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1 Introduction

Diversity plays a key role in the resilience to external stresses of farm plants and ani-mals. 
In particular, crop species diversity increases productivity and production stability 
(Tilman et al., 2005; Tilman & Downing, 1994; Tilman et al., 1996) in the sense that the 
probability to found at least one individual that resists to an adverse meteorological 
phenomenon (for example a drought or a heatwave), or pests and diseases, increases with 
the diversity within a population. Furthermore, the larger is an homogeneous population, 
the larger is the number of parasites that use this population as a host and therefore the 
larger is the probability of a lethal infection (Pianka, 2011). Finally, diversity also allows 
for species complementarities and therefore a more efficient use of natural resources 
(Loreau & Hector, 2001). For these reasons, the expansion of monocultures observed in 
many modern agricultural systems is presented as one of the causes of their increased vul-

nerability and, consequently, of the increased use of agrochemicals (Landis et al., 2008). In 
short, crop biodiversity has the potential to enhance resistance to strains due to biotic and 
abiotic factors and to improve crop production and farm revenues.

Our paper empirically investigates the role of crop biodiversity on agricultural pro-

duction and on farmer’s exposure to risk. We build a probabilistic model to describe crop
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survival and productivities according to diversity. From this analytic model, we derive

reduced forms that are estimated using data on South African agriculture.

Previous empirical investigations on the role of biodiversity on production has pro-

duced sometimes contrasted results. Di Falco & Chavas (2006) report a positive impact

of biodiversity on average production mean and on the reduction of its variability, us-

ing data on wheat production in Sicily (Italy), Di Falco & Chavas (2009) find positive

impacts of crop biodiversity in barley production in Ethiopia. Carew et al. (2009) also

find a positive impact of crop diversity on average production of wheat in Canada. Smale

et al. (1998), examining the impact of wheat genetic diversity on wheat yield in Pakistan,

find a positive impact of diversity in rain fed regions while in irrigated regions higher

area concentration on few varieties is associated with higher yields. These results were

obtained using either aggregate data (Smale et al., 1998; Carew et al., 2009) which do not

allow to control for farm characteristics, or farm-level data from household or farm survey

(Di Falco & Chavas, 2006, 2009) with relatively fewer observations. Furthermore, all these

studies used pure econometric methods, mainly moment based approaches, Di Falco &

Chavas (2006, 2009) stressing the crucial role played by skewness in addition to mean

and variance. The functional forms are totally disconnected from the ecology literature

and therefore do not allow to go into deep details on the way biodiversity impacts pro-

ductivity. In economic literature, models of endogenous interaction between biodiversity

and crop production have been developed in theoretical papers that analyse the role and

the value of biodiversity against specialisation on the most productive crops (Weitzman,

2000; Brock & Xepapadeas, 2003; Bellora & Bourgeon, 2015) but have never been coupled

with empirical investigations.

Our results contribute to the existing literature in three main ways. First, we confirm

that diversity has a positive and significant impact on produced quantities.1 An increase

in biodiversity is equivalent to a third of the benefits of a comparable increase in irrigation,

where irrigation is known to be an important impediment to crop productivity in South

Africa, due to unreliable precipitation. Biodiversity also contributes to the reduction

of production variance and, thus, to the stabilisation of agricultural revenues. Second,

we use a very large dataset of highly disaggregated data at the field level derived from

satellite imagery. Thanks to our large dataset, we show that biodiversity has mainly

a local impact: biodiversity is a significant predictor of crop production on perimeters

having a radius smaller than 1.75 kilometre.2 Third, our approach is built on the results

of ecology literature. Our probabilistic model makes explicit the relationship between

1Note that previous studies mainly looked at genetic diversity i.e. intraspecific diversity, while we
rather analyse interspecific diversity, i.e. crop diversity.

2We quantify biodiversity using an index taken from the ecological literature, based on species richness
(i.e. the total number of species) and their relative abundance, the Shannon index. This index captures
the fact that biodiversity is high when the total number of species is large and the distribution of their
relative abundances is homogeneous.
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biodiversity, biotic and abiotic factors that affect agricultural production. It represents 
how biodiversity impact agricultural production. Stochastic shocks affecting agricultural 
production are endogenous, in accordance with ecology findings. 

In the remainder of the paper, the theoretical model that motivates our empirical 
investigations is developed in section 2 and section 3 details its empirical implementation. 
Then, the database on South African agriculture is presented in section 4. In section 5 , 
we use these data to investigate the impact of crop biodiversity on production levels and 
variability.

2 The model

A very robust stylised fact in ecology describes the impact of biotic factors on agricultural 
production: the more area is dedicated to the same crop, the more pests specialise on this 
crop and the higher is the frequency of their attacks (Pianka, 2011). Relying on this stylised 
fact, we build a general probabilistic model of crop production where crops are affected by 
both abiotic (i.e. weather, water availability, soil properties. . . ) and biotic (i.e. pests) 
factors causing pre-harvest losses.3 More precisely, we consider that the total agricultural 
production depends on the survival probability of each crop, which is directly linked to the 
probability of a pest attack. The frequency at which pest attacks occur is linked to the way 
crops are produced: the more diverse are crops, the lower is the probability of a pest attack, 
the higher is the survival probability and therefore the higher is the expected agricultural 
production.

