 

The study classified the Irish potato farmers of Ol Kalou Sub County by adopter type, based on how many years after 

a technology's introduction they were expected to take it up: innovators within one-year, early adopters within two, 

the early majority within three, the late majority within four, and laggards taking more than five. The largest share of 

respondents, 36.88%, fell into the early majority category (Figure 1), followed by 22.34%, 21.04%, 12.73%, and 

7.01% who were early adopters, late majority, innovators, and laggards respectively (Figure 1). 
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Figure 1: Type of Adopters among the Irish Potato Farmers in Percentage 

This suggests that most Irish potato farmers are fairly open to new information and tend to adopt a technology within 

about three years of learning it exists. 12.73% classified as innovators were, notably, ready to take up technology as 

soon as it became available. This contrasts with Siamalube et al. (2025), who found that most agricultural adopters 

in India were late adopters who took longer to learn about a new technology's benefits and usability. 

Effects of Adoption of Agricultural Technologies on the Income of the Irish Potato Farmers 

Difference in Income Between the Adopters and Non-Adopters 

This part of the study tested whether income differed significantly between high and low adopters of agricultural 

technology among the Irish potato farmers, using an independent-samples t-test. The equality-of-variances test 

returned an F value of 39.48 and a significant p-value of 0.00 (Table 1), pointing to significant variability in income 

between adopters and non-adopters. The t-test itself confirmed a significant income difference between the two 

groups, with a t-value of 5.27 and a p-value of 0.00<0.05 (Table 1).  

Table 1: Independent Samples Test of Income Variation  
Variable Category F Sig t df Sig (2-tailed) 

Income Equal Variances Assumed 39.48 0.00 5.16 383 0.00 

 Equal Variances not Assumed 383  5.27 329.91 0.00 

Note: *** significant at 1% level, ** significant at 5% level, *significant at 10% level 

This gap is unlikely to be due to chance; it more plausibly reflects differences in technology uptake. The results point 

to a measurable income effect from adopting different agricultural technologies among Irish potato farmers and 

suggest that technology use in the sub-sector contributes meaningfully to changes in income per acre, consistent with 

Tufa et al. (2019), who likewise found an income gap between farmers who had and had not adopted agricultural 

technologies. 

Propensity Score Matching Analysis of the Effects of Adoption of Agricultural Technologies on Income 

The PSM analysis estimated the effect of technology adoption on farmers' income. The Average Treatment Effect on 

the Treated was computed using Nearest Neighbor Matching on the propensity scores of the 385 respondents, 184 

non-adopters and 201 adopters, which ranged from 0.07 to 0.98 (Figure 2).  
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Figure 2: Propensity Score Distribution and Area of Common Support for Estimation 
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The upper part of the PSM graph plots propensity scores for treated (adopter) farmers, and the lower part plots scores 

for untreated (non-adopter) farmers. Adoptability ranged from as low as 0.07 to as high as 0.98. The overlap between 

adopter and non-adopter scores defines a common support region, making comparison between the two groups 

possible. Covariate balancing was then carried out to test whether adopters' and non-adopters' covariates followed 

similar distributions after matching. 

Table 2: Covariate Balancing Before and After Matching 
  Mean  

Variable Sample  Adopters Non-Adopters Difference 

Contact with Extension Services Unmatched 3.25 2.35 0.90 

Matched 3.25 3.34 -0.09 

Size of Land Unmatched 3.88 3.90 -0.02 

Matched  3.88 3.69 0.19 

Farmers Experience Unmatched 15.67 17.53 -1.86 

Matched 16.89 17.44 -0.545 

Availability of Off-Farm Income Unmatched 29670.6 25620.0 4,050.60 

Matched  44,870.0 29,630.98 15,239.98 

Availability of Credit Unmatched  0.19 0.11 0.09 

Matched 0.24 0.14 0.10 

Production Risk Unmatched  0.39 0.26 0.13 

Matched 0.49 0.27 0.22 

Production Cost Unmatched  0.19 0.11 0.08 

Matched  0.18 0.27 0.09 

Availability of Farm Income Unmatched  0.198 0.107 0.09 

Matched  0.20 0.10 0.10 

Distance to Market Unmatched 7.36 8.76 -1.40 

Matched 7.30 8.10 -0.80 

Market Stability Unmatched 0.19 0.09 -0.10 

Matched 0.21 0.11 0.10 

Availability of Market Information Unmatched 0.20 0.108 0.09 

Matched  0.20 0.11 0.09 

 

Before matching, extension-service access, land size, farming experience, off-farm income, credit access, production 

risk, production cost, farm income, distance to market, market stability, and access to market information all differed 

significantly between the two groups. Once matching was carried out, however, none of these differences remained 

significant (Table 2), indicating that the matching covariates had converged to a similar distribution between adopters 

and non-adopters. This suggests the impact estimate was not driven by selection bias, and that the income difference 

observed between the two groups can reasonably be attributed to technology adoption rather than to pre-existing 

differences between them. 

Propensity Score Estimates for Effects of Adoption of Agricultural Technologies on the Income of Irish Potato 

Farmers 

This section reports on the propensity score estimates for technology adoption. The following hypothesis was tested 

to determine the effect: 

H01: There is not statistically significance effect of adoption of agricultural technology on income of smallholder 

Irish potato farmer in Ol Kalou Sub County. 

The ATT estimates confirmed that technology adoption significantly raised farmers' income, with a t-value of 3.64 

significant at p=0.02<0.05 (Table 3) evidence that adoption affected income. Farmers who adopted more agricultural 

technologies earned an estimated KES 45,546.25 per acre, against roughly KES 30,230.10 per acre for those who 

had not (Table 3).  

Table 3: Propensity Score for Effects of Adoption of Agricultural Technologies on the Income of Irish Potato Farmers 
 Mean Income    

 Adopters Non-adopters ATT % Increase t-Value 

Income (KES/acre 45,546.25 30,230.10 15,316.15 50.67 3.64** 

Note: ** significant at 5% level 

The estimated causal effect of adoption on Irish potato farmers' income was KES 15,316.15 per acre, a 50.67% 

change (Table 3), which rejects the null hypothesis of no statistically significant effect. This higher income among 

adopters likely reflects complementary innovations and greater yields, and possibly a reduced exposure to 

environmental stress that would otherwise have depressed productivity.  

The lower income among non-adopters, in turn, may stem from delayed or out-of-season planting that pushed back 

maturity and reduced tuber yield, as well as from continued reliance on traditional production methods that limit 

productivity at farm level. Even among some adopters, income may have been dampened by the time it takes to 
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resolve production challenges, which can erode productivity in the interim. These findings echo Kimbi et al. (2020) 

and Hailu et al. (2014), both of whom found that investment in agricultural technologies is central to raising farmer 

income. A similar pattern emerges in Tufa et al. (2019), who linked technology use to higher income through greater 

productivity per unit area. These results diverge, however, from Nnahiwe et al. (2023), who found that income and 

production gains from technology adoption tend to materialize only after a longer stretch of time, since farmers need 

time to learn how to optimize a technology and adjust its application to their circumstances.  

4. CONCLUSIONS  

This study concludes that adopting agricultural technologies significantly raises the income of Irish potato farmers. 

Those who adopted technologies such as certified seed, fertilizer application, mechanization, and integrated pest 

management earned KES 45,546.25 per acre, against KES 30,230.10 per acre for their counterparts, a statistically 

significant difference. Technology adoption therefore has the potential to turn Irish potato farming into a viable 

commercial enterprise, strengthening food security and improving farmers' livelihoods. 
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