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the link between bad weather and negative impacts on the poor through reduced vegetation growth 

and soil fertility. 
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1. Introduction 

The world had 1 billion fewer people living in poverty in 2013 compared to 1990 (measured in 

monetary terms; World Bank, 2016). While poverty remains high, these aggregate numbers 

suggest that significant progress has been made in the past decades. Human capital formation, 

economic growth, trade, and institutional strengthening have been suggested as important drivers 

for this reduction in poverty headcounts (Ravallion, 2001; Bhagwati & Srinivasan, 2002; Harber, 

2002). Economists often have a strong focus on these human development and macroeconomic 

drivers of poverty reduction (see e.g. Gennaioli et al., 2013). Less emphasis has been placed on 

the role of the quality of renewable natural capital, such as for instance healthy land ecosystems, 

which are the focus of this article. Notwithstanding, healthy land ecosystems – we will refer to 

them simply as “land” from heron forth, following convention (see Nkonya et al., 2016) – are 

foundational for supporting livelihoods (see e.g. Angelsen et al., 2014). According to Nkonya et 

al. (2016), land improvement is closely approximated by two measures: net primary productivity 

(NPP) and soil fertility improvements. Hence, we focus on these two indicators in this article.   

Early empirical studies have identified land degradation and declining soil fertility to be 

related to poverty at an aggregate level (Barrett & Swallow, 2006; Krishna et al., 2006). More 

recently, Barrett & Bevis (2015a) find that national GDP per capita is positively correlated with 

soil nutrient balances in 36 Sub-Saharan African countries for which data is available. Barbier & 

Hochard (2016) find that around a quarter of people living in low-income countries reside on 

severely degraded land and that a lower share of people on degraded land is associated with higher 

economic growth as well as lower poverty. Sanchez et al. (1997) stress the importance of soil 

quality for food security and development, especially in African countries. In addition, Koren 
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(2018) finds a strong relationship between crop yields and conflict, which in turn is known to 

influence income and poverty (Goodhand, 2001).  

Summarizing, literature suggests a positive relationship of land quality and income. The 

theoretical channels behind this relationship are rather intuitive. One of the most important assets 

determining productivity for the rural poor is land (Barbier & Hochard, 2016 and Barbier & 

Hochard, 2018). For instance, the water storage capability of soil is an important determinant of 

plant growth (Wong & Asseng, 2006). Louwagie et al. (2009) find that shallow soils, stoniness or 

chemical issues such as salinity or acidity are negatively correlated with crop yields. In addition, 

the topographical conditions of the soil (elevation, steepness, etc.) affect soil erosion and 

accessibility by humans and machinery (e.g. Zuazo & Pleguezuelo, 2008). For an overview of the 

productivity function of soil see Mueller et al. (2010). A main conclusion of literature is that 

locations with good soils are likely to have high agricultural potential and thus have absolute 

advantage in generating agricultural income. However, it is not only increasing agricultural income 

that decreases poverty rates. Aside from crop cultivation and livestock income, forest management 

also reaps significant benefits that might alleviate poverty. Moreover, the so-called “hidden 

harvest’’ from the extraction of natural forests (i.e. forests that are not managed) and other non-

forest wildlands as well as non-marketed extraction of natural resources can also play an important 

role in poverty reduction. For example, Angelsen et al. (2014) find that almost one-third of the 

total income of rural households is “environmental income,” of which more than three-fourths 

stem from natural forests.    

Barrett & Bevis (2015a) discuss three mechanisms through which poor land may have 

negative implications for poverty reduction. First, poor and degraded soils have negative effects 

on agricultural and environmental income. Such links can be self-reinforcing: poor soil constrains 
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capital accumulation and low capital accumulation inhibits investments in improving soils 

(Eswaran et al., 1997; Barrett & Bevis, 2015b). Second, poor and degraded soils are characterized 

by soil micronutrient deficiencies, which in turn can result in dietary mineral deficiencies affecting 

human health negatively (Barrett & Bevis, 2015b). The negative effect of deteriorating individual 

health on the ability to generate income is a long-standing fact in economics going back to Luft 

(1975). Third, low quality soils are connected to higher agricultural risks through various channels. 

For instance, weather shocks such as droughts occur more often in soils with limited water-holding 

capacity (Garrity et al., 2010). In addition, pests and weeds, which decimate cropland in Sub-

Saharan Africa, are more common in low-nutrient and degraded soils (Ayongwa et al., 2011). 

There may be other mechanisms through which poor land affects poverty, such as through conflict. 

The link between conflict and land quality is much less understood however. Recent research has 

found significant effects between increasing spatial crop variability (within a country) and the 

probability of conflict (Ang & Gupta, 2018 and Berman et al., 2017). Other research has shown 

that higher yields are associated with more conflict (see Koren et al., 2018).  

Even though the theoretical implications are unambiguous, estimating the effect of healthy 

land (whether that is above-ground, as measured by improving vegetation quality, or below-ground 

as measured by improving soil fertility) on income and poverty is not a trivial issue for two reasons. 

