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Abstract

This paper develops a theoretical framework to analyze the welfare effects

of conditional cash transfer programs designed to support smallholder farm-

ers facing climate variability. While emerging disruptive technologies such

as quantum computing promise to revolutionize optimization and decision-

making in the long term, current policy interventions must rely on existing

climate information services and social protection mechanisms. We construct

algebraic welfare indicators that capture the trade-offs between income stabi-

lization, productive efficiency, and adaptive capacity under different climate

scenarios. The model incorporates farmer heterogeneity in terms of resource

endowments and risk exposure, providing insights into optimal program de-

sign. Our analysis reveals that conditional transfers linked to climate-smart

agricultural practices generate positive welfare effects through multiple chan-

nels: direct income support, enhanced adaptive capacity, and reduced vulner-

ability to climate shocks. However, welfare gains are contingent on program

accessibility, conditionality design, and the accuracy of climate information

services. The framework suggests that targeting mechanisms should account

for multidimensional vulnerability rather than income alone, and that com-

plementary investments in extension services and climate information systems

amplify welfare impacts.
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1 Introduction

Climate variability poses severe threats to agricultural livelihoods in develop-

ing regions, where smallholder farmers rely predominantly on rainfed farming sys-

tems. Approximately 70 percent of smallholder farmers in Africa depend on rain-

fed agriculture, making them highly vulnerable to climate variability and extremes

(Nyoni et al., 2024). The increasing frequency and intensity of extreme weather

events compound existing vulnerabilities, threatening food security and rural wel-

fare. While transformative technologies such as quantum computing hold promise

for revolutionizing optimization problems and decision-making processes through

superior computational capabilities (Abbas et al., 2024; Jain et al., 2025), practical

implementation in agricultural contexts remains distant due to technical barriers

and prohibitive costs. Current policy interventions must therefore operate within

existing technological constraints, utilizing available climate information services

and social protection mechanisms.

Conditional cash transfer programs have emerged as important policy instru-

ments for supporting vulnerable populations in developing countries. These pro-

grams provide monetary transfers contingent on beneficiaries meeting specific be-

havioral requirements, typically related to health, education, or productive activi-

ties. In the agricultural context, conditional transfers can be designed to incentivize

climate-smart practices while providing income support during adverse climate con-

ditions. Adaptation strategies commonly adopted by African farmers include crop

diversification, planting drought-tolerant varieties, changing planting dates, and us-

ing early maturing crops (Magesa et al., 2023). However, rigorous welfare analysis of

conditional transfer programs in the context of climate variability remains limited.

The economic value of climate information services for agricultural decision-

making has been extensively documented. Studies show that 68 percent of farmers

in West African countries demand climate information services, with average will-

ingness to pay estimated at USD 2.01 for daily forecasts (Ouedraogo et al., 2022). In

Zimbabwe, the economic value of seasonal weather services for maize farmers is esti-

mated at approximately USD 53.2 million annually (Manzvera et al., 2024). Farmers

who access seasonal forecasts demonstrate higher agricultural income through im-

proved crop selection and resource allocation (Gunda et al., 2017). Nevertheless,

significant barriers to adoption persist, including limited accessibility, forecast inter-

pretation challenges, and resource constraints (Nyoni et al., 2024; Madhuri, 2023).

These barriers are particularly pronounced among the most vulnerable farmers who

would benefit most from both climate information and income support.

This paper develops a theoretical framework to analyze the welfare implications
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of conditional cash transfer programs designed for smallholder farmers facing cli-

mate variability. We construct algebraic welfare indicators that capture multiple

dimensions of farmer well-being, including consumption, productive efficiency, and

adaptive capacity. The model incorporates farmer heterogeneity in resource en-

dowments and climate risk exposure, enabling analysis of distributional effects and

targeting efficiency. Our analytical approach integrates insights from the literature

on climate services adoption, public investment impacts on poverty reduction, and

behavioral economics of environmental policy.

The remainder of the paper proceeds as follows. Section 2 reviews relevant

literature on climate services adoption and social protection in agriculture. Section

3 presents the theoretical framework and welfare analysis. Section 4 develops the

mathematical model and welfare indicators. Section 5 discusses policy implications,

Section 6 provides broader discussion, and Section 7 concludes.

