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ABSTRACT 

This paper develops a novel methodology to estimate the degree of spatial basis risk for an arbitrary 
rainfall index insurance instrument. It relies on a widely used stochastic rainfall generator, extended to 
accommodate nontraditional dependence patterns—in particular spatial upper-tail dependence in 
rainfall—through a copula function. The methodology is applied to a recently launched index product 
insuring against excess rainfall in Uruguay. The model is first calibrated using historical daily rainfall 
data from the national network of weather stations, complemented with a unique, high-resolution dataset 
from a dense network of 34 automatic weather stations around the study area. The degree of downside 
spatial basis risk is then estimated by Monte Carlo simulations and the results are linked to both a 
theoretical model of the demand for index insurance and to farmers’ perceptions about the product. The 
study finds that while spatial basis risk naturally increases with distance from the insurance reference 
gauge, it does so at a decreasing rate. In turn, farmers seem to overestimate the rate of increase, which 
points to the presence of information asymmetries regarding the spatial properties of rainfall. Moreover, 
spatial basis risk generally remains within the theoretical range in which a risk-averse farmer would 
demand a positive amount of insurance, even for plots located at a considerable distance from the 
reference weather station at which the index is measured. Finally, this paper is the first to point out a 
largely overlooked phenomenon: subtle geoclimatic differences in precipitation between a location and its 
insurance reference weather station can lead to substantial increases in downside spatial basis risk. This 
phenomenon calls for a much more careful consideration of local climatologies before launching an index 
insurance product based on nearby weather stations. 

Keywords: index insurance; basis risk; excess rainfall; copula; spatial properties of rainfall 
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1.  INTRODUCTION 

Weather index insurance has gained considerable attention during the past decade as a promising 
instrument to increase the resilience of rural agricultural households and unleash productivity potentials in 
smallholder farming.1 By allowing insurance payouts to be determined by an objective and independently 
measured index, this instrument promises to overcome problems of asymmetric information and high loss 
verification costs, both argued to have limited the expansion of traditional indemnity insurance into rural 
areas of developing countries.2 Despite the general enthusiasm, however, the development of index 
insurance markets has not been without its drawbacks. A particularly problematic element in this regard 
has been the overall low level of demand among farmers, which has resulted in most existing studies 
redirecting efforts toward analyzing demand determinants and away from other important questions such 
as the extent of the benefits over the production process stemming from reduced agricultural risk.3 

Perhaps the most cited obstacle for the adoption of index insurance has been basis risk, or the 
mismatch between crop losses (a farmer’s true variable of interest) and insurance payouts. Basis risk is an 
inherent limitation of index insurance products, arising from the inability of an index to perfectly replicate 
an individual farmer’s losses. By reducing the effectiveness of insurance, basis risk is expected to 
negatively impact not only demand but also any potential positive effects on production and welfare. 
While a number of innovative approaches have been suggested to minimize its consequences, basis risk 
still constitutes one of the most discussed issues around the general index insurance debate.4 

Surprisingly, the ubiquity of basis risk in the index insurance literature and debates has not been 
matched with a concerted effort to understand and analyze its full extent and characteristics, and studies 
directly tackling the subject are scarce. Most of the attention has been centered on spatial (or geographic) 
basis risk—the fraction of basis risk arising from measuring an insurance’s index at a physical location 
other than the farmer’s plot.5 Although, to our knowledge, there are no available estimations of the 
relative importance of the different components of basis risk, spatial variation in weather is perhaps the 
most salient negative feature, from a farmer’s perspective, of an index insurance product. For instance, a 
small number of studies in developing countries have shown that smallholder farmers seem to strongly 
react to the distance at which the insurance’s index is measured, suggesting a good understanding of the 
properties and downsides of this component.6 Nevertheless, distance to the weather station can serve as 
only a rough proxy for spatial basis risk, and almost no efforts have been made to properly quantify the 
latter.7 
  

                                                      
1 Hazell and others (2010) have provided a good overview of the topic. 
2 See Hazell, Pomareda, and Valdés (1986) for a comprehensive treatment. 
3 Cole et al. (2012) discuss the lack of demand for insurance across a number of pilot projects. In addition, a number of 

papers have analyzed the determinants of demand, such as Cole et al. (2013); Hill, Robles, and Ceballos (2016); and Giné, 
Townsend, and Vickery (2008). For a few studies analyzing the impacts of index insurance on agricultural production, see Cai 
(2016); Cole, Giné, and Vickery (2013); and Mobarak and Rosenzweig (2012). 

