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1 Further Background Material on Previous ABMs
The strengths and challenges of ABMs are apparent in their previous applications to the
climate-migration relationship. Kniveton et al. [1] developed one of the first such ABMs
to predict future migration patterns based on changing climatic conditions, focusing on
Burkina Faso as a case study. Agents are assigned migration probabilities based on statistical relationships between historical migration, demographic, and climate data. Social
networks are determined by randomly assigning each agent 50 connections to other agents
in the community. Hassani-Mahmooei and Parris [2] also build a predictive ABM of climateinduced migration in Bangladesh, but focus on the response to climate-induced shocks,
rather than long-term climate change as in Kniveton et al. Decision agents represent blocs
of 10,000 individuals of the Bangladeshi population, and evaluate migration decisions by
assessing the push, pull, and intervening factors for moving to different districts. Social
networks influence these thresholds through an imitation process in which agents emulate
the thresholds of agents with higher overall wealth. While these studies provide an initial
framework for conceptualizing a climate-migration ABM, they focus specifically on the
climate-migration relationship and do not embed the choice to migrate in the context of
other potential adaptation strategies.
A more recent set of climate-migration ABMs have sought to endogenize smallholder
farmer migration strategies in a broader decision-making process that includes other forms
of climate adaptation responses. Smith [3] explores the effects of different rainfall scenarios
on internal migration in Tanzania, where the climate-migration relationship is conditional
upon the agent income and food supply. There are two migration channels: a household
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can either pursue opportunity-based migration if it can afford the opportunity cost of lost
farm labor, or it may be forced to engage in need-based migration if its resilience level drops
below a minimum threshold. Entwistle et al. [4] develop future migration responses under
various scenarios of rainfall shocks in rural Thailand. Their model allows households to adjust the types of crops and amount of fertilizers used as climatic and soil conditions change;
young villagers between the ages of 15-29 can also migrate to the city to earn remittances.
Hailegiorgis et al. [5] explore adaptation among nomadic pastoralists in Ethiopia, who
decide how to allocate farm resources between crops and livestock, and whether to migrate
to different agricultural regions. Agents are more motivated to migrate once their assets fall
below a certain threshold, and rely on information from the past three years to estimate
payoffs of farming livelihoods in different regions. In contrast, the ABM developed by Bell
et al. [6] includes a wider range of livelihood strategies, including agricultural, industrial,
and service sector occupations. Decision-making agents are assigned an initial geographic
region and can choose to invest in local livelihoods or to migrate to other regions with
different livelihood prospects.

2 ABM Model Specification
2.1 Layer 1: Economic Rationality Details
Incomes derived from farming strategies are obtained from the Weibull distribution with
probability density function
 ³ ´
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0
if I < 0 ,
where µ is the scale parameter and κ is the shape parameter of the distribution. Values of
µ vary by strategy k, but there is no long-term trend in the viability of the strategies. This
assumption is relaxed in the Climate Impacts Layer.
The farm income I ik (x k , t ) with k ∈ [BAU, Diversification] is calculated using a saturating
function of the number of on-farm household members x k and the household’s draw from
the farming income distributions I ik (t ) ∼ Weibull(µ, κ)
(
I ik (x k , t ) =

I ik (t )
I ik (t ) ·
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where l 1 represents the Hill coefficient controlling the steepness of the saturating function.
This functional form is commonly used to represent saturating functions in ecological and
population dynamic settings [7, 8]. Here, it ensures that the opportunity cost in terms of
lost farm productivity is initially minimal for the first migrant leaving the household, but
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increases with subsequent migrants until there are relatively few people left on the farm,
resulting in low productivity.
Incomes earned from migration remittances are obtained from the log-normal distribution with probability density function
R 2

(ln R−µ )
1
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p · e 2(σR )2
RσR 2π

R ≥ 0,

(3)

where µR and σR the mean and standard deviation of the distribution, respectively. According to the New Economics of Labor Migration theory, households engaging in labor
migration as a risk diversification strategy prioritize sending migrants with the highest earning potential and the greatest incentive to remit. By this theory, subsequent migrants from
the same household would likely exhibit lower earning potential and/or lower incentive to
remit (e.g. an elderly parent). There is some empirical evidence from India that households
with multiple migrants tend to exhibit decreasing per capita remittances, compared to
single-migrant households [9]. We therefore adjust migration remittances as a function of
the number of household migrants as follows
k
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where x m = x hh − x k represents the number of migrants from household i at time t , l 2 is the
Hill coefficient for migration remittances, and R i (t ) is household i ’s draw of remittances
from the log-normal distribution with parameters defined in Table 1. For low values of x m
(i.e., households that have not yet sent many migrants), economically rational agents will
generally perceive that the net present value of expected remittances will outweigh the
opportunity cost of lost farm labor. However, depending on the relative values of l 1 and l 2 ,
at some x m the expected returns of sending an additional migrant may be less than this
opportunity cost, and the household will refrain from sending additional migrants. Such
a relationship roughly approximates observed phenomena in South Asian countries that
working-age males tend to form the majority of labor migration streams, while females and
the elderly/young are more likely to remain in farming occupations [10].
The model is initialized by randomly assigning each household i a starting savings S i (0)
drawn from an exponential distribution, and a starting strategy k i (0). The initial distribution of k i (0) can be set by a particular case study of interest. We use 2007 data from the
CVFS Labour Migration, Agricultural Productivity and Food Security Survey to initialize our
model. Initial distributions for BAU and Diverse are taken from the proportion of farmland
devoted to cereal and cash crops, respectively, and the initial Migrate proportion reflects
the proportion of households with at least one migrant in that year.
Table 1 displays Base Case values for key parameters in the Economic Rationality Layer,
3