To describe these impacts, we adopt a beta-binomial distribution, which is often used in 
ecology and plant physiology literature to describe spatial distributions that are not 
random but clustered, patchy or heterogeneous (Hughes & Madden, 1993; Shiyomi et al., 
2000; Chen et al., 2008; Bastin et al., 2012; Irvine & Rodhouse, 2010). We assume that a 
region (or a country) produces Z different crops on I fields of the same size, each field being 
sowed with one crop only. Characteristics of field i are gathered in vector Xi = (xi1, . . . , 
xiK ) and are related both to abiotic factors (for example, water availability through 
irrigation, soil quality, field location. . . ) and biotic factors (in particular the state of crop 
biodiversity around the field we consider). In particular, Xi contains information on the 
way crops are cultivated and on biodiversity conditions. Depending on the crop cultivated, 
each field is divided in n(z) patches that are subject to potential lethal strains due, for 
example, to adverse meteorological conditions or pathogens. We suppose that

3Losses due to biotic factors can be significant. Oerke (2006) finds that, during the 2001-2003 period, 
without crop protection, losses in major crops due to pests were comprised between 50% and 80%, at the 
world level. Thanks to crop protection, they fall between 29% and 37%. Similar results are found for the US 
by Fernandez-Cornejo et al. (1998).

3



a patch on field i is destroyed with probability 1 − λi from one (or several) adverse

condition, and that otherwise it produces the potential yield a(z) independently of the

fate of the other patches on field i or elsewhere.4 With n(z) patches, the probability of

having t patches within field i unaffected (and thus n(z)− t destroyed) follows a binomial

distribution

Pr{T̃i = t|z, λi} =

(
n(z)

t

)
λti(1− λi)n(z)−t

where T̃i is the random variable that corresponds to the number of patches that are

indeed harvested among the n(z) patches of field i sowed with crop z. We consider that

the survival probability of the patches of a field, λi, is identically and independently

distributed across patches. However, this probability may vary across fields of the same

crop (we generally have λi 6= λj for any couple of fields (i, j) sowed with the same crop):

it depends on natural conditions but also on the characteristics Xi of the field. More

precisely, denoting by Sui(z) = eγ(z)+θu.Xi and Sdi(z) = eβ(z)+θd.Xi , the survival probability

of patches on a given field is a draw from a Beta distribution given by

Pr (λi = λ|Xi, z) =
Γ [Sui(z) + Sdi(z)]

Γ [Sui(z)] Γ [Sdi(z)]
λSui(z)−1(1− λ)Sdi(z)−1

where Γ(·) is the the gamma function, γ(z) and β(z) are positive parameters that de-

termine the randomness of the survival probability of a patch of crop z absent any field

specific effect, and where the vectors θu and θd capture the influence of each field specific

effect on the survival probability of crop z. The expected number of patches among n(z)

that are harvested on field i is given by E[T̃i|Xi, z] = n(z)ψ(z,Xi) where

ψ(z,Xi) = E[λi|Xi, z] =
Sui(z)

Sui(z) + Sdi(z)
(1)

is the expected probability that a particular patch of field i is harvested given its character-

istics Xi. Absent field specific effects (θu = θd = 0), the expected resilience of a particular

stand of crop is given by γ(z)/[γ(z) + β(z)]. An increase in coefficient θuk increases this

resilience, while an increase in θdk diminishes it, the extent of this effect depending on

the corresponding field characteristics. The variance of the number of harvested patches

on field i is given by σ2
i = n(z)V (z,Xi) where

V (z,Xi) = ψ(z,Xi)[1− ψ(z,Xi)]{1 + [n(z)− 1]ρ(z,Xi)} (2)

4Obviously, this is a strong assumption. Pests and/or weather do not necessarily totally destroy a
patch, but rather affect the quantity of biomass produced. But, in order to maintain tractability, we
consider that a patch is either unaffected either totally destroyed, rather than partially affected, by
adverse conditions. Thus, our random variable is the number of harvested patches rather than the share
of biomass that is lost on each patch.
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with

ρ(z,Xi) = [1 + Sui(z) + Sdi(z)]−1.

Equation (2) corresponds to the variance of the survival probability of one patch on

a field with characteristics Xi. Compared to the Bernoulli distribution, (2) contains an

additional term that accounts for the correlation between patches induced by the common

distribution of the survival probability, the correlation coefficient being given by ρ(z,Xi).

The production on field i is given by Ỹi = a(z)T̃i. It can be equivalently written as

Ỹi = E[Ỹi](1 + ε̃i) (3)

where E[Ỹi] = a(z)n(z)ψ(z,Xi) and ε̃i = (T̃i − E[T̃i])/E[T̃i] has a mean equal to 0 and a

variance given by

σ2
εi

=
1− ψ(z,Xi)

ψ(z,Xi)

(
1

n(z)
+
n(z)− 1

n(z)
ρ(z,Xi)

)
≈ 1− ψ(z,Xi)

ψ(z,Xi)
ρ(z,Xi) (4)

when n(z) is large. This variance is mainly due to the correlation between patches on a

field that share the same survival probability, captured by ρ(z,Xi). Indeed, λi follows a

beta distribution but the parameters of the distribution depend on the field characteristics

Xi and are thus different across fields. In other words, with a sufficiently large number of

patches on each field, the difference in the quantities produced is mainly driven by field

characteristics.

To sum up, the number of patches that are harvested on field i, T̃i, follows a beta-

binomial distribution determined by the parameters γ(z), β(z), θuk, θdk. Parameters θuk

and θdk determine the impact of the field characteristic xik on T̃i, in addition to the

parameters γ(z) and β(z) that are shared by all fields that grow crop z. Depending on

the values of θuk and θdk, each characteristic xik can increase or decrease the expected

number of harvested patches on field i and skew the distribution of T̃i to the right or to

the left, modifying the probability of extreme events like the loss of all the patches in a

field.

In the following, we build an empirical strategy to estimate all the parameters that

determine the distribution of T̃i, the number of patches harvested in a field, and therefore

of Ỹi, the total production of the field.

