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Abstract16

Several governments have tested formal index-based insurance to build climate re-17

silience among smallholder farmers. Yet, adoption of such programs has generated18

concerns that insurance may crowd out long-established informal risk transfer arrange-19

ments. Understanding this phenomenon requires new analytic approaches that capture20

dynamics of human social behaviour when facing risky events. Here, we develop a mod-21

elling framework, based on evolutionary game theory and empirical data from Nepal and22

Ethiopia, to demonstrate that insurance may introduce a new social dilemma in farmer23

risk management strategies. We find that while socially optimal risk management is24

achieved when all farmers pursue a combination of formal and informal risk transfer, a25

community of self-interested agents is unable to maintain this coexistence at moderate26

to high covariate risks. We find that a combination of pro-social preferences - namely,27

moderate altruism and solidarity - helps farmers overcome these concerns and achieve28

the social optimum. Behavioural interventions that cue such preferences can render29

financial incentives more efficient in promoting optimal climate risk management, with30

potential savings worth approximately 5-15 percent of community agricultural income31

under a range of risk levels.32

1 Introduction33

Rising climate risks threaten the livelihoods of many of the world’s 500 million smallholder34

farming households [1], the vast majority of whom lack financial protection against climate-35

driven agricultural losses [2]. To cope with the risks of droughts, floods, and heat waves,36

development agencies and several national governments have tested formal risk transfer37

mechanisms, such as index-based crop and livelihood insurance [3–5]. Whereas indemnity38

insurance generally entails high administrative costs to accurately measure specific losses39

suffered by individual policyholders, index insurance ties payouts to an exogenous indicator40

that measures seasonal weather variables and/or crop yields at a regional scale. When the41

index exceeds a chosen threshold, all policyholders in a given region receive a pre-specified42
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payout, foregoing the need to assess individual damages and reducing costs. As climate-43

driven risks to rural livelihoods increase in coming decades [6], index insurance programs44

may therefore be a promising tool for climate adaptation.45

46

Yet, initiatives to promote index insurance are often deployed in contexts in which sub-47

sistence farming communities have already developed mechanisms to manage longstanding48

livelihood risks [7–9]. These mechanisms include intra-household strategies, such as diversi-49

fying household income streams through migration remittances [10, 11], and community-wide50

informal risk transfer mechanisms, including informal lending and revenue-sharing cooper-51

atives [12–14]. However, although informal mechanisms may effectively reduce independent52

risks (such as individual health shocks) and provide other societal benefits [15, 16], they gen-53

erally exhibit diminished capacity to protect livelihoods in the face of rising climate-driven54

covariate risks [17].55

56

Recent literature has sought to understand the potential for new index insurance pro-57

grams to either serve as complements (i.e. ”crowd in”) or substitutes (i.e. ”crowd out”) to58

informal community risk transfer mechanisms [18]. Studies of index insurance experiments59

in India [19] and Ethiopia [12–14] demonstrate that formal insurance and informal lending60

can serve as complementary mechanisms, especially for lending among relatives or close61

neighbours [13], and if basis risk is high (i.e. a high potential mismatch between a climato-62

logical index and actual damages experienced by a policyholder) [19]. However, these studies63

were only able to exploit data over short time frames (1-2 years). Theoretical frameworks64

exploring these interactions suggest that while index insurance and informal revenue trans-65

fers may initially serve as complements, over the long term, insured households acting out66

of self-interest may be tempted to reduce or even abandon their commitments to informal67

revenue transfers [20], unless some form of peer monitoring is able to enforce them [21]. Such68

findings indicate that self-interested agents acting strategically may not be able to reach a69

socially optimal outcome without additional incentives or sanctions [22].70

71

Yet, a growing body of empirical evidence suggests that observed levels of human co-72

operation cannot be explained by completely self-interested, homo economicus preferences73

[23–25]. In particular, Fehr and Shurtenberger identify fundamental mechanisms, including74

an intrinsic desire for equity, the desire to reciprocate others’ behaviour, and self-image as75

a pro-social actor, that may compel individuals to comply with social norms, even when76

doing so impinges on their material self-interest [25]. In a similar vein, Alger and Weibull77

demonstrate that a combination of selfishness and morality (the desire to ”do the right78

thing”) is an evolutionary stable preference [26, 27]. Additionally, direct experimental and79

empirical evidence indicates that altruism - the consideration of others’ well-being in an in-80

dividual decision-maker’s objectives - plays a significant role in shaping inter-household risk81

transfer in rural farming communities [28, 29]. Together, such frameworks and evidence call82

for incorporating more realistic alternatives to purely rational, self-interested preferences in83

explaining the emergence of cooperative behaviour [30].84

85

Our aim in this analysis is to investigate the role that alternative decision-making pref-86

erences may play in the ability of a smallholder farming community to maintain socially87

optimal risk management strategies under various levels of climate risk. Specifically, we ad-88

dress four research questions. First, what are the implications of different risk management89

strategies on long-term community development outcomes, including average community90

income, inequality, and poverty rates? Second, do different levels of climate-driven covariate91

risk affect whether formal index insurance is likely to crowd out or complement informal92

revenue-sharing as a long-term risk management strategy? Third, how do alternative eco-93

nomic preferences affect the risk management choices that emerge from farming communi-94

ties? Fourth, how might financial and informational policies aimed at promoting socially95

optimal risk management strategies affect these equilibria?96

97
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2 Risk management choices under bounded rationality98

and different social preferences99

The core question underpinning this study is to find what risk management strategies are100

likely to emerge in a community of subsistence farmers, each making strategic decisions in101

response to those of their peers. We consider an agricultural community where farmers102

choose between different risk management strategies at three different scales. These are (i)103

intra-household risk transfer: whether to exclusively farm, or combine farming with rural-104

urban migration, (ii) informal risk transfer: whether to take part in a revenue-sharing pool105

at the community scale, and (iii) formal risk transfer: whether to purchase index insurance106

covering households at the regional scale (leading to 23 = 8 discrete strategy options). We107

set up a population game based on evolutionary game theory to improve our understanding108

of how strategy choices change over time as a result of repeated interactions across a large109

population of agents that simultaneously make strategic decisions [31]. The population game110

allows for the integration of bounded rationality. For example, households make decisions by111

imitating the strategic choices of peers who receive higher utility, rather than by rationally112

optimizing their actions across the full strategy set. Further background on evolutionary113

game theory is provided in SI 1.1.114

115

In our model, farmers evaluate strategies based on a utility function that accounts for116

risk aversion, loss aversion, and time discounting, based on established theories of decision-117

making under uncertainty [32]. Grounded in the New Economics of Labor Migration118

(NELM) [11, 33], agents in the model seek to improve expected profits while reducing the119

volatility of their income streams. In addition to penalizing income volatility, agents in our120

model also exhibit loss aversion; i.e. they assign a higher penalty to perceived losses than121

the benefits experienced from gains of a similar magnitude. This is especially relevant in122

the context of insurance decisions, in which one of the most salient motivations is to pro-123

tect against a possible loss [34, 35]. Agents considering migration strategies exponentially124

discount expected future remittance income relative to immediate migration costs, and also125

apply loss aversion to these costs. Finally, agents in the evolutionary game seek to minimize126

perceived gaps between their well-being and that of their peers, which echoes findings from127