First, these variables are characterized by an endogenous relationship. Natural resources can 

influence poverty, but poverty can also influence natural resources (Barbier, 2010), with the 

relationship being moderated by economic, social and environmental factors (Barbier & Hochard, 

2018). Due to potential simultaneity and intervening drivers, the causal effect of environmental 

quality on poverty reduction (and vice-versa) has been difficult to identify. As a result, most of the 
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literature simply reports correlations (Duraiappah, 1998; Suich et al., 2015).2 Second, due to 

massive data collection efforts, prior studies are location-specific, and do not inform on how the 

relationship differs by biome or geographic region.  

The main contribution of this paper is to provide causal estimates of the impact of land 

improvements on poverty reduction.3 Several additional contributions are presented: We use a 

global subnational dataset and monetary poverty rates that emerge from survey and census 

estimations rather than highly modelled measures (such as poverty measures derived from night 

lights or other satellite-derived information). This data set is combined with measures of soil 

fertility and vegetation quality. This enables us to not only draw evidence from cross-sectional 

models, but also exploit variance over time by implementing a panel fixed effects model to 

minimize omitted variable bias. The presented findings are based on causal identification of the 

effects of land on poverty.  Our study has a relatively high degree of external validity due to the 

global scope of the analysis. In addition, instead of only analyzing the effect of cultivation income, 

we measure the effect of all land, not just land that is under agricultural use and management. This 

implies that other sources of income such as “environmental income” which is reaped in large 

parts from natural forests (see Angelsen et al., 2014) are also implicitly included in the analysis 

outlined below. With these methodological refinements, we obtain results that emphasize the 

importance of land for poverty reduction.  

 

 

 

2 A notable exception is Alix-Garica et al. (2015) who estimate the relationship for the case of Mexico. 
3 The quasi-experimental research design of this article is the main feature that distinguishes it from another recent 

contribution on the relationship between land degradation and poverty from Barbier & Hochard (2018). 
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2. Empirical Strategy  

a. Data  

We employ the Hidden Dimensions Dataset (HDD), a unique geospatial dataset linking 

environment and natural resource measures to poverty and other human development indicators at 

the subnational level, furnished by the World Bank.  The geographical unit is the administrative 

unit 1 level, commonly referred to as “province” level.  

Environmental variables 

We use two different environmental measures: 

a) Net Primary Productivity (NPP) – our measure of above-ground land ecosystems 

b) Topsoil carbon content (soil fertility) – our measure of below-ground land ecosystems  

NPP is the rate at which an ecosystem accumulates biomass. It measures how much carbon 

dioxide plants take in during photosynthesis minus how much carbon dioxide is released during 

respiration. Hence, it is an indicator for how much of the absorbed carbon becomes part of leaves, 

roots, stalks or tree trunks. NPP data is captured via NASA’s Terra and Aqua satellites. Generally, 

it has been found that NPP is a superior measure of biomass productivity and biodiversity (see for 

instance Phillips et al., 2008) when compared to related indicators such as the Normalized 

Deviation Vegetation Index (NDVI). The average value per province is used for computations.4  

Soil fertility is approximated by utilizing topsoil carbon content data. Topsoil carbon 

content is an important measure of plant productivity, measuring the percentage of carbon 

 

4 See the detailed documentation for the MODIS derived NPP measure at 

https://vip.arizona.edu/documents/MODIS/MODIS_VI_UsersGuide_June_2015_C6.pdf. 
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contained in the top 30cm of the soil. The carbon content of the soil is a result of e.g. decomposing 

plant and animal residues. It is a major determinant of plant growth and agricultural productivity 

(see for instance Lal, 2004). Hiederer & Kochy (2012) use the Harmonized World Soil Database 

to compute global soil organic carbon estimates on a subnational level. The Joint Research Centre 

of the European Commission provides this georeferenced dataset including both topsoil and 

subsoil carbon measurements via the European Soil Data Centre upon request.  

The correlation of NPP and soil fertility may vary substantially. If the nutrient source for 

vegetation originates largely from the soils (i.e. soil based biomass productivity), then NPP is a 

very strong proxy of soil quality. If mineral fertilizers are used extensively, NPP is probably not a 

good indicator or soil quality (see e.g. Nkonya et al., 2016). Hence, utilizing both measures in the 

empirical analysis is necessary to comprehensively analyze the concept of “land quality”. 

 

Poverty and Income Variables 

The measurement of poverty employed is the headcount ratio of people falling below $1.90 per 

day. Even though this is a narrow definition of poverty, $1.90 is the official international poverty 

line and allows us to draw from poverty maps that the World Bank produced for many countries 

over the last decades. This indicator captures what is commonly referred to as extreme poverty. 

