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Abstract
We analyze links between exposure to climate extremes and shocks, vulnerability and coping
strategies, environmental reliance and poverty among 7,300 households in forest adjacent
communities in 24 developing countries. We combine observed income with predicted
income to create four categories of households: income & asset poor (structurally poor),
income rich & asset poor (stochastically non-poor), income poor & asset rich (stochastically
poor) and income & asset rich (structurally non-poor), and assess exposure and vulnerabil-
ity across these groups. The income poor are more exposed to extreme climate conditions.
They tend to live in dryer (and hotter) villages in the dry forest zones, in wetter villages in the
wet zones, and experience larger rainfall fluctuations. Among the income-generating coping
strategies, extractingmore environmental resources ranks second to seeking wage labor. The
poorest in dry regions also experience the highest forest loss, undermining the opportunities
to cope with future climate shocks.

Keywords: Climate change; coping strategies; deforestation; environmental income; forests
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1. Introduction
This paper asks two related questions. First, are the poor more exposed to climate
extremes, weather anomalies and other shocks? Second, what is the role of environ-
mental income in coping with shocks, and how does that role vary across poverty
groups? Answers to these questions will help policy makers better understand how cli-
mate changemight affect the poorest, and how access to and sustaining natural resources
might help reduce vulnerability to climate shocks.

We address these questions by using a unique and detailed pan-tropical sample of
nearly 8,000 rural households in 24 developing countries from the Poverty Environ-
ment Network (PEN) project (see Angelsen et al., 2014, for details). Environmental
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income – defined as income from products extracted from non-cultivated (wild)
areas – accounts for 27 per cent of total household income in our sample. It is a reg-
ular source of subsistence consumption and cash income. It also plays a role as a shock
copingmechanism or safety net, the focus of this paper. These roles need to be integrated
into discussions on climate change and vulnerability, particularly since this key source
of rural livelihoods is threatened by natural resource degradation and by climate change.

Climate conditions and changes in these (climate change) affect rural livelihoods and
vulnerability through multiple channels (Hallegatte et al., 2015), making the net impact
hard to measure. Agriculture, forestry and other primary economic sectors are more
sensitive to future climate change because of their direct dependence on the natural envi-
ronment. According to the Fifth Assessment Report (AR5) of the IPCC, the impacts of
climate change on crop yield are already evident in several regions, with negative impacts
outweighing the positive. The report concludes that ‘climate change will increase crop
yield variability in many regions’ (Porter et al., 2014: 505).

Projections of precipitation change are highly uncertain and vary considerably
between climate models (Settele et al., 2014). There is some agreement that the Ama-
zon Basin will experience lower rainfall and more frequent droughts (as already has
been observed). For Africa, some climate models predict that the southern and north-
ern (Sahel) regions are likely to receive less, and the central and eastern regions more,
precipitation during the 21st century (Niang et al., 2014).

The uncertainties are even larger with regard to the impact of climate change on
forests and other natural habitats, for example, on the strength of direct CO2 effects on
photosynthesis and transpiration (Settele et al., 2014: 307). In general, ‘tropical species,
which experienced low inter-and intra-annual climate variability, have evolved within
narrow thermal limits, and are already near their upper thermal limits’ (Settele et al.,
2014: 301). The IPCC AR5 notes that ‘to our knowledge nothing has been published for
[the impact of climate change on] hunting or collection of wild foods other than cap-
ture fisheries’ (Porter et al., 2014: 494). However, a large share of forest income is based
on harvesting resource stocks rather than flows, making forest extraction less sensitive
to changes in climate parameters compared to crop income and therefore an attractive
coping strategy.

Our analysis follows the ‘disaster risk management’ typology of the IPCC AR5. It
has three key elements: weather and climate events, exposure, and vulnerability (Field
et al., 2014). Thus vulnerability does not include exposure, but refers to ‘the propensity
or predisposition to be adversely affected’, while adding that it ‘encompasses a variety of
concepts and elements including sensitivity or susceptibility to harm and lack of capacity
to cope and adapt’ (IPCC, 2014).

Exposure and vulnerability vary across households, and this paper provides a novel
approach to how to classify households based on cross-sectional data only. We differen-
tiate between stochastic (temporary or transient) and structural (permanent or chronic)
poverty.While the observed income in the survey year is of interest, it does not necessar-
ily reflect the likely income next year, nor does it reflect the chances that a household will
fall into (deeper) poverty in the event of a shock (vulnerability). We estimate predicted
income in an asset-augmented approach, and categorize households into four groups
based on their observed and predicted incomes being below or above the poverty line.

Section 2 gives a brief review of risk coping and environmental income and of the
rationale for the poverty classification. Section 3 describes data and methods. Section 4
presents and discusses the results of the poverty classification, the poor’s exposure to
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extreme climate conditions and shocks, and their vulnerability and role of environmental
income as a coping strategy. Section 5 concludes.

2. Conceptual framework
2.1 Risk coping strategies and environmental income
The activities that rural households in developing countries engage in depend on the
assets they possess and the relative returns to these assets (Ellis, 2000). The returns to and
availability of assets vary from year to year, causing total household income to fluctuate
over time. Crop yield responds to weather conditions and market prices change from
year to year. In addition to such covariate (common) shocks, households are exposed
to idiosyncratic (household-specific) shocks such as illness or theft. Most shocks have,
however, both idiosyncratic and covariate features (Dercon, 2005: 10–11), e.g., a crop
pest will affect several households in a village but to varying degrees. We thus categorize
shocks by how they affect the household (income versus assets versus labor, cf. below),
rather than the degree of covariance across households.

Risk and poverty has been a significant area of study among development researchers
(see Dercon, 2005, for a review), motivated by three characteristics of the rural setting
(Rose, 2001): the high agricultural income variability, the lack of (formal) financial insti-
tutions to smooth consumption, and the potentially dire consequences of a bad year.
The literature typically distinguishes between ex ante risk management (e.g., income
diversification) and ex post coping (e.g., sale of assets) (e.g., Heltberg et al., 2015). Some
argue, however, that the distinction is problematic as coping strategies also require ex
ante actions to prepare for the shock (e.g., Dercon, 2002: 145). Households may accu-
mulate assets to better cope with shocks, or they may undertake activities that increase
their mutual insurance (Takasaki, 2011).