NELM and the importance to decision-makers of meeting basic aspiration levels from the128

Security-Potential/Aspiration framework [36].129

130

We investigate how social preferences affect the share of chosen strategies in the popula-131

tion. Here, we examine the consequences of two different types of prosociality: (i) altruism,132

which includes the utility of peers in the evaluation of personal utility, and (ii) solidarity,133

which represents the assumption of coordinated action between like-minded households, re-134

sulting from a union of purpose. These are parameterized through α and κ, which each135

range from 0-1 and indicate the respective degrees of altruism and solidarity in agent utility136

functions (Methods). We assume that these preferences are homogeneous throughout the137

population and remain stable over the modelled timeframe, though we assess sensitivities of138

equilibrium strategy outcomes under different combinations of pro-social preferences (Sec-139

tion 3.3).140

141

Existing informal risk management strategies are limited in their capacity to address142

covariate risks (in the case of this analysis, drought risk) affecting an entire community at143

once. Here, we use the base-level correlation ϱ between household farming incomes before144

any risk management strategies are applied, and drought probability p to create three risk145

scenarios of covariate risk: Low (p = 0.2, ϱ = 0.1), Medium (p = 0.35, ϱ = 0.35), and High146

(p = 0.6, ϱ = 0.5). Note that a higher drought probability also implies a higher farming147

income correlation, hence the increase in ϱ for higher risk scenarios. The Low risk parame-148

ters are a composite of the lowest observed drought risk and income correlations from the149

two considered regions (Nepal’s Chitwan District and the Borena region in Ethiopia), and150

likely serve as a lower bound of covariate risk in most subsistence farming contexts, given151

the prospect of increased frequency of extreme events as a result of global climate change152
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[6]. By contrast, the Medium risk scenario is parameterized using the highest drought risks153

and income correlations observed from the considered regions (SI 1.5). We focus on results154

from this scenario in the main text, as it likely best describes the types of risks that farmers155

in both the Chitwan District and Borena region will face in the coming 1-2 decades. Finally,156

the High risk scenario is a speculative case of a context where climate-driven risks have157

substantially increased, and also led to higher correlation among household incomes. We158

establish this as a potential upper bound of covariate risk in which insurers may still wish159

to offer formal index insurance, and also conduct sensitivity analyses of equilibrium strategy160

choices to both drought risk and income correlation.161

162

Governments may intervene in multiple ways to shape incentives for household risk man-163

agement decisions. For example, several national governments are already experimenting164

with various levels of subsidies for insurance premiums, in order to encourage uptake of165

new index-based insurance products [2, 12, 14]. Alternatively, policymakers may also wish166

to overcome information asymmetries between households and governments or insurance167

agencies. This can for instance be achieved by releasing aggregate information about risk168

management preferences and choices in a community. If several farmers desire greater risk169

protection, making this type of information observable may enable households to more easily170

coordinate on strategies that contribute to risk reduction, but might otherwise be subject171

to free-riding concerns [37, 38]. We consider the effects of such policies, both in isolation172

and in tandem, in Section 3.4.173

174
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Figure 1: Overview of the Evolutionary Game Theory Model. We develop a novel
evolutionary game theory model to evaluate the effect of pro-social preferences on risk man-
agement strategies that emerge from interactions among smallholder farming households.
a) Households (represented here by circles) are connected via a social network, and their
risk management strategies are indicated by colour (blue = informal revenue-sharing, S; red
= formal insurance, I; purple = combination of revenue-sharing and insurance, C). In any
given time step, one household is selected as the focal agent (in time t1, this agent deploys
strategy S) and another household is selected as the comparison agent (in this case, this
agent deploys strategy I). The focal agent compares the utility of its strategy, Zs(x⃗, t1),
given the distribution of strategies deployed across the community, x⃗, at time t1, to that
of the comparison agent. b) In this case, the utility of adopting I is substantially higher
than that of S, so the focal agent adopts insurance in t2 with high probability. Two more
households - one deploying strategy C and one adopting S - are randomly selected as the
focal and comparison agent, respectively. c) In this case, the utility of S is substantially less
than that of C, so the focal agent does not change strategies. Another focal and comparison
agent are selected at random, and this sequence repeats for T time steps, corresponding to
approximately 50 years. d) The elements that constitute utility evaluation include payoffs
(parameterized as πi(x, t)), loss aversion (λ), risk aversion (b), discounting (r), and the social
preferences (α and κ). e) Social preferences consist of self-interest, in which the focal agent
considers only their own utility and actions; altruism, in which the focal agent considers the
utilities of every other agent playing their current strategies; and solidarity, in which the
focal agent considers its own utility if other households (represented by light blue nodes)
also adopt the same strategy of the focal agent. The degree to which altruism and solidarity
are incorporated in utility evaluation is determined by the values of α and κ, respectively.
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3 Results175

3.1 Combining Formal and Informal Risk Transfer Provides More176

Robust Protection to Drought Risks177

Identifying an optimal risk management strategy for subsistence farming communities is178

complex and involves tradeoffs between multiple objectives. As a first-order approximation,179

here we simulate collective-scale outcomes of farming communities pursuing monomorphic180

strategies, i.e. boundary cases in which all households in a community opt for the same181

strategy, over 1000 cropping cycles with stochastic drought events and income draws. As182

collective-scale metrics, we consider average community income, inequality (measured by the183

GINI coefficient), and poverty rate (measured by the World Bank threshold of an income of184

less than 1.90 USD/household/day). As shown below, most equilibrium outcomes that arise185

from strategic interactions between farming households fall into one of these four risk man-186

agement strategies: (i) farming and migration (FM); (ii) farming, migration, and community187

revenue-sharing (FM+S); (iii) farming, migration, and formal insurance (FM+I); and (iv)188

farming, migration, revenue-sharing, and insurance (FM+S+I). We include a comparison of189

strategies without migration and the performance of all strategies under Low and High Risk190

scenarios in SI 2.2, and consider mixed equilibria between the three most common strategies191

to emerge in subsequent sections.192

193

Under the Medium risk scenario, layering formal and informal risk transfer effectively194

shields farming communities against extreme outcomes in drought cropping cycles (Fig. 2).195

While risk management options do not change the expected income across cropping cycles,196

formal insurance in particular reduces downside risks to income during drought years (or-197

ange), including cycles in which the mean community income falls below the poverty line198

(Fig. 2a, dashed line). Combining formal insurance with informal revenue-sharing further199

reduces this collective-scale volatility. However, the reduction of downside risk comes at the200

cost of foregoing the potential for high community incomes in non-drought years (green)201

due to costly premiums. The combination of informal and formal risk transfer also limits202

inequality over long time horizons (Fig. 2b). Droughts drastically reduce all households’203

farming incomes, which leaves them mostly dependent on highly-variable migration remit-204

tances, leading to high income inequality. However, the combination of formal crop insurance205

and informal revenue-sharing attenuates this inequality by providing households with more206

stable and equal farming revenues. The tradeoffs inherent in deploying risk transfer mech-207

anisms are most apparent in evaluating poverty rates (Fig. 2c). Without formal insurance,208

an average of 63 percent of households fall under the poverty threshold in drought years.209