2 Literature Review

The literature on climate services for agriculture has expanded substantially in

recent years, documenting both opportunities and challenges. Systematic reviews

indicate that the majority of smallholder farmers in Africa use either scientific or

indigenous knowledge climate forecasts, or a combination of both (Chisadza et al.,

2020). However, human capital emerged as a critical component of climate informa-

tion services adoption, as it directly determines how farmers make decisions (Nyoni

et al., 2024). Better resourced farmers have higher access and are more likely to

adopt climate information services. Vulnerable groups including illiterate farmers,

women, elderly, and farmers in agroecological zones prone to climate extremes face

particular adoption barriers.

Empirical evidence demonstrates that access to climate forecasts enables farmers

to make more informed decisions regarding crop selection, planting dates, and re-

source allocation. In Ethiopia, agent-based models show that farmers using seasonal

forecasts have more diversified crop selections, driving increases in average agricul-

tural income particularly under drier climate scenarios (Alexander and Block, 2022).

The accuracy of seasonal forecasts correlates with increased adoption and benefit. In

India, agrometeorological advisory services showed verification scores with rainfall

forecast accuracy of 0.77 and probability of detection of 0.91, leading to 17-21 per-

cent higher net profit for cotton and 18-26 percent higher profit for wheat (Dhanya

et al., 2022; Singh et al., 2022).

However, adoption of climate information services faces significant obstacles.
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Probability of access to and utilization of climate forecasts significantly increased

with primary, secondary and tertiary education (Oyekale, 2017). Gender, availability

of resources, access, and mode of communication were key factors influencing use of

seasonal forecasts (Muita et al., 2021). Research shows mixed results in evaluating

benefits of seasonal climate forecasts in decision-making and farm production, and

integration into smallholder farmers’ decision-making remains a challenge (Chisadza

et al., 2020). Furthermore, most research concentrated on transmitting forecasts

rather than forecast visualization and co-production, and there is limited reporting

on accessibility according to socio-demographic variables (Madhuri, 2023).

The adoption and impact of climate-smart agricultural practices shows important

heterogeneity. A systematic review of 50 studies on maize farmers in Sub-Saharan

Africa found regional variations in adoption rates: Eastern Africa 56.7 percent,

Southern Africa 43.2 percent, Western Africa 38.9 percent (Mnukwa et al., 2025).

Extension services increased adoption 2.8 times, while secure land tenure improved

long-term investment by 60 percent. Gender disparities were evident, with female

farmers showing 40-55 percent adoption rates compared to 55-70 percent for male

farmers. High initial costs reduced adoption by 65 percent among resource-poor

farmers, while credit access improved adoption by 45 percent.

Research on social protection mechanisms in agriculture has explored various

instruments including insurance, credit programs, and cash transfers. In India, in-

surance and credit were the main positive determinants that motivated farmers to

adjust farm practices, with early maturing seed varieties and less water consuming

crop varieties being the most profitable adaptation strategies (Singh, 2020). How-

ever, low level of livelihood status, fewer non-farm employment opportunities and

low cropped area under irrigation were main barriers to adaptation. Econometric

approaches that consider farmers’ adaptation reveal that the value of adaptation

can be measured by comparing differences between long-term climate change effect

and short-term weather shock effect (Su and Chen, 2022).

Economic impacts of climate change on agriculture have been extensively mod-

eled using integrated bio-economic approaches (Fernández and Blanco, 2015). These

frameworks demonstrate how climate variability affects both yields and farmer

decision-making. Studies show that by choosing optimal cropping pattern and op-

timum deficit-irrigation strategy, there are good opportunities for farmers to adapt

to increasing water scarcity and higher temperatures induced by climate change

(Aghapour Sabbaghi et al., 2020). However, adaptation capacity is highly hetero-

geneous across farmer populations, with resource-poor farmers facing more severe

constraints.
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The literature on public investments and poverty reduction provides important

context for understanding how conditional transfers might operate. Studies consis-

tently show that public investments in rural infrastructure, agricultural research,

and education have significant impacts on agricultural productivity and poverty

reduction (Fan et al., 2000; Fan, 2004). The composition of government spend-

ing matters more than the total size, with investments in rural roads, agricultural

R&D, and education having the largest impact on growth and rural poverty re-

duction. However, crowding-in effects suggest that public investment can stimulate

private investment, with estimates indicating that an extra dollar of government

investment increases private investment by approximately two dollars and output

by 1.5 dollars in low-income countries (Eden and Kraay, 2014).