Extraction for food or cash from natural habitats can form an important coping
mechanismor safety net, often referred to as natural insurance. Amajor advantage is that
natural resource availability is often uncorrelated with agricultural shocks (Takasaki,
2011). More generally, production based on harvesting of stocks of biomass might – at
least in the short term – be less sensitive to changes in climate parameters compared to
production-based on annual increments (flows) in natural resource systems, e.g., har-
vesting of wild food and crop production (Nøstbakken and Conrad, 2007). About 60
per cent of the forest income of the households in our PEN dataset are woodfuel (fuel-
wood and charcoal) or structural and fiber products (Angelsen et al., 2014), which can
be characterized as stock-harversting.

A number of studies have investigated for whom and under which conditions such
environmental income can act as a safety net (see Wunder et al., 2014, for a literature
review). Three aspects are particularly relevant for our purposes.

First, environmental income tends to be relatively more attractive to income- and/or
asset-poor households. They have less access to other safety nets (Hallegatte et al.,
2015: 11), and extraction is often from common pool or de facto open access resources,
accessible to all villagers. Debela et al. (2012) provide an example fromWestern Uganda,
where large negative shocks were associated with a higher use of forest resources in
subsequent periods, particularly among the asset-poor households.

Second, the importance of environmental income as a safety net depends on the
type of shock. Extraction from forests or other natural environments is labor inten-
sive, thus labor shocks (death or illness of breadwinners) will reduce the attractiveness
of this option compared to, for example, asset liquidation. In a study from Vietnam,
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Völker and Waibel (2010) found that weather shocks increased forest extraction more
than health shocks did.

Third, the choice of coping strategies depends on the available resources and their
characteristics. Not surprisingly, easy access and proximity to forests tend to increase
the use of forest income as safety nets (e.g., Fisher and Shively, 2005). But, the options at
hand matter. A study among riverine households in the forest-dense Peruvian Amazon
found that households responded to a major crop failure by intensifying fishing rather
than extracting more forest products (Takasaki et al., 2004, 2010).

2.2 Income fluctuations and poverty categories
Large inter-annual income variations imply that cross-sectional studies and one-year
income estimates just give a snapshot and static picture of the households’ poverty sta-
tus and fail to take into account the dynamics of poverty (Hulme and Shepherd, 2003). In
a study fromEthiopia, for example, Dercon andKrishnan (2000) found that one-third of
the households identified as poor in the first year in a two-year panel data set were differ-
ent from the households identified as poor in the second year. Development researchers
have responded to this shortcoming of one-year income data in two – clearly not mutu-
ally exclusive – ways. First, panel data enables a more dynamic livelihoods and poverty
analyses, permitting researchers to better distinguish between structural (permanent or
chronic) and stochastic (temporary or transient) poverty (e.g., Carter and May, 2001;
Hulme and Shepherd, 2003). Second, asset holdings should be taken into account when
assessing a household’s poverty status, following a long-standing distinction between
income and asset poverty (Reardon and Vosti, 1995).

With only cross-sectional data available, a basic premise is that expected ‘normal
year’ income can be predicted based on the household’s asset position. Deviations from
this predicted income, due to bad or good fortunes, can put the household temporarily
in another category (stochastically poor/non-poor). Predicted income should therefore
eliminate the effect of inter-annual income fluctuations and provide a better picture of
the household’s long-term poverty status and vulnerability.

Nielsen et al. (2012) present an illustrative study of this approach, categorizing
households based on observed income and liquid asset holdings. In this paper, we use
an ‘augmented asset approach’ outlined in Dokken and Angelsen (2015). Household
income is predicted based on a range of assets and other household and context charac-
teristics to distinguish between structural and stochastic poverty. Our approach has two
major advantages compared to the more common approach of using the overall value
of assets or an asset index. First, we include a broader range of variables that are poten-
tially important in determining household income. Second, the problemof converting all
assets into a single (monetary) value is circumvented; the regression coefficients estimate
the marginal returns to various assets and characteristics.

Households are then categorized into the following four groups, based on their
observed and predicted income being below/above the poverty line (table 1): (i) income
& asset poor (structurally poor), (ii) income rich & asset poor (stochastically non-poor),
(iii) income poor & asset rich (stochastically poor), and (iv) income & asset rich (struc-
turally non-poor). For convenience, the more familiar term ‘asset poor (rich)’ is used in
the meaning of ‘low (high) predicted income’.

Our distinction between stochastic and structural poverty is relevant for the cli-
mate change and vulnerability analyses. In their study of long-term asset accumulation
and income poverty in Ecuador, Moser and Felton (2007) identify the stochastically
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Table 1. Poverty categories, based on low (<median) and high (>median) observed and predicted
income

Predicted income (including assets)

Low High

Observed income Low Income & asset poor
(structurally poor)

Income poor & asset rich
(stochastically poor)

High Income rich & asset poor
(stochastically
non-poor)

Income & asset rich
(structurally non-poor)

non-poor (income rich & asset poor) as very vulnerable. Relatedly, Dercon (2002) pro-
poses that ‘vulnerable households’ could be defined as those that will fall below a pre-set
poverty linewith a certain probability. Froma vulnerability perspective, onemight there-
fore argue that predicted income based on a range of assets and other household and
context characteristics is a more relevant variable than ‘snapshot’ income.

3. Data andmethods
3.1 The PEN data set
The paper uses data from the Poverty and Environment (PEN), a large collabora-
tive research project coordinated by the Center for International Forestry Research
(CIFOR).1 The data collection covered 24 countries,2 59 sites, 334 villages and 7,978
households with complete income data. This paper uses a smaller sample (7,329) as
some variables used to predict income weremissing for some households. The data were
collected in 2005–2009.

The surveys covered a 12-month period, with village surveys and household surveys
at the beginning and the end of the survey period collecting basic household-level vari-
ables and village-level data. The core of the data collection was four quarterly surveys,
covering all household incomes using one or three month recall periods, depending on
the regularity of the income source.

