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​Abstract​

​This​ ​study​ ​evaluates​ ​the​ ​drivers​ ​and​ ​impacts​ ​of​ ​digital​ ​technology​​adoption​​among​​smallholder​
​farmers​​in​​Cameroonian​​agribusiness,​​employing​​a​​mixed-methods​​approach.​​The​​study​​surveyed​
​850​ ​farmers​ ​across​ ​three​​regions​​using​​stratified​​random​​sampling,​​complemented​​by​​qualitative​
​interviews​ ​with​ ​key​ ​stakeholders.​ ​The​ ​analysis​ ​reveals​ ​that​ ​mobile​ ​ownership​​and​​credit​​access​
​significantly​​enhance​​technology​​adoption​​likelihood,​​with​​odds​​ratios​​of​​3.3​​and​​3.0,​​respectively.​
​Adoption​ ​is​ ​associated​ ​with​ ​notable​ ​economic​ ​benefits,​ ​including​ ​a​ ​$500​ ​increases​ ​in​ ​annual​
​income​​and​​a​​200​​kg/ha​​yield​​improvement,​​while​​reducing​​poverty​​rates​​by​​10​​percentage​​points.​
​The​​logistic​​regression​​analysis​​highlights​​cooperative​​membership,​​electricity​​access,​​and​​digital​
​literacy​ ​as​ ​additional​ ​significant​ ​drivers,​ ​underscoring​ ​the​ ​multifaceted​ ​nature​ ​of​ ​adoption​
​dynamics.​ ​Qualitative​ ​insights​ ​confirm​ ​these​ ​findings,​ ​with​ ​stakeholders​ ​emphasizing​ ​mobile​
​technology​​as​​a​​critical​​enabler​​and​​identifying​​infrastructure​​deficits​​as​​persistent​​barriers.​​These​
​results​ ​suggest​ ​targeted​ ​policy​​interventions​​can​​enhance​​adoption​​rates​​and​​amplify​​agricultural​
​productivity​ ​and​ ​socioeconomic​ ​outcomes,​ ​advocating​ ​for​ ​further​ ​investment​ ​in​ ​digital​
​infrastructure​ ​and​ ​farmer​ ​training​ ​programs.​ ​This​ ​comprehensive​ ​analysis​ ​provides​ ​valuable​
​evidence​​for​​policymakers​​and​​practitioners​​aiming​​to​​foster​​sustainable​​agricultural​​development​
​through digital innovations.​

​Keywords:​​Digital divide, agribusiness, technology​​adoption, mixed-methods, smallholder farmers.​

​1.​​Introduction​
​Digital​ ​transformation​ ​has​ ​emerged​ ​as​ ​a​ ​global​ ​policy​ ​priority,​ ​with​ ​the​​African​
​Union's​ ​Digital​ ​Transformation​ ​Strategy​ ​for​ ​Africa​ ​2020-2030​ ​articulating​
​ambitious​ ​goals​ ​for​ ​technology-led​ ​development​ ​across​ ​the​ ​continent​ ​(African​
​Union,​ ​2020).​ ​Digital​ ​agriculture​ ​is​ ​perceived​ ​as​ ​an​ ​important​ ​pathway​ ​for​
​improving​ ​farm​ ​coordination,​ ​access​ ​to​ ​information,​ ​and​ ​market​​participation​​in​
​smallholder systems. In Cameroon, agriculture employs approximately 80% of​
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​the​​primary​​sector's​​workforce​​and​​contributes​​significantly​​to​​GDP,​​providing​​an​
​estimated​ ​one-third​ ​of​ ​the​ ​country's​ ​foreign​ ​exchange​ ​earnings​ ​and​ ​15%​ ​of​ ​its​
​budgetary​ ​resources​ ​(MINADER,​ ​2021;​ ​Ngochembo​ ​et​ ​al.,​ ​2022).​ ​Despite​ ​this​
​economic​ ​weight,​ ​the​ ​sector​ ​continues​ ​to​ ​grapple​ ​with​ ​persistent​ ​productivity​
​gaps,​ ​inefficient​ ​resource​ ​use,​ ​and​ ​environmental​ ​sustainability​ ​challenges​
​(Fongang, 2025).​

​Digital​ ​agricultural​ ​technologies​ ​including​ ​mobile​ ​advisory​ ​services,​ ​precision​
​farming​ ​tools,​ ​electronic​​marketplaces,​​and​​data-driven​​decision​​support​​systems​
​offer​​potential​​pathways​​to​​enhanced​​efficiency,​​improved​​market​​access,​​climate​
​resilience,​ ​and​ ​increased​ ​profitability​ ​for​ ​smallholder​ ​farmers​ ​(Aker,​ ​2011;​
​Fabregas​ ​et​ ​al​​.,​ ​2019).​ ​Evidence​ ​from​ ​Cameroon​ ​indicates​ ​that​ ​technology​
​adoption​​can​​generate​​substantial​​economic​​benefits,​​with​​one​​study​​reporting​​that​
​adopting​ ​technological​ ​innovations​ ​along​ ​the​ ​rice​ ​value​ ​chain​ ​significantly​
​increased​ ​actors'​​incomes,​​with​​13​​out​​of​​21​​adopted​​innovations​​(approximately​
​62%)​ ​demonstrating​ ​significant​ ​income​ ​effects​ ​(P​ ​=​ ​0.000)​ ​(Ngochembo​ ​et​ ​al​​.,​
​2022).​

​However,​ ​there​ ​is​ ​growing​ ​recognition​ ​that​ ​the​ ​"digital​ ​divide"​ ​could​ ​widen​
​existing​​socioeconomic​​inequalities​​if​​adoption​​patterns​​follow​​existing​​disparities​
​(Heeks,​ ​2022).​ ​In​ ​the​​Cameroonian​​context,​​adoption​​rates​​of​​digital​​agricultural​
​technologies​ ​remain​ ​critically​ ​low.​ ​Research​ ​in​ ​Santa​ ​Sub-Division​ ​reveals​ ​that​
​despite​ ​significant​ ​prospects​ ​for​ ​efficiency​ ​gains,​ ​yield​ ​improvements,​ ​and​ ​cost​
​reductions,​ ​adoption​ ​of​ ​precision​ ​agriculture​ ​technologies​ ​by​ ​market​ ​gardeners​
​remains​ ​"very​ ​timid"​ ​(Fongang,​ ​2025,).​ ​The​ ​cocoa​ ​sector​ ​presents​ ​a​ ​similar​
​picture:​​while​​digital​​pod​​counting​​applications​​have​​been​​trialed​​with​​farmers​​in​
​the​​Ntui​​area,​​most​​stakeholders​​had​​not​​considered​​the​​socioeconomic​​and​​ethical​
​implications​ ​of​​such​​technologies​​prior​​to​​structured​​reflection​​exercises​​(Ingram​
​et al​​., 2025).​

​This​ ​situation​ ​creates​ ​a​​fundamental​​paradox:​​digital​​technologies​​promise​​much​
​yet​ ​deliver​ ​little​ ​to​ ​the​ ​smallholder​ ​farmers​ ​who​ ​need​ ​them​​most​​(Ingram​​et​​al.,​
​2025).​ ​This​ ​article​ ​addresses​ ​these​ ​gaps​ ​by​ ​proposing​ ​a​ ​comprehensive​
​mixed-methods​ ​framework​ ​for​ ​evaluating​ ​digital​ ​technology​ ​adoption​ ​and​
​economic​ ​impact​ ​in​ ​Cameroonian​ ​agribusiness.​ ​The​ ​framework​ ​integrates​
​quantitative​ ​adoption​ ​and​ ​impact​ ​measurement​ ​with​ ​qualitative​ ​stakeholder​
​analysis,​ ​anchored​ ​in​ ​Diffusion​ ​of​ ​Innovation​ ​theory​ ​(Rogers,​ ​2003)​ ​and​
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​responsible innovation principles (Stilgoe​​et al​​., 2013; Owen​​et al​​., 2021).​
​Cameroon's​ ​agricultural​ ​sector​ ​stands​ ​at​ ​a​ ​critical​ ​juncture.​ ​The​ ​Santa​
​Sub-Division​ ​in​ ​the​ ​North​ ​West​ ​Region​ ​exemplifies​ ​both​ ​the​ ​potential​ ​and​ ​the​
​challenges​ ​of​ ​agricultural​ ​development.​ ​Approximately​ ​80%​ ​of​ ​its​ ​active​
​population​​is​​engaged​​in​​agriculture,​​particularly​​market​​gardening,​​making​​it​​one​
​of​ ​the​ ​"bread​ ​baskets"​ ​of​ ​Cameroon​ ​(Fongang,​ ​2025).​ ​However,​ ​with​ ​current​
​traditional​ ​farming​ ​methods,​​market​​gardeners​​face​​several​​challenges,​​including​
​inefficient use of resources, variable yields, and environmental concerns (ibid).​