Despite this extensive literature, gaps remain in understanding how social protec-

tion instruments interact with climate services to generate welfare effects. Existing

studies typically analyze these components separately rather than examining their

complementarities. Furthermore, rigorous welfare frameworks that capture multidi-

mensional impacts across heterogeneous farmer populations are scarce. This paper

addresses these gaps through formal welfare analysis.

3 Theoretical Framework

We consider a population of smallholder farmers who engage in rainfed agri-

culture and face climate variability. Farmers are heterogeneous in their resource

endowments, access to information, and exposure to climate risk. The government

implements a conditional cash transfer program designed to support farmers during

adverse climate conditions while incentivizing adoption of climate-smart agricultural

practices.

3.1 Climate Variability and Agricultural Production

Climate conditions evolve stochastically across periods. Let θt ∈ Θ denote the

climate state in period t, where Θ represents the set of possible climate outcomes.

Farmers observe a climate forecast st that provides information about the likely

realization of θt. The forecast has accuracy level α ∈ [0, 1], where higher values

indicate more accurate predictions.

Agricultural production for farmer i depends on climate conditions, input use,

and farming practices. Let yi(θt, xi, ai) denote output, where xi represents conven-

tional inputs and ai ∈ {0, 1} indicates adoption of climate-smart practices. We

5



assume that climate-smart practices provide insurance value by reducing output

variance across climate states, though they may require higher upfront investment.

Production exhibits the following properties. For conventional farming with

ai = 0, output is highly sensitive to climate conditions. Climate-smart practices

with ai = 1 reduce this sensitivity through diversification, water management, or

stress-tolerant varieties, such that variance is lower.

3.2 Farmer Decisions and Constraints

Farmers make sequential decisions regarding input use xi and practice adoption

ai after observing the climate forecast st but before climate realization θt. Resource

constraints limit feasible choices. Let wi denote farmer i’s wealth or credit access.

The budget constraint is:

pxxi + c(ai) ≤ wi + Ti

where px is the input price, c(ai) represents the cost of climate-smart practices, and

Ti denotes any transfer received.

Climate-smart practice adoption involves fixed costs with c(1) = c̄ > 0 and

c(0) = 0. These costs may include investments in improved seeds, training, or

infrastructure. Farmers adopt climate-smart practices if expected benefits exceed

costs, conditional on their wealth and transfer income.

3.3 Conditional Cash Transfer Program

The government implements a transfer program Ti(θt, ai, zi) that depends on

realized climate conditions θt, farmer practices ai, and targeting characteristics zi.

The program has three key components:

Targeting mechanism: Transfers are directed toward farmers meeting vulnera-

bility criteria zi ≥ z̄, where zi represents a multidimensional vulnerability index

incorporating factors such as resource endowments, exposure to climate risk, and

human capital.

Climate contingency : Transfer amounts vary with climate conditions, providing

higher support during adverse climate events. This is modeled as Ti(θt, ai, zi) =

T0 + β(θ̄ − θt) for θt < θ̄, where T0 is the base transfer and β captures the climate

sensitivity of payments.

Behavioral conditionality : Farmers receive additional transfer increment ∆T if

they adopt climate-smart practices such that Ti(θt, 1, zi) = Ti(θt, 0, zi) + ∆T . This

incentivizes adaptive behavior while providing income support.
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3.4 Welfare Conceptualization

Farmer welfare encompasses multiple dimensions beyond current consumption.

We define a comprehensive welfare function Wi that aggregates consumption utility,

productive efficiency, adaptive capacity, and risk exposure. These components inter-

act through intertemporal dynamics. Current transfers affect consumption directly

but also influence adaptive capacity through their impact on practice adoption and

asset accumulation.

4 Mathematical Model and Welfare Indicators

We now formalize the welfare analysis through specific algebraic indicators that

capture the multidimensional impacts of conditional cash transfers under climate

variability.

4.1 Individual Welfare Function

The welfare of farmer i in period t is represented by the function:

Wit = u(cit) + δEt[Vit+1(kit+1, ait)]

where u(·) is the instantaneous utility function with u′ > 0 and u′′ < 0 reflecting

risk aversion, δ ∈ (0, 1) is the discount factor, and Vit+1(·) represents continuation

value that depends on accumulated capital kit+1 and adopted practices.