The site selection by the PEN partners was to some degree opportunistic. Study sites
were selected within tropical or sub-tropical regions of Asia, Africa or Latin Amer-
ica, and in close proximity to forests. The sample is considered to be ‘representative
of smallholder-dominated tropical and sub-tropical landscapes with moderate-to-good
access to forest resources’ (Angelsen et al., 2014: 3). Almost all the cropping systems in
the PEN sites are rainfed, making them sensitive to changes in the mean and seasonal
pattern of precipitation.

Income calculation follows economic conventions, i.e., both the value of cash and
subsistence extraction and production are included. Total income includes wage and
remittances, in addition to household production and extraction. Income from the latter
is defined as the gross value (quantity produced multiplied by price) minus the costs

1For a detailed description of the dataset, see Angelsen et al. (2014). For information about the PEN
project, including questionnaire and guidelines, see http://www1.cifor.org/pen.

2 The countries are: South America (6): Belize, Bolivia, Brazil, Ecuador, Guatemala, Peru; Asia (7):
Bangladesh, Cambodia, China, India, Indonesia, Nepal, Vietnam; Africa (11): Burkina Faso, Cameroon,
DR Congo, Ethiopia, Ghana, Malawi, Mozambique, Nigeria, Senegal, Uganda, Zambia.
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of purchased inputs (e.g., fertilizers, seeds, tools, hired labor, and marketing costs). All
incomes are transformed intoUSdollar (US$) purchasing power parity (PPP) rates of the
survey year (2005–2009).3 Adult equivalent units (AEU)4 are used for inter-household
comparisons of incomes and asset holdings. Average household income per AEU is US$
PPP 975 for Africa, 1,602 for the Asian regions, and 4,745 for Latin America (Angelsen
et al., 2014).

Forest income is income from resources extracted in forest areas, using the FAO for-
est definition (FAO, 2000). Environmental income is in the PEN guidelines defined as
‘incomes (cash or in kind) obtained from the harvesting of resources provided through
natural processes not requiring intensive management’. It includes income from natu-
ral forests (forest environmental income) and non-forest wildlands such as grass-, bush-
and wetlands, and fallows, but also wild plants and animals harvested from croplands
(non-forest environmental income). Thus, all forest income, except income from plan-
tations, is defined as environmental income. On average, the households in the PEN
sample generate 27.5 per cent of their income from environmental resources (Angelsen
et al., 2014).

The PEN survey also asked households if they had experienced any ‘major income
shortfalls or unexpectedly large expenditures during the past 12 months’, i.e., the period
covered by the income survey. Households were also asked about the severity of the
shock (moderate or severe). In the analysis we use severe shocks only, as the dangers
of future climate change concern the higher frequency and severity of extreme events.

Ex post, the responses were categorized as: (i) income shock: serious crop failure, lost
wage employment or delays in payments of products during the period covered by the
income surveys; (ii) labor shock: serious illness or death of a productive-age household
member; and (iii) asset shock: loss of land, livestock or other major assets. Note that an
(indirect) income reduction may also follow a labor shock (reduction in family labor) or
an asset shock (lower income potential).

In addition, the PEN partners reported on shocks experienced in their sites over the
12-month survey period. Adverse weather conditions in the form of droughts and floods
were reported in several sites. A long drought in the Ethiopian sites caused widespread
livestock losses. As another example, crops in PEN sites in Bangladeshwere infestedwith
rats and resulted in substantial yield losses (Wunder et al., 2014).

3.2 Climate and forest cover data
Gridded climate data from the Climate Research Unit of the University of East Anglia
(CRU TS3.21) is used. The CRU data contain monthly time series of temperature, pre-
cipitation and other climate variables spanning the period from 1901 to 2012, based
on more than 4,000 individual weather station records (Harris et al., 2014). This paper
uses the mean and standard deviation of rainfall and temperature over a 30-year period
(1981–2010) in the study sites, and refers to these as climate conditions. We use the term
weather anomalies to refer to deviations during the one-year survey period from the
30-year mean in rainfall and temperature.

Villages were split into wet and dry zones, using 1,500mm of rain during the
1981–2010 period as the cut-off point. All PEN sites in Latin America are in wet areas.

3We used the PENNWorld Tables, ver. 7.0 http://pwt.econ.upenn.edu/php_site/pwt_index.php.
4We used the OECD adult equivalence scale: the first adult counts as 1 unit, the following adults (> 15

years) count as 0.7, while children count as 0.5.
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Most of the African sites are in dry areas, the exceptions being the wet sites in Cameroon
and Nigeria. India and Nepal in South Asia have a mix of wet and dry sites, while China
has the only dry site in East Asia.

Data from Hansen et al. (2010) is used to provide estimates of tree canopy cover and
change in tree canopy cover for the period 2000–2010. The data use annual MODIS
satellite-based estimations of tree canopy cover at 250m spatial resolution globally. Since
the annual data are noisy at low scales, we use as tree cover the mean for the 2000–2010
period, and tree cover change 2000–2010 as the difference between the tree canopy cover
mean for 2009/10 and the mean for 2000/01.5

3.3 Predicted income and poverty categories
We estimate a revenue function (rather than a production function) to identify how
household income is correlated with assets and other household characteristics. Our
prime concern is predicting income rather than identifying causal relationship, thus the
results should be interpreted as (partial) correlation rather than causal effects. After some
experimentation and robustness checks (variables included, functional form and regres-
sionmethod), we selected an OLS regressionmodel with standard errors clustered at the
village level.

The regression coefficients serve as proxies for the marginal returns to assets. The
assets include: (i) human capital, both the number of workers and their education, skills
and health; (ii) physical capital such as agricultural land and livestock; (iii) financial cap-
ital, including savings, and; (iv) social capital assets, such as network in the community
(which may, for example, result in higher output prices). In addition, the household
may have access to, without exclusive ownership of; (v) natural capital, such as forests
and other environmental resources; (vi) public infrastructure such as roads andmarkets,
and; (vii) political capital, determining rights and obligations through, for example, local
institutions and the rule of law. The dependent variable is log of total household income
Y (in PPP adjusted US$). We expect coefficients to vary greatly across regions and esti-
mate the models separately for Latin America, South Asia, East Asia and Africa. The full
list of variables included is presented in table 2, while the summary statistics are shown
in the online appendix (tables A1–A6).