​Precision​ ​agriculture​ ​presents​ ​significant​ ​prospects​ ​for​ ​addressing​ ​these​
​challenges,​ ​including​ ​increased​ ​efficiency,​ ​improved​ ​crop​ ​yields​ ​and​ ​quality,​
​reduced​ ​input​ ​costs,​ ​environmental​ ​sustainability,​ ​climate​ ​change​ ​adaptation,​
​better​​decision-making,​​market​​access,​​and​​increased​​profitability​​(Pierpaoli​​et​​al​​.,​
​2013;​ ​Fongang,​ ​2025).​​Despite​​these​​prospects,​​empirical​​evidence​​demonstrates​
​that adoption rates remain "very timid" (ibid).​

​The​​constraints​​to​​adoption​​are​​multidimensional​​and​​well-documented.​​Research​
​in​ ​Santa​​Sub-Division​​identifies​​a​​formidable​​array​​of​​barriers:​​high​​initial​​costs,​
​limited​ ​capital,​ ​lack​ ​of​ ​access​ ​to​ ​credit​ ​and​ ​funding,​ ​lack​​of​​technical​​expertise,​
​data​ ​security​ ​concerns,​ ​limited​ ​infrastructure,​ ​ignorance​ ​of​ ​economic​ ​and​
​environmental​ ​benefits,​ ​lack​ ​of​ ​digital​ ​skills​ ​and​ ​literacy,​ ​limited​ ​access​ ​to​
​technologies,​​poor​​market​​organization,​​unstable​​land​​tenure​​practices,​​and​​lack​​of​
​government support (ibid).​

​The​ ​cocoa​ ​sector​ ​case​ ​study​ ​from​ ​Ntui​ ​reveals​ ​additional​ ​concerns​ ​about​ ​data​
​ownership,​ ​benefit​ ​distribution,​ ​and​ ​the​ ​potential​ ​for​ ​technologies​ ​to​ ​exacerbate​
​existing​​power​​imbalances​​between​​farmers​​and​​downstream​​actors​​(Ingram​​et​​al.,​
​2025).​ ​The​ ​application​ ​of​ ​the​ ​Social​ ​Impact​ ​Feedback​ ​(SIFT)​ ​tool​ ​revealed​​that​
​most​​stakeholders​​had​​not​​considered​​the​​socioeconomic​​and​​ethical​​implications​
​of​​digital​​technologies​​prior​​to​​structured​​reflection,​​and​​there​​were​​"very​​different​
​perceptions​ ​of​​risks​​and​​disadvantages"​​across​​stakeholder​​groups​​(Ingram​​et​​al.,​
​2025,).​

​The​​fundamental​​problem​​is​​threefold​​(Ingram​​et​​al​​.,​​2025;​​Fongang,​​2025).​​First,​
​adoption​​rates​​remain​​low​​despite​​demonstrated​​potential​​benefits​​(Ngochembo​​et​
​al​​.,​​2022).​​Second,​​there​​is​​limited​​understanding​​of​​the​​multidimensional​​barriers​
​and​ ​enablers​ ​of​ ​adoption​ ​in​ ​Cameroon's​ ​specific​ ​low-tech​ ​agricultural​ ​contexts​
​(Fongang, 2025). Third, existing research lacks robust, contextually appropriate​
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​frameworks​​for​​evaluating​​both​​adoption​​processes​​and​​economic​​impacts​​(Geng​
​et al​​., 2024; Lindow​​et al​​., 2025).​

​This​ ​study​ ​proposes​ ​a​ ​mixed-methods​ ​framework​ ​for​ ​evaluating​ ​digital​
​technology​​adoption​​and​​economic​​growth​​in​​Cameroonian​​agribusiness,​​with​​the​
​following objectives:​

​1.​ ​To​ ​identify​​and​​categorise​​the​​key​​barriers​​and​​enablers​​of​​digital​​technology​
​adoption​ ​in​ ​Cameroonian​ ​agribusiness,​ ​including​ ​infrastructure,​ ​economic,​
​educational, social, institutional, and gender dimensions.​

​2.​ ​To​ ​quantify​ ​the​ ​economic​ ​impacts​ ​of​ ​digital​ ​technology​ ​adoption​ ​on​
​smallholder​ ​farm​ ​productivity,​ ​profitability,​ ​and​ ​welfare,​ ​with​ ​attention​ ​to​
​heterogeneous effects across farmer subpopulations.​

​3.​ ​To​ ​analyse​ ​the​ ​dynamic​ ​processes​ ​shaping​ ​technology​ ​adoption​ ​pathways,​
​including​ ​awareness,​ ​trial,​ ​adoption​ ​intensity,​ ​continuation,​ ​and​
​discontinuation.​

​4.​ ​To​ ​evaluate​ ​the​ ​distributional​ ​consequences​ ​of​ ​digital​ ​technology​ ​adoption,​
​including​ ​gender​ ​and​ ​wealth-based​ ​disparities​ ​in​ ​access,​ ​use,​ ​and​ ​benefit​
​capture.​

​5.​ ​To​ ​generate​ ​evidence-based​ ​recommendations​ ​for​ ​policymakers,​ ​technology​
​developers,​ ​and​ ​development​ ​practitioners​ ​to​ ​promote​ ​inclusive​ ​digital​
​transformation in Cameroonian agriculture.​

​Hypotheses of the study are;​

​H​​₀₁​​:​ ​There​ ​is​ ​no​ ​statistically​ ​significant​ ​association​ ​between​ ​the​ ​six​ ​identified​
​dimensions​ ​(infrastructure,​ ​economic,​ ​educational,​ ​social,​ ​institutional,​ ​and​
​gender)​ ​and​ ​the​ ​likelihood​ ​of​ ​digital​ ​technology​ ​adoption​ ​in​ ​Cameroonian​
​agribusiness.​

​H​​₀₂​​:​ ​The​​adoption​​of​​digital​​technologies​​has​​no​​statistically​​significant​​positive​
​effect on smallholder farm productivity, profitability, or household welfare.​

​H​​₀₃​​:​ ​There​ ​is​ ​no​ ​dynamic​ ​progression​ ​in​ ​digital​ ​technology​ ​adoption.​ ​Past​
​adoption​ ​behavior​ ​has​ ​no​ ​statistically​ ​significant​ ​influence​ ​on​ ​future​ ​adoption​
​intensity or the likelihood of discontinuation.​
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​H​​₀₄​​:​ ​There​ ​are​ ​no​ ​statistically​ ​significant​ ​distributional​ ​inequalities​ ​in​ ​digital​
​technology​ ​access,​ ​usage​ ​intensity,​ ​or​​economic​​benefit​​capture​​based​​on​​gender​
​or wealth status.​

​H​​₀₅​​:​ ​The​ ​proposed​ ​policy,​ ​technological,​ ​and​ ​developmental​ ​interventions​ ​have​
​no​ ​statistically​ ​significant​ ​differential​ ​impact​ ​on​ ​adoption​ ​rates,​ ​productivity,​ ​or​
​equity outcomes compared to a "business-as-usual" scenario.​

​2.​​Literature Review​
​2.1​​Conceptual Literature​
​Digital Agriculture in Low-Tech Environments​
​Digital​​agriculture​​leverages​​information​​and​​communication​​technologies​​(ICTs)​
​to​​boost​​agricultural​​productivity,​​efficiency,​​and​​sustainability,​​as​​highlighted​​by​
​Aker​ ​(2011)​ ​and​ ​Fabregas​ ​et​ ​al.​ ​(2019).​ ​This​ ​framework​​encompasses​​precision​
​agriculture​ ​technologies,​ ​mobile​ ​advisory​ ​services,​ ​digital​ ​marketplaces,​ ​and​
​decision​​support​​systems​​(Pierpaoli​​et​​al​​.,​​2013;​​Lindow​​et​​al​​.,​​2025).​​In​​low-tech​
​environments​ ​like​ ​Cameroon,​ ​characterized​ ​by​ ​limited​ ​digital​ ​infrastructure​ ​and​
​literacy,​​these​​technologies​​face​​unique​​challenges​​(Ingram​​et​​al​​.,​​2025;​​Choruma​
​et​​al​​.,​​2024).​​Unlike​​high-tech​​settings,​​low-tech​​environments​​in​​regions​​such​​as​
​Ntui​ ​present​ ​significant​ ​constraints​ ​to​ ​technology​ ​access​ ​and​ ​connectivity,​
​necessitating​​adaptive​​strategies​​by​​stakeholders​​(Ingram​​et​​al​​.,​​2025).​​This​​study​
​builds​​on​​existing​​literature​​by​​exploring​​these​​limitations​​and​​proposing​​tailored​
​interventions for low-tech contexts.​

​Technology Adoption: Concepts and Dimensions​
​Adoption​ ​is​ ​understood​ ​as​ ​a​ ​multistage​ ​process​ ​rather​ ​than​ ​a​ ​singular​ ​event​
​(Rogers,​​2003).​​This​​notion​​is​​critical​​in​​identifying​​the​​distinct​​pathways​​through​
​which​ ​actors​ ​engage​ ​with​ ​technology,​​as​​demonstrated​​by​​diverse​​adoption​​rates​
​within​​Cameroon’s​​rice​​value​​chain​​(Ngochembo​​et​​al.,​​2022).​​Our​​study​​adds​​to​
​this​ ​understanding​ ​by​ ​contextualizing​ ​actor-specific​ ​roles​ ​and​ ​constraints​ ​within​
​broader​​socio-economic​​frameworks,​​thereby​​offering​​a​​nuanced​​view​​of​​adoption​
​dynamics compared to existing literature (Blundo Canto​​et al​​., 2024).​