3 Empirical strategy

Starting from the probabilistic model, our aim is to estimate the vector of field specific

contributions θu and θd and the crop specific parameters γ(z) and β(z) on the distribution

of the survival probability T̃ using an (extended) logit estimation procedure.
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We first have to derive from each field production the corresponding survival proba-

bility λ̂i. They are obtained by dividing the field production by the potential maximum

production a(z)n(z) derived from YM(z) ≡ maxYi(z) using a(z)n(z) = (1 + α)YM(z)

where α ≥ 0. We indeed consider that the maximum production observed is lower than

the potential production since it is impossible to actually observe the production of a field

absent any field specific effect (i.e. with θu = θd = 0). Robustness checks are performed

by varying α from 1% to 25%. Using a logit regression of the equation

ln[λ̂i/(1− λ̂i)] = δ + ∆.Xi

for each type of crop, we obtain the estimate δ̂(z) of β(z)− γ(z) and ∆̂ of θd− θu. From

theses result, we derive an expected patch survival rate per field given by

ψ̂i = 1/(1 + eδ̂+∆̂.Xi)

and a serie of dispersion values

ε̂i = (λ̂i − ψ̂i)/ψ̂i.

Using (4) which can be written as

σ2
εi

=
1− ψ(z,Xi)

ψ(z,Xi) + Sui

we get, solving for Sui

Sui =
1− ψ(z,Xi)(1 + σ2

εi
)

σ2
εi

.

Recalling that Sui = exp(γ + θuXi), we construct the variable

Ẑi =
1− ψ̂i(1 + ε̂2

i )

ε̂2
i

and we perform an OLS estimation of the equation

ln(Ẑi) = γ(z) + θu.Xi.

to obtain γ̂(z) and θ̂u. We then get β̂(z) = δ̂(z) + γ̂(z) and θ̂d = ∆̂ + θ̂u.
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4 Data

We combine different data sources to build a very detailed database on South African

agriculture. First, field boundaries are identified, then agricultural production is char-

acterised on each field by identifying the crops that are grown, measuring the biomass

produced, determining the production system (rain fed or irrigated) and quantifying crop

interspecific biodiversity.

4.1 Crop fields

Field boundaries, available for the provinces of Free State, Gauteng, North West and

Mpumalanga, are determined using the Producer Independent Crop Estimate System

(PICES) which combines satellite imagery, Geographic Information System (GIS), point

frame statistical platforms, and aerial observations (Ferreira et al., 2006). Satellite im-

agery of cultivated fields is obtained from the SPOT 5 satellite at a 2.5-m resolution. Plot

boundaries are then digitised using GIS and field cloud covered polygons are removed be-

fore processing. Over the four regions of interest, PICES distinguishes circa 280 000 fields

covering an area of around 6.5 million hectares. To approximately match the resolution

of the crop production indicator described below (see 4.2), which is only available at the

250-m resolution, the analysis is limited to fields larger than 6.25 ha. This restricts the

sample to 213 110 fields. Figure 1 presents the location of the considered crop fields in

South Africa. While the summary statistics in Table 1 show that fields are on average

about 28.4 hectares, the large standard deviation (24.8) indicates that they vary substan-

tially in size. For instance, the largest field is 720 hectares large, while the smallest is

only 6.25.

Using the digitised satellite images described above, the Agricultural Geo-referenced

Information System (AGIS) developed by the South African Department of Agriculture

provides information on the crop cultivated on each field. To do so, sample points were

selected randomly and surveyed by trained observers from a very light aircraft in order to

determine crop type (Ferreira et al., 2006). Crop information collected during the aerial

surveys on the sample points was subsequently used as a training set for crop type clas-

sification for each field and for accuracy assessment. These estimated crop classifications

were then checked against a producer based survey for the Gauteng region. The Gauteng

census survey showed that less than 1.8% of crop types had been misclassified. All in all,

seven summer crops were distinguished for the provinces of Free State, Gauteng, North

West and Mpumalanga for the summer season 2006/2007: cotton, dry beans, groundnuts,

maize, sorghum, soybean and sunflower. An example of the distribution of crop types is

provided in figure 2. The summary statistics for the entire sample in Table 2 show that

maize was the dominant crop cultivated in the three provinces: maize fields represent
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Figure 1: Localisation of the considered fields in South Africa

nearly 70 per cent of the total number of fields we consider. Other important crops were

sunflower and soybean, standing at 15 and 11 per cent each. In contrast, all other crop

types constituted less than 2 per cent individually. One should note that even if one were

to adjust the crop type shares by their areas, a similar ranking remains, with a slight

redistribution of shares towards the smaller crop types. For instance, the share of maize

dropped to 62 per cent of the total crop area.

The AGIS crop boundaries dataset also provides information regarding whether each

field is irrigated. As can be seen from Table 1, only about 5% of all fields were part of an

irrigation system.

Finally, all fields can be linked to their respective farms with a unique farm identifier.

In total the fields were owned by 12 462 different farms, where on average each farm

was proprietor of 5 fields. However, ownership differed substantially, with the largest

ownership gathering 193 fields, and 3 704 single field farms.

4.2 Crop production measure

We estimate crop biomass production using the satellite derived normalised difference

vegetation index (NDVI). Vegetation indices provide consistent spatial and temporal rep-

resentations of vegetation conditions, when locally derived information is not available.

As a matter of fact, numerous studies have demonstrated that NDVI values are signifi-

cantly correlated with biomass production, and therefore yields, of various crops, including

wheat (Das et al., 1993; Gupta et al., 1993; Doraiswamy & Cook, 1995; Hochheim & Bar-
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Table 1: Plot summary statistics

Variable Mean Standard
deviation

Variable Mean Standard
deviation

All crops Maize
NDVI 0.61 0.13 NDVI 0.61 0.13
Water balance −41.07 11.73 Water balance −42.60 11.89
Season length (days) 129.64 35.48 Season length (days) 126.98 35.33
Plot area(ha) 28.36 23.47 Plot area(ha) 22.72 2.04
Farm area (ha) 315.2 500.00 Farm area (ha) 193.63 3.53
Irrigation (%) 5.05 − Irrigation (%) 4.94 21.67
Longitude 27.7 1.48 Longitude 27.69 1.49
Latitude −27.1 0.99 Latitude −27.17 0.99