The poverty line is set at the median income of the region, i.e., we employ a relative
poverty measure. We chose a relative poverty line for pragmatic reasons. First, absolute
poverty lines always contain some elements of subjective judgement. Second, our income
measures – with a full accounting of the hidden harvest (environmental income) – are
not fully comparable to official household income estimates, which tend to underre-
port this income source. Third, having a more balanced number of households in each
category has certain statistical advantages.

Comparing our poverty lines with those typically used is illustrative of the difference
in using absolute versus relative poverty lines. Regional specific poverty lines commonly
used by theWorld Bank6 are US$4 per capita per day for Latin America, US$2 per capita
per day for the Asian regions, and US$1.25 per capita per day for Africa. Using these
absolute poverty lines, the share of poor households in our sample is 52 per cent, varying

5 Since no village borders exist in digitalized format, for the purpose of tree cover estimation (share of
total land area), we define a village as a circle around the village center with a radius of 5 km.

6Such as http://povertydata.worldbank.org/poverty/region/LAC.
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Table 2. List of variables included in the models to predict household income

Variable Description

Human capital

Labor available in
household

Number of male and female elders, adults and children in
the hh

Age of the household
head

Age in years and squared term to account for non-linear
effects of age

Female headed
household

Dummy indicating whether the head of hh is female

Education Education of the hh head (in years)

Skills Dummy indicating if any in the hh earn salary fromwage
labor (proxy)

Physical capital

Agricultural land Agricultural land owned, in hectares and log-transformed

Livestock Livestock owned, in tropical livestock units and
log-transformed

Business Dummy indicating if the hh has a hh business

Financial capital

Financial assets Net value of hh implements, savings in banks and informal
institutions, physical non-productive assets, and
outstanding debt (in PPP adjusted USD and
log-transformed)

Social capital

Born in village Dummy indicating if hh head was born in the village

Majority ethnic group Dummy indicating if hh head belongs to largest group in
the village

Distance Distance from the hh to the village center (in minutes
walking)

Natural capital

Proximity to forest Distance to the forest (in minutes walking time from the
house)

Climate variables Mean precipitation and temperature in the village between
1981–2010

Infrastructure (village level)

Electricity Share of households in the village with access to electricity

Market integration Share of cash over total income in the village

Political capital

Country Countries dummies included are Belize, Bolivia, Brazil,
Ecuador, Guatemala and Peru in Latin America;
Bangladesh, Nepal and India in South Asia; Cambodia,
China, Indonesia and Vietnam in East Asia; Burkina Faso,
Cameroon, Democratic Republic of Congo, Ethiopia,
Ghana, Malawi, Mozambique, Nigeria, Senegal, Uganda
and Zambia in (Sub-Saharan) Africa

hh, household.
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from 34 per cent in Latin America, 42 per cent in East Asia, 44 per cent in South Asia, to
61 per cent in Africa.7

4. Results and discussion
4.1 Classification into poverty categories
The regression results for predicted income are presented in table 3. The overall fit of the
model is relatively good, with up to 52 per cent of the income variation being explained
(African sub-sample). Most results are in line with expectations, but the magnitude of
the coefficients and significance level vary greatly across the regions.

Higher education and more adult members are associated with higher household
income, while the coefficients for children (both male and female) are only significant
for the African sub-sample. Female-headed households tend to have lower income, also
after controlling for the fact that they normally have fewer male adults. Access to wage
income is correlated positively with household income, except in South Asia, indicating
that wage employment might be relatively more important for low income households
in this region. Finally, we only find the commonly hypothesized bell-shaped relationship
between income and age for the East Asian sub-sample.

Most physical and financial assets are correlated positively and significantly with
higher income, as expected, while the picture is more diverse with few significant coeffi-
cients for the social and natural capital variables. Proximity to forest (i.e., short walking
distance) is associated with higher household income in the South Asian and African
sub-samples. Village infrastructure is correlated positively and significantly with income
in the Latin American sub-sample.

The resulting distribution of households into our four poverty categories is presented
in table 4. Naturally, most households are in the income & asset poor or income & asset
rich categories, with 39.1 per cent in each. There is 10.9 per cent in each of the income poor
& asset rich and income rich & asset poor categories, with the shares being slightly higher
in SouthAsia (12.1 per cent) and East Asia (13.4 per cent). The range of predicted income
is much smaller than for observed income, as would be expected. If we had income data
over several years (panel) and used that to classify into transitory poor & rich categories,
the shares in the transition categories would probably have been higher. Relatedly, cross-
sectional data – even with our approach – does not capture ‘extreme’ households well.
For example, some households may be asset rich but are unable to transform these into
high income due to chronic illness.

The four groups are significantly different from each other with respect to assets
(table 5). This is not surprising since asset holdings partly formed the basis of the cate-
gorization, but there are some interesting anomalies. While the income & asset poor and
income rich & asset poor have less agricultural land and fewer financial assets, they have
more labor available within the household (a factor contributing to higher income, cf.
table 3). A notable exception to this pattern is livestock holdings. At the global level, the
income rich & asset poor have almost twice as much livestock as the income & asset poor.
Further, the household heads of the two asset poor groups are on average older, and a
larger share is female headed.

There are two possible interpretations for our poverty categorization. Themain one –
which forms the rationale for our approach – is that the predicted income represents

7This calculation also includes converting income figures from income per adult equivalent units to
income per capita, the conversion rate being approximately 1.5 (from 1.44 in East Asia to 1.54 in Africa).
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Table 3. Regression results model for total household income

Latin America South Asia East Asia Africa

Human capital

# of male adults (15–65 years) 0.0559∗∗ 0.0697∗∗∗ 0.1025∗∗∗ 0.0453∗∗∗
(0.0226) (0.0223) (0.0260) (0.0120)

# of female adults (15–65 years) 0.0761∗∗∗ 0.1053∗∗∗ 0.0756∗∗∗ 0.0536∗∗∗
(0.0251) (0.0233) (0.0239) (0.0119)

# of male elders (>65 years) −0.0948 −0.1188∗∗∗ −0.0136 0.0148
(0.0622) (0.0356) (0.0569) (0.0298)

# of female elders (>65 years) −0.0951 −0.0967 0.0203 −0.0026
(0.0797) (0.0611) (0.0777) (0.0344)

# of male children(<15 years) 0.0247 0.0240 0.0190 0.0316∗∗∗
(0.0198) (0.0159) (0.0289) (0.0072)

# of female children (<15 years) −0.0139 0.0309 −0.0024 0.0344∗∗∗
(0.0147) (0.0189) (0.0190) (0.0089)

Age of hh head (years) 0.0129 −0.0100∗ 0.0201∗ 0.0001
(0.0096) (0.0057) (0.0103) (0.0045)