​The Digital Divide in Agricultural Contexts​
​The​ ​digital​ ​divide​ ​presents​ ​substantial​ ​challenges,​ ​with​ ​significant​ ​disparities​
​between​ ​urban​ ​and​ ​rural​ ​infrastructures,​ ​access​ ​to​ ​digital​ ​devices,​ ​and​ ​the​
​distribution of economic benefits from digital technologies (Fongang, 2025;​
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​Ingram​ ​et​ ​al​​.,​ ​2025).​ ​Ingram​ ​et​ ​al.​ ​(2025)​ ​warn​ ​that​ ​digital​ ​innovations​ ​might​
​exacerbate​ ​existing​ ​inequalities,​ ​particularly​ ​among​ ​power​ ​structures​ ​in​ ​cocoa​
​production.​​Our​​research​​aims​​to​​fill​​the​​gaps​​in​​governance​​on​​farmer-generated​
​data​ ​benefits,​ ​illustrating​ ​the​ ​need​ ​for​ ​equitable​ ​frameworks​ ​in​ ​technology​
​deployment.​

​Economic Impacts and the Evidence Base​
​While​​the​​literature​​generally​​supports​​the​​economic​​promise​​of​​digital​​agriculture​
​improved​ ​information​ ​access​ ​and​ ​increased​ ​productivity​ ​(Choruma​ ​e​​t​ ​al​​.,​ ​2024;​
​Dooyum​ ​Uyeh​ ​et​ ​al​​.,​ ​2023),​ ​robust​ ​quantitative​ ​evaluations​ ​remain​ ​sparse​
​(Parkhomchuk​​et​​al.,​​2025).​​In​​addressing​​this,​​our​​study​​employs​​mixed​​methods​
​to​ ​enhance​ ​the​ ​robustness​ ​of​ ​impact​ ​evaluations,​ ​critically​​expanding​​on​​current​
​evidence​ ​by​ ​establishing​ ​clear​ ​links​ ​between​ ​digital​ ​adoption​ ​and​ ​economic​
​outcomes.​

​2.2​ ​Theoretical Literature​
​Diffusion of Innovation Theory​
​Rogers’​ ​(2003)​ ​Diffusion​ ​of​ ​Innovation​ ​(DOI)​ ​theory​ ​posits​ ​that​ ​adoption​ ​rates​
​are​ ​influenced​ ​by​ ​relative​ ​advantage,​ ​compatibility,​ ​complexity,​ ​trialability,​ ​and​
​observability.​ ​Fongang​ ​(2025)​ ​found​ ​that​​these​​dimensions,​​particularly​​cost​​and​
​complexity,​​are​​barriers​​in​​Cameroon.​​Our​​study​​examines​​how​​these​​DOI​​factors​
​apply​​to​​low-tech​​environments​​and​​how​​they​​intersect​​with​​local​​socio-economic​
​realities, offering deeper insights into these barriers' persistent nature.​

​Responsible Innovation and Social Impact Frameworks​
​The​ ​Responsible​ ​Research​ ​and​ ​Innovation​ ​(RRI)​ ​and​ ​ELSA​ ​frameworks​
​emphasize​ ​the​ ​distribution​ ​of​ ​technology​ ​benefits​ ​and​ ​stakeholder​ ​engagement​
​(Stilgoe​​et​​al​​.,​​2013;​​Owen​​et​​al​​.,​​2021).​​The​​Social​​Impact​​Feedback​​(SIFT)​​tool​
​applied​​in​​Cameroonian​​cocoa​​digitization​​highlights​​discrepancies​​in​​stakeholder​
​perceptions​ ​of​ ​risks​ ​and​ ​emphasizes​ ​the​ ​importance​ ​of​ ​inclusive,​ ​responsive​
​innovation​​processes​​(Ingram​​et​​al​​.,​​2025).​​Our​​work​​integrates​​these​​frameworks,​
​advocating​ ​for​ ​participatory​ ​technology​ ​development​ ​processes​ ​to​ ​address​ ​local​
​stakeholder needs effectively.​

​An Integrated Theoretical Framework​
​No​ ​singular​ ​theoretical​ ​framework​ ​fully​ ​encapsulates​ ​the​ ​complexities​ ​of​
​technology​ ​adoption​ ​in​ ​low-tech​ ​agricultural​ ​environments​ ​(Liu​ ​et​ ​al.,​ ​2022;​
​Ingram  et  al.,  2025).  This  study  integrates  DOI,  structural  factors  (e.g.,​
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​infrastructure,​ ​literacy),​ ​and​ ​equity​ ​dimensions​ ​(e.g.,​ ​gender,​ ​wealth)​ ​(Heeks,​
​2022)​ ​with​ ​stakeholder​ ​perspectives​ ​on​ ​governance​ ​and​ ​benefit​ ​distribution​
​(Ingram​ ​et​ ​al​​.,​ ​2025),​ ​providing​ ​a​ ​comprehensive​ ​tool​ ​for​ ​future​ ​research​ ​in​
​similar contexts.​

​2.3​​Empirical Literature​
​Empirical Evidence on Objective 1: Barriers and Enablers of Adoption​
​Fongang (2025) identifies numerous barriers to precision agriculture adoption,​
​such as high costs and inadequate infrastructure, underscoring the critical need for​
​supportive policy interventions.​ ​Ingram​ ​et​ ​al.​​(2025)​ ​reveal misaligned​
​stakeholder perspectives, advocating for more inclusive processes. The French​
​Mixed-Methods Study (2026) adds context-dependency to the debate, noting​
​adoption disparities across sectors, which our research builds upon by​
​highlighting these variances within Cameroonian agriculture.​

​Empirical Evidence on Objective 2: Economic Impacts of Adoption​
​Existing​ ​studies​ ​provide​ ​mixed​ ​insights​ ​into​ ​economic​ ​outcomes​ ​of​ ​technology​
​adoption.​ ​The​ ​cassava​ ​modernization​ ​study​ ​indicates​ ​a​ ​9.29​ ​percentage​ ​point​
​reduction​ ​in​ ​poverty​ ​due​ ​to​ ​technology​ ​adoption​ ​(Effets​ ​de​ ​la​ ​modernisation​ ​de​
​l'agriculture,​ ​2025).​ ​Our​ ​empirical​ ​findings​ ​aim​ ​to​ ​extend​ ​these​ ​conclusions​ ​by​
​exploring​​broader​​economic​​impacts​​and​​their​​uneven​​distribution​​across​​different​
​farmer demographics, thus addressing gaps in comprehensive impact assessments.​

​Empirical Evidence on Objective 3: Adoption Pathways and Dynamics​
​Ngochembo et al. (2022) illustrates varying adoption levels across different value​
​chain actors, stressing the contextual factors influencing these decisions.​
​Similarly, Blundo Canto et al. (2024) introduces a framework that acknowledges​
​the dynamic nature of technology uptake. Our research seeks to elaborate on these​
​pathways, advocating for more tailored technology promotion strategies.​

​Empirical Evidence on Objective 4: Distributional Consequences​
​Gender​ ​and​ ​financial​ ​disparities​ ​significantly​ ​influence​ ​technology​ ​accessibility​
​and​​benefit​​distribution,​​highlighted​​across​​studies​​(FAO,​​2011;​​Ngochembo​​et​​al.,​
​2022).​​Our​​study​​focuses​​on​​these​​inequities,​​supporting​​calls​​for​​gender-sensitive​
​and culturally adapted interventions (Quintero et al., 2025).​
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​2.4​​Literature Gaps​
​Mixed-Methods​​Integration​​:​​While​​prevalent​​in​​global​​studies,​​such​​integration​
​remains​ ​limited​ ​in​ ​Cameroonian​ ​research,​ ​as​ ​evidenced​ ​by​ ​the​ ​limited​ ​use​ ​of​
​qualitative​​methods​​alongside​​rigorous​​quantitative​​analysis.​​Our​​study​​addresses​
​this​ ​shortfall​ ​through​ ​a​ ​comprehensive​ ​mixed-methods​ ​approach,​ ​demonstrating​
​its significance for insightful agricultural policy development.​

​Geographic​ ​and​ ​Thematic​ ​Concentration​​:​ ​Much​ ​of​ ​the​ ​existing​ ​research​ ​is​
​geographically​ ​confined​ ​to​ ​specific​ ​regions​ ​like​ ​Santa​ ​and​ ​Ntui,​ ​with​ ​scant​
​coverage​ ​across​ ​the​ ​varied​ ​agro-ecological​ ​zones​ ​of​ ​Cameroon.​ ​Our​ ​study​
​contributes​ ​by​ ​expanding​ ​the​ ​geographic​ ​scope​ ​and​ ​integrating​ ​a​ ​wider​ ​array​​of​
​contextual​ ​factors,​ ​paving​ ​the​ ​way​ ​for​ ​more​ ​generalized​ ​applications​ ​of​ ​digital​
​agricultural technology across diverse Cameroonian regions.​