Parameter

Average

Std Dev

Notes

I BAU
C BAU
I Diverse
C Diverse
R
C Migrate
l1
l2
P (k i (0)) = BAU
P (k i (0)) = Diverse
P (k i (0)) = Migrate

163
170
822
547
595
500
2
2
0.832
0.168
0.045

199
0
650
0
998
0
N/A
N/A
N/A
N/A
N/A

Decreases with decreasing household size
Decreases with decreasing household size
Per migrant, decreases with increasing migrants
For first year only
Exponent for decreasing farm productivity
Exponent for decreasing remittance returns
BAU initial proportion
Diverse initial proportion
Migrate initial proportion

Table 1: Layer 1 (Economic Rationality) Parameters for one cropping cycle.
which are used to generate results in Section 3. The sensitivity of these results to different
parameter values is explored further in Section 5.3.4 of the SI.

2.2 Layer 2: Bounded Rationality and Social Network Impact Details
The social network in Layer 2 is established by randomly assigning each agent a set of
connections to other agents in the model. These connections are directional (i.e., A may
influence B, but B does not necessarily influence A), and the number of connections j i established for household i is determined by randomly drawing from a power law distribution
of the form
P ( j i ) = ( j i )−γ , 0 ≤ j i ≤ N ,

(5)

where γ is a parameter that controls the steepness of the distribution. Here, connections
represent incoming links, in that any connections assigned to household i represent the
reference group to which it will compare its wealth and derive information on strategy
incomes.
Households combine information about the percentage difference Oi i (t ) between own
profits at time t and profits in the previous m years, and the percentage difference O j i (t )
between the profit at time t and the profit among their social connections at time t . These
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quantities can be written as
k
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The average of the profit differentials must be lower than the status-quo threshold λ in order
to motivate the household to re-evaluate its strategy. Let Ji be the set of social connections
of household i with cardinality |Ji |, then we can write the probability p i (t ) of household i
to re-evaluate its strategy as
P

1 if Oi i (t )+ j ∈Ji O j i (t ) < λ
|J
Pi |+1
(7)
p i (t ) =
0 if Oi i (t )+ j ∈Ji O j i (t ) ≥ λ .
|Ji |+1

Note that in this layer, households are assumed to equally weigh information about changes
in their own profits over time and that of each of their network connections. It is also assumed that λ and risk weight b i remain constant for each household throughout the
duration of the simulation, as empirical evidence demonstrates that risk preferences are
unlikely to change significantly over one’s adult lifetime [11].
Households combine information from public sources and their social network in
forming perceptions about strategy incomes. For simplicity, we assume that this public
information represents the true expected income and income volatility of each strategy.
However, the degree to which households rely on public information is limited by poor
literacy, access to information media through websites and newspapers, and/or limited
trust in public sources. Households also rely in part on memories of their own income
derived from the strategies they deployed in previous years, as well as information received
from other households in their social network. We also assume that households forget
older information, such that perceived incomes only reflect observations within a given
memory window with memory length m. In the perception of household i , the expected
I
I
income µi k (t ) and income volatility σi k (t ) are a convex combination of public and social
information with respective weights ωi and 1 − ωi . Social information differs for each
household based on their varied experiences and their different network connections. The
perception of expected income and income volatility are given by
I

I ,social

µi k (t ) = ωi · µI k (t ) + (1 − ωi ) · µi k
I
σi k (t ) = ωi
I ,social

with µI k (t ) and µi k
Ik

σ (t ) and

I ,social
σi k
(t )

(t )

I ,social
· σI k (t ) + (1 − ωi ) · σi k
(t ) ,

(8)

(t ) the public and social information on expected income, and

the public and social information on income volatility. As to the
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public information, µI k (t ) and σI k (t ) are the actual mean and standard deviation of the
Weibull/Lognormal distributions specified for each strategy, according to parameters listed
in Table 1. This represents a situation in which public information sources are assumed to
provide an accurate picture of the overall distribution of strategy incomes. By contrast, the
I ,social
I ,social
values of µi k
(t ) and σi k
(t ) differ for each household; they are a function of the
household memories for income received over the memory window and the observations
of received income over the memory window of the social connections of household i . Let
Jik (t ) represent the set of social contacts of household i applying strategy k at time t with
corresponding cardinality |Jik (t )|, then we can write
Pt f −1
I ,social