From the World Bank poverty maps, a global map of sub-national poverty measures is created.5 

Gross domestic product per capita6  is computed using GDP data from Gennaioli et al. (2013) and 

 

5 The level of granularity of these poverty maps, most of them are at the province (admin 1 level) determines the 

granularity level of the analysis. It ist he reason why the empirical analysis outlined below is based on the province 

level. 
6 Strictly speaking, we measure Gross Regional Product rather than Gross Domestic Product since our unit of analysis 

is not the country, but the province. However, as it is more conventional to refer to such economic activity as GDP, 

we stick to this nomenclature.  
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average annual population data from the Gridded Population of the World (GPW) dataset 

(CIESIN, 2016). 

 

Instrumental variable 

Mean average annual rainfall by province is used to instrument annual changes in vegetation 

quality and topsoil carbon. The data is sourced from the Climatic Research Unit in the National 

Center of Atmospheric Research (NCAR, 2017). The dataset contains geographically gridded 

multiple weather time series from 1901 onwards. The data is averaged by year and province for 

the computations. The source data is based on rain gauges. See Hulme (1992), Hulme (1994) and 

Hulme et al. (1998) for details on the spatial interpolation techniques employed to obtain a globally 

gridded dataset.   

 

Control variables 

To capture the effect of different terrains, a topographic ruggedness index (Nunn & Puga, 2012) 

is used. This index captures small-scale terrain irregularities based on elevation differences. Land 

use categories (cropland, forest land, grass land, urban land and other) are included in the 

regression. Each land use indicator is measured as a share of the total geographic area. The original 

data is provided by the Land Cover project of the Climate Change Initiative led by the European 

Space Agency. In addition, a categorical variable corresponding to 14 different categories of soil 

types is included. These soil categories are a crucial determinant of soil quality.  While a province 

may have several soil types, we assign the most prevalent soil type to each province. This follows 
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the soil classification system of the USDA system of soil taxonomy (see USDA, 1999). Finally, 

we include road density and population as standard control variables.  

In contrast to similar works, we do not rely on population data that is modelled using land use or 

night light data (e.g. Amaral et al., 2005), which is commonly necessary for fine-grained spatial 

resolutions. Such datasets might raise severe endogeneity issues, as they could potentially be 

highly correlated with other satellite derived measures such as those measuring an environmental 

output. For instance, common measurement errors due to similarities of the satellites used to record 

the data could establish unwanted mechanical relationships in the data set.  However, only the NPP 

measure is derived via remote sensing and earth observation, while the rainfall data is derived from 

rain gauges and statistical spatial interpolation. The employed poverty measures are based on 

censuses and surveys. Hence, we rule out the possibility of endogeneity that is an artifact of data 

construction or correlated measurement errors.  

A description of all variables, including data sources, can be found in Table 1. For summary 

statistics, refer to Table A1 in the online appendix. Summarizing, the data set contains 3303 

observation for 1078 provinces in 62 countries. Coverage varies between 1996 and 2014, with 

country specific details provided in Table A2. 
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Table 1: Variable Overview 

Variable Units Source 

   

Poverty Headcount Rate ($ 1.90 

PPP) % WB 

Gross Regional Product  USD Gennaioli et al., 2013 

Net Primary Productivity gC/m² NASA 

Topsoil carbon content tons per hectare 

European Comission 

(JRC) 

Soil classification 14 categories NRDC 

Share of area cropland % CCI 

Share of area forest % CCI 

Share of area grassland % CCI 

Share of are urban % CCI 

Ruggedness Index Index (0 to 1,000,000) Nunn & Puga, 2012 

Road Density 

mean of lengths in km per 

provicen PBL GeoNetwork 

Mean precipitation millimeters per month CRU 

Population Persons GPW 

Irrigation % of total Area Global Irrigation Map v5 

   

 

 

b. Research design  

As stated previously, land shares a simultaneous relationship with income and poverty. There is a 

so-called poverty-degradation vicous cycle: Poverty leads to degraded soils, while degraded soils 

lead to poverty (Barbier, 2000; Lambin et al., 2001; Eswaran et al., 2001). At the same time, it has 

also been found that reducing poverty rates can have positive or negative effects on degradation, 

depending on the initial levels of development (Crespo-Cuaresma & Heger, 2019). Regardless of 

the direction of the bias, using standard OLS estimation would thus lead to biased coefficient 

estimates.  

To overcome the methodological challenges arising from the endogenous relationship of land, 

income and poverty, a simultaneous equation models with instrumental variables is implemented. 

For vegetation quality, a panel regression is specified as time series are available for both NPP and 
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rainfall data. However, the data for topsoil carbon is time-invariant. Therefore, a cross-sectional 

regression using the most recent observations per province is estimated. Similarly, the data set 

provides variation over time with respect to poverty, but regional GDPPC is measured at one point 

in time only, restricting us to cross-sectional specifications in these cases. 