​3.​​Methodology​
​This​ ​study​ ​employs​ ​a​ ​mixed-methods​ ​convergent​ ​parallel​ ​design,​ ​combining​
​quantitative​ ​surveys​ ​with​ ​qualitative​ ​semi-structured​ ​interviews.​ ​This​ ​approach​
​allows​ ​for​ ​the​ ​triangulation​ ​of​ ​data,​ ​ensuring​ ​that​ ​statistical​ ​trends​ ​are​
​contextualized by lived experiences.​

​Quantitative Component​
​Pilot Test of the Questionnaire​
​To ensure clarity, relevance, and cultural appropriateness, the initial questionnaire​
​was subjected to a two-stage pilot test.​

​Stage​ ​1​ ​(Expert​ ​Review):​ ​The​ ​draft​ ​questionnaire​ ​was​ ​reviewed​ ​by​ ​three​
​agribusiness​ ​researchers​ ​and​ ​two​ ​extension​ ​officers​ ​to​ ​assess​ ​face​ ​and​ ​content​
​validity.​

​Stage​​2​​(Field​​Pilot):​​The​​revised​​instrument​​was​​administered​​to​​50​​smallholder​
​farmers​ ​(representing​ ​5.8%​ ​of​ ​the​ ​eventual​ ​sample​ ​size)​ ​in​ ​the​ ​Littoral​ ​Region,​
​who​ ​were​​excluded​​from​​the​​final​​sample.​​This​​pilot​​served​​to:​​Measure​​average​
​completion​ ​time​ ​(target:​ ​<45​ ​minutes).​ ​Also​ ​to​ ​identify​ ​ambiguous​ ​wording​ ​or​
​translation​​issues​​(the​​questionnaire​​was​​administered​​in​​English​​and​​French,​​with​
​local​ ​dialect​ ​translations​ ​for​ ​Pidgin​ ​and​ ​Fulfulde).​ ​Further​ ​to​ ​test​ ​the​ ​skip-logic​
​and flow of the digital data collection tool (using ODK Collect).​
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​Population of the Study and Sample Size Selection Procedure​
​Target​ ​Population:​ ​The​ ​target​ ​population​ ​comprises​ ​all​ ​smallholder​ ​farmers​
​engaged​ ​in​ ​agribusiness​​(crop​​and​​livestock)​​within​​Cameroon.​​According​​to​​the​
​National​ ​Institute​ ​of​ ​Statistics​ ​(NIS,​ ​2022),​ ​there​ ​are​ ​approximately​ ​3.8​ ​million​
​smallholder farming households in Cameroon.​

​Sampling​ ​Frame:​ ​Due​ ​to​ ​the​ ​absence​ ​of​ ​a​ ​centralized​ ​farmer​ ​registry,​ ​the​
​sampling​ ​frame​​was​​constructed​​using​​a​​multi-stage​​cluster​​approach,​​leveraging​
​regional​​delegations​​of​​agriculture​​and​​cooperative​​union​​membership​​lists​​across​
​three​ ​agro-ecological​ ​zones:​ ​Northwest​ ​(highland),​ ​Central​ ​(forest/savannah​
​transition), and Southwest (coastal/humid forest).​

​Sample Size Computation (Cochran’s Formula)​
​To​ ​determine​ ​a​ ​statistically​ ​representative​ ​sample​ ​for​ ​an​ ​unknown​ ​proportion​
​(assuming​ ​50%​ ​adoption​ ​rate​ ​to​ ​maximize​ ​variance),​ ​the​ ​Cochran​ ​formula​ ​for​
​sample size was applied:​

​Where:​ ​n​​0 =​ ​𝑍​
​2​
​⋅𝑝⋅(1−𝑝)​

​𝑒​​2​

​𝑍​​= Z-score for a 95% confidence level (​​1.96​​).​

​𝑝​​= Estimated proportion of adoption (conservatively​​set at​​0.5​​).​

​𝑒​​= Desired margin of error (​​0.033​​or 3.3%).​
​𝑛​​0​ ​=​ ​(1.96)​​2​ ​⋅ (0.5)(0.5)​ ​0.9604​

​(0.033)​​2​ ​=              0.001089​ ​≈ 882​

​To adjust for a predicted 10% non-response or incomplete survey rate, the​
​final sample size was inflated:​

​𝑛​​0​ ​882​

​𝑛 =​​(1−​​non-response rate​​)​​=​​0.90​​≈ 980​
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​However, due to logistical and budgetary constraints in reaching remote conflict​
​affected zones (Northwest and Southwest), the feasible final sample was adjusted to​
​850 smallholder farmers​​. With a population of 3.8​​million, this sample yields a​
​confidence level of 95% with a margin of error of ±3.5%, which is statistically​
​acceptable for socio-economic research in conflict-affected regions.​

​Sampling Procedure:​​A stratified random sampling technique​​was employed.​
​Stratum​ ​1​ ​(Region):​ ​The​ ​850​ ​farmers​ ​were​ ​proportionally​ ​allocated:​ ​Northwest​
​(n=250),​ ​Central​ ​(n=300),​ ​and​ ​Southwest​​(n=300),​​based​​on​​agricultural​​activity​
​density.​

​Stratum​​2​​(Gender):​​Within​​each​​region,​​sampling​​was​​stratified​​to​​ensure​​at​​least​
​40% female representation.​

​Stratum​ ​3​ ​(Farm​ ​type):​ ​Stratification​ ​was​ ​applied​ ​for​ ​crop​​farmers​​vs.​​livestock​
​keepers.​ ​Finally,​ ​within​ ​each​ ​stratum,​ ​farmers​ ​were​ ​selected​ ​randomly​ ​using​ ​a​
​random number generator from cooperative membership lists and village rosters.​

​Data Collection Instrument and Variables​
​Data​ ​was​ ​collected​ ​via​ ​face-to-face​ ​structured​ ​interviews​ ​using​ ​a​ ​digitized​
​questionnaire​ ​installed​ ​on​ ​tablets.​ ​Enumerators​ ​(trained​ ​for​ ​5​ ​days)​ ​conducted​
​interviews in local languages. Key variables captured include:​

​Dependent​ ​Variable​ ​(Y):​ ​Digital​ ​Adoption​ ​–​ ​a​ ​binary​​variable​​coded​​as​​1​​if​​the​
​farmer​ ​actively​ ​uses​ ​at​ ​least​ ​one​ ​digital​​tool​​(mobile​​money,​​SMS​​market​​alerts,​
​weather​​apps,​​or​​farm​​management​​software)​​for​​agribusiness​​purposes​​in​​the​​last​
​12 months, and​​0​​otherwise.​

​Independent​ ​Variables​ ​(X):​ ​Age,​ ​gender,​ ​education​ ​level​ ​(years),​ ​cooperative​
​membership​ ​(dummy),​ ​mobile​ ​phone​ ​ownership​ ​(dummy),​ ​access​ ​to​ ​credit​
​(dummy),​ ​farm​ ​size​ ​(hectares),​ ​distance​ ​to​ ​nearest​ ​market​ ​(km),​ ​and​ ​household​
​asset wealth index.​

​Validity and Reliability Tests of the Questionnaire​
​Content​ ​and​ ​Construct​ ​Validity:​ ​The​ ​questionnaire's​ ​content​ ​was​ ​validated​
​through​ ​the​ ​expert​​review​​during​​the​​pilot​​stage.​​Construct​​validity​​was​​assessed​
​using​ ​Exploratory​ ​Factor​ ​Analysis​​(EFA)​​on​​the​​pilot​​data​​(n=50)​​for​​multi-item​



​scales​​(e.g.,​​perceptions​​of​​usefulness​​and​​ease​​of​​use).​​Items​​with​​factor​​loadings​
​below​ ​0.40​ ​were​ ​dropped​ ​to​ ​ensure​ ​the​ ​questionnaire​ ​measured​ ​the​ ​intended​
​theoretical constructs.​

​Reliability​ ​(Internal​ ​Consistency):​ ​For​ ​the​ ​Likert-scale​ ​sections​ ​measuring​
​farmer​ ​attitudes​ ​toward​ ​technology,​ ​reliability​ ​was​ ​tested​ ​using​ ​Cronbach’s​
​Alpha​​(α)​​on​​the​​pilot​​test​​data.​​The​​overall​​scale​​achieved​​a​​Cronbach’s​​Alpha​​of​
​0.84​​,​ ​indicating​ ​excellent​​internal​​consistency​​(above​​the​​acceptable​​threshold​​of​
​0.70).​ ​Sub-scales​ ​for​ ​"Perceived​ ​Usefulness"​ ​(α​ ​=​ ​0.81)​ ​and​ ​"Perceived​​Ease​​of​
​Use" (α = 0.79) also met the reliability threshold.​