µi k

(t f ) =

Pt f −1 P
k
k
t =t f −m I i (t ) + t =t f −m j ∈Jik (t ) I j (t )
m+

Pt f −1

k
t =t f −m |Ji (t )|

v
u Pt −1
P
P
I k ,social
I k ,social
u f
k
k
2 + t f −1
(I
(t
)
−
µ
(t
))
(t ))2
u
t
=t
−m
t
=t
−m
j ∈Jik (t ) (I j (t ) − µi
i
i
f
f
I k ,social
u
σi
(t f ) = t
,
Pt f −1
m + t =t f −m |Jik (t )|
(9)
where I ik (t ) represents the income received by household i from strategy k at time t . The
perceived expected utility U (µki (t ), σki (t )) from strategy k becomes more accurate with a
higher weighting ωi and through increased network connections, which increase its observations of strategy incomes. In this layer, ωi is randomly assigned to households through
a normal distribution (Table 2). In the Demographic Layer, we introduce a correlation
between ωi and the educational attainment of the head of household.
The literature on migrant networks indicate that networks of current and previous
migrants provide potential future migrants with crucial information about safe and efficient
ways to reach the city, an economic and social support system to facilitate the first few
months in the city, and help to normalize a process that otherwise might appear daunting or
even frightening [12, 13]. In this layer, the effects of social networks on migration propensity
are operationalized by adjusting the cost of migration C Migrate (t ) as a decreasing function
of the fraction f i (t ) of a household’s social network that is currently residing in the city. This
is governed by the equation
C Migrate (t ) =

( Migrate
C0
e − f i (t )

for year t
for years t + 1, t + 2, ...

0

Migrate

(10)

where C 0
represents the initial migration cost without assistance from the social network. This assumes that migration requires the household to pay an initial up-front cost
for travel and initial establishment in the city, and that this cost decays exponentially as
a greater proportion of i ’s social network migrates. After the first year, the migrant from
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Table 2: Layer 2 (Bounded Rationality and Social Network Impact) Parameters
Parameter

Average

Std Dev

Description

λ
bi
ωi
γ
Avg. degree
m

0.0
0.5
0.25
-2.5
4.5
10

0.0
0.2
0.0
N/A

Status quo threshold
Risk aversion coefficient
Weight of public information
Exponent for network connections
Average number of social connections
Memory of agents (crop cycles)

0

Table 3: Layer 3 (Demographic Stratification) Parameters
Educational
Attainment

Proportion
of households

Savings S i (0)
(Variance)

Risk Weighting b i
(Variance)

Public Weight ωi
(Variance)

Primary

0.65

100
(100)

0.60
(0.2)

0.10
(0.0)

Secondary

0.30

1000
(1000)

0.30
(0.2)

0.25
(0.0)

Tertiary

0.05

2500
(2500)

0.20
(0.2)

0.50
(0.0)

household i is assumed to be self-sufficient and returns any additional revenues earned as
remittances for the household.
Table 2 displays the base case values used for the additional parameters introduced in
this layer.

2.3 Layer 3: Demographic Stratification Details
In this layer, household agents are assigned an educational status (Primary, Secondary, and
Tertiary). For this analysis, we aggregate the breakdown of the population by educational
status in Nepal’s Chitawan District (which includes the Chitwan Valley) in the 2011 Nepal
Population and Housing Census [14] to approximate the proportion of households in each
of these categories. Each of these statuses is correlated with three parameters: the initial
savings level S i (0), the degree of risk aversion b i , and the weight of public information
sources ωi . Table 3 displays the proportions of households in each educational attainment
category, as well as the values assigned for each of the three parameters.
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2.4 Layer 4: Climate Stress Details
The specification for long-term impact of temperature increase on crop yields is as follows:
µI k (t ) = µI k (t 0 ) · (1 − βyield (T (t ) − T0 )) ,

(11)

with T (t ) = T0 + ∆T · t . The parameter βyield is the coefficient relating temperature increase
to a proportional change in crop yield, and ∆T represents the average annual rate of change
in mean temperature. A main hypothesis under this scenario is that accuracy of information and the willingness to adopt new strategies becomes increasingly important for
accurately perceiving climate risks and securing resilient livelihoods. Therefore, households with a higher number of social connections and low risk aversion are more likely
to choose viable livelihoods; these factors are linked with higher educational attainment,
which also correlates with a higher initial wealth that enables households to afford new
management strategies. By contrast, households with poor social connections and/or
low social thresholds are more likely to hold onto farming-based strategies even as these
incomes decrease over time. In extreme cases, some of these households may decide to
remain with non-optimal strategies until they can no longer financially afford to change,
reflecting an emergent immobility of the population [15, 16].
The increasing frequency of droughts is calculated based on the standardized precipitation and evapotranspiration index (SPEI). The SPEI combines two key features of drought
indices: it allows for droughts to be calculated on multiple timescales (e.g. measures of
3-month vs. 48-month water deficits) and explicitly includes temperature as an input for
measuring potential evapotranspiration (PET). Importantly, the SPEI is more strongly correlated with measures of crop yield reductions than other drought indices for most regions
in the world [17]. The SPEI 3-month index is the most relevant timescale for agricultural
purposes given that most cereal crops growing seasons are between 3-4 months in most
regions of the world. This has also been shown to be the most strongly correlated timescale
with crop yield changes in the North China Plain [18].
In each timestep of the model, we assign the community an SPEI number by randomly
sampling from the SPEI distribution. The SPEI distribution is time-dependent and we
perform a regression analysis in order to model the minimum 3-month SPEI value in each
year as a function of the mean annual temperature. We use SPEI and temperature data from
1980-2005 for the Chitwan Valley, an agricultural region in Nepal’s Mid-Hills ecological belt,
which has been a source of significant out-migration in recent decades. The regression
analysis provides a coefficient of -0.247, indicating that an increase of 1o C in mean annual
temperature is correlated with a decrease of 0.247 in the minimum 3-month SPEI value in
each year. The minimum value of the SPEI distribution in each year is thus parameterized
in our model as a function of mean annual temperature, T (t ):
µSPEI (T ) = βSPEI · (T (t ) − T0 )

8

(12)

Table 4: Layer 4 (Climate Stress) Parameters
Parameter

Average

Std Dev

Notes

∆T
βyield

1.5o C
-0.1

N/A
0.0

Change in mean annual temperature
Change in crop yield due to 1o C warming

βSPEI

-0.25

0.0

Change in mean July SPEI03
due to 1o C warming

τBAU
τDiverse

-2.0
-1.5

0.0
0.0

Threshold SPEI03 value for BAU extreme drought
Threshold SPEI03 value for Diverse extreme drought

where βSPEI controls the SPEI-temperature relationship (-0.247 in the base case), and the
variance of the distribution is assumed to remain constant.