Squared age of hh head (years) −0.0001 0.0001∗∗ −0.0002∗∗ −0.0000
(0.0001) (0.0001) (0.0001) (0.0000)

Female headed hh (0–1) −0.1201 −0.0618 −0.1934∗∗∗ −0.2158∗∗∗
(0.0758) (0.0535) (0.0650) (0.0331)

Education hh head (years) 0.0235∗∗∗ 0.0120∗∗ 0.0092 0.0083∗∗
(0.0071) (0.0049) (0.0068) (0.0039)

Wage income (0–1) 0.1894∗∗ −0.1607∗∗∗ 0.2623∗∗∗ 0.0458∗
(0.0773) (0.0403) (0.0665) (0.0271)

Physical capital

Ag. land owned (ha, log) 0.0255∗∗∗ 0.0242∗∗∗ 0.0132 0.0131
(0.0087) (0.0085) (0.0086) (0.0106)

Livestock owned (TLU, log) 0.0161∗∗ 0.0440∗∗∗ 0.0302∗∗∗ 0.0562∗∗∗
(0.0070) (0.0093) (0.0087) (0.0060)

Hh business (0–1) 0.2296∗∗∗ 0.0530 0.3756∗∗∗ 0.1836∗∗∗
(0.0513) (0.0390) (0.0688) (0.0282)

Financial capital

Financial assets (PPP USD, log) 0.0909∗∗∗ 0.0513∗∗∗ 0.0624∗∗∗ 0.1181∗∗∗
(0.0162) (0.0102) (0.0141) (0.0104)

Social capital

Hh head born in village (0–1) 0.0130 0.1141∗∗ −0.0566 −0.0004
(0.0577) (0.0491) (0.0745) (0.0308)

Largest ethnic group (0–1) −0.0128 0.0935∗ −0.0464 0.0103
(0.0554) (0.0568) (0.0592) (0.0308)

Distance village center (hours walk) 0.0663∗ 0.0402 −0.0409 −0.0060
(0.0354) (0.0345) (0.1615) (0.0300)

(continued.)
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Table 3. Continued.

Latin America South Asia East Asia Africa

Natural capital

Distance forest (hours walk) 0.0052 −0.1209∗∗∗ −0.0702 −0.0355∗
(0.0261) (0.0419) (0.0935) (0.0212)

Precipitation (mm, 1981–2010) −0.0002 0.0004 0.0005∗∗∗ 0.0006
(0.0002) (0.0004) (0.0001) (0.0005)

Temperature (C, 1981–2010) −0.0041 0.0217 0.3217∗ −0.0259
(0.0354) (0.0181) (0.1797) (0.0240)

Infrastructure

Electrification (share of pop.) 0.2315∗ 0.0318 −0.1995 0.1167
(0.1247) (0.1239) (0.2413) (0.1366)

Market integration (cash share) 1.4602∗∗∗ 0.2958 1.0284 0.7601
(0.4109) (0.8539) (1.0377) (0.8215)

Constant 7.1686∗∗∗ 6.2474∗∗∗ −3.0137 6.2999∗∗∗
(0.5000) (0.8744) (4.7898) (0.6739)

N 848 1,094 1,297 4,090

R-square (overall) 0.49 0.43 0.33 0.52

Notes: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01. Standard errors (in parentheses) are clustered at village level.
Country dummies (fixed effects) are not reported here.

Table 4. Number of households in different poverty categories across regions

Income & Income rich & Income poor & Income &
Region asset poor asset poor asset rich asset rich N

Latin America 345 79 79 345 848

South Asia 414 133 133 415 1094

East Asia 474 174 174 414 1297

Africa 1,630 415 415 1,630 4,090

Total 2,863 801 801 2,864 7,329

Notes: Income & asset poor: observed and predicted income below the median.
Income rich & asset poor: observed income above the median, predicted income below the median.
Income poor & asset rich: observed income below the median, predicted income above the median.
Income & asset rich: observed and predicted income above the median.

the expected income in a normal year for the household, and thus provides a more
appropriate picture of the household’s vulnerability. An alternative interpretation of the
difference between predicted and observed income (the error term) is that theremight be
elements that affect household income which are not included in the regression model.
First, there are relevant factors that we do not have data for (unobservables). For exam-
ple, some of the income poor& asset richmay have characteristics thatmake them unable
to productively use the assets they own. Second, there are potentially relevant variables
that we have some data for but that are not included, such as weather anomalies or
access to environmental resources. For example, some of the asset poor households may
have (under-predicted) high environmental income that brings them above the income
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Table 5. Comparison of assets across household categories (global sample)

Income & Income rich & Income poor & Income & Test
asset poor asset poor asset rich asset rich statisticsa

Human capital

Household size (AEU) 4.42 4.23 3.90 3.68 F = 76.16∗∗∗

Age of hh head (years) 46.4 46.3 45.3 44.9 F = 5.54∗∗∗

Female headed hh
(0–1)

0.13 0.15 0.12 0.09 χ2 = 11.79∗

Education hh head
(years)

3.14 3.22 4.19 5.29 F = 159.71∗∗∗

Wage income (0–1) 0.64 0.58 0.59 0.59 NS

Physical capital

Ag. land owned per
AEU (ha)

0.82 1.08 1.29 1.87 F = 51.10∗∗∗

Livestock owned (TLU
per AEU)

0.62 1.12 1.24 1.57 F = 21.44∗∗∗

Hh business (0–1) 0.26 0.28 0.43 0.48 χ2 = 229.89∗∗∗

Financial capital

Financial assets per
AEU (PPP USD)

118 196 549 953 F = 78.13∗∗∗

N 2,863 801 801 2,864

Notes: ∗, ∗∗∗ Significantly different at 0.1 and 0.01 level, respectively. NS, Not significant.
aOne-way ANOVA for continuous variables and Kruskal-Wallis for binary variables

poverty line (i.e., makes them belong to the category of income rich & asset poor). For
this reason, access to natural resources (other than distance to forest), weather anoma-
lies and shocks are excluded from the regression of predicted income. Below we explore
whether these can explain why a household falls into a particular poverty category.8