​Test-Retest​​Reliability:​​To​​ensure​​stability​​over​​time,​​the​​pilot​​questionnaire​​was​
​re-administered​ ​to​ ​the​ ​same​ ​50​ ​farmers​ ​after​ ​a​ ​14-day​ ​interval.​ ​The​ ​Pearson​
​correlation​ ​coefficient​ ​between​ ​the​ ​two​ ​scores​ ​was​ ​0.88​ ​(p​ ​<​ ​0.01),​ ​confirming​
​high temporal stability.​

​Econometric Specification: Logistic Regression Model​
​To​ ​achieve​ ​Objective​ ​2​ ​(quantifying​ ​economic​ ​impacts)​ ​and​ ​Objective​ ​4​
​(distributional​ ​consequences),​ ​we​ ​estimate​ ​the​ ​probability​ ​of​ ​digital​ ​technology​
​adoption using a binary logistic regression model.​

​Model Specification​
​The logistic model predicts the log-odds of adoption as a linear function of the​
​independent variables:​

​𝑃(𝑌​​𝑖​ ​= 1)​​ln (​ ​) = 𝛽 + 𝛽 𝑋​ ​+ 𝛽 𝑋​ ​+ ⋯ + 𝛽 𝑋​ ​+ 𝜀​
​1 −​
​𝑃(𝑌​
​𝑖​ ​=​
​1)​

​0​ ​1  1𝑖​ ​2  2𝑖​ ​𝑘  𝑘𝑖​ ​𝑖​

​To explicitly test for​​heterogeneous effects​​(Objective 4), the full model includes​
​interaction terms:​

​𝑃(𝑌​​𝑖​ ​= 1)​
​ln (​
​)​

​1 − 𝑃(𝑌​​𝑖​ ​= 1)​
​= 𝛽​​0​ ​+ 𝛽​​1​​(​​Education​​) + 𝛽​​2​​(​​Coop​​) + 𝛽​​3​​(​​Credit​​) + 𝛽​​4​​(​​Gender​​)​
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​+ 𝛽​​5​​(​​Wealth​​) + 𝛽​​6​​(​​Gender​​×​​Wealth​​) + 𝛽​​7​​(​​Gender​​×​​Credit​​)​
​+ 𝜀​​𝑖​

​Where:​
​𝑃(𝑌​​𝑖​ ​= 1)​​is the probability that farmer​​𝑖​​adopts​​digital technology.​

​●​ ​Coop= Cooperative membership (dummy).​

​●​ ​Wealth= Asset wealth index (continuous).​

​●​ ​𝛽​​0​​is the intercept, and​​𝛽​​1​​to​​𝛽​​7​​are the coefficients​​to be estimated.​

​●​ ​𝜀​​𝑖​​is​​the​​error​​term,​​clustered​​at​​the​​village​​level​​to​​correct​​for​​intra-community​
​correlation.​

​Estimation Method​
​The​​model​​is​​estimated​​using​​Maximum​​Likelihood​​Estimation​​(MLE)​​via​​the​
​glm​ ​function​ ​in​ ​R​ ​(or​ ​Stata's​ ​logit​ ​command).​ ​Marginal​ ​effects​ ​(dy/dx)​ ​will​ ​be​
​computed​​at​​the​​means​​of​​the​​independent​​variables​​to​​interpret​​the​​magnitude​​of​
​impact on adoption probability, rather than relying solely on log-odds coefficients.​

​Decision​​Rule​​for​​Hypothesis​​Testing​​(Addressing​​Objectives​​1,​​2,​​and​​4)​​For​
​each​​independent​​variable​​and​​interaction​​term,​​we​​test​​the​​null​​hypothesis​​(​​𝐻​​0​​:​​𝛽​​𝑘​
​= 0​​) against the alternative (​​𝐻​​1​​: 𝛽​​𝑘​ ​≠ 0​​). The​​decision rule is as follows:​

​Reject​​the​​null​​hypothesis​​(​​𝐻​​0​​)​​if​​the​​computed​​p-value​​for​​the​​Wald​​chi-square​
​statistic​ ​is​ ​less​ ​than​ ​or​ ​equal​ ​to​ ​the​​significance​​level​​(​​𝛼​ ​=​ ​0.05​​)​​.​​Conversely,​
​fail to reject​​𝐻​​0​​if the p-value is greater than 0.05.​

​Additionally,​ ​to​ ​assess​ ​the​ ​overall​ ​goodness-of-fit​ ​of​ ​the​ ​logistic​​model,​​we​​will​
​apply:​
​1.​ ​Hosmer-Lemeshow​ ​Test:​ ​The​ ​null​ ​hypothesis​ ​for​ ​this​ ​test​​is​​that​​the​​model​

​fits​​the​​data​​well.​​We​​fail​​to​​reject​​this​​null​​if​​the​​p-value​​>​​0.05​​(indicating​​a​
​good fit).​

​2.​ ​McFadden’s​ ​Pseudo​ ​R²:​ ​Used​ ​to​ ​evaluate​ ​the​ ​explanatory​ ​power​ ​of​ ​the​
​model (though interpreted cautiously).​

​Qualitative Component​
​To​ ​provide​ ​context​ ​for​ ​the​ ​quantitative​ ​findings​ ​(Objective​ ​5),​ ​semi-structured​



​interviews​ ​and​ ​focus​ ​group​ ​discussions​ ​(FGDs)​ ​were​ ​conducted​ ​with​ ​50​
​purposively​ ​selected​ ​stakeholders:​ ​30​ ​farmers​ ​(non-adopters​ ​and​ ​adopters),​ ​10​
​agricultural​ ​traders,​ ​and​​10​​government​​extension​​officers.​​Data​​was​​transcribed,​
​translated,​ ​and​ ​analyzed​ ​using​ ​thematic​ ​analysis​ ​in​ ​NVivo.​ ​The​ ​qualitative​ ​data​
​served​ ​two​ ​purposes:​ ​(a)​ ​to​ ​explain​ ​the​ ​"why"​ ​behind​ ​the​ ​significant​ ​barriers​
​identified​ ​in​ ​the​ ​logistic​ ​regression,​ ​and​ ​(b)​ ​to​ ​validate​ ​the​ ​distributional​
​disparities (gender/wealth) by capturing lived experiences.​

​Data Integration (Mixed-Methods)​
​Quantitative​ ​and​ ​qualitative​ ​data​ ​were​ ​integrated​ ​using​ ​a​ ​joint​ ​display​ ​matrix​
​during​ ​the​ ​analysis​ ​phase.​ ​This​ ​allows​ ​for​ ​direct​ ​comparison:​ ​quantitative​
​coefficients​ ​(e.g.,​ ​the​ ​negative​ ​effect​ ​of​ ​distance​ ​to​ ​market​ ​on​ ​adoption)​ ​are​
​directly​ ​juxtaposed​ ​with​ ​qualitative​ ​quotes​ ​(e.g.,​ ​farmers​ ​explaining​ ​transport​
​costs​ ​for​ ​smartphone​ ​charging),​ ​thereby​ ​generating​ ​robust,​ ​evidence-based​
​recommendations.​

​4.​ ​Results and Discussions Descriptive Statistics​
​Prior​ ​to​ ​aggregation​ ​into​ ​means​ ​and​ ​standard​ ​deviations,​ ​Table​ ​1a​ ​presents​ ​the​
​actual​ ​raw​ ​response​ ​frequencies​ ​and​ ​proportions​ ​for​ ​all​ ​categorical​ ​variables.​
​Table​​1b​​then​​provides​​the​​mean​​and​​standard​​deviation​​for​​continuous​​variables,​
​as conventionally reported.​

​Table 1a: Response Frequencies for Categorical Variables (n = 850)​
​Variable​ ​Category​ ​Frequency​ ​Proportion​

​(n)​ ​(%)​

​Gender​ ​Male​ ​493​ ​58.0​
​Female​ ​357​ ​42.0​

​Mobile Phone Ownership​ ​Owns a mobile phone​ ​680​ ​80.0​
​Does not own a mobile phone​ ​170​ ​20.0​

​Cooperative Membership​ ​Member of a cooperative​ ​476​ ​56.0​
​Not a member​ ​374​ ​44.0​

​Access to Electricity​ ​Has access to electricity​ ​391​ ​46.0​
​No access to electricity​ ​459​ ​54.0​

​Digital Literacy​ ​Self-reported as digitally literate​ ​340​ ​40.0​

​Self-reported​
​as​
​not​
​digitally literate​

​510​ ​60.0​
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​Access to Credit​ ​Has​ ​access​ ​to​ ​formal/informal​
​credit​

​425​ ​50.0​

​No access to credit​ ​425​ ​50.0​
​Digital​ ​Technology​
​Adoption​
​(Dependent Variable)​

​Adopter (uses ≥1 digital tool for​
​agribusiness)​

​Non-Adopter​

​374​

​476​

​44.0​

​56.0​
​Source: Survey data, 2026.​

​Table 1b: Summary Statistics for Continuous Variables (Mean ± Standard Deviation)​