2.5 Policy Interventions Details
Households form perceptions about the risk of drought p ik (t ) for crop k by combining
public and social information sources. Similar to the Bounded Rationality and Social
Network Impact layer, social information sources combine observations from household i ’s
network connections, as well as its own experiences over the past m years. The perception
of drought risk can therefore be written as
P

Pt f −1 P
t f −1
k
k
d
(t
)
+
d
(t
)
k
t =t f −m j ∈Ji (t ) j
 t =t f −m i

p ik (t f ) = ωi · P (d k (t )) + (1 − ωi ) · 
(13)
,
Pt f −1
k
m + t f −m |Ji (t )|
where the second term in the square brackets represents the social information from direct
neighbours. The variable d i (t ) is a binary variable representing a drought event that takes
the value of 1 if household i experienced a drought in year t , and 0 if not. The probability
P (d k (t )) represents the objective probability of an extreme drought for farming strategy k
in year t . As such, households use a combination of objective forecasts on the probability
of drought, as well as memories of the frequency of previous disasters for specific farming
strategies as a heuristic to forecast the probability of future disasters. The perceived drought
I
risk p ik (t ) is used to calculate the perceived income volatility σ̃i k (t ) in the presence of indexbased insurance
I

I

σ̃i k (t ) = (1 − p ik (t )) · σi k (t ) ,
I

whereas the perceived expected income µ̃i k (t ) is calculated as in (15).
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The notation used throughout the paper is summarized in Table 5.
Table 5: Summary of notation
Notation
λ
bi
ωi
Ei
∆T
βyield
βSPEI
τk
h
S i (t )
K
Ji
Jik (t )
|K |
k k
I i (x , t )
x hh
R i (x k , t )
C ik (t )
πki (t )
µki (t )
σki (t )
µI k (t )
σI k (t )
I ,social
µi k
(t )
I k ,social
σi
(t )
Ik
µi (t )
I
σi k (t )
µI k ,nd (t )
µI k ,d (t )
µ̃I k (t )
σ̃I k (t )
I
µ̃i k (t )
I
σ̃i k (t )
µR
σR
µ̃R (x i , t )
σ̃R (x i , t )

Description
status-quo parameter
risk aversion parameter of household i
information preference parameter of household i
education parameter
average annual rate of change in mean temperature
coefficient relating temperature increase with change in crop yield
coefficient relating temperature increase with change in mean SPEI
drought threshold for strategy k
time horizon in decision-making process
household savings
strategy set
set of social contacts of household i
set of social contacts of household i applying strategy k at time t
cardinality of set K
household income from farming strategy k with x k on-farm household members
total number of household members
remittances received by household i with x k on-farm household members
cost of strategy k
profit of household i employing strategy k
expected profit of strategy k perceived by household i
profit standard deviation of strategy k perceived by household i
true expected income from farming strategy I k
true income standard deviation from farming strategy I k
social information on expected income from farming strategy I k
social information on income standard deviation from farming strategy I k
expected income from farming strategy I k perceived by household i
income standard deviation from farming strategy I k perceived by household i
true expected income from farming strategy I k in non-drought year
true income standard deviation from farming strategy I k in drought year
true expected income from farming strategy I k adjusted for index insurance
true income std dev from farming strategy I k adjusted for index insurance
perceived expected income from farming strategy I k adjusted for index insurance
perceived income std dev from farming strategy I k adjusted for index insurance
true expected income of remittances
true standard deviation of remittances
true expected income from remittances adjusted for presence remittance bank
true income std dev from remittances adjusted for presence remittance bank
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U (µki (t ), σki (t ))
ρ
k
L (t )
I subs
Oi i (t )
Oi j (t )
dep

R i (x i , t )
po
R i (x i , t )
ρ rem
p k (t )
l1
l2
γ
∆T
p i (t )
R subs

utility function
discount rate
expected losses in drought year for farming strategy k
government subsidy
profit differential with respect to past profits
profit differential with respect to past profits of social connections
deposits to remittance bank by household with x i on-farm household members
payouts by remittance bank to household with x i on-farm household members
fraction of remittances deposited in the remittance bank
probability of a drought for farming strategy k at time t
exponent for decreasing farm productivity
exponent for decreasing remittance returns
exponent of the degree distribution for the number of social connections
increase in mean annual temperature between 2006 and 2050
probability to re-evaluate strategy
government subsidy for remittance bank
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3 Further Model Results
3.1 Household Perceptions of Diverse and Migrate Income
Households in the model can form different perceptions of the mean and variance of an
income distribution for each strategy k. These perceptions are influenced by the observations of specific income draws for strategy k received by the social network of household i ,
as well as its own income draws over the memory window. The perception of the income
distribution also depends on the weight ωi that each household assigns to objective information (SI 5.2.2, Equations 16-17).
Here we show by means of a spectrogram how household perceptions of the mean
and variance of the Migrate (Fig. 6) and Diverse (Fig. 7) strategies are distributed through
the course of the model time frame. For both strategies, we observe that as Demographic
Stratification and Climate Impacts are introduced, household perceptions of the mean
and standard deviation of these income distributions diverge. This is particularly the case
for the perceived standard deviation of each strategy in the Climate Impacts layer. This
suggests a feedback between the diminished ability of some households to afford high-cost,
high-risk, high-reward strategies as climate impacts manifest, and differential perceptions
of strategy risks. In particular, as fewer households have the ability to adopt such strategies
and share information within their networks, households with lower access to objective
information are more likely to diverge in terms of their perceived risks.
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(a) BR+SNI - Migrate Mean