Current consumption is determined by:

cit = pyyi(θt, xit, ait) + Ti(θt, ait, zi)− pxxit

−c(ait) + ωit

where py is the output price and ωit represents other income sources. The consump-

tion specification captures how transfers directly augment income while practice

costs reduce available consumption.

The continuation value incorporates persistent effects of current decisions:

Vit+1(kit+1, ait) = γkkit+1 + γaait + ϵit+1

where kit+1 = (1−δk)kit+sit represents capital accumulation with depreciation rate

δk and savings sit, and γa captures the learning and productivity effects of adopting

climate-smart practices.
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4.2 Welfare Indicator Construction

We construct welfare indicators that enable comparison across policy scenarios

and farmer types. Let W 0
i denote welfare without the transfer program and W 1

i

denote welfare with the program. The individual welfare gain is:

∆Wi = W 1
i −W 0

i

To aggregate across the heterogeneous farmer population, we define a social

welfare function that accounts for distributional concerns:

SW =
N∑
i=1

ϕ(zi)Wi

where ϕ(zi) represents social weights that can prioritize more vulnerable farmers.

Under utilitarian weighting, ϕ(zi) = 1 for all i. Under equity-focused weighting,

ϕ(zi) increases with vulnerability zi.

4.3 Decomposition of Welfare Effects

The total welfare effect of conditional transfers can be decomposed into distinct

channels. Consider the change in expected welfare:

E[∆Wi] = E[u(c1i )]− E[u(c0i )]︸ ︷︷ ︸
Direct income effect

+δ E[V 1
i ]− E[V 0

i ]︸ ︷︷ ︸
Dynamic effect

The direct income effect captures immediate consumption gains from transfers.

The dynamic effect encompasses changes in future expected welfare through capital

accumulation and practice adoption. Under conditional transfers with behavioral

incentives:

E[V 1
i ]− E[V 0

i ] = γkE[∆ki] + γaE[∆ai]

where E[∆ki] represents expected change in capital stock and E[∆ai] represents

expected change in practice adoption probability.

4.4 Climate Risk Reduction Indicator

A key welfare benefit is reduced exposure to climate risk. We measure this

through the coefficient of variation of consumption:

CVi =

√
Var(ci)

E[ci]
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The risk reduction effect of the program is:

RRi = CV 0
i − CV 1

i

Positive values indicate that the program successfully stabilizes consumption

across climate states. This can be decomposed into:

RRi = (CV 0
i − CV 1,no adapt

i )︸ ︷︷ ︸
Insurance effect

+(CV 1,no adapt
i − CV 1

i )︸ ︷︷ ︸
Adaptation effect

where the insurance effect captures direct consumption smoothing from transfers,

and the adaptation effect reflects reduced volatility from induced adoption of climate-

smart practices.

4.5 Adaptive Capacity Index

Adaptive capacity determines farmers’ ability to respond to future climate vari-

ability. We define an adaptive capacity index:

ACi = α1
ki
k̄
+ α2ai + α3hi + α4Ii

where ki/k̄ is wealth relative to the population average, ai indicates climate-smart

practice adoption, hi measures human capital including education and training,

and Ii represents access to climate information services. The weights αj reflect the

relative importance of each component.

The program’s impact on adaptive capacity is:

∆ACi = AC1
i − AC0

i = α1∆

(
ki
k̄

)
+ α2∆ai

+α3∆hi + α4∆Ii

Conditional transfers enhance adaptive capacity through multiple channels. In-

creased wealth from transfers raises ki. Behavioral conditionality incentivizes prac-

tice adoption, increasing ai. Program participation may include training components

that build hi. Complementary provision of climate information services raises Ii.
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4.6 Targeting Efficiency Metric

Effective targeting is crucial for maximizing social welfare under budget con-

straints. Define the targeting efficiency as:

TE =

∑
i∈V ∆Wi∑N
i=1 ∆Wi

where V denotes the set of farmers classified as vulnerable. Perfect targeting achieves

TE = 1 when all welfare gains accrue to vulnerable farmers.

An alternative metric considers the relationship between vulnerability and wel-

fare gains:

ρ = Corr(zi,∆Wi)

Higher positive correlation indicates that the program successfully directs larger

welfare gains to more vulnerable farmers. This metric is particularly useful when

vulnerability is multidimensional and continuous rather than binary.