Deploying formal insurance attenuates these rates in drought years, but costly insurance pre-210

miums increase the proportion of households falling into poverty during non-drought years,211

relative to the absence of such mechanisms. Still, such mechanisms may be preferable if a212

community wishes to avoid extremely high poverty levels in any given cropping cycle, and213

pairing insurance with informal revenue-sharing can help mitigate this effect by allowing for214

some inter-household income transfers.215

216

While formal and informal risk transfer leads to complex tradeoffs at the collective scale,217

the benefits of layering these mechanisms are evident at the individual household scale (Fig.218

3). By construction, all four risk management strategies involving migration lead to the219

same expected income (Fig. 3, left column), but pairing formal insurance with informal220

revenue-sharing slightly lowers income volatility across cropping cycles (Fig. 2, middle col-221

umn). Most importantly, household income losses in communities that deploy both formal222

insurance and informal revenue-sharing are on average 60 percent those of losses in commu-223

nities without either risk transfer mechanism, and significantly better than either mechanism224

on its own (Fig. 3, right column, p < 0.01). Based on its ability to reduce inequality and225

attenuate extreme poverty at the collective scale, and to minimize income volatility and226

expected losses at the household scale, we designate the combination of migration, informal227

revenue-sharing, and formal insurance as the socially optimal strategy for risk- and loss-228

6



averse decision-makers.229

230

(a) Med Risk; Income (b) Med Risk; GINI (c) Med Risk; Poverty Rate

Figure 2: Community Outcomes for Monomorphic Risk Management Strategies.
We assess how a community of 100 households would fare when all households adopt one of
the eight possible risk management strategies, with random income draws and drought events
under the Medium risk scenario (p = 0.35, ϱ = 0.35). Here, we compare the distributions of
average community income (left), GINI coefficient (centre), and poverty rate (right) when
the community adopts each of four strategies involving migration: farming and migration
(FM); farming, migration, and informal revenue-sharing (FM+S); farming migration, and
formal insurance (FM+I); and a combination of all strategies (FM+S+I). Each data point in
the distribution represents the results from one simulation, averaged over the 100 households.
Distributions are shown separately for outcomes in drought years (orange) and non-drought
years (green), with boxplots summarizing the total distribution over both drought and non-
drought years. Black dots connected by the line plot indicate mean values for each strategy.
Results for other risk levels and non-migration strategies are shown in SI 2.2.

7



Figure 3: Decomposition of Household Utility Components. Individual household
strategy decisions are governed by a utility function that incorporates expected income,
volatility (measured as standard deviation), and potential losses. The latter metric is ex-
pressed as the conditional value at risk, or the weighted probabilistic average of losses below
a farming household’s break-even point. Here, we decompose household utilities into these
three components for four monomorphic strategy distributions (i.e. every household adopt-
ing the same strategy). The average household income, standard deviation, and loss for each
of three risk management strategies involving risk transfer (FarmMigrate+Share, FarmMi-
grate+Ins, FarmMigrate+Share+Ins) are displayed relative to the FarmMigrate strategy.
Results are generated by simulating random income draws for 100 households adopting the
specified strategy over 1000 crop cycles. Each point in the boxplot represents a value for
one household, averaged over the 1000 cycles. While average incomes are almost identical
across the four monomorphic strategies, median volatility is slightly lower for all strategies
that incorporate some form of risk transfer, and losses are significantly lower for strategies
incorporating insurance. In particular, the combination of informal revenue-sharing and
insurance significantly reduces expected losses compared to the other strategies p < 0.01.
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3.2 Bottom-up decision-making leads to sub-optimal risk manage-231

ment232

In the absence of a legal framework to impose socially optimal strategies, we assess which233

strategies are likely to emerge as a result of strategic interactions between self-interested234

farming households. As index insurance programs are still relatively unknown in most sub-235

sistence farming communities [2, 3], we first examine which strategies emerge in the absence236

of formal insurance, and then assess how the introduction of formal insurance may affect237

this distribution of strategies.238

239

For all covariate risk scenarios, households consistently choose migration as an intra-240

household risk transfer strategy. Migration serves as an effective means of buffering house-241

hold incomes against both covariate and independent shocks. However, migration remittance242

incomes are themselves subject to uncertainty, and may indirectly affect which risk transfer243

strategies emerge (SI 2.3).244

245

The level of covariate risk affects whether formal insurance and/or informal revenue-246

sharing are part of the risk portfolios that emerge from bottom-up decision-making. The247

coexistence of formal index insurance and informal revenue-sharing can emerge under low248

levels of covariate risk (Fig. 4, 0.0 < p < 0.23, 0.0 < ϱ < 0.8). Despite the low degree of249

covariate risk, farmers’ loss aversion motivates the purchase of insurance to avoid losses in250

drought years, and risk aversion motivates farmers’ participation in income-sharing cooper-251

atives to reduce volatility in both drought and non-drought years. While we are unaware252

of farming contexts in which such widespread adoption of both crop insurance and informal253

revenue-sharing has been attained over the long term, early data from Ethiopia’s index-based254

livestock insurance suggest that the introduction of insurance may indeed induce increased255

inter-household income transfers [13, 14].256

257

While self-interested agents are able to achieve optimal risk management under low co-258

variate risk, free-riding concerns and high insurance premiums inhibit their ability to manage259

coexistence of formal and informal risk management under higher covariate risk (Fig. 4).260

As covariate risk increases to moderate levels, self-interested participants in the cooperative261

will benefit even more from the stable income that insured members contribute, and will262

have less of an incentive to purchase insurance themselves. At the same time, purchasing in-263

surance at actuarially-fair premiums is also more expensive in scenarios with higher drought264

risk. This social dilemma drives a collapse in the coexistence of formal and informal risk265

management at a threshold drought risk of approximately p = 0.23 (SI 2.4), with formal266

insurance emerging as the dominant form of risk management.267

268

For the region of high covariate risk, households stay in the revenue-sharing pool but269

do not purchase formal insurance (Fig. 4a). Under drought risks p > 0.4, insurance premi-270

ums are now sufficiently costly (> 97 USD/cycle) that households would perceive a greater271

average loss in utility from purchasing insurance compared to remaining uninsured. Thus,272

households are left with participating in informal revenue-sharing cooperatives as the equi-273

librium risk management strategy (Fig. 4d). However, such mechanisms are especially274

ineffective under conditions of high covariate risk.275

276

A scan of sensitivities to other key decision-making parameters - including farmer risk277

aversion, loss aversion, discount rates, and the proportion of income contributed to the278

revenue-sharing pool - indicates that other risk management outcomes are also possible (SI279

2.5). Overall, the strategy selection over different levels of drought risk and income correla-280

tion indicates the limits to adaptation. Indeed, subsistence farming communities will find it281

difficult to organize effective risk management strategies in the absence of policy intervention.282