(b) BR+SNI - Migration Std Dev

(c) DS - Migrate Mean

(d) DS - Migration Std Dev

(e) CI - Migrate Mean

(f ) CI - Migration Std Dev

Figure 1: Perception of mean (left) and standard deviation (right) of remittances per migrant. For
each plot, ranges of the perceived mean and standard deviation are displayed on the y-axis, and the
proportion of households perceiving this range of values is indicated by the color shading, with red
indicating a higher proportion of households perceiving this range. Plots are arranged progressively
for three model layers (BR+SNI = Bounded Rationality + Social Network Impact; DS = Demographic
Stratification; CI = Climate Impacts).
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(a) BR+SNI - Diverse Mean

(b) BR+SNI - Diverse Std Dev

(c) DS - Diverse Mean

(d) DS - Diverse Std Dev

(e) CI - Diverse Mean

(f ) CI - Diverse Std Dev

Figure 2: Perception of mean (left) and standard deviation (right) of payoff for Diverse strategy. For
each plot, ranges of the perceived mean and standard deviation are displayed on the y-axis, and the
proportion of households perceiving this range of values is indicated by the color shading, with red
indicating a higher proportion of households perceiving this range. Plots are arranged progressively
for three model layers (BR+SNI = Bounded Rationality + Social Network Impact; DS = Demographic
Stratification; CI = Climate Impacts).
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3.2 Differential Effect of Demographic Stratification and Climate Stress
In the Demographic Stratification and Climate Impacts layers, agents are assigned an educational attainment level (Primary, Secondary, or Tertiary educational attainment). A
household’s educational level is correlated with three variables that affect strategy decisions: risk aversion b i , weight given to objective information ωi , and an initial savings
level, S i (t = 0) (SI Section 5.2.3). Here, we disaggregate household strategy choices by
educational status under Scenario B (∆T = 1.5o C , b̄ = 0.5) for both of these layers (Fig. 8).
Generally, households with higher educational status are more likely to pursue both Diverse
and Migrate as livelihood strategies, whereas households with lower educational status
are more likely to remain in the BAU livelihood. Climate impacts reduce the proportion of
households pursuing Diverse in all educational categories, compared to the Demographic
Stratification layer. However, the effects of climate on the use of migration is dependent
on educational status: households with tertiary and secondary educational status do not
display a significant drop in migration compared to the demographic stratification layer,
whereas migration is reduced by 50 percent among primary educated households. This
supports previous work that demonstrates the significance of educational attainment for
mitigating climate risk vulnerability [19].
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Figure 3: Breakdown of livelihood strategy choices by household educational status for Demographic Stratification model layer (left) and Climate Impacts model layer (right). For each layer, the
choices of tertiary-educated households are displayed in the top panels, followed by secondaryeducated households in the middle panels, and households with primary educational attainment in
the bottom panels.
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3.3 Model Validation
Data collected by the Nepal Chitwan Valley Family Study (CVFS) allow a partial validation
of the model results. The CVFS "Labour Migration, Agricultural Productivity and Food
Security Survey" is a longitudinal survey of 2,255 households in the Chitwan Valley from
2006-2015, with questions regarding household farming and migration decisions, including
both on-farm and remittance income earned in each survey year [20]. We initialize the
agent-based model with the CVFS data on the initial distribution of households farming
cereal crops vs. fruits and legumes, and the proportion of households engaging in migration.
As the 2006 data only reported 2 households engaging in migration, we use the 2007 data, in
which 101 households (4.5 percent of the sample) reported migration, as the starting point.
A partial validation of the ABM is conducted by comparing the predicted model outcome with survey data along two dimensions. First, we conduct 100 simulations of the full
model (i.e. including all layers through Climate Impacts) to generate a distribution of the
proportion of households pursuing each livelihood strategy by year 2015 (time step 17 in
the model). We then compare this with data from the CVFS survey on the area of farmland
devoted to farming cereal crops vs. legumes and fruits at this time (Fig. 9a).
The distribution of model results exhibits substantial variance, reflecting several sources
of stochasticity. Specifically, in each simulation, we randomize: (1) the exact structure of the
social network (while keeping the average degree and power law distribution of connections
constant); (2) the specific time steps in which droughts for BAU and Diverse crops occur
(while keeping the distribution stationary); and (3) the specific income draws, I ik (t ) and
R i (t ), for each household in each time step (while keeping the true expected income µI k (t )
and standard deviation σI k (t ) of each strategy constant). Despite these sources of stochasticity, the model predictions of the mean fraction of households pursuing BAU vs. Diverse
strategies by 2015 (67 and 33 percent, respectively) closely match the observed CVFS data
on the proportion of agricultural land dedicated to these crop types by the same time (72
and 28 percent). However, the model significantly underestimates the observed proportion
of households that migrate by that time (a predicted value of 40 percent vs. an observed
value of 72 percent). There are likely two reasons for this discrepancy. First, the model only
accounts for migration motivated by economic reasons, whereas real-world migration may
also occur for other motives (e.g. marriage). Second, some of the observed migration may
reflect short-distance moves within the Chitwan District, whereas the migration costs in
our model assume longer-distance migration.
To further explore this discrepancy, we conduct validation along a second dimension:
the distribution of model household members/survey respondents that migrate by the year
2015 (Fig. 9b). In the model, this number can range from 0 to 5; the range in the CVFS data
is from 0 to 17. For comparison purposes, we group all CVFS households sending 5 or more
migrants in the same "5+" category. We find that our model substantially overestimates
the percentage of households sending no migrants (63.2 percent in the model vs. 28.2
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percent in the CVFS data), and underestimates the proportion of households sending only
1 migrant (4.4 percent in the model, vs. 32.3 percent of households in the CVFS data).
On the other hand, the model closely matches the proportion of households sending
between 2 and 4 migrants (30.8 percent in the model, vs. 33.2 percent in the CVFS data). It is
difficult to draw firm conclusions from this comparison without further data on household
motivations for migration, but we can assume that households sending multiple migrants
are more likely to be reflective of economic motivations for migration, while households
that only send 1 migrant likely reflect a combination of economic and social (e.g. marriage)
motivations for migration. We therefore interpret this result as further support for the
model’s ability to capture the dynamics of economic migration decisions, while acknowledging that other migration motivations are outside our scope.
We also note that the model underestimates the proportion of households sending 5
or more migrants (1.8 percent of households in the model send 5 migrants by this time,
compared to 6.3 percent of households in CVFS data sending at least 5 migrants). This
reflects the model’s limitations in capturing the dynamics of livelihood decisions for large
household sizes. The decision to limit household size in our model was made for reasons
of modelling efficiency, but we acknowledge that larger household sizes are likely to play
a small but important role in shaping agricultural adaptation pathways, and could be
incorporated in future work.
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(a) Household Strategies in 2015

