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ABSTRACT. Agricultural transitions from subsistence to export-oriented production make households more reliant on volatile
agricultural commodity markets and can increase households’ exposure to crop price and yield shocks. At the same time, subsistence
farming is also highly vulnerable to crop failures. In this work, we define household livelihood vulnerability as the probability of falling
under an income threshold. We propose the use of a Bayesian network (BN) to calculate the income distribution based on household
and community-level variables. BNs reflect relationships of dependence between variables and represent all variables as probability
distributions, which allows for the explicit propagation of variability and uncertainty between variables. We focus on two agricultural
frontier case study areas (CSAs) in northern Lao PDR that are at different stages in the transition from subsistence to export-oriented
agriculture. Because agricultural production is the main livelihood activity in both CSAs, we develop a BN that calculates the probability
distribution of net household agricultural production income. BN structure and parameterization are based on data collected in 110
household surveys across both CSAs, as well as interviews with villagers, government officials, and private sector actors. We analyze
the effect of crop price and yield variability, land-use portfolio, and land holdings, on the probability of having a negative net agricultural
income, which reflects a household’s ability to meet its food consumption needs through cash crop sales. Results show that agricultural
income is highly sensitive to rubber plantation area, rubber yield, and rubber price given the very large income potential of the crop.
Households with larger agricultural areas have a lower probability of falling under an agricultural income threshold regardless of their
diversification choices. Households that own more high-value cash crops are more buffered against rice yield shocks despite having
higher agricultural income variability. However, low-income households are better off if they maintain a minimum level of rice sufficiency
in combination with high-value cash crop production. Diversifying upland cash crops by increasing the share of cardamom (a lowvalue but low-volatility crop) at the expense of rubber (a highly lucrative crop with high price volatility) does not have a sizable beneficial
impact, because returns from cardamom are significantly lower than for rubber. We show that BNs can be useful tools for the design
and evaluation of rural development policies.
Key Words: agricultural frontier; agricultural transition; Bayesian network; diversification; Lao PDR; livelihood vulnerability; price
transmission; price volatility; shocks; yield variability
INTRODUCTION
Subsistence farming, including shifting cultivation, has
progressively declined in recent decades with the rise of
agricultural commodity production (Pingali 2010, van Vliet et al.
2012). This trend is part of a global social-ecological
transformation[1] in rural areas, entailing agricultural expansion
and intensification, and often coupled with market integration,
urbanization, migration, and regulatory changes (De Koninck
2004). Such agricultural transitions have frequently occurred in
agricultural frontiers, as export-oriented intensive agriculture has
expanded into regions previously used for subsistence and lowintensity farming (Hirsch 2009, van Vliet et al. 2013, Llopis et al.
2020, Zaehringer et al. 2020).
Transitions from subsistence to market-oriented cash crop
production frequently raise farm incomes (de Janvry and Sadoulet
2010, Vang Rasmussen et al. 2018), but wealth distribution issues
and the higher costs of inputs can erode income gains (von Braun
1995). Farmers may also face reduced provision of ecosystem
services, insecure access to land, displacement, and food
insecurity (Wood et al. 2013, Dressler et al. 2017, Heinimann et
al. 2017). Such a transition increases households’ economic
reliance on volatile crop markets and frequently reduces farmlevel diversification (Pingali and Rosegrant 1995, Pingali et al.
1

2005, Joshi et al. 2007), both of which can reduce resilience to
yield and market shocks in agricultural production (Di Falco and
Chavas 2008, Lin 2011, de Roest et al. 2018).
Recent agricultural transitions highlight some of the potential
negative livelihood impacts of partially or entirely replacing
subsistence farming with cash crop production. Vietnamese
smallholder farmers who invested in coffee mono-cropping
plantations in the 1980s and 1990s underwent significant
economic difficulties when coffee prices collapsed in the early
2000s (Meyfroidt et al. 2013). The expansion of maize monocropping in northern Laos created indebtedness among
smallholder households, caused soil pollution and erosion, and
compromised food sufficiency and security (Ornetsmüller et al.
2018). Cardamom-producing households with low levels of
diversification in China and Vietnam were highly vulnerable to
harvest failures in 2016 (Rousseau et al. 2019). However,
subsistence-based livelihoods are also vulnerable and exposed to
exogenous shocks, such as extreme weather events and pests
(Morton 2007, Harvey et al. 2014); here, a lack of market access
can lead to poverty traps (UNDP 2001, Christiaensen and
Subbarao 2005, Barrett 2008). All these issues have raised
questions about the effect of agricultural transitions on farmers’
livelihood vulnerability.
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Table 1. Social-ecological vulnerability components.
Components of vulnerability and examples

How components are addressed in the proposed methodology

External

•Exposure to stress, that is, magnitude and frequency of stressors
(Luers et al. 2003)

Internal

•Ability to cope with stress (Luers et al. 2003)

•Explicit: stressors affecting income streams (e.g., commodity yields and
prices) are included as probability distributions.
•Not included: idiosyncratic stressors, such as health shocks.
•Not addressed: could be addressed by including coping mechanisms,
such as borrowing, insurance, remittances, or labor wages.
•Not addressed.

•Adaptive capacity and learning (Holling 2001, Folke et al. 2002,
Luers et al. 2003, Berkes 2007)
•State of the controlling variables relative to a threshold of damage
(Walker et al. 2010)

•Implicit: controlling variables such as soil quality and management
practices are reflected in the probability distribution of crop yields; they
could be explicitly included as variables in the model.
•State of the outcome variable relative to a threshold of damage
•These elements are closely related. They are explicitly addressed: the
(Luers et al. 2003)
outcome variable of the Bayesian network is net household agricultural
•Sensitivity to stress, for example, magnitude of change in well-being production income; its state with respect to a threshold of damage is
caused by a stressor (Luers et al. 2003), or crop yield variability
given by its probability distribution, which is a joint probability
given exogenous shocks (Di Falco and Chavas 2008).
distribution of all variables affecting the outcome variable.
•Probability distribution of the outcome variable (relative to a
threshold of damage), for example, variability of household
expenditures given idiosyncratic and covariate shocks (Günther and
Harttgen 2009), or crop yield variability given exogenous shocks (Di
Falco and Chavas 2008).

Livelihood can be defined as a “means to a living” (Chambers
and Conway 1992) or, in narrower terms, meeting consumption
and economic necessities (Long 1997), whereas vulnerability can
be defined as the susceptibility to harm from exposure to stresses
and lack of adaptation capacity (Luers et al. 2003, Adger 2006).
Thus, livelihood vulnerability expresses the susceptibility, or
probability, of losing the means to make a living, and it is a
relevant metric of households’ long-term well-being (Günther
and Harttgen 2009). Livelihood vulnerability has been assessed
based on indicators of livelihood needs, capabilities, and access
to resources and capitals (Sen 1984, Chambers and Conway 1992,
Ribot and Peluso 2003), exposure and sensitivity to hazards or
shocks and adaptation capacity (Luers et al. 2003, Adger 2006),
or a combination thereof (e.g., Hahn et al. 2009). In development
economics, livelihood vulnerability is frequently quantified based
on the probability distribution of household consumption (e.g.,
Christiaensen and Subbarao 2005, Imai et al. 2011), whose
variance is determined by the severity and frequency of exogenous
shocks and households’ coping mechanisms (Kamanou and
Morduch 2002, Günther and Harttgen 2009). Instead of
household consumption, other measures of well-being can be
used, including assets, health status, or income (Cissé and Barrett
2018).
Here, we define household livelihood vulnerability as the
probability of falling below an income threshold. We propose the
use of a Bayesian network (BN) model to calculate the income
distribution and quantify the probability of falling under such a
threshold. We demonstrate the implementation of this
methodology in two case study areas (CSAs) in northern Lao
PDR (Laos) that are at different stages of an agricultural
transition and thus represent different stages of agricultural
frontier evolution (Pacheco 2012). Because livelihoods in both
CSAs are mostly based on agricultural production, and in order
to explicitly assess the effect of cash crop production and food
sufficiency, we focus specifically on household agricultural
production income. We use the BN to assess the effects of land

portfolio, rice sufficiency, and land holdings on net agricultural
production income and the likelihood of falling under an income
threshold. We further explore the sensitivity of agricultural
income to crop price and yield shocks.
In BNs, variables are expressed as probability distributions and
linked through directional causal or dependence relations
(Kjaerulff and Madsen 2013). This allows for the explicit
propagation of variability and uncertainty in the determination
of a joint probability distribution (Marcot et al. 2006), which
makes BNs useful for addressing different sources of variation
(Uusitalo 2007, Stritih et al. 2019). To build and parameterize the
BN, we conduct household surveys and interviews with villagers,
government authorities and industry stakeholders. To assess the
impact of price and yield shocks, we separate the exogenous
component from other sources of variability and uncertainty in
the data. The use of BNs and joint probability distributions to
quantify vulnerability is common in other fields, for example, in
engineering (Nielson and DesRoches 2007, Goharian et al. 2018),
informatics (Liu and Man 2005), or natural hazards (Maity et al.
2013). To the best of our knowledge, this method has not been
applied in the assessment of livelihood vulnerability.
METHODS
Operationalization of livelihood vulnerability
Social-ecological vulnerability has external and internal
components (Chambers 1989; Table 1), where the external
component reflects exposure to stress, that is, the magnitude and
frequency of stressors. The internal component reflects the
system’s sensitivity[2] to stress (the magnitude of change caused
by stressors), the system’s resilience (its ability to cope with and
adapt to stress), and the state of its outcome and controlling
variables compared to thresholds of damage (Luers et al. 2003,
Walker et al. 2010).
Livelihood vulnerability can be quantified as the probability that
a measure of household well-being will fall under a certain
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threshold (Cissé and Barrett 2018). This probability is the area
under the probability density curve left of the threshold and is
given by the mean, variance (i.e., first and second moments), and
shape of the probability distribution. Thus defined, vulnerability
increases with increasing variance or decreasing mean (Fig. 1). In
skewed distributions, the median income is a more adequate value
than the mean (Birdsall and Meyer 2015). A measure of wellbeing frequently used in livelihood vulnerability assessments is
household consumption (e.g., Kamanou and Morduch 2002,
Christiaensen and Subbarao 2005, Günther and Harttgen 2009).
In this work, we propose an alternative measure of vulnerability,
namely net household income, which reflects households’ income
streams, expenses, and ability to save. We thus define livelihood
vulnerability as the probability that net household income will
fall under a certain threshold.
Fig. 1. Schematic representation of household livelihood
vulnerability, defined here as the probability of falling under an
income threshold (e.g., zero). This corresponds to the shaded
area under the income distribution curve left of the threshold
(Fig. A). The diagrams represent income distributions with
different mean and standard deviation (sd). For a given sd,
vulnerability decreases with increasing mean income (Fig. B)
and increases with decreasing mean income (Fig. C). For a
given mean income, vulnerability increases with higher income
variability (Fig. D).