283
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Figure 4: Equilibrium Risk Transfer Strategies for Self-Interested Farmers. In
communities of purely self-interested farmers, coexistence of formal and informal risk man-
agement can emerge at low covariate risk, but collapses at higher levels of risk due to free-
riding concerns. (a) We assess which risk management strategies are most likely to emerge
as a function of farm income correlation (x-axis) and drought risk (y-axis). Colours indicate
the the most common strategy at terminal time (averaged over 100 simulations), with grada-
tions indicating the percent of the population adopting this strategy. Generally, as drought
risks increase (i.e. higher y-axis values), equilibrium outcomes transition from a majority
of farmers adopting both formal and informal mechanisms (p < 0.3), to most farmers only
adopting formal insurance (0.3 < p < 0.4), to a majority of farmers only adopting informal
revenue-sharing (p > 0.4). As the base-level correlation among farming incomes increases
(i.e. higher x-axis values), the effectiveness of the informal revenue-sharing pool decreases
(SI 2.1), and a lower proportion of farmers adopts this strategy. (b) For three risk scenarios,
utility gradient plots identify the equilibrium points (red dots) between the three risk trans-
fer strategies. Each point in the triangle represents the distribution of households according
to the proportion of farmers adopting FarmMigrate+Share, FarmMigrate+Insurance, and
FarmMigrate+Share+Insurance. Blue arrows indicate the incremental direction of highest
utility, given the distribution of strategies in the population at that coordinate. Grey shading
indicates the aggregate utility of the population (darker grey = higher utility) for the given
distribution of strategies. Under the Low Risk scenario, the equilibrium point corresponds
with the point of highest aggregate utility at [0,0] (representing 100 percent of households
adopting FarmMigrate+Share+Insurance). Under the Medium and High Risk scenarios, the
equilbrium point shifts to all farmers pursuing FarmMigrate+Ins and FarmMigrate+Share,
respectively, while the highest aggregate utility remains at the origin. In this analysis, we
assume that migration remittances are unaffected by drought risk, either because destina-
tions are remote from the drought-stricken area or because migration incomes are typically
earned in non-agricultural sectors.
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3.3 Moderate Pro-Sociality Can Promote Socially Optimal Risk284

Management285

Can strategy selection be modulated by pro-social preferences? In our model, we represent286

altruistic preferences via the index α (0 ≤ α ≤ 1), and set the altruism factor α = 0.6 as an287

example of high altruism. This level of altruism is at the highest end of the ranges estimated288

in laboratory experiments [29] and statistical inference [28]. Similarly, we capture solidarity-289

based worldviews with the index κ (0 ≤ κ ≤ 1) and set the solidarity factor κ = 0.6 as an290

example of high solidarity. One interpretation of this value is that a decision-maker trusts291

that 60 percent of other households in their community will make the same strategic decision.292

While we know of no empirical work specifically measuring solidarity, studies demonstrating293

the prevalence of ”false consensus” (i.e. a bias that most other community members act294

and think in a similar fashion as oneself) in several settings [37, 39] lend credence to this295

value as a feasible, if not common, condition. Further, cross-national surveys demonstrate296

that moderate amounts of community trust are common across several cultures [40, 41], and297

experimental evidence demonstrates that universal cooperation is more prevalent than what298

can be explained through mechanisms such as direct reciprocity [42].299

300

Neither altruism nor solidarity by themselves are sufficient to promote high adoption301

of both formal insurance and informal revenue-sharing (Fig. 5a) under the Medium risk302

scenario. Perhaps counterintuitively, farmers acting out of high altruism select the same303

strategy as self-interested households, and the community reaches a monomorphic equilib-304

rium where all farmers only pursue formal insurance (Fig. 5b, left). Although altruistic305

farmers consider how their choices affect the utilities of their peers, their own individual306

strategy choices do not have sufficient impact on the collective utility to move from this307

equilibrium. Even a community composed entirely of perfect altruists (α = 1.0) is not likely308

to sustain high levels of both formal and informal risk transfer, as individuals assess their309

own actions as insufficient to overcome a coordination threshold.310

311

By contrast, communities in which farmers act out of solidarity do reach a different type312

of equilibrium, known as a limit cycle. In this case, the community continually cycles between313

mixes of informal revenue-sharing, formal insurance, and a combination of both strategies,314

periodically approaching, then leaving, states where collective utility is maximized (Fig. 5b,315

centre). Limit cycles reveal how communities organize their risk management over time,316

and indicate that the increased adoption of an optimal strategy can be transient. In prin-317

ciple, periodical cycling may help subsistence communities learn about the relative ability318

of different strategy mixes to contend with drought risks. In practice, over time communi-319

ties may anticipate this cyclic behaviour and proactively adjust their decisions, leading to320

more stable strategies. More generally, this behaviour arises when the level of solidarity is321

enough to partially, bot not completely, overcome the free-riding problem common to self-322

interested farmers. Only around κ = 0.8 would solidarity be sufficiently high to overcome323

this social dilemma on its own and push the equilibrium strategy toward the social optimum.324

325

In communities with high amounts of both altruism and solidarity (α = κ = 0.6), which326

we term “high pro-sociality”, all households purchase formal insurance and participate in327

the revenue-sharing cooperative in steady state (Fig. 5b, right). Neither high altruism nor328

high solidarity on their own are sufficient to reach this state, but they have a synergistic329

effect in promoting optimal risk management. Altruism leads to the desire to contribute to330

others’ utility, and solidarity provides farmers with the confidence that combining formal331

and informal risk transfer will have a material impact on collective utility. While it may332

not be realistic to expect all members of a farming community to act with high altruism333

and high solidarity, even moderate amounts of both preferences (e.g., α = κ = 0.3) promote334

equilibria that include some households deploying a combination of insurance and revenue-335

sharing (Fig. 5a). As with the high solidarity case, communities with this type of pro-336

sociality cycle through different states. While not as socially beneficial as the equilibrium337

that emerges under high pro-sociality, it is notable that moderate pro-sociality comprises338
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a value of altruism that is in line with observed values in many subsistence societies, at339

least in experimental settings [28]. Similarly, it is plausible that in a typical community, an340

average decision-maker would trust at least 30 percent of his or her neighbours to also act341

in a similar fashion.342

Figure 5: Effect of Alternative Social Preferences on Risk Management Equi-
libria. Alternatives to purely self-interested preferences may shift the risk management
equilibria that emerge in a subsistence farming community. We focus here on the Medium
risk scenario (p = 0.35; ϱ = 0.35), while results for other scenarios are included in SI 2.6.
a)Various combinations of altruism- and solidarity-based preferences can support a socially
optimal combination of index insurance and informal revenue-sharing. Here, for different
degrees of solidarity (κ, x-axis) and altruism (α, y-axis), the proportion of the community
adopting the socially optimal strategy (FarmMigrate+Share+Insurance) is indicated by the
green colourbar, with darker shadings indicating higher adoption of this strategy. Generally,
adoption increases with increasing levels of altruism and/or solidarity. Downward-sloping di-
agonal gradients indicate that pro-social preferences exhibit a synergistic effect: the presence
of some altruism reduces the threshold level of solidarity needed to achieve high adoption of
the socially optimal strategy, and vice versa. b) Different ideal types of social preferences
can lead to substantially different equilibrium points among the three main risk manage-
ment strategies. Here, equilibria are shown under the Medium Risk scenario for Self-Interest
(α = 0, κ = 0), Moderate Pro-Sociality (α = 0.3, κ = 0.3), and High Pro-Sociality (α = 0.6,
κ = 0.6) (also indicated by the points in a). Under Self-Interest and High Pro-Sociality, a
single equilibrium point emerges in which 100 percent of farmers adopt insurance only and a
combination of insurance and revenue-sharing, respectively.Under Moderate Pro-Sociality, a
limit cycle emerges in which the equilibrium distribution of strategies shifts between different
proportions of all three strategies, all with at least 60 percent of farmers adopting insurance
only. Similar plots for other social preference types and risk scenarios can be found in SI
2.6.
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3.4 Pairing Financial and Behavioural Interventions Yields a Pro-343