4.2 Are poor households more exposed to shocks?
4.2.1 Climate conditions and weather anomalies
Are poor households more exposed to extreme climate conditions (temperature and
rainfall), including higher climate variability? We use observed income only, as the
regressionmodels for predicted income control formean precipitation and temperature.
Figure 1 presents a distinct bell-shaped relationship between income and rainfall in the
survey year.9 The relationship is robust, also after controlling for other factors, such as

8Alternatively, we could have included indicators for shock, weather anomalies and access to natural
resources in the regressions of predicted income, which would then test the extent to which these variables
are relevant to predicting income. The approach chosen – to test for systematic differences in, for example,
exposure to shock and weather anomalies across the groups – gives, in our view, a more transparent and
clearer analysis.

9The graph is generated by estimating the simple polynomial relationship between rainfall and mean
income in the villages during the survey period (i.e., observed, not predicted income), using the fpfit
command of Stata (fractional-polynomial prediction).
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Figure 1. Relationship between rainfall and mean observed village income

region. The poorest villages are located in the driest areas, but these areas also have a huge
variation in average household income. The peak income is at around 2,000mm/year,
after which mean income tends to decrease.

Splitting villages into dry and wet zones, we find that the income poor (below the
regional median income) households tend to live in dryer villages in the dry area (1,101
versus 1,160mm/year, t = 14.55), and wetter villages in the wet area (2,280 versus
2,127mm/year, t = 7.80).

In terms of climate variability, as measured by the standard deviation (SD), the
income poor tend to live in villages that experience larger precipitation variability, in
both dry (197 versus 180, t = 11.40) and wet (327 versus 277, t = 9.94) areas. The differ-
ences are pronounced; for example, poor households in wet areas experience a variation
(SD) of rainfall that is 17 per cent higher compared to what rich households experience.

The temperature differences (mean and SD) are smaller and show no systematic
pattern across poverty categories.

Overall, the poorest segment of our sample appears to be more exposed to extreme
rainfall conditions, both in terms of lower mean rainfall in dry areas and higher mean
rainfall in wet areas, as well as higher variability. This is consistent with the findings of
Hallegatte et al. (2015): poor people are relatively more exposed to droughts and – to
a lesser extent – floods. Causality could run both ways: extreme climate conditions can
reduce income and assets and thus create or deepen poverty, but the least resourceful
(asset poor) might also locate themselves in areas with harsher climate conditions, for
example, because they cannot afford to buy land in more favorable climates.

4.2.2 Self-reported shocks
Close to a quarter (24 per cent) of the households reported having experienced some
type of severe shock during the year covered by the PEN survey (table 6). The income &
asset poor have a higher incidence of income shocks compared to the other households
(14 versus 9 per cent). In other words, the income & asset poor are > 50 per cent more
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Table 6. Shock incidences during survey year across poverty categories

Income & Income rich & Income poor & Income & Test
Shock asset poor asset poor asset rich asset rich statisticsa

Income shock 14.2% 7.6% 9.7% 8.8% χ2 = 16.08∗∗

Asset shock 5.9% 4.3% 5.7% 5.2% NS

Labor shock 12.2% 11.5% 12.1% 12.6% NS

Any type of shock 26.7% 19.1% 22.8% 21.8% χ2 = 15.71∗∗

N 2,863 801 801 2,864

Notes: ∗∗ indicate statistical significance at 5%. NS, Not Significant.
aKruskal-Wallis test of difference between the groups.

likely to have experienced a severe income shock. This difference is robust across wet-
dry zones and regions. The higher exposure to income shocks among the income & asset
poor is consistent with a hypothesis that some asset poor might be in the income & asset
poor rather than the income rich & asset poor category due to income loss in the survey
year.

Only small differences are revealed across the other three poverty groups. We
expected a higher incidence of (income) shocks among the income poor & asset rich
compared with the income & asset rich, i.e., that a higher prevalence of shock could help
explain why some asset rich become income poor. This is not the case, possibly because
most asset rich households have sufficient means to deal with the shock through income
smoothening. Furthermore, most shocks may not be sufficiently large to make the asset
rich fall below the income poverty line.

Overall, the findings suggest that income shocks – not unexpectedly – have a negative
impact on observed income, and in particular for the asset poor. The results also indicate
that the asset rich might have more means to reduce the negative impacts of an income
shock, a finding also supported by the coping data below.

4.3 What is the role of environmental income in coping with shocks?
4.3.1 Coping responses10

The concept of vulnerability encompasses both the sensitivity to harm and the capacity to
copewith shocks (IPCC, 2014). This paper discusses only the latter.11 Table 7 shows how
households responded to the three types of shock (income, asset and labor). We include
the ‘did nothing in particular’ option. For shocks that reduced income, this response
could reasonably be interpreted as ‘did nothing to compensate for the income loss’, i.e.,
the household lowered consumption and/or reduced savings. Overall, ‘did nothing’ is
the most common response (20 per cent). Among the active coping responses, the most

10See alsoWunder et al. (2014) for an analysis and discussion of the safety net function of forests products,
also based on the PEN data.

11Angelsen and Dokken (2015) also discuss the sensitivity aspect in terms of three differences in the
income composition: sectoral, cash vs. subsistence, and diversification. The results are mixed: a low income
does, in itself, make a household more sensitive to shocks, but we also found that households in the two
income poor categories have more diverse income portfolios.
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Table 7. Self-reported responses to household shocks by shock typea

Income shock Asset shock Labor shock Any shock

Harvest environmental
products

13.4% 12.3% 5.1% 9.5%

Harvest/sell agricultural
products

9.9% 6.4% 12.5% 10.4%

Extra casual labour 18.9% 7.6% 16.1% 15.6%

Sell assets 3.1% 2.9% 12.7% 7.4%

Spend savings 8.0% 6.9% 19.1% 12.7%

Get loan/borrow 2.9% 2.0% 5.1% 3.7%

Assistance from
friends/relatives/organizations

4.7% 7.1% 16.5% 10.5%

Reduce spending 3.2% 3.2% 1.3% 2.4%

Other responses 13.5% 5.4% 4.3% 7.9%

Did nothing in particular 22.4% 46.3% 7.3% 20.1%

Total 100.0% 100.0% 100.0% 100.0%

N 805 508 985 2,198
aPercentage distribution of the highest ranked response.