between linked variables, the resulting income distribution reflects
the variability of all the parameters included in the model, such
as yield and price variability, or between-household variability.
This operationalization of livelihood vulnerability directly or
indirectly addresses several components of social-ecological
vulnerability (Table 1). By representing income streams and
associated parameters (e.g., crop prices and yields) as probability
distributions, the BN model explicitly addresses the frequency
and intensity of stressors. The sensitivity of the outcome variable
(e.g., net household income) to stressors is implicit in the
parameterization of the model and can be explicitly evaluated by
conducting sensitivity analyses. The state of the outcome variable
relative to a threshold of damage is explicitly modeled.
Controlling variables, such as soil quality, are implicitly addressed
by reflecting their impact on other variables, such as yields;
alternatively, they can be explicitly added to the BN. This
approach does not, however, address a number of important
elements of social-ecological vulnerability, such as adaptation
capacity or learning.
Because agriculture is the main livelihood activity in the CSAs
under analysis, and our focus is on the impact of agricultural
transitions, we restrict the analysis to net agricultural production
income, including income from cash crop sales and net purchase
of rice for household consumption. The threshold, zero net
agricultural production income, reflects the likelihood that a
household will not be able to meet its rice consumption needs
through cash crop sales.
We thus make a distinction between our definition of household
livelihood vulnerability in terms of net household income, as
shown in Figure 1, and the methodological implementation in
this paper, limited to net agricultural production income. The BN
model developed herein does not address other important
household income streams and expenses that would be necessary
for a full quantification of livelihood vulnerability, such as wages,
household expenses other than rice (e.g., fertilizer cost, other food
items, clothing, schooling), or expenses associated with
idiosyncratic shocks (e.g., health shocks). It also does not address
coping mechanisms, such as borrowing, remittances, insurance,
or asset sales (Fig. 2), or broader aspects of vulnerability beyond
income.

We use zero net income as the threshold, reflecting a situation in
which a household is forced to borrow or sell assets. This threshold
also allows for comparability between different regions. However,
the probabilistic representation of income makes it possible to
evaluate the probability of falling under any threshold.
Alternative thresholds could be selected to better reflect local
poverty levels, such as a purchasing power parity (PPP) index
(Banerjee and Duflo 2007) or a multidimensional poverty index
(MPI; Alkire and Santos 2014).
We propose the use of a BN model to estimate the income
distribution. Because BNs propagate uncertainty and variability

Case study areas and data collection
The two CSAs, Oudomsin and Prang[3], are located in northern
Laos’s Luang Namtha Province, bordering on southern China’s
Xishuangbanna Prefecture in Yunnan Province (Fig. A1.1). Prior
to the large-scale production of export crops, households relied
on growing paddy rice in lowland irrigated fields and traditional
upland rice (also known as shifting cultivation, swidden, or slashand-burn) in higher altitude and sloping upland plots; farmers
also sold excess rice, cotton, and other crops in local markets.
Both areas were still largely rice self-sufficient in 2017 (Table
A1.1), although with significant between-household variability.
The Oudomsin CSA (population in 2005 = 2950[4]) is located in
Sing District, roughly three kilometers from the Chinese border
and along the highway that leads to Mengla (Muang La) District
in China. Export crop production started in the 1990s with
sugarcane. Rubber plantations started around 2003 and expanded
rapidly between 2004 and 2008. Around 2013–2017, numerous
households leased their rice paddies to Chinese investors for

Ecology and Society 25(4): 38
https://www.ecologyandsociety.org/vol25/iss4/art38/

Fig. 2. Schematic of the Bayesian network model indicating variable type and parameterization method. Each box represents a
variable in the model, implemented as a discretized probability distribution. Alternatively, variables can be “instantiated” (fixed) to a
certain value. CHN = China, LNT = Luang Namtha Province.

banana plantations (Friis and Nielsen 2016, 2017), which mostly
disappeared by the end of 2017 because of pests and other factors
and were mostly replaced by sugarcane plantations. Sugarcane
plantations are either managed by the household or, frequently,
leased out to other villagers[5]. Traditional upland rice production
has been abandoned, except in newly converted rubber plots,
where rice is intercropped up to three years. Mean annual
household income in 2017 is US$3900 (range: 0–US$15,000), 85%
of which is agricultural income, including revenue from cash crop
sales (57%), cattle sales (2%), and agricultural day labor wages
(26%). Nonagricultural income in both areas comes mostly from
handicraft sales, construction work, or convenience store
ownership[6]. During the data collection periods, income from
remittances was almost negligible in both CSAs. The average farm
size is 5.6 ha, comprising 4 (range: 1–12) ha of rubber, 0.6 (0–2)
ha of rice paddy, and 0.9 (0–4) ha of paddy land converted to a
cash crop. The average value of household livestock, mostly
buffalo and pigs, is US$760.
The Prang CSA (population in 2005 = 1250[7]) is located
approximately 60 kilometers from the Boten border to China
along the highway that links Bangkok, Thailand to Kunming,
China. Development organizations and investors introduced
upland cash crops starting in the mid-2000s, especially rubber and
cardamom (Amomum spp.). Many Prang households still practice
upland rice cultivation because of the limited availability of paddy
land, and upland areas are still dominated by shifting cultivation
fallows (Junquera et al. 2020). Unlike Oudomsin households,

Prang households have not converted rice paddies to cash crop
plantations, but paddy hectares per person are roughly the same
as in Oudomsin because the latter had more paddy prior to its
partial conversion to cash crop plantations (Table A1.1). Prang
households have fewer upland cash crop hectares than Oudomsin
and a more diversified income based on cattle, cardamom, and
rubber. Mean annual household income in 2017 is US$1100
(range: US$0–4500), 95% of which is agricultural income,
including revenue from cash crop sales (72%), cattle sales (16%),
and agricultural day labor wages (7%). The average farm size is
2.9 ha, comprising 1.1 (0–3) ha of rubber, 0.4 (0–2) ha of
cardamom, and 0.5 (0–1) ha of rice paddy. The average value of
household livestock, mostly cows and pigs, is US$1500.
A total of 110 household surveys were conducted from October
to December 2016 and November to January 2017. Ten
households were randomly selected within the six villages selected
in the Oudomsin CSA (N = 60)[8], and in all five villages located
in the Prang CSA (N = 50)[9]. The survey asked for information
on household socioeconomic conditions in December 2017,
including the number of persons and labor; age and education of
the head of the household; agricultural and total income; rice
production; and number of buffalo, cows, and pigs. The survey
also elicited plot-level information for household agricultural
plots (n = 621), including size, location, distance from the village,
slope, land-use history (year of adoption and type of land use
since the plot was opened or acquired), yield, and cash crop prices
for the current year (farm gate price) and the year the cash crop
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was first planted (reflecting price knowledge at the time of
planting). Yield range data, representing the minimum and
maximum yield values witnessed by the farmer since 2000 or since
the crop was first planted, were elicited for 47 paddy rice plots
(out of 107) and four upland rice plots (out of 27). Focus groups
were carried out in each village to understand village history and
land use trajectory. Interviews were carried out with three rubber
companies, one cardamom investor, and with district and
province authorities.
Bayesian network model of household vulnerability
BNs are probabilistic models whose variables are linked in a
noncircular (acyclic) network through relations of dependence.
The information content of each variable is represented as a
probability distribution. The conditional probability distribution
of a variable is calculated based on (i.e., conditional on) the
probability distribution of its “parent” (incoming) variables based
on Bayes’ theorem, which links the probability of event A
conditional on event B as P(A|B) = P(B|A) × P(A) / P(B). If a
variable has no parents and hence is not dependent on any other
variable in the model, it is parameterized using an independent
probability distribution (Uusitalo 2007, Kjaerulff and Madsen
2013). The joint probability distribution over the set of variables
X1, X2, ... Xn in the BN can be expressed as

P(X) = P(X1,X2, ...Xn) =

Π i=1 P(Xi|Xpa(i))
n

(1)

where Xpa(i) are the parent variables of Xi. In other words, the
joint probability distribution of a BN depends on the probability
distribution of all variables in the model, but the probability
distribution of each variable is calculated based only on its
parents’ probability distribution, or as an independent probability
distribution for parent-less variables (Kjaerulff and Madsen
2013). If the state of a variable is known, the information content
of that variable can be set to a specific value (i.e., fixed or
“instantiated”), rather than specifying the variable as a
probability distribution. In BNs, information is propagated
forward and backward when the information content of a variable
is updated or instantiated (Fig. A1.3).
The BN is implemented using the software NeticaTM Version 5.24,
which includes a graphical interface and built-in algorithms for
Bayesian inference. Netica calculates discretized probability
distributions, that is, density histograms. The histogram for the
output node is imported into the R statistical language and
environment (R Core Team 2019) to estimate its quantiles using
the function ApproxQuantile in the HistogramTools package
(Stokely 2015). All statistical and regression analyses are
conducted using R.
BN structure
The outcome variable of the BN is net household agricultural
production income, including revenues from cash crop sales and
paddy land leases, and revenues or expenses from net household
rice production. It excludes labor wages and household expenses
other than those from rice (Fig. 2; Fig. A1.2). Net household rice
production is equal to rice production minus consumption, which
is calculated as a function of household size. Cash crop revenue
includes revenue from sales of rubber and cardamom, which
depends on plot size, crop yield, and crop price, as well as income
from cash crop production on paddy land (referred to as “paddy