Social Dividend344

One way in which governments can promote socially optimal risk management is through345

financial incentives. Here, we consider the effects of insurance premium subsidies, a tool346

already widely used to promote adoption of index insurance with mixed results on observed347

patterns of insurance uptake [18, 43, 44], in which the population is homogeneous in its348

economic preferences.349

350

Under the Medium risk scenario, different economic preferences of a community can351

lead to significantly different subsidies (Fig. 6a). For example, in communities of Self-352

Interested agents, a subsidy of approximately 15 percent of premiums (equivalent to 13.40353

USD/household/crop cycle) would be required to achieve widespread adoption (≥ 90 per-354

cent of households) of the socially optimal strategy. This is slightly lower than the thresh-355

old of a 23 percent subsidy that was found to promote high index insurance uptake in356

Bangladesh [44], though it is unclear if farmers in that case study also participated in an in-357

formal risk-sharing arrangement. By contrast, for communities in which High Pro-Sociality358

(α = κ = 0.6) predominates, no premium subsidy is needed; pro-social preferences are359

already sufficient in promoting near-universal uptake of insurance and informal revenue-360

sharing. Even in communities espousing Moderate Pro-Sociality (α = κ = 0.3) or High Soli-361

darity (α = 0.0, κ = 0.6), a subsidy of only 5 percent of premiums (4.50 USD/household/crop362

cycle) is needed to achieve the same objective.363

364

This reflects the complementary nature of pro-social preferences and financial incentives365

in advancing robust risk management. Premium subsidies provide an incentive for indi-366

vidual households to purchase insurance, and pro-social preferences partially overcome the367

temptation to free-ride on others’ insurance purchases. Together, financial incentives and368

pro-sociality can assist farmers in overcoming the social dilemma that arises when formal369

insurance is introduced in communities with informal risk-sharing arrangements. Inter-370

estingly, communities with High Altruism (α = 0.6, κ = 0.0) would require even higher371

subsidies (24 percent of premiums, or 21.40 USD/household/crop cycle) than communities372

of Self-Interested agents. This is another example of how altruism by itself may not be373

sufficient in overcoming social dilemmas. As altruistic agents assign less weight than self-374

interested agents to their own well-being, a higher personal gain (i.e. higher subsidy) is375

needed for pecuniary policies to have the same effect.376

377

Pairing financial incentives for climate risk management with behavioural interventions378

promoting pro-sociality is a strategy that merits strong consideration as climate-driven risks379

increase in the coming decades. Interventions could include strategies that have been used to380

address collective action problems in climate mitigation. Examples are mass informational381

campaigns that promote a shared identity and injunctive norms, more targeted campaigns382

that frame specific actions (e.g. purchasing index insurance and contributing to revenue-383

sharing pools) as contributions to a public good, and communication outlets through which384

farmers can gain awareness of their peers’ risk management intentions [45, 46]. Such policies385

can contribute to cultivating altruism and solidarity as general values that predominate in386

farming communities, and/or activating such values in specific decision environments, e.g.,387

community meetings in which farmers have the opportunity to purchase insurance and con-388

tribute to revenue-sharing pools.389

390

To help governments evaluate the value of such interventions, we define a metric called391

the pro-social dividend, which reflects the monetary benefit of cultivating pro-social prefer-392

ences with respect to improved efficiency of financial policies relative to a community without393

such preferences. The pro-social dividend represents the difference in subsidy levels required394

to achieve optimal risk management in a community espousing moderate pro-sociality vs. a395

community of self-interested farmers. Under Medium risk, this pro-social dividend is equal396

to 8.90 USD/household/cycle, or 1790 USD per year for a community of 100 households.397
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For subsistence farming communities, this is a non-negligible sum, equal to approximately398

4.6 percent of the community’s total annual farming income. Further, this pro-social div-399

idend is likely to increase with increasing climate risk (Fig. 6b). Under High risk, the400

pro-social dividend would be equal to 16.30 USD/household/cycle, or 3260 USD/year for401

the community - roughly double the dividend under Medium risk conditions. Under such402

conditions, higher climate risks drive higher premiums while also reducing farmers’ dispos-403

able incomes. Under High risk, an actuarially-fair premium would represent 54.9 percent of404

the mean income in a non-drought cycle - compared to 18.2 and 31.7 percent under Low405

and Medium risk, respectively - increasing the temptation to free-ride on other community406

members’ insurance purchases. Further, as high climate risks depress crop yields, this div-407

idend would be equivalent to 15.8 percent of average annual farming income. While the408

benefits of cultivating pro-social preferences under rising climate risk appear substantial, we409

note two caveats. First, the pro-social dividend may accrue to insurance companies and/or410

different levels of governments, and may not be fully re-invested in the community itself.411

Second, as rising climate risks increase the temptation to free-ride, behavioural interventions412

that were successful in promoting pro-social preferences under lower climate risks may lose413

effectiveness.414
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(a) Medium Risk, All Preferences (b) Pro-Social Dividend, All Risks

Figure 6: Effect of Financial Policy Incentives and Pro-Social Preferences on
Risk Management Strategy Choices. a) Under the Medium Risk scenario (p = 0.35,
ϱ = 0.35), the proportion of households pursuing the socially optimal strategy (FarmMi-
grate+Share+Insurance) is displayed as a function of the insurance subsidy (x-axis), ex-
pressed as a proportion of the total premium, for communities exhibiting five types of eco-
nomic preferences: Self-Interested (blue, α = 0.0, κ = 0.0); High Altruism (grey, α = 0.6,
κ = 0.0); High Solidarity (yellow, α = 0.0, κ = 0.6); Moderate Pro-Sociality (red, α = 0.3,
κ = 0.3), and High Pro-Sociality (purple, α = 0.6, κ = 0.6). The horizontal line indicates
an objective of attaining 90 percent adoption of this strategy, and vertical lines indicate
the subsidy levels at which the Moderate Pro-Sociality and Self-Interested preferences reach
this threshold, enabling a comparison of the ”prosocial dividend” - i.e. how much is saved
in subsidies required to achieve a socially optimal goal as a result of the presence of proso-
cial preferences. In this scenario, the dividend is equal to approximately 10 percent of the
actuarially-fair premium, or 8.90 USD/hh/crop cycle. Results are expressed as the average
terminal time frequency of households pursuing this strategy over 100 simulations. b) The
value of the pro-social dividend depends substantially on the risk level, and is displayed
here under the Low (p = 0.2, ϱ = 0.1), Medium, and High Risk (p = 0.6, ϱ = 0.5) scenar-
ios. We compare the dividend by three related metrics: the percentage point difference in
subsidy levels required to attain 90 percent adoption of the socially optimal strategy be-
tween Self-Interested and Moderate Pro-Social communities (blue), the monetary difference
between these subsidy levels per household and per cropping cycle (orange), and the aggre-
gate community-wide monetary difference between these subsidy levels per cropping cycle,
expressed as a percentage of total community farming income (green). The ratio of the
dividends under High vs. Low Risk is higher when they are expressed as a monetary differ-
ence and as a percentage of total community income, as higher covariate risks increase the
actuarially-fair premium (red line, circle markers) and reduce mean farming income (black
line, ’x’ markers).
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4 Discussion415