 

Panel specification of land quality and poverty 

The panel regression to infer the effects of land quality on poverty is specified as 

POVi,j,t=𝑋𝑖,𝑗,𝑡𝛽 + ϵi,j,t      (1) 

where i denotes province, j the country, and t denotes year. The dependent variable POV measures 

the poverty headcount rate. The explanatory variables are collected in the matrix X. The specific 

set of explanatory variables varies across specifications.  In the full specification, X contains NPP, 

the five land use categories, population, country fixed effects7, year fixed effects and country-time 

trends.  

 

Cross-sectional specification of land quality, poverty and income 

Model (1) identifies the effect of the environment exploiting variation over time. However, GDP 

per capita and topsoil carbon content data are time-invariant. Thus, the effects of soil fertility can 

 

7 It is important to point out that it is not possible to include province fixed effects in our analysis. On average, there 

are simply too few observations per province available in the panel that would allow for precise estimation in a model 

with province fixed effects. Hence, we cannot fully rule out that the presented results are due to within-country 

province heterogeneity. Even though this issue is somewhat alleviated by including variables that partially account 

for some province heterogeneity, this constitutes a notable shortcoming of our analysis. 
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only be assessed using spatial variation. The same holds true for the effects of vegetation quality 

on GDP.  

𝑌𝑖,𝑗 = 𝑋𝑖,𝑗𝛽 + 𝜖𝑖,𝑗                 (2) 

where i denotes the province and j the country. Y is either a vector of GDP per capita or poverty 

headcount ratios. X contains a set of control variables that includes top soil carbon, land use shares, 

population, a ruggedness index, road density, country and year fixed effects8 in the full 

specification. 𝜖𝑖,𝑗 refers to the error term. Robust standard errors are used in all specifications. 

NPP, GDP per capita, top soil carbon, population, ruggedness, road density and precipitation enter 

the model after a log-transformation for interpretability of the estimates.  

 

Instrumental variables approach 

Instrumental variable estimation is employed to overcome the endogeneity between vegetation 

quality and soil fertility and poverty. Rainfall is used as a source of exogenous variation for NPP 

and topsoil carbon. Nevertheless, there has been a debate on the validity of rainfall as an external 

instrument. After careful review of the pertinent literature, we conclude that rainfall is a viable 

instrument for our research design as rainfall is a strong determinant of above- and below-ground 

biomass, meets the exclusion criterion, and is as-if randomly assigned. More details are discussed 

below. 

Rainfall is one of the most crucial determinants of vegetation quality and biomass productivity (for 

evidence, see pertinent agronomic literature such as Vlam et al., 2014 and Schippers et al., 2015). 

 

8 Year fixed effects capture the fact that the observations in the model stem from different years in this case. 
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Precipitation influences soil moisture and above-ground biomass by affecting seed germination, 

seedling growth, and plant phenology (see e.g. Kang et al., 2013; Liu et al., 2014; Yan et al., 2014). 

Furthermore, precipitation is also the main input factor for soil fertility: The greater the biomass 

production resulting from more rainfall, the more residues are produced, which in turn leads to 

more potential food for soil biotas. Testament to the major importance of rainfall for soil fertility 

(and in particular for soil organic carbon) is the fact that precipitation is the main input factor in 

Revised Universal Soil Loss Equation models (see e.g. Angulo-Martínez & Beguería, 2009; 

Hernando & Romana, 2015) and in the GIS-based Universal Soil Loss model (Angima et al., 2003; 

Lufafa et al., 2003; Fu et al., 2005). 

We argue that if there is a fitting case for using rainfall as an IV, using it for isolating the 

exogenous variation in vegetation and soil quality is one of the most promising candidates. Rainfall 

is extremely closely linked to the treatment variables (vegetation growth and soil fertility) in our 

study.9 In fact, rainfall is perhaps the most important determinant of plant growth, particularly so 

in areas with little irrigation.10 The economies of low-income and middle-income areas are 

particularly dependent on the primary sector such as agriculture and forestry. Increased quantities 

of rainfall increase crop yields and the environmental income from surrounding ecosystems, a 

mechanism which ought to be especially strong in Sub-Saharan Africa, where only 4% of area 

cultivated is equipped for irrigation as compared to for instance 28% in North Africa (see You et 

al., 2011).  

An influential article by Sarsons (2015) casts doubts as to the validity of rainfall as an 

instrument for conflict. She showed that in irrigated areas, rainfall shocks are a weaker predictor 

 

9 This becomes obvious from the first stage regressions in the results section below. 
10 We specifically look at the importance of irrigation for the environment-poverty elasticity in the results section.  
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for income changes, but nevertheless remains a significant predictor of conflict, indicating that 

there are other channels other than income through which rainfall affects conflict.11 Note that this 

criticism does not directly apply to our research design, as we use rainfall as an instrument for soil 

fertility and vegetation quality (and then investigate its effects on income).  However, her larger 

point remains also a valid criticism to our identification strategy, as she suggests that income may 

be affected by rainfall through channels outside of agricultural, forestry, and other environmental 

reasons.  