frequently mentioned are to take on extra casual (wage) labor (15 per cent) or use house-
hold savings (13 per cent), followed by harvest/sell more agricultural products (10 per
cent), and harvest more products from forest and other natural habitats (9 per cent).12

There is a large and interesting variation in coping strategies across different types of
shocks. More wage work is the most common response after an income shock. Spend-
ing household savings is the most common one after a labor (including health) shock,
which is not surprising as illness prevents the household member from taking up extra
work and may involve extra medical expenses. In almost half of the cases of asset loss,
the affected household did nothing in particular, possibly because this might not have
involved an immediate income loss. Getting assistance from friends, relatives or an orga-
nization is much more common after labor shocks, possibly because those tend to be
more idiosyncratic than other shocks, and because such shocks involve more social
support.

‘Harvesting more environmental products’ as a coping strategy also varies across the
different types of shocks. It is ranked second among the responses to income shocks (13
per cent). Among these, this strategy ismentionedmore frequently for wage loss than for
crop failure, possibly because losing employment frees up family labor that can be used
for extractive activities. At the other extreme, harvesting more environmental products
is least mentioned as a coping strategy for health shocks, as these reduce the family’s
labor supply.

To explore how the use of environmental income as a coping mechanism varies
among households that experienced a severe shock, we ran a Probit regression model

12This category is the aggregate response of two codes in the questionnaire: ‘Harvestmore forest products’
and ‘Harvest more wild products not in the forest’.
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Table 8. Probability of using environmental income as a coping mechanism

Variable Coefficient Std. error

Poverty categories (default: income & asset poor)

Income & asset rich 0.132 0.107

Income rich & asset poor 0.358∗∗ 0.140

Income poor & asset rich −0.015 0.140

Type of shock (default: labor shock)

Income shock (0–1) 0.566∗∗∗ 0.126

Asset shock (0–1) 0.185 0.128

Human capital

Female headed (0–1) 0.197 0.134

Age of household head (years) −0.007∗∗ 0.003

Wage income (0–1) −0.245∗∗ 0.124

Financial capital

Household business (0–1) 0.079 0.088

Climate and natural capital

Mean precipitation (100mm, 1981–2010) 0.040∗ 0.022

Variation precipitation (100mm, SD 1981–2010) −0.035 0.101

Mean temperature (C, 1981–2010) −0.091∗∗∗ 0.016

Variation temperature (C, SD 1981–2010) −0.629 0.695

Tree cover (% of land, mean 2000–2010) 0.005 0.006

Distance to forest (hours walking) 0.049 0.112

Region (default: Africa)

Latin America −0.659∗ 0.343

South Asia −0.150 0.342

East Asia 0.471∗ 0.250

Constant 0.348 0.580

Pseudo R2 0.1572

N 2,208

Notes: Probit regression results. Standard errors clustered at village level. ∗ , ∗∗, ∗∗∗ indicate statistical significance at 10%,
5% and 1% levels respectively.

(table 8). Households that are younger and do not have wage income are more likely
to obtain more environmental income to cope with shocks. Further, they are more
likely to use it when they face an income shock as compared with a labor shock, as
also shown in the descriptive statistics. Households living in areas with high rainfall and
lower temperature are also more likely to use this coping mechanism, whereas rainfall
and temperature variability have no significant impact. Households in Latin America
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(reference region) are less likely to use harvesting of environmental products as a coping
mechanism compared to the three other regions.

Regarding poverty categories, the income rich & asset poor (stochastically non-poor)
are more likely to harvest more environmental products when facing a shock, compared
with the income & asset poor (structurally poor). Nineteen per cent of the former group
has this as the primary coping strategy as compared to 11 per cent for the latter. Noting
that the regression model falls short of being a causal model, but rather estimates par-
tial correlations, a possible interpretation is that households that have access to coping
based on environmental resources seem less likely to fall into (or remain in) income
poverty when experiencing an income shock. This is consistent with a hypothesis of
environmental income serving as a safety net.

The income rich & asset poor is also different from the other groups by having the
lowest ‘do nothing’ response (10 per cent compared to 22 per cent for all groups). This
group therefore seems to pursue more active coping strategies, either by being more
entrepreneurial, by having better access to coping mechanisms (including environmen-
tal income), or a combination of the two.

Overall, there is consistent evidence in the literature that the share of environmental
income is negatively correlated with total household income, i.e., higher environmen-
tal reliance among the poor (e.g., Angelsen and Dokken, 2015). For the safety net role,
the results of this paper do not support a hypothesis of environmental income being rel-
atively more important for the income poor as a coping mechanism after shocks. We
do find, however, indicators of harvesting environmental products being important for
some asset poor households, and it may help them into the income rich & asset poor cat-
egory, similar to the findings of Ainembabazi et al. (2013) and Dokken and Angelsen
(2015). Yet, it is misleading to think of environmental income as ‘quick and easy cash’
in response to a shock. If it was, poor households would not need to be pushed into the
forest by a shock to pick valuable and low-hanging fruits.

4.3.2 Forest resources and resource degradation
Given the role forest income plays as a safety net, how does (changes in) the availability
of forest resources vary across household categories? As a measure of forest availability,
we use tree cover in each of the sampled villages. There are small differences across the
different poverty categories, although the income & asset rich tend to live in villages with
slightly higher tree cover (table 9), particularly for the sampled households in wet sites in
East Asia. In Latin America, the picture is different: forest cover is lower for the income&
asset rich. In Africa, where most of the sites are in the dry zones, there is no clear pattern.

Overall, we find limited evidence in support of a hypothesis that the poorest house-
holds live in villages with more forests, which then could help them cope with climate
(or other) shocks. This finding might be surprising. The forest transition hypothesis
(Mather, 1992) suggests that forested regions (or countries) might go through distinct
stages, from a situation with high forest cover and low deforestation (core forests), to a
frontier stage with high deforestation rates, to a stabilization phase with a mosaic land-
scape. The core forest areas are characterized by poor market access, poorly developed
infrastructure and (therefore) relatively high poverty (Chomitz et al., 2007; Angelsen
and Rudel, 2013). We should therefore expect a negative correlation between household
income and forest cover, but find only weak correlations between household income and
tree cover within the regions.