Cotton Sorghum
NDVI 0.73 0.05 NDVI 0.69 0.10
Water balance −28.61 14.54 Water balance −33.54 7.70
Season length (days) 130.94 52.00 Season length (days) 125.20 26.17
Plot area(ha) 15.63 1.66 Plot area(ha) 19.27 1.91
Farm area (ha) 184.41 2.32 Farm area (ha) 45.63 2.79
Irrigation (%) 56.60 49.80 Irrigation (%) 1.96 13.87
Longitude 29.23 0.06 Longitude 28.83 0.86
Latitude −25.03 0.06 Latitude −26.75 0.58

Dry bean Soybean
NDVI 0.62 0.14 NDVI 0.71 0.09
Water balance −38.96 12.39 Water balance −32.18 7.59
Season length (days) 145.58 38.66 Season length (days) 129.19 30.14
Plot area(ha) 21.43 2.03 Plot area(ha) 19.09 1.91
Farm area (ha) 68.50 3.10 Farm area (ha) 95.98 2.95
Irrigation (%) 3.75 19.00 Irrigation (%) 5.89 23.55
Longitude 27.83 2.15 Longitude 29.06 0.81
Latitude −26.79 0.71 Latitude −26.78 0.87

Ground nut Sunflower
NDVI 0.52 0.11 NDVI 0.59 0.13
Water balance −55.56 6.34 Water balance −44.20 12.10
Season length (days) 115.40 34.67 Season length (days) 131.27 38.01
Plot area(ha) 28.61 2.03 Plot area(ha) 20.54 2.01
Farm area (ha) 73.91 2.96 Farm area (ha) 80.59 3.14
Irrigation (%) 4.10 19.84 Irrigation (%) 7.80 26.81
Longitude 26.15 0.59 Longitude 27.16 1.14
Latitude −27.67 0.59 Latitude −27.19 1.11

Table 2: Distribution of the considered crops

Crop Nb. of fields Share of total fields (%) Share of total area (%)

Dry beans 1 227 1.88 1.88
Ground nuts 1 292 2.5 2.50
Maize 45 256 69.77 72.27
Sorghum 715 1.10 0.93
Soybean 6 825 10.52 8.80
Sunflower 9 441 14.56 13.51
Cotton 106 0.16 0.10
Total 64 862 100.00 100.00
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Figure 2: Distribution of the studied crops in South Africa

ber, 1998; Labus et al., 2002), sorghum (Potdar, 1993), maize (Hayes & Decker, 1996;

Prasad et al., 2006), rice (Nuarsa et al., 2011; Quarmby et al., 1993), soybean (Prasad

et al., 2006), barley (Weissteiner & Kuhbauch, 2005), millet (Groten, 1993) and tomato

(Koller & Upadhaya, 2005). Moreover, NDVI has also been shown to provide a very good

indicator of crop phenological development (Benedetti & Rossini, 1993).

The NDVI index is calculated using ratios of vegetation spectral reflectance over in-

coming radiation in each spectral band. The NDVI data are extracted from the MOD13Q1

dataset,5 which gathers together reflectance information collected by the MODerate-

resolution Imaging Spectroradiometer (MODIS) instrument operating on NASA’s Terra

satellite (Huete et al., 2002). From these data, NDVI can be formulated as:

NDV I =
NIR− V IS
NIR + V IS

where the difference between near-infrared reflectance (NIR) and visible reflectance (VIS)

values is normalised by the total reflectance and varies between - 1 and 1 (Eidenshink,

1992).6 Negative and very low values corresponding to water and barren areas were

excluded from the analysis by design. Due to the nature of the source data NDVI derived

estimates were available as 16-day composite indices at a resolution of 250 m. Area-

5Available online from https://lpdaac.usgs.gov/lpdaac/content/view/full/6652
6Plant leaves strongly absorb visible light (V IS), while they reflect near-infrared light (NIR). Then,

the more leaves a plant has, and therefore the more biomass it produces, the more near-infrared and
visible reflectance will be affected. The more biomass is produced, the more the NDVI is close to 1.
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weighted averages of the 16-day NDVI values for each crop field are calculated using the 
'̂zonal statistics'̂  tool in ArcGIS.

The NDVI can be related to produced quantities by the following relationship, extrap-

olated by Ma et al. (2001) for soybean:

Y = d+ bNDV Ic (5)

where Y represents the quantities produced (or the yield), d, b and c are three parameters,

with c being in [2;35] and b in [3.103; 72.103] (Ma et al., 2001). Denoting by

Zi = NDV Ii −NDV I0 (6)

with NDV I0 = |d/b|1/c, bZc
i gives an estimation of the quantities produced on field i,

Y (i).7

Crop growing seasons are characterised by the planting date and the phenology cycle,

which determines the length of the season. In South Africa, planting generally occur

somewhere between October and December in order to reduce the vulnerability to erratic

precipitation (Ferreira et al., 2006). However, phenology cycles, and hence growing sea-

sons, can differ substantially among crop types and even for fields of the same crop type.

In order to take account of this, we used the TIMESAT program8 (Jönsson & Eklundh,

2002, 2004) to determine crop and field specific growing seasons. We are then able to

approximate the start and end of growing seasons based on distribution properties of the

NDVI. Summary statistics in Table 1 show that growing seasons are on average 130 days,

with a standard deviation of 35 days.

Finally, as is standard in the literature of satellite derived plant growth measures,

we use the maximum NDVI over the growing season as an indicator of crop production

(Zhang et al., 2006). It takes on an average value of 0.61 with a standard deviation of

0.13 (see Table 1).

4.3 Crop water balance

An important determinant of crop growth is water availability. A common simple proxy

for it is the difference between rainfall and the evaporative demand of the air, i.e, evapo-

transpiration. To calculate this, we use gridded daily precipitation and reference evapo-

transpiration data taken from the USGS Early Warning Famine climatic database.9 More

specifically, daily rainfall data, given at the 0.1 degree resolution (ca. 10 km), are gener-

7For value smaller than NDV I0, the produced quantities are equal to 0, the NDVI capturing the light
reflected by the bare soil.