One major concern with using rainfall as an IV for income (poverty) is that extreme rainfall 

events (such as flooding) can lead to the destruction of property and affect poverty outside of the 

channels of soil fertility and vegetation changes, therefore violating the exclusion restriction. For 

example, floods may affect transportation and the ability to organize. A similar concern applies to 

droughts, which might kill livestock due to heat stress. We overcome the flooding and drought 

identification threat by excluding outlier rainfall events in separate specifications below.12 

Furthermore, by including road density and ruggedness we control for the transportation 

identification threat.13 A suggestive empirical indication that this exclusion restriction holds, is 

that the OLS specifications below indicate that rainfall is not a statistically significant predictor of 

poverty rates or GDP per capita when controlling for environmental quality. 

Other identification compromising channels that Sarsons (2015) describes are migration, 

where farmers move from rain-fed to dam-fed provinces, creating a conflict over scarce land. She 

 

11 This furthermore suggests that the exclusion restriction in several seminal papers, including e.g. Paxson (1992), 

Miguel et al. (2004), Miguel (2005), Yang & Choi (2007) may be violated. 
12 For this, we exclude the top and bottom 10% of rainfall events from the sample. 
13 There may be other channels through which rainfall may affect welfare which we have not explored, as they have 

not (yet) been discussed in the literature. However, that may be said of any IV. 
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also describes spillover effects as another channel that may violate the exclusion restriction. Her 

point is that violence may propagate from a violence rain-fed to an initially non-violent dam-fed 

province, explaining why rainfall also affects violence in dam-fed provinces. This criticism may 

also extend to using income as an outcome variable, as for example, conflict also affects income 

(see e.g. Blattman & Miguel, 2010).  

To overcome this issue, we split our sample based on irrigation to separately analyze 

relatively well irrigated and relatively badly irrigated areas. Similarly, Sarsons (2015) discussed 

dam-fed provinces and rain-fed provinces separately. Note that Sarsons (2015) shows that conflict 

is affected by rainfall regardless of irrigation as evidence for a violated exclusion restriction. On 

the contrary, we find that irrigation actually explains a significant proportion of the environment-

poverty elasticity. This points in the direction of an upholding exclusion restriction. 

Finally, it is worth mentioning that rainfall is randomly assigned as weather is an 

exogenous event in each province. Even if climate change, which is clearly affected by 

development, alters rainfall patterns, it does so on a global scale, and it is hardly attributable to a 

given province’s actions alone, therefore not violating the as-if random assignment assumption.   

 

3. Results  

 

We detail three main findings: First, vegetation quality and soil fertility have significant and 

sizeable poverty alleviating effects, particularly in rural areas and especially so in Sub-Saharan 

Africa. Second, improving soil & vegetation quality is pro-poor: poverty rates in areas with high 

poverty headcounts are significantly stronger affected by improvements in soil and vegetation than 

areas with relatively low poverty incidence. Finally, the dependence of rural areas on rainfall-
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induced changes in vegetation quality and soil fertility is reduced by irrigation. We thus conclude 

that irrigation systems have significant impacts for making the poor resilient to the vagaries of 

weather and climate. 

a. Panel Fixed Effects evidence 

Figure 1 shows a strong correlation between vegetation quality and poverty. The graph shows the 

conditional relationship of NPP and poverty after controlling for other possible predictors of 

poverty. It seems obvious that increasing vegetation quality is associated with accelerated poverty 

reduction.   

Figure 1: The relationship between changes in vegetation & poverty reduction 

 

Note: Each dot represents an equally sized bin of observations (grouped over the x-axis). Within these bins, the average 

of the x- and y-variable is computed and visualized in a scatterplot. The plot gives the conditional effect of the natural 

logarithm of NPP on the residualized poverty headcount ratio after controlling for several covariates. They are created 

by running an OLS regression equivalent to Table 3, column (1). 

 

However, from this descriptive analysis it does not automatically follow that vegetation 

quality causally influences poverty reduction for the average province in our sample. Table 2 

shows that despite the OLS specification (1) being significant, the global IV specification (4) is 
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not. However, vegetation quality seems to be much more important for more rural areas, as one 

would expect, as seen in specification (5) and (6).14 The panel results show that an increase of 

vegetation quality (NPP) by ten percent in rural areas reduces poverty rates by around 0.7 

percentage points. In Sub-Saharan Africa, the effects were even larger, such that a ten percent 

increase in NPP resulted in a 1.2 percentage point increase in poverty rates. The reasons for such 

significant and sizeable effects in Sub-Saharan Africa and rural areas has likely to do with 

livelihoods there being comparably more dependent on vegetation quality and soil fertility. For 

instance, Barrios et al. (2010) have shown that unlike in other continents, economic growth is 

strongly dependent on rainfall in Africa. Moreover, Alene et al. (2018) find that soil fertility 

management had the largest effect on poverty reduction and economic growth in Africa. However, 

the estimates for rural Sub-Saharan Africa should be taken with a grain of salt as the comparably 

low sample size results in statistical limitations with respect to inferring the exact effect size. 