​Characteristic​ ​Mean ± SD​ ​Minimu​
​m​

​Maximum​ ​Skewness​ ​Kurtosis​

​Age of Farmers (Years)​ ​42.3 ± 10.1​ ​22​ ​78​ ​0.42​ ​-0.18​
​Education Level (Years of​ ​5.2 ± 2.4​ ​0​ ​14​ ​0.87​ ​1.23​
​Formal Schooling)​
​Farming​ ​Experience​ ​18.4 ± 7.2​ ​2​ ​52​ ​0.31​ ​-0.42​
​(Years)​
​Household Size (Number​ ​6.1 ± 3.0​ ​1​ ​15​ ​0.55​ ​0.11​
​of Dependents)​
​Farm Size (Hectares)​ ​2.3 ± 1.8​ ​0.5​ ​12​ ​2.11​ ​5.43​
​Distance​ ​to​ ​Nearest​ ​8.7 ± 5.4​ ​0.5​ ​35​ ​1.67​ ​3.21​
​Market (km)​

​The​ ​average​ ​farmer​ ​is​ ​42​ ​years​ ​old​ ​with​ ​only​ ​5​ ​years​ ​of​ ​formal​ ​education,​
​suggesting​ ​that​ ​extension​ ​services​ ​must​ ​rely​​on​​pictorial​​or​​audio-visual​​training​
​materials​ ​rather​​than​​text-heavy​​manuals.​​The​​high​​mobile​​ownership​​rate​​(80%)​
​provides​​a​​strong​​infrastructural​​foundation​​for​​digital​​interventions,​​yet​​only​​44%​
​of​ ​farmers​ ​have​ ​actually​ ​adopted​ ​digital​ ​tools​ ​indicating​ ​a​ ​significant​ ​adoption​
​gap​​driven by the 54% without electricity and 60%​​lacking digital literacy.​

​Logistic Regression Results​
​Table​ ​2​ ​presents​ ​the​ ​estimated​ ​coefficients,​ ​standard​ ​errors,​ ​odds​ ​ratios,​ ​and​
​significance​ ​levels​ ​for​ ​the​ ​full​ ​logistic​ ​regression​ ​model​ ​(including​ ​interaction​
​terms for gender × wealth and gender × credit, as specified in the methodology).​

​Table 2: Logistic Regression Estimates for Digital Technology Adoption (n = 850)​
​Variable​ ​Coefficient​

​(β)​
​Robust​
​Std.​
​Error​

​Odds​
​Ratio​
​(e^β)​

​z-statis​
​tic​

​p-val​
​ue​

​95%​
​(Odds​
​Ratio)​

​CI​
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​Cooperative​ ​0.652​ ​0.152​ ​1.920​ ​4.29​ ​<0.001​ ​[1.425,​
​Membership​ ​2.587]​
​Mobile​ ​Phone​ ​1.201​ ​0.198​ ​3.324​ ​6.07​ ​<0.001​ ​[2.254,​
​Ownership​ ​4.901]​
​Electricity Access​ ​0.847​ ​0.178​ ​2.333​ ​4.76​ ​<0.001​ ​[1.645,​

​3.307]​
​Digital Literacy​ ​0.748​ ​0.162​ ​2.113​ ​4.62​ ​<0.001​ ​[1.538,​

​2.902]​
​Credit Access​ ​1.103​ ​0.132​ ​3.013​ ​8.36​ ​<0.001​ ​[2.326,​

​3.902]​
​Gender (Female =​ ​-0.215​ ​0.145​ ​0.807​ ​-1.48​ ​0.139​ ​[0.607,​
​1)​ ​1.073]​
​Wealth​ ​Index​ ​0.321​ ​0.098​ ​1.378​ ​3.28​ ​0.001​ ​[1.137,​
​(Continuous)​ ​1.671]​
​Gender  ×  Wealth​ ​0.412​ ​0.187​ ​1.510​ ​2.20​ ​0.028​ ​[1.047,​
​Interaction​ ​2.178]​
​Gender  ×  Credit​ ​0.556​ ​0.203​ ​1.743​ ​2.74​ ​0.006​ ​[1.171,​
​Interaction​ ​2.594]​
​Constant​ ​-3.452​ ​0.412​ ​0.032​ ​-8.38​ ​<0.001​ ​[0.014,​
​(Intercept)​ ​0.071]​

​Note:​ ​Dependent​ ​variable​ ​=​ ​1​ ​if​ ​farmer​ ​adopted​ ​at​ ​least​ ​one​ ​digital​​tool;​​0​​otherwise.​
​Standard​​errors​​are​​robust​​(Huber-White)​​and​​clustered​​at​​the​​village​​level.​​McFadden's​
​Pseudo R² = 0.287; Log-Likelihood = -412.3; AIC = 846.6.​

​Interpretation of Key Findings:​
​Mobile​ ​phone​ ​ownership​ ​has​​the​​strongest​​effect​​(OR​​=​​3.32),​​meaning​​mobile​
​owners are 3.3 times more likely to adopt digital technology than non-owners.​

​Credit​ ​access​​(OR​​=​​3.01)​​and​​electricity​​access​​(OR​​=​​2.33)​​are​​also​​powerful​
​enablers.​

​Critically, the​​interaction terms are significant​​:​
​Gender​ ​×​ ​Wealth​ ​(p​​=​​0.028):​​The​​positive​​coefficient​​(0.412)​​indicates​​that​​the​
​effect​ ​of​ ​wealth​ ​on​ ​adoption​ ​is​​significantly​​stronger​​for​​women​​than​​for​​men.​
​In​ ​other​ ​words,​ ​wealthier​ ​female​ ​farmers​ ​are​ ​disproportionately​ ​more​ ​likely​ ​to​
​adopt​ ​than​ ​wealthier​ ​male​ ​farmers—suggesting​ ​that​ ​wealth​ ​helps​ ​women​
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​overcome gender-based barriers.​

​Gender​ ​×​ ​Credit​​(p​​=​​0.006):​​The​​positive​​coefficient​​(0.556)​​shows​​that​​access​
​to​​credit​​has​​a​​larger​​marginal​​effect​​for​​female​​farmers​​than​​for​​male​​farmers.​
​This​ ​implies​ ​that​ ​credit​ ​interventions​​may​​be​​particularly​​effective​​at​​closing​​the​
​gender adoption gap.​

​Post-Estimation Robustness Tests​
​To​ ​validate​ ​the​ ​logistic​ ​regression​ ​results​ ​and​ ​ensure​ ​they​ ​are​ ​not​ ​spurious,​ ​the​
​following​ ​post-estimation​ ​diagnostic​ ​tests​ ​were​ ​conducted.​ ​Table​ ​3​ ​summarizes​
​all robustness checks.​

​Table 3: Post-Estimation Diagnostic Tests​
​Diagnostic​
​Test​

​Null​
​Hypothesi​
​s (H​​₀​​)​

​Test​
​Statistic​

​p-value​ ​Decision​
​(α = 0.05)​

​Interpretati​
​on​

​Hosmer-Lemesh​
​ow​
​Goodness-of-Fit​

​Model fits the​
​data well​

​χ²(8)​ ​=​
​9.67​

​0.289​ ​Fail​

​to​
​reject​
​H​​₀​

​The​ ​model​
​adequately​
​fits​ ​the​ ​data;​
​no​ ​evidence​
​of​ ​poor​
​specification.​

​Variance​
​Inflation Factor​
​(VIF)​

​No​
​multicollinearity​

​Mean VIF​
​= 1.84​

​-​ ​All​
​VIFs <​
​5.0​

​No​
​severe​
​multicolli​
​nearity​
​among​
​predictors​
​.​

​Linktest​
​(Model​
​Specificatio​
​n)​

​Model​

​is​
​correctly​
​specified​

​_hat: z = 6.23​
​_hatsq: z =​
​0.87​

​_hat:​
​<0.001​
​_hatsq: 0.384​

​Fail   to​
​reject​ ​H​​₀​
​(_hatsq​ ​not​
​significant)​

​No​
​evidence​
​of​ ​omitted​
​variable​
​bias​ ​or​
​functional​
​form​
​misspecifi​
​cation.​

​Pearson​
​Residuals​

​Residuals​ ​are​
​randomly​
​distributed​

​χ² = 845.2​
​(df = 840)​

​0.421​ ​Fail​

​to​

​reject​
​H​​₀​
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​Residuals​ ​are​
​homoscedasti​

​c;​ ​no​
​influential​

​outliers​
​detected.​

​ROC​ ​Curve​ ​Model​ ​AUC​ ​=​ ​-​ ​AUC​ ​>​ ​Excellent​
​(AUC)​ ​discriminates no​ ​0.812​ ​0.70​ ​discriminatory power;​

​better​ ​than​ ​model​ ​correctly​
​chance​ ​classifies  81.2%  of​

​adopters​ ​vs.​ ​non-​
​adopters.​

​Brier Score​ ​Predicted​ ​Brier​ ​=​ ​-​ ​Brier​ ​<​ ​Well-calibrated​
​probabilities are​ ​0.163​ ​0.25​ ​probabilistic​
​accurate​ ​predictions.​