lease,” whether it is leased or managed by the household), which
depends on plot size and lease price. Rice production includes
paddy rice, upland rice, and “other” upland rice intercropped with
rubber. Paddy and upland rice production depend on agricultural
area and yield. Paddy and upland rice yields are separated into
observed yields, elicited in the survey, and actual yield variability,
which excludes measurement error (e.g., error stemming from
inaccurately reported plot sizes in the survey). Crop prices are
broken down into local prices paid or received by the household
and market prices in commodity exchanges.
Variable discretization
BNs can only deal with continuous variables in a limited manner
(Kjaerulff and Madsen 2013), and their implementation requires
the discretization of variables into intervals or states. However,
variable discretization captures only rough characteristics of the
original distribution (Uusitalo 2007). We discretize each node
with the aim of reflecting the original distribution as best as
possible by maximizing the number of states while minimizing
the number of states with a low frequency count.
Sources of variability and uncertainty
Variability represents the diversity or heterogeneity of a
population across space or time. Uncertainty, including
measurement error, is a measure of the state of information about
the true value of a variable (Anderson and Hattis 1999, Begg et
al. 2014). To reflect the impact of price and yield variability on
livelihood vulnerability, it is necessary to isolate exogenous yield
and price shocks from other sources of variability and
uncertainty, both of which contribute to the variability of the
data.
Sources of variability in the data include exogenous shocks,
household and spatial heterogeneity within the CSA, seasonal
variability, buyer heterogeneity, and crop age. Exogenous shocks
can be covariate (affecting the entire community), idiosyncratic
(household or unit-specific), or frequently both (Günther and
Harttgen 2009). We distinguish between variables with temporal
variability (e.g., crop prices), between-unit or cross-sectional
variability (e.g., household variables), or both (e.g., crop yields,
which change over time and between agricultural plots; Fig. 2).
Sources of uncertainty include measurement error, in particular
associated with inaccurate reporting of plot sizes. Table 2 shows
how variability and uncertainty are addressed for each variable.
BN parameterization
Variables are parameterized using (i) frequency counts as
approximations of their probability distributions (Luers et al.
2003), (ii) deterministic equations as a function of the parent
variable(s), or (iii) a probability distribution as a function of the
parent variable(s; Netica 2019). Variables that show no
statistically significant difference between the CSAs (crop yields
and prices) are parameterized identically for both study areas.
Table A1.2 explain how each variable is parameterized.
Rubber price: Rubber prices offered by buyers or traders to the
farmers in the CSAs are influenced by the rubber market price in
China, which is transmitted daily through the value chain[10]. The
Luang Namtha Province Investment and Commerce Office
(PICO) monitors rubber market price on the web site of a Chinese
rubber company and calculates suggested rubber prices using a
conversion (“pegging”) factor of 0.42 (Vongvisouk and Dwyer
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Table 2. Sources of variability and uncertainty in the data and how they are addressed in the Bayesian network (BN).
Variable type

Sources of variability and uncertainty in the data

Crop prices (rubber, Price fluctuations in international markets
cardamom, rice)
Differences in price between local buyers
Season

Paddy lease price

Type of variability

How it is addressed in BN model

Temporal

Explicit nodes for market price reflecting variability over
time.
Standard deviation of cross-sectional local price in 2017.
Eliminated or reduced by using annual smoothing or
averages.
Partially addressed: Used only hulled rice for consistency;
difference between sticky and boiled rice not addressed
and reflected in data variability.
Eliminated or reduced by using annual smoothing or
averages.
The temporal variability of the sugarcane and banana
markets is not reflected, but the long-term collapse of the
banana market (and replacement by sugarcane) is
reflected.
Not eliminated and thus reflected in the variance of the
probability distribution.
Not eliminated, and thus included in the variance of the
probability distribution.
Not eliminated, and thus included in the variance of the
probability distribution.
Rubber, cardamom: included in the variance of the
probability distribution.
Rice: eliminated by using yield range reflecting plotspecific temporal variability.
Rubber, cardamom: included in the variance of the
probability distribution.
Rice: eliminated by using yield range reflecting plotspecific temporal variability.
Rubber, cardamom: included in the variance of the
probability distribution.
Rice: Reflected in yield range; hence, not eliminated, and
thus included in the variance of the probability
distribution.
Rubber, cardamom: included in the variance of the
probability distribution.
Rice: reflected in yield range; hence, not eliminated, and
thus included in the variance of the probability
distribution.
Addressed by using only data for mature crops.
Rubber, cardamom: included in the variance of the
probability distribution.
Rice: largely eliminated by using yield range.
Not eliminated, and thus included in the variance of the
probability distribution.
Not eliminated, and thus included in the variance of the
probability distribution.

Between-household
Between-household

Quality/variety (applies especially to rice)

Between-household

Measurement error

Between-household

Price fluctuations in international markets

Temporal

Spatial variability of biophysical characteristics.
Possible spatial correlation between plots.
Differences in contract negotiation

Between-plot

Measurement error

Between-plot

Crop yields (rubber, Spatial biophysical heterogeneity. Possible spatial
cardamom, rice)
correlation between plots.

Between-plot

Between-plot;
temporal

Household-specific management practices. Possible Between-household
spatial correlation between plots.

Covariate shocks (e.g., a weather event)

Temporal

Idiosyncratic shocks (e.g., a pest attacking a plot).
Possible spatial correlation if several plots are
affected.

Temporal; Betweenplot

Age of the crop (rubber and cardamom)
Temporal
Measurement error; rice paddy yields are especially Between-household
affected by inaccurate reporting of plot size, which
is generally small.
Household differences
Between-household

Household
variables (size,
hectares of rice and Measurement error
cash crops, rice
consumption)

Between-household

2017:13). This factor partly represents a correction for moisture
in the latex, transport, storage, and preprocessing costs
(Vongvisouk and Dwyer 2017).
Because PICO prices are suggested and reflect, rather than affect,
local rubber prices, these two prices are not linked in the BN.
Instead, the local rubber price is tied to the rubber market price
in China. We use annual average rubber futures prices from the
Singapore Commodities Exchange (SCE) from 1995 to 2017
(Indexmundi 2020) as a proxy for rubber prices in China because
they are very similar to rubber prices at the Shanghai
Commodities Exchange between 2014 and 2018 (Quandl 2019;
Fig. 3A).
Given a rubber market price in China, we assume that local rubber
prices are normally distributed. In the BN, the local rubber price

is parameterized using a normal distribution with mean equal to
the rubber market price in China multiplied by 0.42, and standard
deviation (SD) equal to the SD of 2017 local rubber prices elicited
in the household survey (Fig. 3B). We assume that this SD,
associated with seasonal changes, mode of transport, buyer, and
other factors, is representative of CSA-level price variability in
any year. Thus, the variability of local rubber price in the BN
reflects the cross-sectional local price variability in a given year,
as well as the variability of international rubber market prices
over an 18-year period.
The coefficient of 0.42 is the regression coefficient of an Ordinary
Least Squares (OLS) regression with PICO prices as the
dependent variable and SCE prices as the independent variable
(SD = 0.03; p-value < 0.001; Radj = 0.92). An alternative would
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Fig. 3. (A) Rubber prices from different sources: Singapore Commodity Exchange Asia Rubber grade RSS3 (Indexmundi 2020),
Shanghai Commodity Exchange (Quandl 2019), Luang Namtha Province Investment and Commerce Office (Vongvisouk and
Dwyer 2017), and recall rubber prices elicited in the survey, as well as their smoothed values. CNY = Chinese Yuan. (B) Illustration
of rubber price parameterization in the Bayesian network (BN): for market price in China (Price_R_CHN), using a frequency count
of annual average values; for local price (Price_R), assuming a normal distribution conditional on Price_R_CHN, with mean equal
to Price_R_CHN times a conversion factor, and standard deviation (SD) equal to the standard deviation of 2017 local (survey
recall) prices.
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be to use OLS regression with detrended rubber prices to account
for possible autocorrelation and nonstationarity in the data
(Podobnik and Stanley 2008), which yields a coefficient of 0.46
(SD = 0.09; p-value < 0.001; Radj = 0.65). However, because we
reflect actual, and not detrended prices, in the BN, and the
regression coefficient of 0.42 coincides with the pegging factor
cited in the literature, we use this value.
Cardamom price: The local price of cardamom is parameterized
using a similar approach as for rubber. However, we do not have
international cardamom market price data. We assume that the
temporal variability of international market prices can be
approximated by the temporal variability of local annually
averaged prices. The market price is parameterized using a
frequency count of smoothed annual cardamom price data
elicited in the survey, covering the period 2008–2017. We use
smoothed values instead of annual averages because we have few
values for some years (e.g., n = 2 in 2017). The smoothed values
are calculated using smoothing splines with degrees of freedom
df = 7 (for 10 years in the time series). The local cardamom price
is parameterized using a normal distribution with mean equal to
its market price and standard deviation equal to the SD of 2017
cardamom prices elicited in the survey.
Rice price: The price of rice is parameterized using a similar
approach as for rubber. To reflect rice market price, we use a
frequency count of annual producer price indices for paddy rice
[11]
for 2000–2016 (FAOSTAT 2020). We assume that price
variability is identical for upland and paddy rice, as reported
market prices generally do not distinguish between upland and
paddy rice, but rather between glutinous and nonglutinous rice
(e.g., Loening 2011, Nolan 2016). The local price of rice is
parameterized using a normal distribution with mean equal to its
market price multiplied by a conversion factor; the standard
deviation is equal to the SD of 2017 rice price data elicited in the
household survey. As conversion factor we use 1.46e-3, the ratio
of mean local price in 2017 to the FAOSTAT price index in 2016,
which we assume is a reasonable approximation for the price index
in 2017, because our data show that local rice prices did not change
perceivably between the two years. To ensure consistency, only
unhulled (i.e., with hull) rice prices are used in the calculation of
local prices, because the majority (86% by household) of rice sold
is unhulled. No statistically significant difference (t-test p-value
= 0.16) was found between unhulled rice sold (mean = 0.30 US$/
kg, SD = 0.02) and unhulled rice purchased (mean = 0.33 US$/
kg, SD = 0.06). Hence, in the BN rice price is parameterized
identically for sales and purchase price. Eight of 15 households
that purchased rice on the market bought hulled (i.e., white) rice.
Although the hull only makes up 20% by weight (Andreevska and
Simeonovska 2012), hulled rice was roughly twice as expensive
(mean = 0.68 US$/kg, SD = 0.06) as unhulled rice, reflecting not
only the hulling process, but also more expensive varieties. In fact,
households that purchase hulled rice generally have higher
incomes. Thus, the BN reflects conservative rice prices.
Paddy lease price: The paddy lease price represents income from
paddy land converted to banana or sugarcane plantations, which
are generally leased out, and in some instances managed by the
household. The paddy lease price is parameterized using
frequency counts of revenue per hectare for each leased paddy
since it was first leased out, including the years when no income