Introducing controls makes the analysis even less statistically powered, which is the reason why 

the rural SSA specifications are in fact excluded from the specifications below.  

In general, the first stage regressions show a very strong relationship of vegetation quality 

and poverty. Precipitation explains more than 80% of the variation of NPP as shown in Table A3 

in the online appendix. 

 

 

 

 

14 We define provinces with a crop share above 30% as ‘‘rural“ to simultaneously capture high levels of agricultural 

dependence and a low degree of urbanization. 
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Table 2: Second Stage - The effect of NPP on Poverty 

 (1) (2) (3) (4) (5) (6) (7) 

VARIABLES OLS OLS - 

Rural 

OLS - 

SSA 

IV IV - 

Rural 

IV - Rural 

No Outliers 

IV - Rural 

SSA 

        

NPP -1.54 -0.95 0.05 0.13 -7.20*** -7.20*** -12.14*** 

 (1.20) (1.28) (1.26) (1.54) (2.40) (2.48) (2.80) 

NPP * Rural  -1.54      

  (1.16)      

NPP * SSA   -9.24***     

   (2.04)     

Precipitation 1.03 0.86 0.67     

 (1.25) (1.24) (1.26)     

Constant 39.21*** 40.62*** 43.17*** 33.37*** 31.15*** 31.35*** 41.91 

 (6.18) (6.20) (6.32) (7.21) (8.17) (8.18) (26.01) 

        

Observations 2,738 2,738 2,738 2,738 1,362 1,306 104 

R-squared 0.68 0.68 0.69 0.68 0.73 0.73 0.52 

Country FE YES YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

Table 3 shows a specification including a set of additional control variables. All estimated 

coefficients are in line with our priors. Note that all effects other than those of vegetation quality 

are not ‘exogenized’, thus they may not be interpreted as causal. That said, important lessons can 

be drawn from correlations as well. For example, road density, a proxy for infrastructural 

development, is an important and strong predictor of poverty reduction. This a long established 

and well-known finding in development economics (see e.g. Jacoby, 2000; Gibson & Rozelle 

2003; Jacoby & Minten, 2009; Khandker et al., 2009). For an overview of possible theoretical 

channels see Brenneman & Kerf (2002). Similar effects can be seen with respect to urbanization 

(people moving to cities), another variable that is consistently correlated with poverty reduction in 
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the development economics literature (see e.g. Arouri et al., 2017, and Christiaensen et al. 2013). 

Ruggedness is statistically positively related to poverty rates, suggesting that rougher terrains 

possibly make it harder to escape poverty. The direction of control variable coefficients is 

generally in line with the literature, which gives confidence in the quality of the data and empirical 

approach.  

Table 3: Second Stage - The effect of NPP on Poverty including Controls 

 (1) (2) (3) (4) (5) (6) 

VARIABLES OLS OLS - 

Rural 

OLS - 

SSA 

IV IV - 

Rural 

IV - Rural No 

Outliers 

       

Precipitation 1.52 1.51 1.33    

 (1.32) (1.32) (1.33)    

NPP -4.18*** -3.47*** -2.66* -0.96 -6.70** -5.79** 

 (1.21) (1.33) (1.36) (2.47) (2.76) (2.70) 

NPP * Rural  -1.30     

  (0.99)     

NPP * SSA   -6.19***    

   (2.18)    

Share Cropland 9.78*** 9.85*** 7.94** 8.62** 6.75 6.32 

 (3.48) (3.49) (3.54) (3.84) (5.40) (5.72) 

Share Urban -0.54 -1.19 -1.38 0.21 -

25.53*** 

-27.11*** 

 (7.01) (7.10) (7.19) (7.22) (9.62) (9.96) 

Share 

Grassland 

-1.58 -2.38 -2.98 -1.70 13.78 13.86 

 (5.33) (5.41) (5.40) (5.33) (10.38) (10.67) 

Share Forest 3.67 2.23 1.67 0.56 0.07 -0.84 

 (4.10) (4.26) (4.18) (5.43) (7.23) (7.11) 

Population -1.85*** -1.90*** -1.81*** -1.82*** -1.10** -1.14** 

 (0.57) (0.57) (0.57) (0.55) (0.55) (0.54) 

Ruggedness 1.87*** 1.92*** 1.67*** 1.55*** 3.02*** 2.94*** 

 (0.42) (0.42) (0.42) (0.48) (0.55) (0.53) 

Road Density -2.90*** -2.90*** -2.87*** -3.09*** -5.02*** -5.08*** 

 (0.80) (0.81) (0.82) (0.83) (1.23) (1.24) 

Constant 47.60*** 49.01*** 53.66*** 42.06*** 14.43 17.09 

 (10.13) (10.16) (10.48) (13.30) (12.65) (12.23) 

       

Observations 2,736 2,736 2,736 2,736 1,360 1,304 

R-squared 0.74 0.74 0.75 0.74 0.82 0.82 
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Country FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Country trend YES YES YES YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

The main caveat of the presented analysis is that we are not able to control for province level fixed 

effects due to data availability, as elaborated in footnote 7. Not being able to control for province 

level fixed effects implies that we cannot rule out that the presented results are partially due to 

within country province heterogeneity. While including several control variables allows us to rule 

out the impact of several important within-country factors such as land cover and land use, it does 

not allow us to rule out any possible effect that would come from time-invariant within-country 

heterogeneity.   