(b) Migrants per Household in 2015

Figure 4: (a) Comparison of model results and CVFS data for the year 2015, displayed in a raincloud
format that illustrates the distribution of outcomes (including mean and interquartile range) over
100 simulations for Model Layer 4. CVFS data is represented by the single points above each strategy.
Note that the data for BAU and Diverse represent the proportion of cropland that was dedicated
to cereal and vegetable crops, respectively, as several households grew both kinds of crops. (b)
Comparison of model results (blue) and CVFS data (orange) for the distribution of household
members/survey respondents based on the number of migrants per household in 2015. As the CVFS
data included a few households with more than 5 migrants, the top orange mode represents the
number of households with 5+ migrants in 2015.
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3.4 Sensitivity of Optimal Strategy and Adaptation Pathways to Key Parameters
To test the robustness of model results to uncertain model parameters and other sources of
stochasticity, we conducted sensitivity analyses of household strategy choices to various
exogenous and cognitive parameters (Figs. 10-11).
Figure 10 displays the sensitivity of model results to three key parameters: the risk aversion parameter b i , the information preference parameter ωi , and the degree of temperature
change ∆T during the model run. We analyze the effects of these parameters on individual
decision-making and on collective outcomes. At the individual scale, different parameter
combinations of risk weighting, access to information, and temperature change lead to
different preferences regarding the optimal strategy option (Fig. 10a-b). With little to no
temperature change (∆T = 0 and ∆T = 1), the optimal strategy under objective information
and low risk weightings (b i <= 0.5) is farming Diverse crops, plus sending two household
migrants (Fig. 10a). For households with higher risk weightings (e.g., b i > 0.75), a full household farming Diverse crops would be the optimal strategy. However, there are discrepancies
between the optimal strategy choice under objective and perceived information for low
temperature change; for example, under a temperature increase of 10C and risk weightings
b i > 0.2, households perceive various combinations of farming BAU crops and migration to
be the optimal choice (Fig. 10b). If temperature increases become more significant (e.g.,
∆T = 30C , gold markers), the objective optimal choice for low risk weightings is to send
all working-age household members as migrants, while under most risk preferences the
optimal choice is for households to farm BAU crops (with some migration for moderate
risk weightings). By contrast, information from households’ social networks generally indicate that fully abandoning farming is the optimal strategy choice for households with risk
weightings b i < 0.4. Under more extreme temperature increases (e.g., ∆T = 50C , blue markers), there is more agreement between the objective and perceived optimal strategy choices:
either completely migrate if a household has low risk preference, or stay and farm BAU
crops if households have high risk preferences. Discrepancies between the optimal strategy
choices under objective and perceived information are driven by the limited information
that can be obtained from social networks. As most households in our small-world network
have relatively few connections and relatively short memories (10 cycles, or 5 years), they
often have only a few observations of the higher-risk, higher-cost strategies (i.e., Diverse
and Migrate). As the income distributions for these strategies are positively-skewed, this
causes some households to underestimate both the mean and variance of these strategies,
which can lead to different perceived strategy choices compared to objective information.
On a community scale, strategy choices become more disperse across several options,
as households make choices and exchange information reflecting different risk preferences,
differential access to objective information, and differential financial abilities to afford
higher-cost strategies. We assess the community-scale impacts of risk weighting, access
to information, and temperature change using Model Layer 2, in which all households
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exhibit homogeneous bounded rationality parameter values. These are held constant at
average values (b = 0.5 and ω = 0.25), except for the parameter being varied, in order to
isolate its effect on model outcomes. We also include the effect of random droughts under
a stationary distribution (∆T = 0o C ), except for the temperature sensitivity. Results display
the average distribution of strategy choices among households at t = 50 in the model, with
shaded areas representing +/- 1 standard deviation in results among the 100 simulations.
The main sources of stochasticity in these tests are: (1) the social network configuration for
each simulation, in which households are assigned randomized social networks based on a
constant power law function; (2) the random draws of income in each time step from the
strategy payoff functions; and (3) randomized occurrence of extreme droughts.
Increasing the risk aversion through the parameter b i decreases the adoption of highrisk, non-BAU strategies (Fig. 10c), consistent with the individual-scale results above. Most
of this sensitivity occurs in the range 0.5 ≤ b ≤ 1.0, over which there is a sharp decrease in the
proportion of households that migrate and farm Diverse crops. Consistent with results from
Fig. 10b, this is the range over which the relatively high variance of these strategies, relative
to their expected incomes, are perceived to be too high by most households. As households
increasingly weigh objective sources of information on strategy payoffs, relative to their
social networks - owing to trust in and/or access to objective sources - their adoption
of the Diverse strategy increases (Fig. 10d). Again, this reflects the tendency of agents
to underestimate the skewed distribution of income from each strategy under limited
information. Once households have close to perfect information (ω > 0.8), the proportion
of households engaging in migration drops sharply; this reflects the transition point at
which a full Diverse strategy becomes optimal under objective information, a risk weight of
b ≥ 0.5, and ∆T = 0o C (Fig. 10a). As temperatures increase, households increasingly switch
to the lower-risk BAU farming strategy (Fig. 10e). This is somewhat different than what
is predicted by the individual-scale result, in which households with low risk preferences
prefer to fully migrate. This discrepancy is due to increasing climate stress eroding farmers’
financial resources; even though some households would prefer to completely migrate,
they have less financial ability to do so.
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(a) Opt. Strategy - Objective Information