8The algorithm within the TIMESAT software is commonly used to extract seasonality information
from satellite time-series data.

9http://earlywarning.usgs.gov/fews

11

http://earlywarning.usgs.gov/fews


ated with the rainfall estimation algorithm RFE (version 2.0) dataset implemented by the

National Oceanic and Atmospheric Administration (NOAA) - Climate Prediction Center

(CPC) using a combination of rain gauges and satellite observations. Daily reference evap-

otranspiration data, available at a 1 degree resolution, were calculated using a 6-hourly

assimilation of conventional and satellite observational data of air temperature, atmo-

spheric pressure, wind speed, relative humidity and solar radiation extracted from the

National Oceanic and Atmospheric Administrationâes Global Data Assimilation System.

Using these gridded data each field was then assigned a daily precipitation and potential

evapotranspiration value over its growing season to then calculate out its average daily

water balance. The mean and standard deviation of this measure are given in Table 1.

4.4 Biodiversity index

Among field characteristics, we are particularly interested in crop biodiversity. Diversity

measures, extensively used in biology and ecology literature, take into account specie

richness (i.e. the number of species present) and evenness (i.e. the distribution of species).

In the following, we quantify biodiversity at the field level adopting one of the most widely

used indicators, the Shannon index (Shannon, 1948):

Si` = −
∑
z

Bl(z) lnBl(z) (7)

where the subscript i refers to a specific field, ` defines the size of the perimeter considered

as relevant, and B`(z) is the proportion of area within perimeter ` that is of crop z type.

Sil is then calculated for a given perimeter `, defined by its radius, applied to the centroid

of the field i considered. The more diverse crops are and the more equal their abundances,

the larger is the Shannon index. When all crops are equally common, all B(z) values will

equal 1/Z (Z being the total number of crops) and S will be equal to lnZ. On the

contrary, the more unequal the abundances of the crops are, the smaller is the index,

approaching 0 (and being equal to 0 if Z = 1). With respect to other common indicators,

like the Simpson’s index,10 the Shannon index is known to put less weight on the more

abundant species and to be more sensitive to differences in total species richness and in

changes in populations showing small relative abundances (Baumgärtner, 2006). In our

specification, the distance threshold for the radius ` is 0.75 kilometre; the distance is

then increased 250 metres by 250 metres to reach 3 kilometres, the maximum distance

considered. We provide summary statistics for the Shannon index in Table 3. Widening

the perimeter under consideration increases the value of the Shannon index substantially.

For example, the 3 km index is nearly 5 times larger than that of 0.75 km. This strongly

suggests that crop types are strongly spatially agglomerated, and thus locally less diverse.

10With our notations, the Simpson’s index is given by 1−
∑

z B
2
` (z).
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Table 3: Summary statistics for the Shannon index

All crops Dry bean Ground nut Maize Sorghum Soybean Sunflower

` S σS S σS S σS S σS S σS S σS S σS

750 m 0.03 0.14 0.17 0.31 0.21 0.31 0.08 0.21 0.11 0.25 0.17 0.29 0.14 0.26
1000 m 0.06 0.18 0.27 0.37 0.35 0.35 0.14 0.26 0.20 0.31 0.28 0.33 0.23 0.31
1250 m 0.07 0.21 0.36 0.39 0.43 0.35 0.19 0.29 0.28 0.35 0.37 0.35 0.30 0.33
1500 m 0.09 0.23 0.45 0.41 0.48 0.34 0.23 0.30 0.35 0.36 0.44 0.36 0.35 0.34
1750 m 0.10 0.24 0.50 0.42 0.51 0.34 0.27 0.31 0.40 0.37 0.49 0.35 0.40 0.34
2000 m 0.12 0.25 0.55 0.43 0.53 0.32 0.31 0.32 0.45 0.37 0.54 0.35 0.43 0.33
2250 m 0.13 0.26 0.60 0.43 0.55 0.31 0.33 0.32 0.49 0.37 0.58 0.34 0.46 0.33
2500 m 0.13 0.27 0.63 0.43 0.56 0.30 0.36 0.32 0.52 0.37 0.61 0.33 0.48 0.32
2750 m 0.14 0.28 0.66 0.43 0.57 0.30 0.38 0.31 0.56 0.36 0.63 0.32 0.50 0.32
3000 m 0.15 0.28 0.68 0.43 0.58 0.29 0.40 0.31 0.59 0.36 0.65 0.32 0.52 0.31

Note: The table reports the mean ( S) and the standard deviation (σS) of the distribution of the Shannon index, measured
for the different crops we considered, on different perimeters, characterised by their radius, `.

5 Empirical analysis

5.1 Impact on the production level

5.1.1 Regression specification

Our first empirical task is to investigate whether biodiversity affects crop field health. To

this end we use the following regression specification:

ln(NDV Ii) = θ0` + θS`Si` +
∑
k

θk`Xik` + µm + εi` (8)

where NDV Ii is the maximum NDVI over the crop’s growing season on field i, Si` is the

Shannon index for perimeter ` as defined above, Xi` is a vector of k control variables, and

µm is a farm fixed effect. These effects depend on natural conditions (weather, season

length. . . ), field attributes (irrigation, area. . . ) and farm management attributes (pesti-

cides, mechanisation, economies of scale. . . ). Therefore, the vector of control variables X

includes crop fixed effects, crop water balance (WB) and its squared value (WB2), an

irrigation dummy indicator, the season length, the logarithm of the field area in hectares

(ln(AREA)), the latitude (LATITUDE) and longitude (LONGITUDE) of the cen-

troid of the field, the percentage of cropland within a defined perimeter that is irrigated

(PC AREA IRR), and the percentage of land devoted to the same crop that belongs

to the same farm, within a defined perimeter (PC AREA FARM). One should note

that by including farm fixed effects, we are able to capture crop management techniques

that are common within farms, such as, for example, pesticide use, as well as farm wide

economies of scale. Crop specific dummies allow us to control for the fact that different

crops will have different vegetation growth intensity as captured by satellite reflectance

data.