 

b. Cross-sectional findings 

Figure 2 depicts a negative relationship between poverty and soil quality. Poverty headcount rates 

are particularly high in rural regions with low soil quality.  
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Figure 2: Poverty and Soil Quality in Rural Areas 

 

Note: Each dot represents an equally sized bin of observations (grouped over the x-axis). Within these bins, the average 

of the x- and y-variable is computed and visualized in a scatterplot. The residuals from a regression of poverty 

headcount ratio on country fixed effects are on the y-axis. Top soil carbon content is on the x-axis.  

The negative relationship between soil fertility and poverty is significant in the specifications that 

isolate the exogenous effects of top soil on poverty (Table 4). An increase in top soil carbon content 

of ten percent reduces the poverty headcount ratio by around two to three percentage points 

(columns 3 and 4) in the rural sample. The effects are especially large in rural Sub-Saharan Africa, 

where a ten percent increase in soil fertility results in a roughly four percentage points reduction 

in poverty rates in the baseline specification (column 5). As mentioned before, these specifications 

are restricted to cross-section information due to the unavailability of time-variant soil fertility and 

subnational GDP measures.  
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Table 4: Second Stage - The effect of Top Soil Carbon on Poverty 

 (1) (2) (3) (4) (5) 

VARIABLES OLS IV IV - Rural IV - Rural No Outliers IV - Rural SSA 

      

Top Soil Carbon -4.17*** 0.73 -28.62*** -21.72*** -40.74*** 

 (1.01) (3.23) (9.32) (8.11) (11.25) 

Precipitation 1.32     

 (0.94)     

Constant 47.34*** 35.10*** 134.72*** 115.02*** 212.56*** 

 (5.88) (10.50) (26.76) (23.33) (40.85) 

      

Observations 933 933 476 452 64 

R-squared 0.75 0.74 0.71 0.76 0.51 

Country FE YES YES YES YES YES 

Year FE YES YES YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

The significant results we estimate for the effect of soil carbon on poverty are robust with respect 

to the specific welfare measure chosen. We repeat above analysis using GDP per capita as the 

outcome variable instead of poverty headcount rates and find that similar patterns hold. An 

increase of topsoil carbon by ten percent results in an increased GDP per capita of 0.2 percent in 

rural areas (see columns 3 and 4 of Table 5). The first stage regressions estimating the effect of 

precipitation on top soil carbon are provided in Table A4 in the online appendix. 
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Table 5: Second Stage – The effect of Top Soil Carbon on GDP per capita 

 (1) (2) (3) (4) (5) 

VARIABLES OLS IV IV- rural IV - Rural No Outliers IV - Rural SSA 

      

Top Soil Carbon 0.23** 0.17 1.78** 1.68* 1.26*** 

 (0.11) (0.30) (0.88) (0.90) (0.37) 

Precipitation -0.02     

 (0.12)     

Constant -3.76*** -7.03*** -13.25*** -12.91*** -12.06*** 

 (0.63) (1.13) (3.36) (3.44) (1.27) 

      

Observations 636 636 339 330 32 

R-squared 0.79 0.79 0.83 0.83 0.24 

Country FE YES YES YES YES NO 

Year FE YES YES YES YES NO 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

The significant effects of soil fertility on poverty and GDP per capita are moreover robust to the 

inclusion of the set of control variables already discussed in the panel specification for NPP. The 

full specifications including land use categories, road density and ruggedness are found in Tables 

A5 and A6 in the online appendix. In addition, we included a measure of soil type as a control 

variable, which is particularly important as there are significant variations of soil types within 

countries. Soil types range from soils with relatively rich soil organic carbon (such as Histosols) 

to soils with practically no soil carbon (such as Entisols). Clearly it is important to control for the 

specific type of soil as this is one of the main immutable factors when it comes to soil organic 

carbon formation (for a taxonomy of soils and an exposition of their properties see USDA, 1999).  
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c. Additional findings  

 

As discussed earlier, irrigation systems in Sub-Saharan Africa are much less developed 

than elsewhere, making the region more vulnerable to the vagaries of rainfall (You et al., 2011). 