4.7 Climate Information Complementarity

The welfare gains from conditional transfers depend on the availability and qual-

ity of climate information services. Let α denote forecast accuracy. The comple-

mentarity effect is captured by:

C(α) =
∂E[∆Wi]

∂α

This derivative measures how improvements in forecast accuracy amplify the

welfare benefits of the transfer program. Positive complementarity suggests that

investments in climate information systems and social protection should be coordi-

nated.

4.8 Optimal Conditionality

The program designer chooses the conditional transfer increment ∆T to maxi-

mize social welfare subject to budget constraint B:

max
∆T

SW (∆T ) subject to
N∑
i=1

Ti(∆T ) ≤ B
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The first-order condition characterizes optimal conditionality:

N∑
i=1

ϕ(zi)
∂Wi

∂∆T
= λ

where λ is the shadow price of the budget constraint.

Expanding the derivative:

∂Wi

∂∆T
= u′(ci)

∂ai
∂∆T

+ δγa
∂ai
∂∆T

This reveals that optimal conditionality balances immediate consumption gains

against dynamic benefits from induced practice adoption. The optimal ∆T is higher

when the marginal utility of consumption u′(ci) is high, practice adoption is highly

responsive to incentives, and learning effects from practice adoption are substantial.

4.9 Distributional Analysis

Welfare impacts vary across farmer characteristics. Consider two farmer types:

resource-poor farmers with low wi and limited access to credit, and resource-endowed

farmers with higher wi. Without the program, resource-poor farmers may be un-

able to afford climate-smart practices due to liquidity constraints, even when these

practices would be profitable.

The program relaxes this constraint for resource-poor farmers:

wpoor
i + Ti +∆T ≥ c̄

This enables practice adoption that would otherwise be infeasible. The welfare

gain for resource-poor farmers includes both consumption smoothing and dynamic

benefits:

∆W poor
i = E[u(c1i )]− E[u(c0i )] + δ[γa + γkE[∆ki]]

For resource-endowed farmers who could already afford climate-smart practices,

the program primarily provides additional income rather than removing binding

constraints. Their welfare gain is smaller. This heterogeneity in welfare impacts

suggests that programs generate larger welfare gains per dollar transferred when

effectively targeted to resource-poor farmers facing binding adoption constraints.
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5 Policy Implications

The theoretical framework and welfare indicators developed above generate sev-

eral important policy implications for the design and implementation of conditional

cash transfer programs in agricultural contexts characterized by climate variability.

5.1 Multidimensional Targeting

The analysis demonstrates that targeting based solely on income or wealth may

be inefficient. The welfare indicator decomposition reveals that vulnerability to

climate shocks depends on multiple factors including resource endowments, exposure

to climate risk, access to information, and adaptive capacity. Farmers with moderate

income but high climate exposure and limited adaptive capacity may benefit more

from transfers than higher-income farmers in less risky environments.

Optimal targeting should therefore employ a multidimensional vulnerability in-

dex that weights these different factors according to their contribution to welfare

losses under climate stress. The targeting efficiency metric provides a framework for

evaluating alternative targeting mechanisms and refining vulnerability assessments.

Practical implementation could utilize remote sensing data on climate exposure com-

bined with household survey information on assets, human capital, and access to

services.

5.2 Conditionality Design

The optimal conditionality analysis reveals trade-offs in program design. Higher

conditional transfer increments ∆T provide stronger incentives for practice adoption

but reduce the number of farmers who can be served under a fixed budget. The

optimal level depends on the responsiveness of practice adoption to incentives and

the magnitude of dynamic welfare gains from adoption.

Conditionality should be designed to address specific barriers to adoption. If

the primary barrier is lack of awareness or knowledge, conditionality could require

participation in training programs rather than immediate practice adoption. If

capital constraints bind, conditionality could involve phased adoption targets that

allow farmers to spread costs over time. The framework suggests that conditionality

should be adapted to local constraints rather than imposing uniform requirements.

Evidence from Sub-Saharan Africa indicates that extension services increased

climate-smart agriculture adoption by 2.8 times, while credit access improved adop-

tion by 45 percent (Mnukwa et al., 2025). This suggests that conditional transfers
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should be complemented with extension services and credit programs to maximize

effectiveness.