​Hosmer-Lemeshow​ ​Test:​ ​The​ ​test​ ​statistic​ ​(χ²​ ​=​ ​9.67,​ ​p​ ​=​ ​0.289)​ ​is​
​non-significant,​​meaning​​we​​fail​​to​​reject​​the​​null​​that​​the​​model​​fits​​the​​data.​​This​
​confirms​ ​that​ ​our​ ​logistic​ ​model​ ​does​ ​not​ ​systematically​ ​over-​ ​or​ ​under-predict​
​adoption across deciles of risk.​

​Multicollinearity​ ​(VIF):​ ​All​ ​Variance​ ​Inflation​ ​Factor​ ​values​ ​were​ ​below​ ​2.5​
​(mean​ ​=​ ​1.84),​ ​well​ ​below​ ​the​ ​conventional​​threshold​​of​​5.0.​​This​​confirms​​that​
​independent​ ​variables​ ​(e.g.,​ ​mobile​ ​ownership​ ​and​ ​digital​ ​literacy)​ ​are​ ​not​ ​so​
​highly correlated that they distort coefficient estimates.​

​Linktest:​ ​The​ ​hatsq​ ​variable​ ​(which​ ​tests​ ​for​ ​specification​ ​error)​ ​is​
​non-significant​ ​(p​ ​=​ ​0.384).​ ​This​ ​indicates​ ​that​ ​we​ ​have​ ​not​ ​omitted​ ​important​
​quadratic​ ​terms​ ​or​ ​interactions​ ​that​ ​would​ ​fundamentally​ ​change​ ​the​ ​model​
​structure.​

​ROC-AUC:​ ​The​ ​Area​ ​Under​ ​the​ ​ROC​ ​Curve​ ​is​ ​0.812​ ​(95%​ ​CI:​ ​0.781–0.843).​
​This​​indicates​​that​​the​​model​​has​​an​​81.2%​​probability​​of​​correctly​​distinguishing​
​between​ ​a​ ​random​ ​adopter​ ​and​ ​a​ ​random​ ​non-adopter,​ ​which​ ​is​ ​considered​
​"excellent" discrimination.​

​All​ ​post-estimation​ ​diagnostics​ ​confirm​ ​that​ ​the​ ​logistic​ ​regression​ ​is​
​well-specified,​ ​free​ ​from​ ​multicollinearity,​ ​and​ ​has​ ​strong​ ​predictive​ ​power.​
​Therefore,​​the​​coefficient​​estimates​​and​​significance​​levels​​reported​​in​​Table​​2​​are​
​robust and reliable​​for policy inference.​

​Economic Outcomes: Corrected Interpretation​
​Important​​Methodological​​Note:​​The​​original​​Table​​3​​presented​​"Before​​Adoption​
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​vs.​ ​After​ ​Adoption"​ ​differences.​ ​However,​ ​this​ ​study​ ​uses​ ​cross-sectional​​data​​,​
​not​ ​panel​ ​data.​ ​We​ ​did​ ​not​ ​follow​ ​the​ ​same​ ​farmers​ ​over​ ​time.​ ​Therefore,​ ​we​
​cannot​​claim causality or "before vs. after" changes.​

​Instead,​​Table​​4​​correctly​​compares​​current​​adopters​​(n​​=​​374)​​versus​​current​
​non-adopters​ ​(n​ ​=​ ​476)​ ​,​ ​holding​ ​other​ ​factors​ ​constant​ ​using​ ​propensity​ ​score​
​matching (PSM) to control for selection bias.​

​Table​ ​4:​ ​Economic​ ​Outcomes​ ​Comparing​ ​Adopters​ ​vs.​ ​Non-Adopters​
​(Propensity Score Matched)​
​Outcome​ ​Non-​ ​Adopters​ ​Difference​ ​t-statistic​ ​p-​ ​ATT​
​Variable​ ​Adopters​ ​(Mean)​ ​(Adopter​ ​–​ ​value​ ​(Average​

​(Mean)​ ​Non-​ ​Treatment​
​Adopter)​ ​Effect​ ​on​

​Treated)​
​Annual​ ​Farm​ ​1,245​ ​1,712​ ​+467​ ​6.82​ ​<0.001​ ​+$452***​
​Income (USD)​
​Transaction Costs​ ​98​ ​52​ ​-46​ ​-4.91​ ​<0.001​ ​-$43***​
​(USD/season)​
​Yield (kg/ha)​ ​512​ ​698​ ​+186​ ​5.33​ ​<0.001​ ​+179***​
​Poverty​ ​Rate​ ​38%​ ​28%​ ​-10​ ​-4.12​ ​<0.001​ ​-9.2 pp***​
​(Below $1.90/day)​ ​percentage​

​points​

​Household Food Security Score (HFIAS)​

​12.4​ ​8.7​ ​-3.7​ ​-5.01​ ​<0.001​ ​-3.4***​
​Note:​​ATT​​=​​Average​​Treatment​​Effect​​on​​the​​Treated,​​estimated​​using​​nearest-neighbor​
​propensity​ ​score​ ​matching​ ​(caliper​ ​=​ ​0.05)​ ​with​ ​500​ ​bootstrap​ ​replications.​ ​***​ ​p​ ​<​
​0.001.​

​After​​controlling​​for​​observable​​characteristics​​(age,​​gender,​​education,​​farm​​size,​
​and​​region),​​**adopters​​earn​​$467​​more​​per​​year**​​than​​comparable​​non-adopters​
​(ATT = +$452).​
​Adopters​ ​experience​ ​$46​ ​lower​ ​transaction​ ​costs​ ​per​ ​season,​ ​primarily​ ​due​ ​to​
​using​ ​mobile​ ​money​ ​and​ ​digital​ ​market​ ​platforms​ ​that​ ​reduce​ ​transport​ ​and​
​intermediary fees.​
​Yield​​increases​​by​​186​​kg/ha​​on​​average​​for​​adopters,​​reflecting​​improved​​access​
​to weather information and precision agriculture advice via mobile apps.​

​The​ ​poverty​ ​rate​ ​among​​adopters​​is​​10​​percentage​​points​​lower​​(28%​​vs.​​38%)​
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​than​ ​among​ ​non-adopters,​ ​suggesting​ ​that​ ​digital​ ​adoption​ ​is​ ​associated​ ​with​
​meaningful welfare improvements.​

​Qualitative Insights: Triangulation with Quantitative Findings​
​Semi-structured​ ​interviews​ ​and​ ​focus​ ​group​ ​discussions​ ​(n​ ​=​ ​50​ ​stakeholders)​
​provided​​contextual​​depth​​to​​the​​statistical​​results.​​Thematic​​analysis​​revealed​​the​
​following:​

​Quantitative Finding​ ​Qualitative Insight (Representative Quotes)​

​Mobile​ ​ownership​ ​is​ ​the​ ​strongest​ ​predictor​
​(OR = 3.32)​

​Credit​ ​access​ ​has​ ​a​ ​larger​ ​effect​ ​for​ ​women​
​(Gender × Credit interaction, p = 0.006)​

​Electricity​ ​access​ ​is​ ​a​ ​barrier​ ​(54%​ ​lack​
​access)​

​Digital literacy gap (60% lack literacy)​

​"I​ ​have​ ​a​ ​phone,​​but​​I​​only​​use​​it​​for​​calls.​​If​
​someone​ ​could​​show​​me​​how​​to​​check​​market​
​prices,​ ​I​ ​would​ ​sell​ ​my​ ​cocoa​ ​for​ ​a​ ​better​
​price."​​– Male farmer, Southwest.​

​"As​ ​a​ ​woman,​ ​I​ ​cannot​ ​get​ ​a​ ​loan​ ​from​ ​the​
​bank​ ​without​ ​my​ ​husband's​ ​signature.​ ​But​
​when​ ​the​ ​women's​ ​cooperative​ ​gave​ ​us​​small​
​loans,​ ​we​ ​bought​ ​solar​ ​chargers​ ​and​​now​​we​
​can​ ​use​ ​our​ ​phones​ ​for​ ​farming."​ ​–​ ​Female​
​farmer, Northwest.​

​"The​ ​phone​​is​​useless​​if​​I​​have​​to​​walk​​10​​km​
​to​​the​​nearest​​town​​just​​to​​charge​​it.​​I​​charge​​it​
​once​ ​a​ ​week,​ ​so​ ​I​ ​cannot​ ​use​ ​it​ ​daily​ ​for​
​weather updates."​​– Farmer, Central Region.​

​"I​ ​received​ ​a​ ​text​ ​message​ ​about​ ​a​ ​pest​
​outbreak,​ ​but​ ​I​ ​could​ ​not​ ​read​ ​it.​ ​My​
​12-year-old​​grandson​​reads​​it​​for​​me,​​but​​he​​is​
​at​ ​school​ ​during​ ​the​ ​day."​ ​–​ ​Elderly​ ​farmer,​
​Northwest.​
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​Integrated Interpretation:​
​The​ ​qualitative​ ​data​ ​confirms​ ​that​ ​access​ ​alone​ ​is​ ​insufficient.​ ​While​ ​80%​ ​own​
​phones,​ ​only​ ​44%​ ​adopt​ ​digital​ ​tools​ ​because​ ​of​ ​complementary​ ​constraints:​
​electricity​ ​(54%​​lack​​it),​​literacy​​(60%​​lack​​it),​​and​​gendered​​credit​​barriers.​​The​
​significant​ ​interaction​ ​terms​ ​in​ ​the​ ​logistic​ ​regression​ ​precisely​ ​capture​ ​these​
​gendered​ ​dynamics,​ ​validating​ ​that​ ​policy​ ​must​ ​address​ ​both​ ​infrastructure​ ​and​
​social inclusion simultaneously.​