We therefore further investigate the role of irrigation and its effects on the environment-poverty 

elasticity, directly. Following the criticism brought forward in Sarsons (2015), we run split sample 

regressions based on irrigation prevalence in the provinces under analysis. The results are shown 

in Table 6. The estimates suggest that the effects of vegetation quality on poverty are indeed driven 

by the less irrigated areas in the sample. This suggests that irrigation systems are effective in 

increasing rural farmer’s resilience to weather shocks.15  

In an additional exercise, we analyze the degree of poverty alleviation along the income 

distribution using a split sample regression with areas below and above the observed median 

poverty rate. Tables 7 and 8 show that for both the NPP and the soil organic carbon 

specifications, the poverty rates in poorer places dropped much more as a reaction to improved 

vegetation quality and soil fertility. This is indicated by estimated coefficients that are in the 

order of two to nine times larger than the coefficient for less poor areas.  

 

 

15 That said, it is important to note that the sample split based on irrigation prevalence, may have split the sample also 

along the lines of several omitted variables. For example, the reason for better irrigation in one province, compared to 

the other may have something to do with quality of governance (see e.g. Playán et al., 2018), which in turn may have 

mediated the strength of the environment-poverty elasticity, rather than irrigation per se. Future research into this area 

is necessary.  
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Table 6: The Effect of NPP on Poverty in Areas with High and Low Levels of Irrigation 

 (1) (2) (3) 

VARIABLES IV - Rural IV - Rural Above Med. Irrig. IV - Below Med. Irrig. 

    

NPP -7.20*** -4.04 -21.69*** 

 (2.40) (3.36) (8.25) 

Constant 31.15*** 38.36*** 38.43*** 

 (8.17) (8.32) (12.51) 

    

Observations 1,362 855 457 

R-squared 0.73 0.77 0.71 

Country FE YES YES YES 

Year FE YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
Note: The sample is split according to the average proportion of area equipped for irrigation to area according to 

version 5 of the Global Map of Irrigation Areas published by the Food and Agriculture Organization of the United 

Nations. 

 

Table 7: Second Stage – The effect of NPP on Poverty in High / Low Poverty Areas 

 

 

 (1) (2) (3) 

VARIABLES IV - Rural IV - Rural Below Median Pov. IV - Rural Above Median Pov. 

    

NPP -7.20*** -2.50 -6.92*** 

 (2.40) (2.43) (2.56) 

Constant 31.15*** 3.46*** 24.47*** 

 (8.17) (1.33) (8.38) 

    

Observations 1,362 728 634 

R-squared 0.73 0.44 0.56 

Country FE YES YES YES 

Year FE YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 8: Second Stage – The effect of Top Soil Carbon on Poverty in High / Low Poverty 

Areas 

 

 (1) (2) (3) 

VARIABLES IV - Rural IV - Rural Below Med. Pov. IV - Rural Above Med. Pov. 

    

Top Soil Carbon -28.62*** -3.64 -32.99** 

 (9.32) (7.69) (13.44) 

Constant 134.72*** 27.32 143.86*** 

 (26.76) (30.59) (39.93) 

    

Observations 476 283 193 

R-squared 0.71 0.58 0.50 

Country FE YES YES YES 

Year FE YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

 

To account for the possibility that the results could be driven by one explicit measurement 

of vegetation quality, all specifications are estimated with a different satellite-based indicator, the 

Normalized Density Vegetation Index. In addition, some spatial econometrics exercises are carried 

out. We specify spatial autoregressive models to account for the possibility of spatial dependence 

of poverty and income. In addition, we run Moran’s I tests on the residuals of the second stage 

regressions of selected IV specifications. The conclusions drawn remain unchanged.16 

 

4. Conclusion and discussion  

In this article, we analyze the relationship of vegetation quality & soil fertility with income and 

poverty on a global scale. To overcome potential endogeneity issues, the exogenous variation of 

two environmental variables is isolated using rainfall data in an instrumental variable approach. 

 

16 The NDVI results as well as the results of the spatial models are available upon request. 
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As expected, we find evidence that building roads, and urbanization is associated with 

reductions in poverty rates, as previous literature suggested. What has not been shown conclusively 

so far is whether in-situ improvements of environmental quality significantly reduce poverty. 

Several authors have concluded that it does not. Okwi et al. (2007) concludes that if all of Kenya’s 

soil was raised to its highest quality, only a one percentage point reduction in poverty rates would 

ensue. Wantchekon and Stanig (2015) go even farther and conclude that in Sub-Sharan Africa 

good soil may be a hindrance for poverty reduction.  

We find that vegetation quality and soil fertility are important drivers for poverty 

alleviation in rural areas and Sub-Saharan Africa. Soil fertility and vegetation quality not only have 

significant and sizeable effects on poverty rates but also on GDP per capita. These significant 

environment-poverty elasticities are especially relevant for low income households that draw a 

larger share of their income from natural resources and the environment (Wunder, 2015). 

Moreover, we found that the effects of vegetation quality and soil fertility on poverty are stronger 

for poorer places, suggesting that environmental improvements are pro-poor. Finally, the 

availability of irrigation systems plays a major role when explaining the environment – poverty 

nexus. The results in this article are strongly driven by less irrigated areas, suggesting that 

irrigation systems have large impacts for making poor areas less dependent on weather 

fluctuations.  
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