5.3 Integration with Climate Information Systems

The complementarity indicator demonstrates that welfare gains from conditional

transfers are amplified when farmers have access to accurate climate forecasts. Stud-

ies show that climate information services with accuracy scores of 0.77 to 0.94 sig-

nificantly support farmers in sustaining production (Bizo et al., 2024; Dhanya et al.,

2022). This suggests important policy synergies between social protection and cli-

mate information investments.

The specific mechanisms of complementarity include: transfers enable farmers

to act on forecast information by relaxing credit constraints; accurate forecasts in-

crease the returns to climate-smart practices incentivized by conditionality; program

participation can serve as a channel for climate information dissemination. These

complementarities imply that integrated programs combining transfers with climate

services deliver higher welfare impacts than standalone interventions.

However, significant barriers to climate information adoption persist. Gender,

availability of resources, access, and mode of communication are key factors influenc-

ing use of seasonal forecasts (Muita et al., 2021). Programs should therefore address

these barriers through targeted communication strategies and ensuring accessibility

for vulnerable groups including women and farmers in remote areas.

5.4 Timing and Climate Contingency

The climate contingency component of transfers provides important insurance

value by stabilizing consumption during adverse climate events. However, program

design must address timing challenges. Climate forecasts provide advance infor-

mation, but realizations may differ from predictions. Programs could incorporate

both forecast-based and outcome-based triggers to balance proactive support with

insurance against unexpected events.

The welfare framework suggests that climate-contingent transfers should be scaled

to the severity of climate shocks. During extreme events that threaten food secu-

rity, larger transfers may be justified even if this temporarily exceeds normal budget

allocations. Building flexibility into program budgets to accommodate climate vari-

ability can substantially enhance welfare impacts.
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5.5 Complementary Investments

The adaptive capacity index highlights that conditional transfers achieve maxi-

mum welfare impacts when combined with complementary investments. Extension

services that provide training in climate-smart agriculture lower the effective cost

of practice adoption, making conditionality more feasible for resource-poor farmers.

Infrastructure investments in irrigation or water harvesting reduce climate exposure

and increase the returns to practice adoption.

Evidence from developing countries shows that public investments in rural in-

frastructure, agricultural research, and education have significant multiplier effects.

Studies indicate that investments in rural roads and agricultural R&D have the

largest impact on agricultural growth and poverty reduction (Fan et al., 2000; Fan,

2004). Furthermore, public investment can crowd in private investment, with es-

timates suggesting that an extra dollar of government investment increases private

investment by approximately two dollars (Eden and Kraay, 2014).

Credit programs that relax liquidity constraints enable farmers to make com-

plementary investments in inputs that enhance the productivity of climate-smart

practices. Market development that provides reliable access to improved seeds,

stress-tolerant varieties, and weather index insurance creates conditions where con-

ditional transfers can be most effective.

6 Discussion

The welfare analysis developed in this paper provides a theoretical foundation

for understanding how conditional cash transfers interact with climate variability to

affect smallholder farmer well-being. Several broader implications emerge from the

framework.

First, the multidimensional nature of welfare under climate stress necessitates

moving beyond simple income metrics. Programs that only measure impacts on agri-

cultural revenue may miss important dimensions including risk reduction, adaptive

capacity building, and long-term productivity enhancement. The comprehensive

welfare indicators constructed here provide guidance for more complete program

evaluation.

Second, heterogeneity in farmer characteristics and constraints implies that one-

size-fits-all program designs will be inefficient. The distributional analysis demon-

strates that welfare impacts vary substantially across farmer types, with resource-

poor farmers facing binding adoption constraints benefiting most from conditional

transfers. Evidence shows that high initial costs reduced adoption by 65 percent
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among resource-poor farmers, while gender disparities resulted in female farmers

showing 40-55 percent adoption rates compared to 55-70 percent for male farm-

ers (Mnukwa et al., 2025). This suggests value in differentiated program designs

that adapt conditionality, transfer amounts, and complementary support to local

contexts.

Third, the dynamic nature of adaptation processes means that program impacts

unfold over time. Short-term evaluations that focus only on immediate consumption

effects may underestimate total welfare gains by missing long-term benefits from

enhanced adaptive capacity and accumulated capital. This has implications for

program evaluation design and the appropriate timeframe for impact assessment.

Fourth, institutional capacity for program implementation shapes welfare out-

comes. Effective targeting requires administrative capacity to assess multidimen-

sional vulnerability. Verification of conditionality compliance requires monitoring

systems. Timely delivery of climate-contingent transfers requires responsive admin-

istrative processes. These capacity requirements must be considered in program

design and resource allocation.