was generated after banana investors left unannounced and
households did not have the time to convert to another crop within
less than one year. The variable has a trimodal distribution with
peaks at zero (reflecting periods of no income), at around 500
US$ per hectare (approximate return to land in sugarcane plots
in the year 2017) and around 2000 US$ per hectare (approximate
return to land from banana leases during the banana boom from
2013–2016).
Rubber and cardamom yield: The yields of rubber and cardamom
are parameterized using frequency counts of 2017 yield data in
plots with mature trees (10 years or older for rubber and three
years or older for cardamom). Villagers reported that cardamom
yields are relatively predictable and decline throughout the three
productive years of the six-year life span of the plant; crosssectional cardamom yield data include mature plants of all ages
and thus reflect this temporal trend. Rubber trees take seven years
to mature, and the yield is very low for the first three years, peaking
around year 20, and ending around year 30 to 35 (Manivong and
Cramb 2008). Because we use rubber yield values of trees in the
third or higher year of production, and rubber trees were planted
after 2003 in Oudomsin and 2006 in Prang, the range of
productive tree age is only five years (2013–2017) in Oudomsin
and two years (2016–2017) in Prang; thus, the data provide a
limited representation of long-term rubber yield variability.
Rubber and cardamom yield variability includes (i) measurement
error, which is expected to be small, (ii) between-plot and betweenhousehold variability, and (iii) temporal variability.
Rice yields: Paddy rice and upland rice yields elicited in the survey
have a relatively large uncertainty associated with inaccuracies in
reported plot sizes, especially for paddy plots, which are small,
averaging 0.8 (± 0.4) ha in Oudomsin and 0.3 (± 0.2) ha in Prang.
We wish to obtain the true yield variability of the crops not
including measurement error and between-household variability.
To this end, we use plot-level yield range values, obtained for a
subset of paddy and upland rice plots. The yield range (highest
value minus lowest value) is used to obtain a rough estimate of
the theoretical standard deviation (SD) of the plot-level yield
variability using the formula SD ≈ yield_range/4 (Hozo et al.
2005). We then average the SD values across paddy and upland
plots, arriving at SDyield_paddy = 0.33 and SDyield_upland_rice = 0.22.
Paddy rice yield is parameterized assuming a normal distribution
with mean equal to the average of observed yield values in both
CSAs and the SD given above; the same methodology is applied
to upland rice yield. Although agricultural yields tend to exhibit
negative skewness (Chang and Chen 2005, Upadhyay and Smith
2005, Hennessy 2009), a normal distribution can be considered a
reasonable approximation (Just and Weninger 1999). Observed
yield variables are parameterized using frequency counts of plotlevel yield data.
Household variables: Agricultural plot size and household size
are parameterized for each CSA using frequency counts of 2017
data from the survey. The relationship between rice consumption
and number of persons in the household is estimated using an
OLS regression with an intercept (adjusted R² = 0.17; coefficient
= 0.18 ± 0.04; intercept = 1.11 ± 0.26; p-value = < 0.001).
Although the model explains only 17% of the variance, alternative
models including higher order terms or other variables, such as
household number of children and CSA fixed effects, do not
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improve the fit, and the additional variables are not significant.
Household rice consumption is parameterized as a function
(equation) of household size using the OLS slope and intercept
estimates.
Sensitivity analysis
The sensitivity of a variable with respect to other variables in a
BN can be measured using variance reduction, entropy reduction,
or scenario analysis (Marcot 2012). To determine the sensitivity
of agricultural production income to other variables in the BN,
we use variance reduction, calculated as the percent reduction in
variation of a variable when the value of another variable is fixed
(Marcot 2012). In addition, we run scenarios with low and high
values of rubber price and rice yield to show the impact of these
variables on net agricultural production income.
Household-level BN and scenario analysis
The model presented above (Fig. 2) yields the theoretical
probability distribution of net household agricultural production
income at the level of the CSA. It includes all sources of CSAlevel spatial and temporal variability, including household
heterogeneity. The area under the probability distribution left of
the threshold can be interpreted as the fraction of households in
the CSA falling under the threshold, or alternatively as the
probability that a household will fall under the threshold. The
model is parameterized based on past observations and its output
can be assumed to reflect current and near-future conditions
(Günther and Harttgen 2009).
The calculated theoretical distribution is different from the
empirical distribution measured in the CSAs in 2017, which only
reflects between-household variability. The theoretical variability
is larger than the empirical variability because it reflects betweenhousehold variability and temporal variability of parameters
affecting income, such as prices and yields.
By fixing (instantiating) certain variables, the model can be used
for scenario analysis. For instance, fixing household variables
yields the income distribution for specific household types. We
construct household-level BNs for an average low-income
household and an average high-income household in each CSA,
defined as those falling under the 25th agricultural income
percentile or above the 75th percentile, respectively (Table A1.3A). We calculate average household variables (number of persons
and crop hectares) for each income group (Table A1.3-B) and
instantiate the respective nodes in the BN.
To analyze the impacts of crop diversification, we define two
additional household types that are applicable to both CSAs: a
low-income household (corresponding to a low-income
household in Oudomsin or a low to middle-income household in
Prang), and a middle-income household (corresponding to a
middle-income household in Oudomsin or a middle to upperincome household in Prang). The middle-income household has
six persons, four hectares of upland crops, which can be planted
with rubber and/or cardamom, and 1.5 hectares of paddy land,
which can be planted with rice or leased out for cash crop
production (paddy lease). The low-income household has five
persons, two hectares of upland crops and 0.4 hectares of paddy
land, with similar diversification choices. In addition to
cardamom and rubber, the low-income household can also
produce upland rice in upland fields to supplement its paddy rice

production (Table A1.3-C). Finally, fixing rubber prices, we assess
the effect of low- and high-price scenarios on these two household
types.
RESULTS
Case study area comparison
Oudomsin households have a higher theoretical net agricultural
production income and income variability than Prang households
(Fig. 4A). The higher median income in Oudomsin is explained
by the much higher returns from rubber compared to cardamom,
and the slightly higher returns from paddy leases compared to
paddy rice production (Table A1.1). The long positive tail end in
Oudomsin indicates a high probability of above-average income
in a given year, caused by the large income potential from rubber.
Despite their lower income variability, Prang households have a
higher probability of having a negative net agricultural
production income than Oudomsin households, i.e., they are less
likely to meet their rice consumption needs through cash crop
sales.
Figure 4A also shows the median net agricultural production
income in 2017 in each CSA (empirical median), and the
theoretical median calculated from the BN output node. The fact
that the empirical median is lower than the theoretical median
shows that both CSAs were undergoing a period of below-average
income in 2017, caused by low rubber prices and a low return on
paddy leases after the abandonment of banana plantations.
High-income households have larger land holdings and more land
dedicated to cash crop plantations in both areas (Table A1.3),
which translates into higher median incomes (Fig. 4B & C).
Despite the fact that agricultural income variability is larger for
high-income households, the probability of having negative net
income is at least an order of magnitude lower than for lowincome households. In other words, high-income households not
only have higher incomes, but they also have a lower probability
of not being able to meet their rice consumption needs, compared
to low-income households. Results also show that income
inequality, reflected by the difference in income distributions
between low- and high-income households, is smaller in Prang
than in Oudomsin (Fig. 4B & C).
A striking result is that the probability of having negative net
agricultural production income is not substantially lower for lowincome households (Fig. 4B) compared to the totality of
households in each CSA (Fig. 4A), despite the lower theoretical
median income of low-income households. This is probably
explained by the fact that all households, including low-income
households, are largely rice self-sufficient in both CSAs (Table
A1.3), i.e., they are not dependent on cash crop income to cover
their rice consumption needs.
Impact of rubber price and rice yield
Results of the sensitivity analysis show that over 80% of the
theoretical variability in agricultural production income is
attributable to household rubber hectares, rubber yield, and
rubber price (Fig. A4). Agricultural production income is
significantly less sensitive to other variables, such as paddy lease
income (Oudomsin only) and household rice production.
Cardamom has a negligible impact on household income
variability, even though cardamom income composes almost half
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Fig. 4. Probability distribution of net household agricultural production income in each case study area (output from the Bayesian
network [BN] model) for (A) for all households, (B) an average low-income household, and (C) an average high-income household
in Oudomsin (oud) and Prang (pra). The dashed lines indicate the modeled (theoretical) median of the distribution (m_th), and the
solid lines indicate the empirical median of 2017 (m_emp). Smoothing curves are added to the discretized probability distribution
outputted by the BN model. The theoretical probability of falling under zero net agricultural production income (P < 0) is indicated.

of the total income for cardamom-cultivating households in
Prang (Table A1.1). The proportionally large impact of rubber
production on the theoretical distribution of agricultural
production income stems from the large variability in historical
rubber prices and the wide range in household rubber hectares,

which generates a very large theoretical income range from rubber
production. In other words, rubber incomes could attain very high
levels (for households with large rubber plantations and in years
of high rubber prices), which overshadows the income potential
from other crops.
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Oudomsin households have more rubber and are therefore more
sensitive to rubber prices. A change of US$1 per kilogram in the
market price of rubber in China results in a change in median net
agricultural production income of US$1625 and US$625 in the
Oudomsin and Prang areas, respectively (Fig. 5A). Because Prang
and Oudomsin households have approximately the same area of
paddy rice, a change of 1 ton per hectare in rice yield results in
the same change in net agricultural production income in both
areas, namely US$273 (Fig. 5B). Figure 5 also shows that median
agricultural income increases linearly with increasing rubber
prices and rice yields; this is expected, given the linear relationship
between these variables in the BN[12]. Whereas the 25th and 75th
income quantiles remain roughly parallel as a function of rice
yield, the distance between these quantiles increases with
increasing rubber prices: as rubber prices rise, the income
distribution curve flattens and has especially longer positive tail
ends.
Fig. 5. Sensitivity of net agricultural production income of an
average Oudomsin and Prang household with zero leased
paddy hectares to (A) rubber market price in China and (B)
paddy rice yield. The solid line indicates median income (slopes
indicated). The dashed lines indicate the 25% and 75%
quantiles.