Rising climate risks are likely to impose increased losses on subsistence farming communities416

over the remainder of the 21st century, threatening the viability of rural livelihoods. Such a417

future calls for risk transfer instruments that offer farmers protection against climate-driven418

losses, thereby enabling households and communities to deploy livelihood strategies with419

more stable economic outcomes. A combination of the three levels of risk management of-420

fers farming communities more complete protection against climate-driven losses than any421

other combination of strategies. This is because migration and informal revenue-sharing422

helps households cope with independent shocks to their farming incomes, while insurance423

helps communities manage covariate shocks that could otherwise limit the effectiveness of424

informal revenue-sharing mechanisms. However, the coexistence of formal and informal425

mechanisms would collapse in a community of purely self-interested agents, with farming426

households pursuing either index insurance or informal revenue-sharing depending on cli-427

mate risks and income correlation. Interestingly, a combination of moderate altruism and428

solidarity, in line with empirically measured values, can be sufficient to promote at least429

some uptake of optimal risk management layering. These pro-social preferences can render430

pecuniary incentives, e.g. premium subsidies, more efficient in their ability to promote op-431

timal risk management.432

433

This analysis contributes to two emerging strands of literature: one examining the ability434

of index insurance to help smallholder farmers manage livelihood risk, and one examining435

the role of pro-sociality in the provision of public goods. Consistent with previous empirical436

[12–14, 34, 44, 47] and theoretical [20, 21, 48] studies, we confirm that widespread adoption437

of index insurance is constrained by several challenges. In addition, we demonstrate that for-438

mal insurance may crowd out informal risk-sharing arrangements, and vice versa, as climate439

risks rise and if farmers primarily act out of self-interest. This finding supports previous440

work demonstrating the potential for new insurance programs to be maladaptive by crowding441

out existing informal lending arrangements [15]. Regarding the role of pro-sociality, we con-442

tribute to growing literature that demonstrates its importance in providing public goods.443

However, whereas pro-sociality is typically conceptualized as the incorporation of others’444

well-being in one’s decision-making objectives [49], the adherence to social norms [25], or445

reciprocity [24, 50], here we highlight the importance of pairing two fundamental preferences,446

altruism and solidarity, that underlie pro-sociality. Crucially, we demonstrate that altruism447

alone is not sufficient to solve the dilemma of sub-optimal risk transfer. By contrast, a com-448

bination of both altruism and solidarity, in moderate amounts, may help overcome this social449

dilemma. Experimental evidence suggests that altruism levels in subsistence communities450

approximate such moderate values [28, 29]. Further, previous studies have also found that451

behavioural interventions can increase community trust, a necessary component of solidar-452

ity, leading low-income individuals to be less myopic in making inter-temporal decisions [51].453

454

While our conclusions are generally robust to sensitivities in risk levels, household risk455

and loss aversion preferences, and community size, there are several additional considera-456

tions that add nuance to our findings. High basis risk, which has been explored in other457

work [19–21], may inhibit widespread adoption of index-based insurance, but increase the458

complementarity of formal and informal mechanisms. We also assume that the insurer is459

pooling sufficient independent risks to remain solvent, but increasing climate risks might460

require to enlarge the geographical scale of risk pooling [52]. Another substantial barrier461

to adoption of index insurance, even when premiums are heavily subsidized, appears to be462

a lack of trust in receiving timely payouts [43]. Furthermore, the importance of preference463

heterogeneity in communities and the impact of network effects can alter the selection of464

risk management strategies [25]. From a financial perspective, our model generally assumes465

that any farming household wishing to engage in migration or purchase insurance either466

has enough savings or access to credit to do so. In reality, subsistence farming communities467

typically have imperfect access to credit and limited ability to save [8], making it difficult468

to deploy strategies that provide long-term benefits for an upfront cost. These conditions469
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may leave households exposed to other substantial risks, including human smuggling and470

indentured labour arrangements, which were salient risks for both Nepali and Ethiopian mi-471

grants working in Qatar on World Cup infrastructure [53, 54]. In an extension of the model,472

we impose restrictions on the strategies households can deploy if they do not accumulate473

sufficient savings; our analysis demonstrates that such restrictions may delay the dynamics474

with which risk management strategies are adopted in a community and lead to qualitatively475

different long-term equilibria (SI 2.7). Note that we assume in this analysis that insurance476

programs cover a sufficiently diversified population such that they can remain solvent when477

all households in a focal community experience a climate shock and require a payout.478

479

Risk management strategies that may be optimal for households and small communities480

may not scale to larger regions or entire countries. For example, while it may be feasible481

and perhaps even desirable for certain communities in Nepal and Ethiopia to withstand high482

outmigration rates in order to receive remittance income and alleviate population pressures,483

high national outmigration rates could lead to large-scale demographic, economic, and food484

security shocks. As well, behavioural interventions that promote altruism and/or solidarity485

are likely to be more effective in smaller community settings, where repeated interactions and486

a shared identity among households contribute to pro-sociality. At larger governance scales,487

anonymity and even rivalry between farmers from different regions are likely to challenge the488

ability to draw out such preferences. Another fruitful avenue for further research is there-489

fore to assess the potential tradeoffs in risk management objectives at different governance490

scales, and the ability of polycentric governance structures (i.e., overlapping institutions at491

multiple scales) to coordinate these tradeoffs.492

493

Finally, classical (non-cooperative) game theory has been unable to replicate the out-494

comes of experimental games in which a cooperative outcome emerged. Although pro-495

sociality is widely studied in the social sciences [55], worldviews that incorporate pro-sociality496

are still mostly absent in mechanistic models that enable to study the downstream effects497

of these preferences. In this work, we integrated insights from social psychology into a498

mechanistic agent-based framework [56], notably an evolutionary game, and found that pro-499

sociality plays an important role in overcoming a coordination problem in risk management.500

However, the insights gained from this research are not unique to the context of risk man-501

agement, and therefore we hope that similar modeling approaches can be applied to the502

study of human behavior in other social dilemmas.503
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5 Methods504

In the proposed modeling framework, the evolutionary dynamics of strategy choices are gov-505

erned by imitation, and households within the population interact with each other through506

their utility functions. The state of the population is represented by the vector x ∈ N
S ,507

with S the number of strategies, and where the ith element of the vector, xi, represents the508

number of households that selects pure strategy i. At any given time, households can se-509

lect one of the eight strategy options representing different combinations of intra-household510

livelihood strategies (farming with or without migration), informal risk transfer (revenue-511

sharing), and formal risk transfer (index insurance). Households selecting strategy i receive512

an expected profit πi(x, t), but are risk- and loss-averse as they are sensitive to the vari-513

ance σ2
i (x, t) of strategy i and negative net income, respectively. To incorporate different514

decision-making preferences, we first consider the payoff function ui(x, t) of the risk- and515

loss-averse homo economicus, and add an altruism index in vi(x, t) and a solidarity index in516

wi(x, t). These preferences may be combined into one generalized utility function, zi(x, t)517

incorporating both altruism and solidarity.518

519

5.1 Material payoff functions520

Each agent following strategy i has an expected payoff πi(x, t), which can be written as521