One concern in estimating (8) with standard linear estimators is that our dependent

variable is theoretically bounded between 0 and 1. However, in our data the maximum
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NDVI of fields never reached either of the boundaries âe“ the minimum and maximum

values were 0.07 and 0.93, respectively. We can thus proceed with estimating (8) with

a standard linear model. In order to make our coefficients more readable, we multiply

NDVI by 10 000. Standard errors are clustered at the farm level.

5.1.2 Results

Our estimation results are presented in Table 4. In the first column, we simply include

our field specific control variables (vector X). As can be seen, crop water balance has a

significant positive and exponentially increasing impact on crop growth. However, while

having an irrigation system also acts to increase the productivity of fields, it also makes

crops less reliant on water balance (in a linear fashion) as would be expected. The

coefficient on season length suggests that the longer the season lasts, the lower crop

health is. In other words, the longer the season is, the higher are the probabilities that

an adverse event affects crops. Larger fields are less productive per hectare than smaller

ones. Finally, being located more in the east results in greater crop health, while being

further south or north is inconsequential for field productivity within our sample.

In the second column, we add the Shannon index using a perimeter of 0.75 kilometre to

define the neighbourhood `. A greater value of S (i.e., a greater surrounding biodiversity)

increases field productivity. Arguably, however, our diversity index may just be capturing

the fact that neighbouring areas are different in ways that are correlated with the diversity

of crops. To take account of these factors, we thus next include the percentage of the

surrounding area that is irrigated and the percentage of the surrounding area of fields

of the same crop type that belongs to the same farm. Accordingly, controlling for these

factors does indeed reduce the coefficient of S by about 17 per cent, and thus suggests

that it is important to control for surrounding area specific characteristics.

We subsequently increased the defined perimeter to calculate the Shannon index

to 1 km, as shown in the forth column, adjusting the variables PC AREA IRR and

PC AREA FARM in an analogous fashion. The S coefficient remain statistically signif-

icant, but decreases by 30%. As far as control variables are concerned, we find that the

share of area irrigated unequivocally increases the biomass production. The share of area

belonging to the same farm within the perimeter we consider seems to have no significant

impact on the biomass production. Further increasing the perimeter similarly continues

to produce a significant positive impact of biodiversity, the coefficient increasing by 48%

per cent. However, when further expanding the threshold of our definition of the relevant

neighbourhood to more than 1.5 kilometres, biodiversity no longer acts as a significant

predictor of crop production, as shown in the last columns of the table.11 This suggests

11We also experimented with increasing the perimeter up to 10 kilometres, but the coefficient on S
remains insignificant in all cases.
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that biodiversity is relatively locally defined, i.e., within less than 1.75 kilometres, but

likely close to 1.25 kilometres. One may also want to note that among our neighbour-

hood specific controls, only the percentage of area irrigated consistently has a significant

(positive) effect on crop field health.

We then apply the same regression specification by crop, i.e. only to the fields dedi-

cated to one of the six crops for which data are available (cotton is not considered in the

regressions by crop since the available sample – 106 fields, 0.16% of the total available

fields and 0.1 of the total cropland considered – is too small). The results show that, on the

one hand, biodiversity has a significant impact on the biomass production of maize, soy-

bean and sunflower, and that the relevant perimeter size of the biodiversity index depends

on the crop. Table 5 also reveals that biodiversity has no significant impact on dry bean,

ground nuts and sorghum. This can be explained by the fact that each of the latter crops

represents less than 2% of the total number of fields. In other words, the area dedicated

to these crops is small, the fields are probably sufficiently scattered to not suffer from the

proliferation of their pests. Therefore, the biodiversity variation on the perimeter that we

consider has a negligible marginal effect on the biomass production. When looking at the

crops which biomass production is affected by crop biodiversity, we see that the relevant

perimeter for biodiversity varies: biodiversity has a positive and significant impact on the

production of maize only for perimeters smaller than 1.5 kilometres whereas the relevant

perimeter for soybean is between 1.25 and 2.75 kilometres. Surprisingly, biodiversity has

a negative and significant impact on sunflower biomass production on perimeters with a

radius larger than 2.25 kilometres. A positive significant impact on sunflower is found

only for ` equal to one kilometre. This result is probably linked to the fact that the pests

that affect the biomass production are not the same for the three crops we consider.12

The impact of irrigation also varies and depends on crop characteristics, as shown by

tables 6, 7 and 8. Maize is one of the most efficient cultivated plants in South Africa

as far as water use is concerned (DAFF, 2014a), hence a positive and significant impact

of irrigation. On the contrary, sunflower is highly inefficient in water-use and, as well

as soybean, is mostly rain-fed grown.13 This could explain the absence of a significant

impact of irrigation on biomass production for these crops. Finally, unlike maize and

sunflower, soybean biomass production is positively affected by the size of the field. This

effect could be related to the physiology of the plant or to the higher mechanisation that

is allowed by larger fields and that can have a positive impact on the final yield.

12The main potential crop losses are caused by weeds, Nevertheless, thanks to the improvement in weed
control techniques, the main actual losses come from animals (mainly insects) and pathogens (Oerke,
2007). Maize is mainly attacked by insects (DAFF, 2014a), while sunflower and soybean are mainly
attacked by diseases caused by fungi and viruses (DAFF, 2009, 2014b).