4 See Barrett et al. (2007), for example. Other more recent innovations are so-called double-trigger insurance (Elabed et al. 
2013) and gap insurance (Dercon et al. 2014), among others. 

5 A full characterization of the different components of basis risk is offered in Section 3. 
6 See Hill, Hoddinott, and Kumar (2011); Hill, Robles, and Ceballos (2016); and Mobarak and Rosenzweig (2012). Jensen, 

Mude, and Barrett (2014) explained demand through a more comprehensive measure of basis risk that relies on the availability of 
longitudinal household loss data. 

7 One exception seems to be Kost et al. (2012), who estimated basis risk relying on both a crop model and a weather 
simulator. Contrary to our methodology, however, they did not characterize the statistical relationship between weather at 
different sites nor contemplate the regular joint occurrence of extreme weather events. Moreover, they did not provide any sense 
of the vulnerability of their estimates to the underlying uncertainty of the (crop and weather) models they relied on for their 
analysis. 
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A standard exercise commonly found in the literature has been to estimate rainfall decorrelation 
functions.8 A typical application would take the following form: (1) calculate Pearson correlation 
coefficients between daily rainfall amounts at every pair of available weather stations, and (2) link these 
with geographic distance through the estimation of a (parametric or nonparametric) smoothing function. 
While this type of exercise can provide a rough approximation of the overall spatial dependence in 
rainfall, it suffers from a number of limitations with regard to the estimation of spatial basis risk. First, 
correlation can be used as an appropriate measure of dependence only if the underlying bivariate 
distribution of two sites is elliptical in nature (see, for instance, Embrechts, McNeil, and Straumann 
2002). Unfortunately, such an assumption seems not to be appropriate for daily rainfall (see Section 2 and 
“Spatial Dependence” under “Rainfall Amount Process” in Section 5). Second, given that, by definition, 
insurance products relate to the occurrence of extreme risk events, the relevant dependence between sites 
is that at the tails of the distributional support.9 Third, insurance indexes are usually functions of daily 
rainfall, sometimes defined over the course of an entire month or season. An appropriate correlation 
measure should thus be obtained for the indexes themselves and not for daily observations, because 
dependence varies with aggregation.10 However, the limited availability of years from which to observe 
annual index realizations can greatly affect the precision of these estimates. 

In contrast to these earlier approaches, this paper develops a novel methodology to quantify the 
extent and analyze the properties of spatial basis risk for any given rainfall index insurance product in a 
way that accounts for the above issues. The methodology is applied to an index insurance product 
covering against excess rainfall in Uruguay. We describe the results in terms of two main sources of 
spatial variation: distance to and direction of the reference weather station. The latter, while highly 
context dependent, has been largely ignored by the existing index insurance literature. We compare the 
model’s results with a theoretical upper bound for basis risk derived by Clarke (2016) and with farmers’ 
perceptions of geographic variation in rainfall, elicited during the insurance project’s baseline survey. 

The proposed methodology builds upon a multisite stochastic rainfall generator model that is 
standard in the hydrological literature, pioneered by Todorovic and Woolhiser (1975) and Katz (1977). In 
particular, the bivariate version of this model (Wilks 1998) regards rainfall at two different sites as arising 
from two separate components: rainfall occurrence and rainfall amount. Rainfall occurrence is modeled 
as two correlated Markov chain processes (one per site), while rainfall amount—conditional on rainfall’s 
occurring—is regarded as arising from two correlated continuous univariate distributions. 