The framework also highlights important areas for future empirical research.

Quantifying the parameters of the welfare function, including the weights on differ-

ent components and the magnitudes of dynamic effects, requires careful empirical

estimation. Understanding how practice adoption responds to conditional incen-

tives across different contexts needs experimental or quasi-experimental evidence.

Measuring the complementarity between transfers and climate information requires

integrated interventions with appropriate comparison groups.

While the analysis focuses on conditional cash transfers, the welfare framework

has broader applicability. Similar analytical approaches could be applied to other

policy instruments including climate index insurance, input subsidies, or asset trans-

fer programs. Comparative analysis of alternative instruments using the welfare

indicators developed here could inform optimal policy mix design.

The assumption of government implementation could be relaxed to consider al-

ternative delivery mechanisms including non-governmental organizations, community-

based organizations, or private sector actors. The optimal institutional arrange-

ments likely depend on local governance capacity, social capital, and market devel-

opment.

The integration of climate information services into conditional transfer pro-

grams deserves particular attention. While systematic reviews show that 68 percent

of farmers demand climate information services (Ouedraogo et al., 2022), and will-

ingness to pay studies indicate farmers value seasonal forecasts at USD 1-2 per
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month (Manzvera et al., 2024), significant adoption barriers persist. Most research

concentrated on transmitting forecasts rather than visualization and co-production,

and there is limited reporting on accessibility according to socio-demographic vari-

ables (Madhuri, 2023). Future program designs should address these gaps through

participatory approaches and targeted communication strategies.

Finally, the framework recognizes that while emerging technologies such as quan-

tum computing may eventually revolutionize optimization and decision-making ca-

pabilities (Abbas et al., 2024; Jain et al., 2025), practical agricultural policy inter-

ventions must rely on currently available technologies and institutional mechanisms.

The welfare indicators developed here provide tools for evaluating and improving

these interventions within existing constraints.

7 Conclusion

This paper has developed a comprehensive theoretical framework for analyz-

ing the welfare effects of conditional cash transfer programs designed to support

smallholder farmers under climate variability. The analytical approach provides

algebraic welfare indicators that capture multidimensional impacts including con-

sumption support, risk reduction, adaptive capacity enhancement, and long-term

productivity effects.

The model demonstrates that conditional transfers generate welfare gains through

multiple channels. Direct income support stabilizes consumption during adverse cli-

mate conditions. Behavioral conditionality incentivizes adoption of climate-smart

practices that reduce future vulnerability. Dynamic effects through capital accumu-

lation and learning build long-term adaptive capacity. These components interact

in ways that amplify total welfare impacts beyond the sum of individual effects.

Key policy implications emerge from the analysis. Targeting mechanisms should

account for multidimensional vulnerability rather than income alone, recognizing

that climate exposure and adaptive capacity are crucial determinants of welfare im-

pacts. Evidence shows that better resourced farmers have higher access to climate in-

formation services, while vulnerable groups including illiterate farmers, women, and

elderly face particular barriers (Nyoni et al., 2024). Conditionality design should ad-

dress specific barriers to practice adoption while balancing incentive strength against

program coverage. Integration with climate information systems generates impor-

tant complementarities that amplify welfare gains, with studies showing that utiliza-

tion of climate information improves farmers’ average financial incomes significantly

(Bizo et al., 2024).
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The welfare framework highlights important distributional considerations. Pro-

grams generate largest welfare gains when effectively targeted to resource-poor farm-

ers who face binding constraints on climate-smart practice adoption. This targeting

approach serves both equity and efficiency objectives by directing resources where

marginal welfare impacts are highest. Complementary investments in extension ser-

vices, rural infrastructure, and credit programs further enhance program effective-

ness, consistent with evidence that public investments in rural roads and agricultural

R&D have significant multiplier effects on growth and poverty reduction (Fan et al.,

2000; Dorosh et al., 2020).

Future research should focus on empirical estimation of the theoretical parame-

ters, experimental evidence on behavioral responses to conditionality, and integrated

evaluation of combined interventions. As climate variability intensifies under global

environmental change, well-designed social protection mechanisms will become in-

creasingly important for rural welfare. The analytical framework developed here

provides foundations for evidence-based program design and evaluation.
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