πi(x, t) = Ii(t) +Ri(t) + Si(x, t)− Ci(t) . (1)522

We assume that agents consider one pair of strategies at a time (Section 5.6), and have per-523

fect information about the expected income and variance of these strategy options, which524

may change based on the strategy choices played by other households in the community.525

The expected income from farming Ii(t) at time t for strategy i accounts for the number of526

farming household members in case of migration through the migration adjustment factor527

η. The variance of the farming income is represented by σ2
I,i. A drought occurs in any crop-528

ping cycle with probability p, and the expected income in a non-drought (drought) year is529

represented by Ind (Id), with corresponding variance σ2
Ind (σ2

Id). We assume all agents farm530

mostly cereal crops based on a weighted average of crop production data from Nepal’s Chit-531

wan Valley (SI), though previous work has demonstrated that risk transfer policies may lead532

farmers to shift cropping strategies over the long term [57]. Ri(t) are the expected remit-533

tances of strategy i with corresponding variance σ2
R. Si(t) represents the income originating534

from informal and formal risk transfer in strategy i. In case of informal revenue-sharing, β535

represents the proportion of household farming income that is shared in an informal risk-536

sharing pool. Ci(t) are the costs corresponding to strategy profile i, and can consist of the537

farming cost CF, upfront migration cost CM, revenue-sharing cost β ·(Ii(t)−CF), and formal538

insurance premium CFI. An overview of the mean and variance of all strategy options can539

be found in the SI, Section 1.2.540

541

5.2 Utility including risk- and loss-aversion542

Grounded in the theory of the new economics of labour migration (NELM), we assume that543

households diversify their strategies to reduce the risk to their livelihood. To this purpose,544

the utility can be defined as the difference of the expected profit and the weighted profit545

volatility, given by πi(x, t)−b ·σi(x, t) where b represents the risk-aversion parameter. How-546

ever, as decision-makers tend to be more sensitive to experiencing losses versus gains of a547

similar magnitude [58], any potential loss is penalized with factor λ, with λ > 1 for most548

decision-makers. According to the loss aversion framework, decision-makers interpret payoffs549

in terms of gains and losses relative to a reference point. In the particular decision-making550

context of subsistence farming, the salient reference point is average farming cost, CF. That551

is, households will perceive farming investments as a loss if the net farming revenues they552

accrue (including costs and payouts from insurance and/or the revenue-sharing pool) do not553
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cover their initial expenses for a cropping season. Conversely, net farming revenues above554

those expenses are considered gains. This is equivalent to the status quo reference point555

evaluated by Lampe and Wurtenberger in their study of loss aversion and demand for index556

insurance [34], and allows us to evaluate the gains and losses of all farming risk management557

options on an equivalent basis. Households account for migration decisions separately from558

farm management decisions. Here, the relevant reference point for evaluating gains or losses559

from migration is 0. That is, if a household has not yet engaged in migration, then it will560

perceive an initial loss of CM, representing the upfront cost of migration. On the other561

hand, if a household has already engaged in migration, we assume there are no additional562

upfront costs borne by the household, and the expected remittance income Ri(t) is seen as563

a gain.564

565

Loss aversion is typically measured empirically using a cumulative prospect theory (CPT)
utility function. Since the utility function in this work is derived from mean-variance theory
(MVT), rather than CPT, the loss-aversion parameter is re-scaled such that it retains the
same meaning in the MVT framework. We do this by comparing the ratio of farming utilities
in a drought vs. non-drought year under both CPT and MVT (see SI, Section 1.3 for more
details). Accounting for loss aversion related to farming and migration losses, the utility
at time t from farming and migration of a self-interested, risk- and loss-averse household
following strategy i can be written as

uF
i (x, t) =

{

Ii(t) + Si(x, t)− CF − b · σI,i(x, t) if Ii(t) + Si(x, t) ≥ CF

λ ·
[

Ii(t) + Si(x, t)− CF − b · σI,i(x, t)
]

if Ii(t) + Si(x, t) < CF
(2)

and

uM
i (t) =

{

Ri(t)− b · σR(t) if CM(t) = 0

−λ · CM(t) if CM(t) > 0
(3)

Similar to the CPT framework, the loss-aversion factor is applied to the loss corrected for566

the risk penalty. We further explain the re-scaling of these parameters in Section 1.3 of the SI.567

568

Using (2) and (3), the total utility of a self-interested household at time t is given by

ui(x, t) = uF
i (x, t) + uM

i (t) , (4)

and the expected utility over drought and non-drought periods for each farming strategy i
can be calculated as

E[uF
i (x, t)] = p · ud

i (x, t) + (1− p) · und
i (x, t) , (5)

with ud
i (x, t) and und

i (x, t) the utility in a drought and non-drought period, respectively.569

570

5.3 Utility under pro-social preferences571

Building on frameworks from Foster and Rosenzweig [28], Lin et al. [29], and Tilman et
al. [59], we introduce an altruism index, α, which governs the degree to which individual
households prioritize the collective well-being of the community over their individual utility.
Different levels of altruism can be captured as follows in the utility function

vi(x, t) = (1− α) · ui(x, t) + α ·
1

N
·
∑

j

xj · uj(x, t)

= (1− α) · ui(x, t) + α ·
W (x, t)

N
, (6)

where α takes values in the interval [0, 1], and W (x, t) =
∑

j uj(x, t) represents the social572

welfare function. For α = 0, the decision-maker coincides with the self-interested household573
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(homo economicus) defined in (4), while for α = 1, the decision-maker is a complete altruist,574

attaching equal weight to the utility of each individual in the population, including him- or575

herself. In this case, vi(x, t) reflects the average per capita utility of the community; that576

is, the sum of all individual utilities normalized by the population size, N .577

578

We next introduce a solidarity parameter, κ, which specifies the degree to which a579

decision-maker takes actions that he or she wishes to be universalized. Different levels580

of solidarity are captured as follows in the utility function581

wi(x, t) = Ex̃ [ui(x̃, t)] . (7)582

In this utility function, the expectation is taken over the random vector x̃ where the strategy583

of each household is changed to strategy i with probability κ. Higher values of κ ∈ [0, 1] in-584

dicate a greater propensity to adopt the strategy that household i wishes were universalized.585

An alternative interpretation of κ is a trust parameter, in which higher values of κ indicate586

greater trust that other households will also act in solidarity with the focal household. For587

κ = 0, this decision-maker coincides with a homo economicus household, while for κ = 1588

the decision-maker acts as if all households select the same strategy. A high value of κ589

therefore corresponds with the concept of homo moralis, i.e. a decision-maker that defines590

what is ’the right thing to do’ from a self-regarding perspective and overcomes a priori the591

coordination problem [26]. This utility function may resemble the strategy of conditional592

cooperation [25], in which agents are predisposed to cooperate towards a pro-social goal, pro-593

vided they have some confidence that other agents are also likely to cooperate. To calculate594

the utility function including solidarity, we present an approximation in Section 1.6 of the SI.595