Effect of diversification
We evaluate the impact of diversification on agricultural
production income for a middle-income and a low-income
household representative of both CSAs (Table A1.3-C). The first
thing that becomes apparent is that middle-income households,
who have larger land holdings, have a very low probability of
having negative net agricultural production income for all land
portfolios (Fig. 6A). Reversely, certain land-use configurations
entail a very large probability of falling under this threshold for
low-income households (Fig. 6B).
Because revenues per hectare of cardamom are lower than for
rubber, and the price of cardamom is less volatile than the price
of rubber (Table A1.1), we expect that a higher share of cardamom
will decrease the median and the variability of household
agricultural production income. Results confirm this, both for
middle- and low-income households (Fig. 6).
Increasing the share of rubber at the expense of cardamom
increases income variability, which is denoted by the interquartile
range (25% to 75% of income), but it also shifts the income

distribution upward, increasing the median and the 25th/75th
quantiles for both household types. Interestingly, however, the
probability of having negative net agricultural income is not
always lower with higher shares of rubber. For a medium-income
household, this probability is slightly lower for a 50/50% mix of
rubber and cardamom despite the substantially lower median
income of this portfolio, compared to 100% rubber (Fig. 6A). For
a low-income household, however, diversifying between
cardamom and rubber does not entail any benefits: higher shares
of rubber lower the probability of having negative income in all
portfolio scenarios (Fig. 6B).
These results suggest that there are instances, for example when
a household has a sufficiently large agricultural area, when there
is a benefit to diversifying upland cash crops between rubber and
cardamom, whereas households with small agricultural areas are
better off planting only rubber, the much more lucrative cash crop.
Yet given the small positive effect of this diversification for
middle-income households (Fig. 6A), model outputs suggest that
households are generally better off planting only or mostly rubber
in upland plots.
Leasing out paddy land for cash crop production instead of
producing paddy rice does not have a large effect on median
income. Although banana leases were roughly twice as lucrative
as paddy rice production during the banana boom[13], subsequent
periods of no income and less lucrative sugarcane leases have
rendered the average return to land of paddy land leases over the
study period roughly equivalent to the return to land of paddy
rice production (Table A1.1). However, income variability is
higher for paddy leases. Leasing out paddy land for cash crop
production thus entails a larger risk of falling under a negative
net agricultural production income for both household types and
all land-use configurations analyzed (Fig. 6A & B). For middleincome households, this effect is minimal, given their overall low
probability of having a negative net income.
A middle-income household that dedicates all agricultural land
to cash crop production and purchases all of its rice has 94%
likelihood or higher of having positive net agricultural production
income; in other words, middle-income households are very likely
to be able to make enough money from selling cash crops to cover
their rice consumption needs (Fig. 6A).
For a low-income household, the likelihood of having negative
net agricultural production income depends on household rice
sufficiency and on the type of cash crops planted. Rice sufficiency
alone is not the determining factor. For example, a household
with lowland dedicated to rice paddy and upland dedicated to
upland rice and cardamom, a typical household in Prang, is
technically rice-sufficient, producing, on average, 0.1 excess tons
of rice per person (Fig. 6B). However, this household has a 12%
probability of not being able to cover household rice consumption
needs, for instance during periods of low rice yields. Planting
rubber instead of cardamom reduces this probability.
Furthermore, dedicating all agricultural land to cash crops entails
significant risk for a low-income household if cardamom is the
main cash crop and if the household gives up paddy rice
production; in that case, the probability of having a negative net
agricultural production income is 40%. A low-income household
is better off dedicating its upland to rubber production, or a
combination of rubber and upland rice, and retaining its paddy
land for rice production.
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Fig. 6. Twenty-five percent and 75% income quantiles (lower and upper points) and median income (central point) for different land
use configurations for a (A) middle-income household and (B) low-income household representative of both case study areas. Where
only two points are present, they represent the 25% and 75% income quantiles. The headings indicate household net rice production
per person: positive values indicate excess rice production, and negative values indicate net rice purchase. The probability of falling
under zero net agricultural production income (P < 0) is indicated.

The above results provide estimates of net household agricultural
production income based on the full range of possible rubber
price values. During periods of low rubber prices, as is the case
since 2014 (Fig. 3), results change significantly. Figure 7 shows a
scenario in which middle- and low-income households have leased
out their paddy rice area for cash crop production and have
planted all upland plots with rubber. When rubber prices are low
(red line), the probability of having negative net agricultural
production income is 6% for middle-income households (Fig. 7A)
and 29% for low-income households (Fig. 7B). Thus, giving up
household rice production entirely, in particular paddy rice
production, entails significant risk, especially for low-income
households.
DISCUSSION AND CONCLUSIONS
We propose a novel method for assessing livelihood vulnerability
using a BN model of net household income, and define livelihood
vulnerability as the probability of falling under an income
threshold. Our methodological implementation in this work
limits the analysis to net agricultural production income. Thus, it
does not present a full picture of livelihood vulnerability as
presented in the theoretical conceptualization.

Fig. 7. Probability distribution of net household agricultural
production income when the rubber market price in China is
reflected in the Bayesian network as a probability distribution
(black) or set to its minimum (red) or maximum (blue) value for
a (A) middle-income household and a (B) low-income
household representative of both case study areas. For both
household types, paddy rice area is leased for cash crop
production, and upland agricultural area is planted with
rubber.
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The use of a BN model to calculate the probability distribution
of a measure of vulnerability, e.g., household income, has several
advantages. It allows for a probabilistic representation of all
system variables, rather than reflecting only exogenous stressors,
such as crop yields or prices (e.g., Luers et al. 2003), or the outcome
variable (e.g., Günther and Harttgen 2009), as a probability
distribution. This allows for an explicit representation of system
stressors. It also makes it possible to estimate not only the
conditional moments (median and variance) of the measure of
vulnerability (Cissé and Barrett 2018), but also the full probability
distribution curve, without the need to assume the shape of the
distribution (e.g., log-normal; Günther and Harttgen 2009). This,
in turn, makes it straightforward to evaluate the cumulative
probability at any threshold.
Certain controlling variables, such as soil quality, are implicit in
the model and reflected in the probability distribution of crop
yields. Yet the modularity of BNs makes it possible to explicitly
incorporate such variables, e.g., by linking soil quality to yield,
without changing the BN structure or parameterization. Fixing
variable values automatically recalculates the (conditional)
probability distributions of all other variables in the BN, allowing
for straightforward and transparent sensitivity and scenario
analyses. Here, we use this property to determine the sensitivity
of household income to other variables in the model, to run
scenarios for different rubber price levels, and to run scenarios
for different land portfolios. We use the same BN to calculate the
income distribution at the level of the household and at the level
of the case study area by instantiating, or not, household-level
variables, which demonstrates the versatility of the BN.

Whereas this approach captures many of the elements of
socioeconomic vulnerability, it also leaves out important ones,
such as adaptive capacity and learning (Holling 2001, Folke et al.
2002, Berkes 2007), and broader dimensions of livelihoods
(Scoones 2009).
Effect of cash crops on agricultural income
We apply this methodology in two CSAs that are at different stages
of an agricultural transition and frontier evolution. Whereas both
areas remain largely rice self-sufficient, Oudomsin households
have larger shares of agricultural area dedicated to cash crop
production, particularly in the uplands; in contrast, shifting
cultivation is still the dominant upland land-use in the Prang area.
Similar to other studies on rural livelihoods that report a
significant rise in household income after the adoption of cash
crops (e.g., Ahmed et al. 2010, Griffin 2019), particularly rubber
(Sturgeon 2013), we find that households with more rubber
hectares, as is the case for Oudomsin households, have higher
incomes. Because of the volatility of rubber prices, these
households also have higher income variability. Despite this,
Oudomsin households have a lower probability of having a
negative net agricultural production income compared to Prang
households. These findings are similar for high-income and lowincome households.

From a policy perspective, this approach can be used to identify
the household types that have the highest potential to benefit from
agricultural commercialization (Siegel 2008) and those that
require additional strategies for poverty reduction, such as safety
nets—a relevant policy consideration, given that vulnerability
tends to perpetuate poverty (Barrett and McPeak 2006, Imai et
al. 2011). The explicit and graphical representation of income
distribution curves makes it straightforward to visualize income
inequalities, e.g., between household types or case study areas.
Furthermore, the BN property of forward- and backwardpropagation makes it possible to ascertain the necessary
configuration of system variables to attain a desired outcome.

These results do not imply that a household should convert all of
its agricultural land to cash crops. Rather, Oudomsin households
have a lower probability of falling under an agricultural income
threshold mostly because they have larger agricultural areas
dedicated to food and cash crop production. In fact, a main result
from our analysis is that households with larger land holdings
have a low probability of not being able to meet their food
consumption needs regardless of land portfolio. These results
confirm findings that the size of land holdings is a main
determinant in land use poverty traps (Coomes et al. 2011).
Similarly, Abson et al. (2013) find that a larger agricultural area
increases farmers’ economic resilience, especially for lowerincome farms. Our results further point at an indirect beneficial
effect of household size, since larger households tend to have
larger agricultural areas in the CSAs analyzed. In addition, we
find that maintaining a minimum level of rice sufficiency is
important, especially for low-income households, as discussed
below.

The explicit representation and propagation of uncertainty and
variability in BNs (Uusitalo 2007, Stritih et al. 2019) makes them
particularly useful for risk and resilience assessments (Fenton and
Neil 2018). Along the same line, they are useful tools to
disaggregate sources of uncertainty and variability. Here, we draw
on these properties to show how temporal variability (volatility)
of international market prices, combined with local price
variability (caused by seasonal changes, differences in transport,
traders, etc.) results in a local probability distribution of crop
prices that is reflective of both temporal and cross-sectional
variability. The BN thus explicitly shows the propagation and
amplification of price variability through the supply chain, which
makes BNs interesting tools for the analysis of price volatility. We
further use the BN to separate measurement error, e.g., in reported
rice yields, from other sources of yield variability. We do not
eliminate measurement error from household variables or other
crop yields, but expect it to be small for those variables.