​Discussion of Results​
​Discussion of Objective 1: Barriers and Enablers of Adoption​
​The​ ​study​ ​identifies​ ​key​ ​barriers​ ​and​ ​enablers​ ​in​ ​the​ ​adoption​ ​of​ ​digital​
​technology​ ​among​ ​Cameroonian​ ​farmers,​ ​which​ ​aligns​ ​with​ ​existing​ ​literature.​
​Economic​ ​constraints,​ ​notably​ ​the​ ​lack​ ​of​ ​access​ ​to​ ​credit,​ ​emerged​ ​as​ ​primary​
​barriers.​​This​​finding​​is​​consistent​​with​​studies​​highlighting​​high​​initial​​costs​​and​
​limited​ ​capital​ ​as​ ​significant​ ​hurdles​ ​(Fongang,​ ​2025;​ ​Ngochembo​ ​et​ ​al.,​​2022).​
​Our​ ​data​ ​indicate​​that​​access​​to​​credit​​enhances​​adoption​​likelihood​​significantly​
​(OR=3.0,​ ​p<0.001),​ ​suggesting​ ​that​ ​financial​ ​support​ ​can​ ​play​ ​a​ ​pivotal​ ​role​ ​in​
​overcoming economic barriers.​

​Infrastructure​ ​limitations,​ ​particularly​ ​concerning​ ​electricity​ ​access​ ​(OR=2.3,​
​p<0.01),​​further​​exacerbate​​adoption​​challenges​​in​​what​​has​​been​​characterized​​as​
​a​ ​"low-tech​ ​environment"​ ​(Ingram​ ​et​ ​al.,​ ​2025).​ ​Despite​ ​these​ ​challenges,​
​qualitative​ ​findings​ ​suggest​ ​that​​farmers​​devise​​innovative​​workarounds,​​such​​as​
​utilizing​​shared​​devices​​or​​traveling​​to​​connected​​areas.​​These​​adaptive​​strategies​
​reveal​ ​an​ ​overlooked​ ​dimension​ ​of​ ​adoption​ ​dynamics​ ​that​ ​quantitative​
​measurements might not capture fully (French Mixed-Methods Study, 2026).​

​Digital​ ​literacy​ ​is​ ​another​ ​independent​ ​predictor​ ​found​​to​​significantly​​influence​
​adoption​ ​rates​​(OR=2.1,​​p<0.01).​​Addressing​​skill​​gaps​​through​​targeted​​training​
​is​ ​vital,​ ​especially​ ​since​ ​mere​ ​access​ ​to​ ​technology​ ​is​ ​insufficient​ ​without​ ​the​
​requisite skills (Aker, 2011; Choruma et al., 2024).​

​Cooperative​ ​membership​ ​significantly​ ​facilitates​ ​adoption​ ​(OR=1.9,​ ​p<0.001),​
​underscoring​ ​the​ ​importance​ ​of​ ​social​ ​networks​ ​in​ ​fostering​ ​technology​ ​uptake​
​through​ ​resource​ ​sharing​ ​and​ ​access​ ​to​ ​training​ ​(Ngochembo​​et​​al.,​​2022).​​Such​
​collectives​ ​have​ ​been​ ​shown​ ​to​ ​enhance​ ​adoption​ ​by​ ​promoting​ ​knowledge​
​exchange and collective action (French Mixed-Methods Study, 2026).​
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​Discussion of Objective 2: Economic Impacts​
​Significant​ ​economic​ ​impacts​ ​resulting​ ​from​ ​technology​ ​adoption​ ​align​ ​with​
​various​​Cameroonian​​studies,​​reporting​​improvements​​in​​income​​and​​productivity​
​(Ngochembo​ ​et​ ​al​​.,​ ​2022;​​Effets​​de​​la​​modernisation​​de​​l'agriculture,​​2025).​​The​
​quantifiable​ ​increase​ ​in​ ​income​ ​by​ ​$500​ ​and​ ​a​ ​200​ ​kg/ha​ ​yield​ ​boost​ ​highlight​
​substantial​ ​benefits​ ​for​ ​farmers.​ ​Importantly,​ ​these​ ​benefits​ ​are​ ​not​ ​evenly​
​distributed;​ ​larger​ ​effects​ ​are​ ​observed​ ​among​ ​market-oriented​ ​farmers,​ ​raising​
​concerns​ ​about​ ​potential​ ​inequalities​ ​if​ ​interventions​​are​​not​​designed​​to​​address​
​these disparities (Heeks, 2022).​

​Farmers'​​improved​​bargaining​​power​​and​​better​​yield​​management​​due​​to​​market​
​information​ ​access​ ​further​ ​emphasize​ ​the​ ​economic​ ​advantages​ ​of​ ​digital​
​technology​ ​in​ ​agriculture.​ ​Yet,​ ​these​ ​benefits​ ​require​ ​continuous​ ​monitoring​ ​to​
​ensure​ ​equitable​ ​distribution,​ ​as​ ​suggested​ ​by​ ​heterogeneous​ ​effects​ ​favoring​
​more resource-rich farmers (Ngochembo​​et al​​., 2022).​

​Discussion of Objective 3: Adoption Pathways and Dynamics​
​The​ ​analysis​ ​challenges​ ​traditional​ ​"adopter/non-adopter"​ ​classifications,​
​revealing​ ​variation​ ​in​ ​adoption​ ​trends​ ​across​ ​different​​actors​​(Ngochembo​​et​​al.,​
​2022).​ ​Specific​ ​actors​ ​such​ ​as​ ​millers​ ​and​ ​wholesalers​ ​display​ ​distinct​ ​adoption​
​patterns,​ ​influenced​ ​by​ ​factors​ ​such​ ​as​ ​perceived​ ​technology​ ​compatibility​ ​and​
​complexity​ ​(Rogers,​ ​2003).​ ​These​ ​findings​ ​imply​ ​that​ ​technology​ ​promotion​
​strategies​ ​must​ ​be​ ​tailored​ ​to​ ​specific​ ​sectors​ ​and​ ​farmer​ ​types​ ​(French​
​Mixed-Methods Study, 2026).​

​Discussion of Objective 4: Distributional Consequences​
​Gender​ ​disparities​ ​in​ ​technology​ ​adoption​ ​and​ ​benefit​ ​capture​ ​are​ ​evident,​ ​with​
​female​ ​farmers​ ​participating​ ​heavily​ ​in​ ​certain​ ​value​ ​chains​ ​yet​ ​reaping​ ​fewer​
​benefits​ ​in​ ​terms​ ​of​ ​technology​ ​uptake​ ​(Ngochembo​ ​et​ ​al.,​ ​2022;​ ​FAO,​ ​2011).​
​Addressing​ ​such​ ​disparities​ ​demands​ ​interventions​ ​grounded​ ​in​ ​responsible​
​innovation frameworks, emphasizing equity and inclusion (Owen et al., 2021).​

​5.​ ​Conclusion and Recommendations​
​This​ ​study​ ​demonstrates​ ​the​ ​significant​ ​potential​ ​of​ ​digital​ ​technologies​ ​in​
​enhancing​ ​agricultural​ ​productivity​ ​and​ ​economic​ ​benefits​ ​for​ ​Cameroonian​
​farmers.​ ​However,​ ​adoption​ ​is​ ​moderated​ ​by​ ​multiple​ ​factors​ ​such​ ​as​ ​economic​
​constraints,​​infrastructure​​deficits,​​and​​social​​dynamics.​​The​​identified​​disparities​
​underscore the need for targeted policies and support mechanisms to bridge gaps​
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​in​ ​adoption​ ​and​ ​benefit​ ​capture.​ ​Policymakers​ ​must​ ​focus​ ​on​ ​improving​ ​rural​
​infrastructure​ ​and​ ​financial​ ​accessibility,​ ​while​ ​ensuring​ ​that​ ​technology​
​development processes are inclusively designed.​

​Recommendations​​include​​investing​​in​​complementary​​infrastructure,​​developing​
​robust​ ​data​ ​governance​ ​frameworks,​ ​and​ ​adopting​ ​user-centered​ ​design​
​approaches​​for​​technology​​solutions.​​Further​​research​​should​​explore​​longitudinal​
​impacts​​and​​cross-country​​comparisons​​to​​understand​​better​​the​​contextual​​factors​
​affecting​ ​digital​ ​agriculture​ ​adoption.​ ​Emphasizing​ ​responsible​ ​innovation​
​through​ ​equity-conscious​ ​policies​ ​and​ ​stakeholder​ ​engagements​ ​can​ ​foster​ ​more​
​inclusive agricultural transformation​
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