(c) Risk Weight, b i

(b) Opt. Strategy - Social Network Information

(d) Objective Information Weight,
ωi

(e) Temperature Change, ∆T

Figure 5: Effects of Risk Weight(b i ), Objective Information Weight (ωi ), and Temperature
Change (∆T ) on Household Strategy Choices. a-b) Comparison of optimal individual strategy
options (y-axis) over a range of risk preferences (x-axis). For each risk preference value on the x-axis,
markers indicate the strategy option that maximizes utility after different degrees of temperature
change ∆T . Labels on the y-axis refer to individual strategy options; e.g., "Diverse + 2" indicates
farming Diverse crops with 3 household members, and sending 2 household members as migrants.
Panel (a) displays these optimal strategies using completely objective information; panel (b) displays optimal strategy choices using the average information obtained from social networks. This
latter quantity is derived by calculating the average perceived profit and variance of BAU, Diverse,
and Migrate strategies among households in the community under the specified ∆T . The actual
distribution of households by risk preferences is indicated by the red histogram. Under objective
information and low temperature change (∆T = 00C and ∆T = 10C , the objectively optimal strategy
choices would be some combination of Diverse farming and/or engaging in migration for all risk
weightings. However, information from social networks indicates that for high risk weightings
(generally, b i > 0.5), strategies that combine BAU farming and migration are generally perceived
as optimal. For higher degrees of temperature change (e.g. ∆T = 30C and ∆T = 50C ), objective
information indicates that sending all 5 working-age household members as migrants is optimal
for low risk weightings (b i < 0.1 for ∆T = 30C ; b i < 0.3 for ∆T = 50C ); combinations of farming
BAU crops and some migration is optimal for medium risk weightings (0.1 < b i < 0.6 for ∆T = 30C ;
0.3 < b i < 0.6 for ∆T = 50C ), and having all family members farm BAU crops is optimal for high
risk weightings (b i > 0.6). Information gleaned from social networks generally concurs with these
choices, with the exception that for ∆T = 30C , there is a wider range of risk weightings for which
Full Migrate is perceived as optimal (b i < 0.3). Panels (c) - (e): Community-level sensitivities of
household strategy choices to key uncertain parameters. Results reflect the proportion of households deploying each strategy after 50 time steps in the model, representing year 2032, by which
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time most strategy distributions are close to steady-state.
Solid lines indicate average values over
100 simulations for each parameter value; shaded regions represent +/- one standard deviation.