Wehave two possible explanations of this finding. First, theremight be some selection
bias in the sample, i.e., sampling of high forest cover siteswith valuable commercial forest
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Table 9. Village tree cover and tree cover change

Income & Income rich & Income poor & Income &
asset poor asset poor asset rich asset rich Total

Tree cover (% of land area)a

Forest type

Dry 23.6 22.9 24.0 24.3 23.9

Wet 44.3 41.7 44.1 48.1 45.5

Region

Latin America 62.1 62.3 63.7 58.7 60.9

South Asia 25.5 29.2 32.1 30.5 28.6

East Asia 32.4 35.4 36.8 42.0 36.9

Africa 25.6 23.8 25.4 26.8 25.9

Total 31.1 31.0 32.8 33.7 32.3

Tree cover loss (% of land area, 2000–2010)

Forest type

Dry 1.79 0.73 0.50 0.08 0.89

Wet 1.74 3.35 3.97 3.20 2.78

Region

Latin America 1.35 2.24 1.77 1.21 1.42

South Asia −0.70 −0.67 0.78 1.28 0.24

East Asia 1.25 5.49 5.96 3.83 3.39

Africa 2.64 1.08 0.81 0.60 1.48

Total 1.77 1.86 2.02 1.31 1.63
aOur definition of forest cover is tree canopy cover within the village (a circle of 5 km radius), and not the standard FAO
definition of forest as an area with minimum 10% tree canopy cover. Using that definition would yield significantly higher
forest cover figures. Our definition is more suitable for the purposes of this paper, i.e., as a measure of forest resources
available.

products. Forest income – both absolute and relative – is strongly correlated with forest
cover (r = 0.27), and this seems to compensate for the remoteness associated with high
forest cover. Second, the forest transition hypotheses does not seem to describe well the
pattern in dry forest area in developing countries, but typically has rainforest frontier
contexts as its point of reference.

Table 9 also gives the change of tree (forest) cover in the villages during the period
2000–2010, which represents processes of both deforestation and forest degradation.
We have no a priori expected signs: high forest loss could signal intensive use and corre-
sponding high forest incomes, but could also indicate degrading resources and shrinking
forest incomes.

For the full sample, the income & asset rich have lower rates of forest loss than the
other groups, but with large variation across climate zones and regions. In the African
sub-sample, the rate of forest loss for the income & asset poor was four times the loss for
the income & asset rich.
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Any positive correlation between poverty and forest loss is a classic example in which
causality could run both ways: do poor people overexploit environmental resources,
or does a shrinking resource base make people poor? Fully exploring this issue would
preferably use panel data, but the following points are indicative. The strong association
between forest loss and structural poverty in the African sub-sample is consistent with
the literature on a poverty-environment nexus on the continent (e.g., Duraiappah, 1998;
Lufumpa, 2005). Relatedly, wet forests tend to have more commercially valuable prod-
ucts, timber in particular. This increases both the potential to lift some households out
of poverty (cf. the high forest loss among income rich & asset poor in Latin America)
and makes forests more attractive to exploitation by outsiders. This might explain the
negative association between structural poverty and forest loss in wet areas.

5. Concluding remarks
While our data does not allow us to look at exposure and vulnerability to future climate
changes per se, studying current impacts of climate variability, weather anomalies and
the self-reported shocks can shed light on possible climate impacts in the future, and the
potential for different categories of households to cope with these. Moreover, climate-
related shocks already pose a challenge for poor people, thus also current exposure and
vulnerability deserve the attention of policy makers.

The income poor households tend to live in relatively more extreme climate condi-
tions, as measured by the mean and variability of precipitation and temperature over a
30-year period (1981–2010). The income & asset poor have 50 per cent higher proba-
bility of having experienced serious income shocks (self-reported), compared with the
three other poverty categories. Perhaps surprisingly, we find no evidence of higher inci-
dence of income shocks among the income poor&asset rich. Overall, the negative income
effects of shocks are smaller than expected, and this suggests that households have coping
strategies available that dampen the impacts of shocks.

Self-reported coping strategies against income shocks suggest a diverse set of
responses, from seeking alternative income opportunities, selling assets and using sav-
ings, to reducing consumption. Following income shocks, harvesting more products
from forest and other natural habitats is the secondmost common coping response, after
seeking additionalwage income.About one-fifth of the income rich&asset poor has envi-
ronmental product harvesting as the primary coping strategy as compared to about one-
tenth of the income& asset poor households, which is in line with the hypothesis of forest
income playing a safety net and poverty-preventing role for some asset poor households.

Our findings suggest three policy relevant conclusions. First, the distinction between
structural and stochastic poor/non-poor is valuable for understanding vulnerability and
for targeting social protection. Vulnerability analyses should refocus from observed
‘snapshot’ income to predicted incomebased on an (augmented) asset approach, in order
to minimize the effect of temporal income fluctuations.

Second, the distinction between dry and wet forests has revealed major differences
and suggests that dry forest areas need special attention. The poorest households in these
areas, predominantly in Africa, are both among the poorest in a global perspective, and
are already more exposed to extreme climate conditions and suffer the highest forest
loss, which over time will undermine their opportunities to derive income from for-
est resources. Given the strong correlation between forest cover and forest income and
reliance, this suggests that a major source of income and a buffer against climate and
other shocks is under threat.
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Third, the challenge of sustainable use of forest and other natural environments
is twofold: ensure resource access for the poor, while limiting long-term degradation
and protect the biophysical resource. In a worst case scenario, removing incomes that
make up more than one-fourth of total household income will increase and deepen
poverty profoundly. Environmental income plays a stabilizing role in rural economies
and for individual households. Maintaining this resource base, therefore, provides win-
win opportunities for the long term. The PENdata, demonstrating that such a significant
proportion of household income is derived from environmental resources and that it
plays an important role as a safety net for many poor households, suggests that the
win-win potential is larger than commonly perceived.

Supplementary material
The supplementarymaterial for this article can be found at https://doi.org/10.1017/S13557
70X18000013
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