13Soybean is mostly rain-fed grown because of low profitability and difficult water management. Indeed,
water shortage is critical during the pod set stage while excessive water supply prior or after the flowering
may jeopardise the final yield.
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Table 5: Impact of biodiversity on crop production

Crops

Distance Dry bean Ground nut Maize Sorghum Soybean Sunflower

750 m −43.31 91.37 85.52∗∗ −2.70 −0.70 36.63
(94.80) (160.8) (33.44) (142.3) (31.89) (61.43)

1000 m 4.94 −86.55 47.01∗∗ 202.44 16.03 80.66∗

(90.90) (182.6) (23.4) (128.6) (29.81) (47.78)
1250 m 82.51 −37.26 54.20∗∗ 143.75 62.71∗∗ 43.97

(74.94) (203.2) (23.18) (145.2) (31.19) (39.21)
1500 m 12.70 −305.00 10.78 −26.17 79.49∗∗ −24.11

(89.57) (214.0) (18.30) (133.4) (32.88) (55.66)
1750 m 105.38 −95.21 19.52 6.34 125.99∗∗∗ −16.10

(91.12) (228.5) (19.82) (115.5) (31.35) (55.89)
2000 m −30.91 118.9 15.58 42.48 134.98∗∗∗ −47.67

(87.49) (228.4) (17.17) (113.8) (38.30) (60.05)
2250 m 13.50 −29.43 −1.15 55.41 94.60∗∗ −96.54

(96.94) (271.2) (20.42) (124.6) (37.36) (52.49)
2500 m 70.90 −50.72 16.01 129.71 85.19∗∗ −159.23∗∗∗

(117.1) (345.4) (16.21) (184.8) (32.95) (54.44)
2750 m 89.75 −42.84 17.17 10.37 66.00∗ −199.04∗∗

(119.2) (361.1) (19.06) (161.8) (36.32) (78.24)
3000 m −25.43 −35.19 11.07 69.33 61.93 −268.42∗∗∗

(115.2) (366.1) (22.09) (201.8) (39.05) (77.38)

Note: Robust standard errors in parentheses, ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. The table shows the

coefficients for the variable Sl for each of the six crops considered, multiplied by 10 000 to facilitate the

reading. Complete regression results are reported in tables 6 to 8.

These results confirm the positive impact of crop biodiversity on agricultural produc-

tion, with the exception of sunflower. But what about farmer’s exposure to risks? In

other words, does biodiversity also participate in the reduction of production variability,

as ecology studies suggest? Previous papers (Di Falco & Chavas, 2006, 2009) find that

crop diversity reduces the risk of crop failure. In particular, in Di Falco & Chavas (2009),

genetic diversity increases the variance of barley production in Ethiopia as well as its

skewness. The skewness effect dominates the variance effect and finally results in the

reduction of the exposure of downside risk. Like Di Falco & Chavas (2009), we examine

the contribution of diversity to production variance using a second regression, on the error

terms of the first regression, in accordance with the theoretical model that supports our

investigations.
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5.2 Impact on the variability of production

5.2.1 Regression specification

Following the empirical strategy developed in section 3, we now use the error terms of the

regression presented in (8) to estimate the contribution of crop biodiversity to production

variance. Our theoretical model is built to illustrate the way crop biodiversity impacts

agricultural production level and variance. It therefore assumes that the production vari-

ance is mainly driven by biodiversity: it shows how to capture the effects of explanatory

variables other than Si on the average production but not on its variance. Nevertheless,

in the following regression, we also include the vector X to investigate the main drivers

of agricultural production variance and their relative importance. Then, the regression

specification is given by

ε2i = δ0` +
∑
k

δk`Xik` + δS`Si` + ε′i` (9)

where the vector Xi` is the same vector of k control variables as the one described in

section 5.1.1.

5.2.2 Results

Regression results show that crop biodiversity has a significant and negative impact on

agricultural production variance both when we consider all crops together (table 9) and

maize (table 10) alone. This impact is verified only for perimeters having a radius equal

or smaller to 2 kilometres.

More generally, variance of agricultural production (both for maize and for all crops)

appears to be driven by two main effects: cultivation intensity and water management. A

low cultivation intensity has a negative impact on variance (leading to its decrease), as it

is shown by the contribution of the Shannon index and of the area of the field, measured

by ln(AREA). An increase in the surrounding biodiversity, i.e. a decrease in cultivation

intensity, measured by the Shannon index, leads to a decrease in production variance,

all else being equal. In parallel, when the area of the considered field increases, variance

increases. Indeed, a larger field forms a bigger island for parasitic species. Their attacks

being more frequent, the variance of the production increases. Water management also

has a significant impact. Water balance has a positive impact on variance, as expected.

Indeed, water balance is measured by evapotranspiration. The larger is evapotranspira-

tion, i.e. the higher is the water stress of plants, the greater is the production impediment

and the higher is the variance in the production. Irrigation makes crops less reliant on

water balance, in a non linear fashion this time, but does not have a significant impact

on variance by itself. Furthermore, irrigated surrounding fields have a negative significant

21



impact on variance. They probably allow some indirect increase in water availability. This

effect confirms the role that water management can have in the reduction of production

variance.

Table 9: Contribution to production variability – Regression results, all crops

Variables ` = 0.75km ` = 1km ` = 1.25km ` = 1.5km ` = 1.75km ` = 2km

Shannon index (S`) −20.19∗∗ −12.04∗∗∗ −24.04∗∗∗ −13.31∗∗ −19.06∗∗∗ −17.72∗∗∗

(7.80) (4.18) (4.27) (5.88) (5.53) (5.43)
Water balance (WB) 6.05∗∗∗ 6.07∗∗∗ 6.12∗∗∗ 6.02∗∗∗ 5.99∗∗∗ 5.93∗∗∗

(1.79) (1.80) (1.78) (1.78) (1.77) (1.78)
WB2 0.06∗∗∗ 0.06∗∗∗ 0.06∗∗∗ 0.06∗∗∗ 0.06∗∗∗ 0.07∗∗∗

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Irrigation (IR) −41.78 −41.13 −36.87 −43.84 −44.71 −48.74