Effects of diversification
Livelihood diversification per se does not necessarily have a
positive impact on livelihood outcomes (Gautam and Andersen
2016, Asfaw et al. 2019). In fact, it can have negative outcomes if
it deters households from saving for investment purposes (Hussein
and Nelson 1998). However, diversification is believed to reduce
the overall risk if it reduces the covariance among different sources
of stress or shock (Scoones 1998). Agricultural diversity
theoretically reduces income variability if commodity prices are
not correlated (Quiroz and Valdés 1995). In fact, agricultural
landscape diversification between uncorrelated commodities has
been shown to decrease income volatility and increase economic
resilience, despite reducing agricultural margins (Abson et al.
2013). Crop diversification also has a positive impact on resilience
because crops respond differently to biophysical stressors, such
as adverse weather conditions (Di Falco and Chavas 2008). Thus,
given a certain amount of agricultural land, crop diversification
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should reduce income volatility because of the unlikelihood that
all commodities will suffer a price drop or crop failure at the same
time (Adger 2000, Abson et al. 2013).
In our BN model, crop prices are represented as being
independent from each other, that is, they are not linked. In theory,
this reflects the best possible scenario for the positive effects of
diversification. Based on the discussion above, we assume that
increasing diversification in upland cash crops by partly replacing
a high-value crop, such as rubber, with a crop with lower returns
but lower price volatility, such as cardamom, would reduce the
likelihood of having a negative agricultural income. Results only
partially confirm this. Increasing the share of cardamom at the
expense of rubber given a fixed amount of upland cash crop area
reduces both median income and income variability. This
diversification brings small benefits for middle-income
households and no benefits for low-income households. In this
case, the benefit from the lower income variability associated with
cardamom does not outweigh the benefit of the much higher
median income associated with rubber. Indeed, the theoretical
income range of rubber (3940 ± 5500) is so large compared with
that of cardamom (110 ± 150) that it overshadows cardamom
revenue in the analysis. This is an important, albeit trivial, insight:
the model suggests that diversification is more beneficial if the
income potential associated with the additional crop is
comparable to that of the original crop.
These results should be interpreted carefully and in light of certain
limitations of the BN model. We implement crop price volatility
by taking into account historical market prices over a multiyear
period (e.g., a 22-year period for rubber). In reality, however,
commodity prices generally do not jump from a 22-year high to
a 22-year low in one single year. In this sense, the BN
overemphasizes the variability that is caused by price volatility.
This, in turn, overshadows the impact of other variables on
income variability. An alternative would be to implement
commodity price distributions that are conditional on the prior
year’s prices. However, addressing this issue would make rubber
“look even better,” because it would reduce its effect on income
variability without affecting its effect on median income. This
structural limitation of the model does not apply to commodity
yields, which can indeed oscillate between extremes from one year
to the next.
A further limitation is the scarcity of empirical rubber yield data,
given that rubber trees are still relatively young in both CSAs.
Conducting this assessment in 5 to 10 years would allow to better
reflect the variability of rubber monoculture yields, including
pest-induced harvest losses. In fact, rubber plantations in
Oudomsin were affected by pests in late 2017, but this is not
reflected in the yield data. Cardamom yields, in contrast, have
shown to be relatively stable. Including longer term crop yield
data might tip the balance in favor of cardamom and affect the
conclusions from the diversification analysis.
Furthermore, the discretization of the outcome variable in the
BN is done in US$500 intervals to accommodate the very large
potential income range (-US$5000 – US$110,000). Thus, changes
that affect net agricultural income by less than this amount are
not reflected in the model output. However, US$500 is a large
amount, especially in the Prang area. Hence, a finer discretization
in the lower income brackets would help nuance the results of the
diversification analysis.

Effects of rice sufficiency
We expect higher levels of rice sufficiency to reduce the probability
that a household will not be able to cover rice consumption needs
with cash crop sales because the variability of rice production,
particularly paddy rice, is lower than the variability of cash crop
revenue. Results from the sensitivity analysis show that household
income is indeed less sensitive to paddy rice yield than to rubber
yield or rubber price. Results further show that maintaining a
minimum level of household rice production, especially from
high-yielding paddy, is important for households with little
agricultural land and for households with only low-value cash
crops such as cardamom, essentially, low-income households. A
low-income household that has converted all of its agricultural
land to cash crops has a significant probability of having a
negative agricultural income. Although this household can more
easily meet its rice consumption needs if the upland cash crop is
rubber rather than cardamom, it will most likely not be able to
cover its food consumption needs during periods of low rubber
prices. This household would be better off if it had retained its
paddy land for rice production. For households that have larger
agricultural areas, maintaining a minimum level of rice sufficiency
is less critical.
In an analysis of the effects of diversification on rural household
incomes in sub-Saharan Africa, Asfaw et al. (2019) similarly find
that diversification benefits poor households more. However, the
study does not distinguish between crop types. Our analysis
specifically suggests the benefit of allocating a share of the land
portfolio to food crops for household consumption, especially in
the case of low-income households. These findings are in line with
studies showing the vulnerability of households that are net food
buyers during periods of high food prices (de Janvry and Sadoulet
2011).
Limitations of this approach and broader aspects of livelihood
vulnerability
Certain limitations of the BN model structure and
parameterization result in an incomplete and approximate
quantification of household income. The most important
limitation of the model is that it only addresses agricultural
production income. A full assessment of livelihood vulnerability
as defined herein (Fig. 1) should account for additional relevant
income streams and expenses (Fig. 2). Rural households in
developing countries undergoing agricultural transitions
increasingly rely on a combination of agricultural and
nonagricultural activities, remittances, and migration (Block and
Webb 2001, Rigg 2005, 2006, Reardon et al. 2007, Gautam and
Andersen 2016, Martin and Lorenzen 2016). We did not
systematically quantify migration but found that a number of
households had one or more members working in a different
province or in China or Thailand. Nonagricultural income
composes an important and growing source of income in both
CSAs. Remittances were negligible in 2017, but we suspect that
they may increase during periods of financial stress or agricultural
expansion. Beyond remittances, we do not include other income
streams traditionally used for consumption smoothing, such as
insurance, borrowing, and labor wages. Although insurance is not
available in the two study areas, borrowing is a frequent and
important source of auxiliary funding. Many households engage
flexibly in agricultural and nonagricultural labor, depending on
necessity and availability. These income streams are highly
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variable throughout the population and not accessible to all
villagers, but leaving them out misses an important component
of households’ ability to cope with stress. Studies that use
household consumption, rather than income, as a metric of
vulnerability implicitly address coping ability (Kamanou and
Morduch 2002).
From a resilience perspective, the relevance of considering not
only flows, but also stocks, has been recognized (Walker et al.
2010). Having enough stocks ensures uninterrupted flows, whose
disruption (e.g., failed harvest, loss of income, lack of irrigation
water) would mean severe damage to the system (Luers et al. 2003,
Walker et al. 2010). Our model does not include livelihood stocks
such as rice reserves, capital assets, cattle, and cash savings (Table
A1.4), despite the fact that these are important contributors to
household resilience through income smoothing (Scoones 1998).
The BN does not include household expenses other than rice
consumption. However, idiosyncratic shocks, and health shocks
in particular, have sizable adverse effects on households, especially
on low-income households. Indeed, health shocks frequently have
a higher impact than natural or economic shocks in developing
countries (Dercon et al. 2005, Yilma et al. 2014), including in Laos
(Wagstaff and Lindelow 2014). This is also the case in Oudomsin
and Prang, where the most frequently mentioned household
economic shocks were large unplanned household expenses
associated with medical illness or funeral costs. Furthermore, our
model does not account for the fact that household expenses may
grow with an increasing standard of living. We also do not include
expenses associated with agricultural production, such as inputs.
Although these expenses (e.g., fertilizer, pesticide, gasoline) are
small compared with crop revenues, including them would allow
to make more solid claims about the probability distribution of
net agricultural production income.
The focus on agricultural production misses important aspects
around labor allocation and its relationship with households’ land
use portfolio. For example, leasing paddy land instead of
producing rice releases labor that can be allocated to other
activities. The high proportion of off-farm income in Oudomsin
might reflect this process, given that a majority of households
leased their paddies during and after the banana boom.
Conversely, labor allocation into cash crop production can
negatively affect other livelihood sources. Labor allocation could
be incorporated into the model by adding a household labor
variable that depends on land use and that assumes an average
salary. For instance, leasing a 0.5 ha paddy could free up roughly
25 annual workdays, which is equivalent to 1.5 million KIP
(US$190), assuming agricultural day wages of 60,000 KIP
(US$7.5). This improved model would still not address labor
market changes in agricultural transitions. For instance, the
banana boom in the Oudomsin area created local job
opportunities in banana plantations with annual salaries of 6000
Chinese Yuan (US$900).
Most of the above-mentioned shortcomings could be addressed
by expanding the boundary of the BN model. Additionally, the
proposed methodology has a number of structural limitations.
This approach does not account for emergent properties, such as
learning or adaptation, which are essential components of socialecological vulnerability (Holling 2001, Folke et al. 2002, Berkes