In addition to these sensitivities, we also display single-parameter sensitivities for other
model parameters in Fig. 11. The proportion of households pursuing the Migrate strategy exhibits some sensitivity to household memory length, m. All other parameters held
at their Base Case values, more households are likely to pursue Migrate if memories are
shorter. Similar to the sensitivity mentioned above to the weight of public information, ωi ,
shorter memory lengths provide fewer observations, and therefore less accurate information regarding the true expected mean and variance of strategy incomes. This especially
affects the perception of the high-risk, high-payoff Diverse strategy under a skewed Weibull
distribution, as households with short memories are less likely to observe high income
draws. In this environment, more households choose Migrate as an alternative livelihood
strategy that is less costly and less risky than Diverse.
Our model results do not exhibit substantial sensitivities to our assumptions around
the initial distribution of Migrate and Diverse households (Fig. 11c-d), or the starting
household size x hh (Fig. 11b). We note that this latter sensitivity analysis is conditional on
our assumptions regarding how strategy incomes change as a function of multiple migrants
from a household (SI, Equations 10 and 11), and on how migration costs are a function
of the proportion of migrants in a household network (SI, Equation 17). Future work is
necessary to test whether these relationships hold for a large range of household sizes.
In sum, our model sensitivities indicate that in situations where farming households
view migration and other adaptation strategies with a high degree of uncertainty, risk
aversion and access to objective information both serve to mediate the climate-migration
relationship. These two characteristics can differ across geographical and cultural contexts
[21], as well as across time as societies evolve, pointing to the importance of evaluating
potential policy interventions under broad ranges of these parameters.
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(a) Memory Length m

(b) Household Size

(c) Initial Migrate Distribution

(d) Initial Diverse Distribution

Figure 6: Additional sensitivities of model results to individual parameters.
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3.5 Effects of Model Layers on Key Outcomes
As a complement to Fig. 3 in the main text, in this section we display the effects of specific
model layers on two additional model outcomes: average community income and GINI
coefficient (Fig. 12). Similar to Fig. 3, we conduct these analyses for the three illustrative
scenarios: Scenario A (b̄ = 0.25, ∆T = 4.50C ), Scenario B (b̄ = 0.5, ∆T = 1.5o C ), and Scenario
C (b̄ = 1.25, ∆T = 3.0o C ).
We note a few robust findings that are consistent across all scenarios. First, climate
impacts lower average income and increase inequality, as measured by the GINI coefficient.
In all cases, each of these effects is accentuated by financial restrictions (i.e., the combination of financial restrictions and climate impacts further decreases average income, and
the combination of financial restrictions and climate impacts further increases inequality).
Second, risk aversion in all cases reduces average income and increases inequality.
Interestingly, financial restrictions dampen the impact of risk aversion on income; that is,
risk aversion would lead to an even higher decrease in income in the absence of financial
restrictions. This is because financial restrictions already prevent some households from
choosing high-risk, costly strategies (Diverse and Migrate); therefore, risk aversion in the
presence of financial restrictions has slightly less of an impact on lowering incomes. However, financial restrictions enhance the effect of risk aversion on increasing inequality; both
of these mechanisms combine to prevent many households from pursuing the high-risk,
high-reward strategies, while a few households have both the financial resources and risk
appetite to adopt these strategies, thereby increasing inequality.
Third, the presence of social networks increases community incomes, but this effect is
dampened by financial restrictions. In the absence of such restrictions, households that
earn more income will motivate their neighbors to pursue similar strategies through the
sharing of information. Migrant networks also lower the cost of migration for each subsequent migrant in a network. However, financial restrictions may prevent some households
from changing strategies, even if they are motivated to do so.
Finally, demographic stratification predictably increases inequality and lowers average
income. Correlating risk aversion, access to accurate information, and financial resources
results in a small segment of the population (notably, those with secondary and postsecondary education) that have the information, risk appetite, and financial resources
to pursue higher-risk, higher-reward strategies. Meanwhile, a larger segment (those with
primary educational attainment) of the population either perceives the lower-risk, lowerreward strategy to be optimal, and/or does not have the financial resources to switch
strategies.
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(a) Scenario A - Average Income

(b) Scenario A - GINI

(c) Scenario B - Average Income

(d) Scenario B - GINI

(e) Scenario C - Average Income

(f ) Scenario C- GINI
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Figure 7: Effect of each model layer on average community income (left) and GINI coefficient (right)
across three illustrative scenarios. Orange bars represent the effect of the specified layer without
financial restrictions, green bars represent the added effect of financial restrictions on the layer, and
blue bars represent the combined effect of financial restrictions and the layer.

3.6 Additional Results Regarding Policy Effects
In addition to examining policy effects on average community income, the community
GINI coefficient, and the proportion of households below a mobility threshold (Section
3.3), we also track the effects of these policies on the proportion of the community that
migrates (Fig. 13). As with other outcome metrics, we note that the relative effects of each
individual policy vary across our three illustrative scenarios. For example, in Scenario A,
the Remittance Bank is the least effective individual policy in increasing migration, because
the main obstacles to further migration in this layer have to do with financial restrictions,
not the perceived risk of this strategy. Both the Cash Transfer and Index Insurance provide
households with more resources to overcome these restrictions than the Remittance Bank.
Conversely, the Remittance Bank is the most effective policy in increasing migration in
Scenario C. Here, the high average risk aversion (b̄ = 1.25) is the most significant barrier to
accelerating migration in the face of climate risk, and the Remittance Bank helps lower the
perceived risk of this strategy. Generally, a combination of All 3 strategies is consistent in
increasing migration rates across all scenarios, which is one channel through which these
policies increase average incomes and decrease inequality (Section 3.3).

Figure 8: Effects of policy interventions on the proportion of community that migrates for three
scenarios. For each panel, individual rows represent the effect of the policy condition specified on
the y-axis. Dots indicate individual simulation outcomes, with the smoothed data distribution for
100 simulations indicated above these dots; boxplots indicate the mean of the distribution and the
interquartile range.
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