(35.63) (35.93) (36.75) (37.47) (37.15) (36.62)
WB × IR −8.30∗∗∗ −8.15∗∗∗ −8.19∗∗∗ −8.26∗∗∗ −8.21∗∗∗ −8.05∗∗∗

(1.72) (1.74) (1.77) (1.77) (1.76) (1.72)
WB2 × IR −0.15∗∗∗ −0.15∗∗∗ −0.15∗∗∗ 0.15∗∗∗ 0.15∗∗∗ −0.14∗∗∗

(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Season length −0.16 −0.16 −0.17 −0.17 −0.17 −0.17

(0.17) (0.17) (0.17) (0.17) (0.17) (0.17)
ln(AREA) 21.02∗∗∗ 20.81∗∗∗ 19.92∗∗∗ 20.27∗∗∗ 20.26∗∗∗ 20.79∗∗∗

(3.71) (3.74) (3.72) (3.70) (3.69) (3.68)
Longitude 95.89 91.88 84.08 86.08 87.28 94.57

(80.03) (81.26) (82.57) (83.31) (83.13) (81.93)
Latitude 27.88 28.54 34.80 39.56 32.19 29.75

(129.13) (129.19) (135.95) (133.71) (137.06) (137.47)
PC NEAR IRR −62.70∗∗∗ −55.32∗∗∗ −61.44∗∗∗ −48.31∗∗∗ −46.57∗∗ −32.64

(13.62) (17.14) (17.13) (17.95) (22.05) (21.40)
PC NEAR FARM 11.81∗∗∗ 9.20∗∗∗ 5.42 4.98 3.90 3.72

(3.26) (3.06) (3.42) (11.09) (4.32) (3.78)

Note: ∗∗∗, ∗∗ and ∗ indicate 1, 5 and 10 per cent significance levels, respectively. Robust standard
errors are in parentheses, standard errors are clustered at the field level. Farm and crop fixed effects are
included but not reported. Treatments include field specific variables and the Shannon index, calculated
for ` between 0.75 and 3 km. Treatments in which the Shannon index has not a significant contribution
are not reported.
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Table 10: Contribution to production variability – Regression results, maize

Variables ` = 0.75km ` = 1km ` = 1.25km ` = 1.75km ` = 2km

Shannon index (S`) −30.75∗∗∗ −16.10∗∗∗ −26.96∗∗∗ −18.54∗∗ −14.73∗∗

(11.25) (7.71) (4.94) (7.25) (7.23)
Water balance (WB) 8.67∗∗∗ 8.62∗∗∗ 8.58∗∗∗ 8.63∗∗∗ 0.08∗∗∗

(3.32) (3.30) (3.28) (3.33) (3.34)
WB2 0.08∗∗∗ 0.08∗∗∗ 0.08∗∗∗ 0.08∗∗∗ 0.08∗∗∗

(0.03) (0.03) (0.03) (0.03) (0.03)
Irrigation (IR) −113.87 −116.72 −110.52 −117.98 −119.53

(76.28) (75.18) (75.37) (77.50) (77.29)
WB × IR −14.01∗∗∗ −14.10∗∗∗ −13.77∗∗∗ −13.86∗∗∗ −13.64∗∗∗

(3.23) (3.19) (3.20) (3.27) (3.27)
WB2 × IR −0.25∗∗∗ −0.25∗∗∗ −0.24∗∗∗ −0.24∗∗∗ −0.24∗∗∗

(0.04) (0.04) (0.04) (0.04) (0.04)
Season length −0.24 −0.25 −0.26 −0.25 −0.25

(0.17) (0.17) (0.17) (0.17) (0.18)
ln(AREA) 29.12∗∗∗ 28.75∗∗∗ 28.00∗∗∗ 28.39∗∗∗ 28.78∗∗∗

(3.69) (3.74) (3.71) (3.72) (3.73)
Longitude 93.10 84.20 83.79 91.38 97.90

(81.91) (82.91) (84.46) (85.28) (84.83)
Latitude 24.26 36.82 45.38 36.88 33.14

(107.98) (106.66) (110.04) (111.12) (110.44)
PC NEAR IRR −42.91∗∗∗ −32.33∗∗∗ −25.37∗∗ −1.59 18.44

(15.35) (11.81) (11.82) (15.78) (18.78)
PC NEAR FARM 13.45 10.52∗∗∗ 1.01 −2.12 −1.73

(4.63) (3.74) (4.01) (4.76) (5.56)

Note: ∗∗∗, ∗∗ and ∗ indicate 1, 5 and 10 per cent significance levels, respectively. Robust standard
errors are in parentheses, standard errors are clustered at the field level. Farm and crop fixed effects are
included but not reported. Treatments include field specific variables and the Shannon index, calculated
for ` between 0.75 and 3 km. Treatments in which the Shannon index has not a significant contribution
are not reported.

6 Conclusion

Using a new large database built from satellite imagery, we confirm that crop biodiversity

has a positive impact on agricultural production, with the exception of sunflower. Main-

taining a large diversity of crops in the landscape increases agricultural production level

while decreasing its variance. These impacts, that were previously described at regional

scales, are robust when we consider a whole country. Furthermore, we show the consis-

tency of these results with the underlying ecologic and agricultural mechanisms. For this

purpose, we build a probabilistic model in which stochastic factors linked to biodiversity,

namely pests, are endogenous, as it is shown in the ecology literature.

Nevertheless, the impacts of biodiversity on the skewness of production, i.e. on the

probability of extreme events, is not tested at this stage, while Di Falco & Chavas (2009)

found that they are significant. Our reduced form approach could be developed with a

third step to test for these effects. Alternatively, a structural approach could be built on
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the theoretical model we use to describe the relationships between crop production and

biodiversity. The parameters of the beta-binomial distribution could be estimated to fully

describe the impacts of biodiversity on the production distribution.

However, from the results we already have, crop diversification can be seen as a possible

strategy to increase agricultural productivity or to maintain its level while decreasing the

use of pesticides.
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