2007). Although BNs have been suggested for social learning
applications (e.g., Kelly et al. 2013), it is because of their ability
to help model users learn, rather than their ability to model social
learning. In our model, households’ ability to learn and adapt
could be incorporated by adding related variables, such as
education or social capital, if they are found to be correlated with
other model variables, such as yields. However, this does not
overcome the inability of BNs to predict fundamental socialecological shifts, given that they are based on trends from past
observations (Brown et al. 2013). Moreover, our model
implements a simplified relationship between biophysical and
economic dimensions (in this case, a linear effect of yield on
income), missing more complex interactions between economic,
biophysical, and cultural factors and their effect on livelihood
resilience (Lade et al. 2017). Our approach also does not account
for actors’ diversity (Grêt-Regamey et al. 2019) or relational
resilience (Darnhofer et al. 2016), which are important aspects of
landscape and farm-level resilience. Indeed, leaving out social and
kinship relations ignores a very important element of household
resilience, as household interviews revealed the importance of
borrowing and knowledge transmission between kin. Our
methodology also leaves out important socio-political aspects
such as power imbalances, for instance among farmers, between
farmers and local governments, and between farmers and traders
(Zuo et al. 2020).
By focusing only on income streams and cash flows, this approach
does not capture broader dimensions of livelihoods. Livelihood
frameworks recognize the activities, capabilities, and assets or
capitals (financial, human, natural, physical, and social) required
to make a living (Sen 1984, Chambers and Conway 1992, Scoones
1998, De Haan and Zoomers 2005), including claims and access
to those resources (Ribot and Peluso 2003, Kronenburg García
and van Dijk 2019). Various studies have documented the
processes of dispossession that restrict farmers’ access to these
livelihood assets, for instance through “land grabs” (e.g., Hall et
al. 2011, Kenney-Lazar 2012). In Oudomsin and Prang, subtler
access limitations are taking place. The expansion of rubber
plantations around village centers has increased the traveling
distance to the forest and has reduced the area of shifting
cultivation fallows and communal land. Among other
consequences, this has restricted villagers’ access to forest
resources, such as nontimber forest products (NTFPs). Restricted
access to forests, which have traditionally supplemented food,
material, and cash flow for many upland populations (Jakobsen
2006, Castella et al. 2013, Russell et al. 2015), increases the
vulnerability especially of the poorest households (Agarwal
1991), who are the most reliant on NTFPs as additional sources
of nutrition and cash. Land use policies favoring cash crops have
also reduced the available grazing land and reduced or eliminated
the number of cattle and buffalo (Junquera and Grêt-Regamey
2019, Rousseau and Sturgeon 2019), which were traditionally
important household assets and remain an important coping
strategy. Furthermore, the expansion of commercial monocrop
plantations has also caused a net loss of biodiversity and
ecosystem services in both CSAs, including decreasing soil
fertility (Steiger 2019). This reduces landscape resilience (Castella
et al. 2013) and introduces new vulnerabilities associated with
increased dependency on inputs, such as pesticides and fertilizers
(Rigg et al. 2016, Ornetsmüller et al. 2018, Griffin 2019).
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Although property regimes and ecological resilience are not
addressed in the BN, the model could be adapted to reflect access
to forest-based provisioning services such as NTFPs, hunting, or
fishing.
Finally, some households have no social safety net, be it because
they are newcomers, perceived as lazy or alcoholics, or for other
reasons. For these households, a sudden expense or shock
frequently entails selling their last agricultural plot and becoming
destitute, especially because communal or unclaimed land is
increasingly scarce in Prang and virtually nonexistent in
Oudomsin. These cases are a “probabilistic minority,” which is
overshadowed in our analysis. Their importance is not to be
underestimated in processes of land commodification that can
contribute, along with other factors, to increasing wealth
disparities within communities, especially when no institutional
buffering measures (e.g., farm insurance, price controls, or social
security) are available.
Other studies have pointed out the importance of state support
for smallholder farmers (de Janvry and Sadoulet 2011, Byerlee
2014), especially during low-price periods (Vongvisouk and
Dwyer 2017). Affordable and state-supported healthcare,
education, insurance, and other contingency measures, such as
low-interest loans that do not use agricultural land as collateral,
would provide essential safety nets and leave smallholder farmers
less exposed to market or idiosyncratic shocks, especially in light
of increasing pest-induced harvest failures and the recent slump
in rubber prices.
Despite its limitations, the proposed approach offers numerous
insights and advantages. The use of a BN makes it possible to
explicitly model sensitivity and exposure to stressors and allows
for a flexible integration of model variables. We demonstrate how
this approach can be used to identify vulnerable household types
or regions, shed light on the major sources of income volatility,
and help identify optimal diversification strategies. By explicitly
and flexibly representing income streams and associated variables,
this approach can also be used to help design policy instruments
that can act as safety nets.
__________
[1]

Variously referred to as agrarian or agricultural transition,
transformation, commercialization, or commodification (Byres
1977, von Braun 1995, Bernstein and Byres 2001).
[2]
Note that sensitivity is sometimes classified as external, e.g., in
Luers et al. (2003).
[3]
Land use history and village demographics and ethnic
composition are described in Junquera and Grêt-Regamey (2019).
[4]
Based on 2005 Laos census data and subject to large uncertainty
given that we were not able to identify all the villages precisely;
includes populations for Nam Det Kao (which we assume is Nam
Det Somboun before relocation), Oudomsin, Nam Det Mai, Nam
Mai, Donechai, Pakha, Punko, Chongkar (part of later
Phoudonetan), Say Leck (part of later Phoudonetan), Sop I Mai
(which we assume is Sop-I), and Lakham. Phoudonetan village
is composed of relocated Hoi Dam, Chongkar, and Say Leck but
we could not find Hoi Dam in the Census.
[5]
In 2017, Akha ethnic villages surveyed tended to manage their
own sugarcane plantations, whereas Yao villages tended to lease
their sugarcane plots to Akha villagers.

[6]

Yao ethnic villages in particular have revenues from handicraft
sales in the United States through kinship networks.
[7]
Based on 2005 Laos census data for Talong, Palang (Prang),
Namlung, and Namsing, all in Vieng Poukha District. We do not
have access to Laos census data for Namtha District, so we use
the 2017 population for Khosung, which was elicited in the village
focus group. The 2017 population for the case study area was 1509
(Junquera and Grêt-Regamey 2019).
[8]
Selected villages in the Oudomisn area belong to Akha (N = 3)
and Yao (N = 3) ethnic groups.
[9]
Villages in the Prang area belong to the Khmu ethnic group.
[10]
Employees of rubber companies in Laos obtain information
about Chinese rubber market prices, e.g., on their smartphones,
through the internet, or through direct communication with
Chinese company headquarters.
[11]
Paddy rice can be glutinous or nonglutinous; in Laos most rice
produced is glutinous (Bestari et al. 2006).
[12]
We assume that these relationships are also linear in reality.
However, in the case of rice yield, nonlinearities could arise in the
case of a nonlinear relationship between rice yield and rice
production costs, for instance because of higher input use per unit
of yield. Production costs are not accounted for in the BN, but
they could be added.
[13]
Paddy land leases for banana plantations commanded roughly
2000 U$/ha/year during the banana boom in Oudomsin, although
leases varied with plot quality and year.
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Tables
Table A1.1: Summary of household-level statistics (mean and standard deviation) for each case study area (CSA). The
values reflect conditions in December 2017 unless otherwise noted.
Household variable
Age of head of the household
Number of persons (count)
Number of labor (count)
Education of head of the household (0 = none, 1 = primary school, 2 =
secondary school, 3 = high school or higher)
Year the household was established in the village
Average distance to all household plots, minutes
Average distance to all household plots, kilometers
Total income (1000 USD)
Income from agricultural wages (1000 USD)
Income from agricultural production (without wages) (1000 USD)
Net rice income‡ (1000 USD)
Income from remittances (1000 USD)
Other nonagricultural income (1000 USD)
Income in 2005 (1000 USD)
Labor in 2005 (count)
Total agricultural area (ha)
Rubber area (ha)
Cardamom area (ha)
Rice paddy area (ha)
Paddy land under banana (ha)
Paddy land under sugarcane (ha)
Upland rice area (ha)
Total rice production (metric tons)
Paddy rice production (metric tons)
Upland rice production (metric tons)
Other upland rice production (metric tons)
Rice sold (metric tons)
Rice purchased (metric tons)
Rubber yield (ton/ha)
Paddy rice yield (ton/ha)
Upland rice yield (ton/ha)
Cardamom yield (ton/ha)
Rubber farm-gate price (USD/kg)
Rice price, nonhulled, farm-gate (USD/kg)
Cardamom price (USD/kg)
Rubber revenue† (1000 USD/ha)
Fraction of rubber revenue over total household income†
Cardamom revenue† (1000 USD/ha)
Fraction of cardamom revenue over total household income†
Paddy lease revenue (1000 USD/ha)††
Fraction of paddy lease revenue over total household income††
Paddy rice revenue (1000 USD/ha)‡‡

Oudomsin CSA
(N=60)

Prang CSA
(N=50)

Wilcoxon pvalue*

45 (11)
6.7 (2.6)
3.2 (1.3)
0.9 (0.8)

49 (13)
5.5 (2.2)
2.2 (0.8)
1.1 (0.7)

***
***
*

1990 (10)
17 (13)
1.6 (1.0)
4.0 (3.5)
1.0 (1.9)
2.3 (2.3)

1990 (9)
20 (14)
1.4 (0.7)
1.2 (1.0)
0.1 (0.2)
0.9 (0.8)

***
***
***

0.8 (0.8)
0.002 (0.01)
0.6 (1.3)
1.9 (1.2)
2.7 (1.3)
5.6 (2.8)
4.0 (2.2)
0.07(0.2)
0.6 (0.6)
0.0 (0.2)
0.9 (1.0)
0.03 (0.1)
2.7 (2.3)
1.9 (2.0)
0.1 (0.3)
0.3 (0.7)
0.7 (1.5)
0.2 (0.5)
1.4 (1.0)
3.6 (1.6)
1.6 (0.4)
na
0.7 (0.1)
0.3 (0.02)
0.7 (0.6)
1.7 (1.6)
0.4 (0.3)
0.5 (0.4)
0.1 (0.1)

0.7 (0.4)
0.03 (0.2)
0.03 (0.2)
0.4 (0.4)
2.2 (1.0)
2.9 (1.2)
1.1 (0.8)
0.4 (0.4)
0.5 (0.3)
0
0
0.5 (0.8)
2.3 (1.2)
1.7 (1.3)
0.6 (0.8)
0
0.0 (0.1)
0.0 (0.2)
1.4 (0.7)
3.8 (1.3)
1.3 (0.7)
0.9 (0.3)
0.7 (0.1)
0.3 (0.03)
0.9 (1.0)
0.2 (0.2)
0.4 (0.3)
0.3 (0.2)
0.5 (0.3)

1.3 (0.9)
0.3 (0.3)
1.1 (0.4)

na
na
1.1 (0.3)

***
***
**
***
***
***

***
***

***
***

nd

nd
nd
nd
nd
nd
nd
nd

Notes: A conversion of 8000 LAK = 1 USD is used for 2017 and 2005. nd=not determined. na=not applicable.
†Averaged only over those households having productive cardamom or rubber plantations. Calculated as the factor of the reported yield and farm gate price.
††Averaged only over those households who produce sugarcane in paddy land. Calculated as the factor of yield and farm-gate price (own production) or
plot area and paddy lease price (lease).
‡Theoretical, equal to net rice production (production minus purchases) multiplied by an average rice price of 0.3 USD/kilogram.
‡‡ Theoretical, equal to rice production multiplied by an average rice price of 0.3 USD/kilogram.
* Compares group means using the nonparametric Wilcoxon signed-rank test: *p<0.10, **p<0.05, ***p<0.01.
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Table A1.2: Description of the variables in the BN and parameterization
Variable name in
BN