596

The self-interested, altruist, and solidarity preferences can be captured by a single gen-597

eralizing utility function as follows598

zi(x, t) = Ex̃

[

(1− α) · ui(x̃, t) + α ·
1

N
·
∑

j

xj · uj(x̃, t)
]

, (8)599

which allows us to model combinations of different levels of altruism and solidarity. An600

interpretation of households evaluating strategy options using zi(x, t) with non-zero α and601

κ, is that households in a community consider their peers’ well-being while trusting that a602

share κ of the community will follow the strategy choice of the focal household. Note that if603

α = 0, (8) reduces to the homo moralis preference in (7). Similarly, if κ = 0, zi(x, t) reduces604

to the altruist preference in (6), and if both α = κ = 0, the same equation reduces to the605

risk-averse homo economicus household of (4).606

607

In their decision-making, households consider the aggregated utility over time, which in608

case of a self-interested household is defined as609

zi(x, t) =

s=t+h
∑

s=t

ui(x, s)

(1 + r)s−t
. (9)610

The parameter h represents the time horizon over which farming households evaluate their611

strategy options, and r is the discount factor. This is particularly relevant for evaluating612

strategy options that include migration. Here, we assume that households engaging in613

migration pay an upfront cost CM in the first time step, and begin receiving remittances in614

subsequent time steps.615

5.4 Accounting for independent and covariate risk616

An important element of the model is to determine how different levels of independent617

and covariate risk affect the risk management strategies that emerge from farmer decision-618

making. The risk is determined through the standard deviations σi, covering the indepen-619

dent risk of livelihood strategy i; ϱ, capturing the base level correlation between household620
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farming incomes before any risk management strategies are applied; and p, capturing the621

probability of a shock event, e.g. drought, represented by a threshold frequency in the in-622

come cumulative distribution function below which income is assumed to be the result of623

an extreme event. Note that p also affects the expected income by re-shaping the income624

distribution as described in the SI, Section 1.4.2). Generally, independent risk increases625

with σi, whereas covariate risk increases with p and ϱ. The precise level of risk faced by626

each household depends on its risk management strategy and those of its fellow community627

members.628

629

Income correlation is relevant in case of revenue-sharing, which is only applied to the por-630

tion of the income originating from farming. The revenue of household k pursuing revenue-631

sharing from the combination of farming and revenue-sharing is given by632

IRS
i,k (x, t) = (1− β)Ii,k + β ·

1

|P(t)|

∑

l∈Pi(t), i∈SRS

Ii,l , (10)633

where Ii,k is the income from farming for household k following strategy i. The income
of household k pursuing revenue-sharing can be found by adding the proportional share of
the total contributions by the revenue-sharing pool P(t) =

⋃

i∈SRS Pi(t), where SRS stands
for the subset of strategies that include revenue-sharing. The mean farming income under
revenue-sharing can be written as

Ii(t) + Si(x, t) = µIRS

i
(x, t) = (1− β)µIi +

β

|P(t)|
· |P(t)| · µIi = µIi , (11)

and income variance under revenue-sharing can be written as

σ2
IRS

i

(x, t) =
(

(1− β)2 + 2(1− β)
β

|P(t)|
(1 + ϱ(|P(t)| − 1)) +

β2

|P(t)|
(1 + ϱ(|P(t)| − 1))

)

σ2
I ,

(12)

with ϱ the Pearson correlation coefficient assumed constant over time and equal between all634

pairs of households.635

636

5.5 Policy interventions637

We model the effect of a government providing a monetary subsidy, Is, to purchasers of
formal insurance, and analyze its relative effectiveness in encouraging household adoption
of socially-optimal risk management strategies. We assume that such subsidies are provided
immediately upon purchase of the insurance product in each cropping cycle, and take the
form of a fixed cash amount. The premium for insurance in each cycle can be written as

CFI = p · (Ind − Id)− Is . (13)

This type of intervention raises the expected profit of risk management strategies that638

include formal insurance, which increases their utility relative to strategies without formal639

insurance, ceteris paribus. However, the subsidies do not change the variance of strategies640

that include formal insurance: each intervention simply shifts the expected income higher641

for the strategies including formal insurance, while conserving the shape of their income642

distributions.643

5.6 Evolutionary selection mechanism644

Considering a population ofN households, each of which is following a strategy i ∈ {1, · · · , S},
we simulate how the fraction xi(t) of the population adopting strategy i evolves over time.
In each time step, a household is matched with another household randomly, and over one
generation of N time steps the entire population has, on average, the opportunity to change
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strategy. We also allow for a small mutation probability µ = 1/N representing the ran-
dom exploration of the strategy space. Mutations ensure that monomorphic states can be
left. The matching process does not correspond to a physical meeting between households,
but could also stand for information that arrives at a given household. When a household
of strategy i is matched with a household following strategy j, then we get the following
transition probabilities Ti→j between strategies i and j

Ti→j = (1− µ) ·
1

1 + exp
(

−β ·
zj(x,t)−zi(x,t)

zi(x,t)

) (14a)

Ti→k = µ ·
1

S − 1
, k ̸= i (14b)

Ti→i = 1− (1− µ) ·
1

1 + exp
(

−β ·
zj(x,t)−zi(x,t)

zi(x,t)

) − µ ·
1

S − 1
, (14c)

where 1/(1+exp (−β · x)) is the logistic function with steepness β. The transition probabil-645

ity in equation (14a) is based on utility differentials between household i and household j.646

Equation (14b) represents the probability of a random mutation, and (14c) is the probability647

that the focal household does not change strategy.648

649

5.7 Model setup650

We construct a Base Case to compare how different levels of risk and pro-social prefer-651

ences shape risk management strategies most likely to emerge, given a consistent set of652

assumptions. In this analysis, we assume a community of N = 100 households, and simu-653

late results for 200 generations of N decisions. Such a timeframe allows us to explore the654

long-term dynamics as households update their risk management strategies, in relation to655

those espoused by others in their community. To mimic real-world conditions such as those656

in Nepal and Ethiopia, in which formal climate insurance is not yet common, we further657

assume that the initial distribution of strategies in the community excludes formal insurance.658

659

We parameterize our model with economic and risk preference data from Nepali farming660

communities (SI Section 1.4, Table 3). Data on expected incomes and standard deviations661

of farming and migration livelihoods are taken from the Chitwan Valley Family Study [60], a662

longitudinal survey of farming households in one of Nepal’s most prominent agricultural re-663

gions. The correlation between farming incomes is also estimated from this source (SI 1.4.2)664

and data from the Index-Based Livestock Insurance program in Ethiopia’s Borena region665

[61], two regions of subsistence farming communities whose governments are experimenting666

with index insurance programs. We derived risk parameters from a composite of these cor-667

relation data and drought data for these two regions from the Standardized Precipitation668

and Evapotranspiration Index (SPEI) [62]. Data on farming costs are taken from Katovich669

and Sharma [63], and migration costs come from Shrestha [64]. Farmer risk preferences are670

derived using data from Mohan [65].671

672
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