Description

Unit

Parameterization

Scale

NA
ha

Type
and
subtype
D, L
C, I

S
S

CSA
H

Temporal
range of
the data
NA
2017

CSA
HHaP

Case study area
HH ha of paddy rice

HHaUR

HH ha of upland
rice
HH ha of leased
paddy
HH ha of rubber

ha

C, I

S

H

2017

ha

C, I

S

H

2017

ha

C, I

S

H

2017

HH ha of
cardamom
Yield, paddy rice
(observed)
Yield, paddy rice

ha

C, I

S

H

2017

ton/ha/yr

C, I

S

P

ton/ha/yr

C, I

P

ton/ha/yr

C, I

Yield_UR

Yield, upland rice
(observed)
Yield, upland rice

P(Yield_P|Yield_P_obs) =
NormalDist(Yield_P, Yield_P_obs,SD =
0.34)
S

1990–
2017
1990–
2017

0.6
(0.6)
0.4
(0.8)
0.9
(1.1)
2.8
(2.4)
0.3
(0.5)
3.6
(1.3)
3.6
(1.3)

ton/ha/yr

C, I

P

1.3
(0.8)
1.3
(0.8)

Yield_R

Yield, rubber

ton/ha/yr

C, I

P(Yield_UR|Yield_UR_obs) =
NormalDist(Yield_UR, Yield_UR_obs,
SD = 0.20)
S

1990–
2017
1990–
2017

P

2017

Yield_C

Yield, cardamom

ton/ha/yr

C, I

S

P

2017

UR_HH_Kg

HH production of
upland rice
Other HH upland
rice production
HH production of
paddy rice
Price of rice
(unhulled), local

ton/yr

C, I

H

2017

ton/yr

C, I

UR_HH_Kg = UR_Oth_HH_Kg +
HHaUR * Yield_UR
S

H

2017

ton/yr

C, I

P_HH_Kg = HHaP * Yield_P

H

2017

USD/kg*

C, I

P

2000–
2017

Price of rice
(unhulled), market
Price of rubber
latex, local
Price of rubber
latex (raw), China
Price of cardamom
(with hull)
Price of paddy lease

USD/kg*

C, I

CSA

USD/kgwet*
USD/kgdry*
USD/kg

C, I

C, I

P (Price_Rice_Local | Price_Rice_Market)
= NormalDist (mean =
Price_Rice_Market*1.46e-3, SD = 0.027)
Frequency count of annual averages,
FAOSTAT (2020)
P (Price_R | Price_R_CHN) = NormalDist
(mean = Price_R_CHN*0.42, SD = 0.11)
Frequency count of annual averages,
Indexmundi (2019)
S

1.3
(0.8)
0.9
(0.3)
0.8
(1.4)
0.3
(0.7)
2.1
(2.2)
0.2
(0.1)

USD/ha/yr

C, I

S

P

2000–
2016
2003–
2017
1995–
2017
2007–
2017
2011–
2017
2017

HHaLeaseP
HHaR
HHaC
Yield_P_obs
Yield_P
Yield_UR_obs

UR_Oth_HH_Kg
P_HH_Kg
Price_Rice_Local
Price_Rice_Market
Price_R
Price_R_CHN
Price_C
Price_LeaseP
R_HH_Inc

C, I

P

P
CSA
P

HH income from
USD/yr
C, I
R_HH_Inc = Yield_R * Price_R * HHaR * H
rubber latex
1000
C_HH_Inc
HH income from
USD/yr
C, I
C_HH_Inc = Yield_C * Price_C *
H
2017
cardamom
HHaC*1000
LeaseP_HH_Inc
HH income from
USD/yr
C, I
LeaseP_HH_Inc = Price_LeaseP *
H
2017
leased paddy
HHaLeaseP
Total_HH_Ag_Inc
HH revenue from
USD/yr
C, I
Total_HH_Ag_Inc = R_HH_Inc +
H
2017
cash crops
LeaseP_HH_Inc + C_HH_Inc
HHPers
Number of persons
count
D, N
S
H
2017
in the HH
HHRice_cons
HH rice
kg/yr
C, I
HHRice_cons = 1.11 + HHPers * 0.185
H
2017
consumption
Net_Rice_Prod
HH net rice
kg/yr
C, I
Net_Rice_Prod = UR_HH_Kg +
H
2017
production
P_HH_Kg - HHRice_cons
Net_Income
HH net agricultural
USD/yr
C, I
Net_Income = Total_HH_Ag_Inc +
H
2017
production income
(Net_Rice_Prod * Price_Rice * 1000)
Abbreviations: HH=household; ha=hectares; yr=year. Type=Discrete or Continuous, Subtype=Labeled, Boolean, Numbered, or Interval.
Parameterization=Survey data; other sources or deterministic equations are indicated. Scale=Case Study Area, Household, or Plot.
*USD=US Dollar; CNY=Chinese Yuan; LAK=Lao Kip. Fixed currency conversions corresponding to 2017 levels were used: LAK/USD=8000;
CNY/LAK=1255.
†Indicates the mean and standard deviation (SD) of the variable calculated by the BN when no nodes are instantiated.
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Mean
(SD)†

140
(48)
1.1
(0.5)
2.4
(1.2)
0.8
(0.1)
984
(670)
3940
(5500)
261
(490)
854
(1500)
5060
(5800)
6.9
(3.4)
2.4
(0.7)
0.5
(2.7)
5160
(5800)
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Table A1.3-A: Empirical mean and standard deviation of household variables for households in the lower (0–25%),
medium (25–75%), and higher (75–100%) income quantiles based on household survey data.
Case Study Area
Household Income Quantile

Prang
75–100%
(Highincome)
2.3 (1.0)

Oudomsin

25–75%
0.98 (0.65)

0–25%
(Lowincome)
0.48 (0.59)

75–100%
(Highincome)
8.0 (3.9)

25–75%
3.4 (2.3)

0–25%
(Lowincome)
1.1 (0.75)

Total income
(1000 USD)
Agricultural income (1000
USD)
Rice production per person
(ton)
Rice purchase per person
(ton)
Rubber (ha)

1.9 (0.80)

0.67 (0.28)

0.16 (0.08)

5.5 (2.1)

1.7 (0.69)

0.25 (0.23)

0.43 (0.13)

0.42 (0.22)

0.47 (0.25)

0.54 (0.51)

0.43 (0.29)

0.25 (0.16)

0

0.02 (0.04)

0.002 (0.01)

0.02 (0.06)

0.04 (0.10)

0.04 (0.07)

1.56 (0.58)

1.2 (0.80)

0.61 (0.49)

5.9 (2.4)

3.7 (1.6)

2.6 (1.7)

Paddy (ha)

0.72 (0.26)

0.42 (0.24)

0.27 (0.26)

0.91 (0.4)

0.52 (0.7)

0.27 (0.5)

Upland rice (ha)

0.18 (0.41)

0.45 (0.75)

1.0 (0.97)

0.01 (0.05)

0.01 (0.04)

0.11 (0.22)

Cardamom (ha)

0.51 (0.58)

0.34 (0.25)

0.39 (0.50)

0.09 (0.13)

0.1 (0.22)

0.02 (0.04)

Paddy lease (ha)

0

0

0

1.2 (1.1)

1.1 (0.89)

0.31 (0.34)

6.9 (2.7)

5.0 (2.0)

4.8 (1.3)

7.9 (2.9)

6.7 (2.7)

5.4 (1.3)

Household persons

Table A1.3-B: Values of household variables instantiated in the BN to represent low-income and high-income households
in each case study area. The values correspond to the variable state in the BN that best matches the values in Table A3-A.
Case Study Area

Prang

Oudomsin

High-income

Low-income

High-income

Low-income

1.5

0.5

5.5

2.5

HHaP

0.75

0.25

1

0.25

HHaUR

0.125

1

0

0.125

0.5

0.5

0

0

HHaLeaseP

0

0

1.25

0.25

HHPers

7

5

8

5

HHaR

HHaC

Table A1.3-C: Values of household variables instantiated in the BN to represent low-income and middle-income
households across case study areas.

Upland hectares (HHaR, HHaC, HHaUR*, or a mix)
*only for low-income household
Lowland hectares (HHaP or HHaLeaseP)
HHPers

Middle-income

Low-income

4

2

1.5

0.4

6

5
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Table A1.4: Household livelihood conceptualization: the sum of a household’s material and economic stocks and flows
Household livelihood
components
Flows Material

How it is addressed in the BN model
Production and consumption of rice, as the main
household food item, is included in the BN model; it
is converted into net cash flow depending on whether
net household rice production is positive or negative
for the year

Other household consumption (e.g.,
fertilizer, school supplies, etc.),
including regular and unforeseen
expenses (e.g., medical services)

Not included in the BN model.

Cash income

Agricultural production income is included in the
model; other income sources are not included.

Cash expenses

Rice purchases are included in the model (see
material flows); other expenses are not included.

Material

Capital assets: house, motorcycles,
tractor, cattle, and so forth

Not included in the BN model.

Economic

Cash savings

Not included in the BN model.

Economic

Stocks

Livelihood stocks and flows relevant to
the study
Food production and consumption
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Figures

Figure A1.1: Map of the two case study areas and villages studied (solid points). Luang Namtha Province is shaded in gray
in the lower map.
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Figure A1.2: Bayesian network model. Details are shown on the next two pages.
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Figure A1.2 (Cont.)
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Figure A1.2 (Cont.)
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Figure A1.3: Details of forward and backward propagation of information in the BN in two selected nodes. The
yellow boxes reflect the probability distribution of the node in the BN. The gray boxes reflect nodes that have been
“instantiated”, that is, fixed or “given evidence”; any change to the probability distribution of a node is then
forward- and back-propagated across nodes in the BN.
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Figure A1.4: Sensitivity of net household agricultural production income to other variables (nodes) in the BN,
calculated as the percent reduction in variation of the node when the value of another node is fixed.
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