We extend this model through the use of a copula, an increasingly popular instrument that allows 
us to model nontraditional dependence structures between the marginal rainfall amount processes at both 
sites.11 This is particularly important because rainfall amounts at two nearby sites generally exhibit so-
called upper-tail dependence, or a tendency of extreme rainfall realizations to jointly occur at both sites.12 

Such a characteristic is a consequence of occasional large-scale precipitation systems, which can cover 
large geographic areas with abundant precipitation, and we indeed find considerable evidence for it in 
historical rainfall data. The ability to capture this type of dependence is of crucial importance for 
determining the spatial basis risk of insurance products, because these instruments link payouts to the 
occurrence of extreme weather events, precisely those at the tail of their distributions. While these 
considerations have long been recognized by certain strands of the insurance literature13 concerned with 

                                                      
8 See, for example, Wang and Zhang (2003); Ciach and Krajewski (2006); and Odening, Musshoff, and Xu (2007). 
9 Interestingly, the dependence at the tails of the support of a bivariate normal distribution converges to 0 as one moves 

further into the tails, regardless of the degree of overall correlation. 
10 See Ciach and Krajewski (2006). 
11 Other studies that have explored the coupling of stochastic rainfall simulation models with copulas are Serinaldi (2009b) 

and Serinaldi and Kilsby (2014). 
12 Kost et al. made the following comment on the same topic: “When extreme events occur, such as the high rainfall totals in 

2010 or a drought, farmers perceive that all locations are affected similarly” (2012, page 8). We provide further indicative 
evidence based on farmers’ perceptions in Section 4.  

13 See, for example, Okhrin, Odening, and Xu (2013) and Goodwin and Hungerford (2015) for two applications close to 
index insurance. 
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the sustainability of insurance supply and the necessary capital reserves required to face the potential of 
rare though extreme events, a large number of studies have failed to incorporate this important issue.14 

In order to calibrate the rainfall model, we rely on 30 years of historical daily rainfall data from 
the national meteorological network. This dataset, though geographically sparse, is crucial to estimate the 
long-run statistical properties of rainfall at a single site. To obtain reasonable estimates for the degree of 
spatial dependence between sites, we augment the former with data from a unique, dense network of 34 
rainfall gauges uniformly distributed around the study area and from a smaller network of gauges used as 
reference for the insurance product. With all these components in place, we are now able to obtain a fully 
specified bivariate rainfall distribution for an arbitrary plot location and its corresponding reference 
gauge, achieved by interpolating the calibrated model’s parameters. Finally, we obtain spatial basis risk 
measures from the model through Monte Carlo simulations.  

Of course, this same measure could be calculated directly from historical data. However, this 
method presents a number of drawbacks. Because the above measures must be calculated from complete 
index realizations, and indexes for insurance products are generally defined over the course of a season or 
a year, we would be working with between 20 and 50 observations (years) under most data availability 
scenarios. This number is independent of the frequency at which the underlying data are available 
(hourly, daily, and so on). Moreover, because index insurance triggers are typically defined at very high 
(or low) quantiles, and basis risk is relevant only around these triggers, the available number of 
observations to calculate these measures reduces the data pool even further. For instance, calculating basis 
risk for an insurance product that pays when the realized index is above its 95th percentile would imply 
observing a loss/payment once every 20 years. Using 50 years of data would result in only around 2 or 3 
years in which to assess the degree of basis risk of the product. In contrast, thanks to (and at the cost of) 
imposing a specific distributional and dependence structure on the occurrence of rainfall at multiple sites, 
our methodology allows estimating these probabilities much more precisely than would be possible 
through simply simulating from the calibrated bivariate model an arbitrary number of times.  

The results of this exercise are as follows. Spatial basis risk for the index insurance product 
marketed in Uruguay is not negligible. In particular, and depending on the farmer’s location, basis risk is 
such that the insurance product would fail to pay between 1 and 5 times out of 10 in which a farmer were 
to experience critical crop losses. It is worth noting, though, that estimated basis risk for all farmers still 
lies in a range within which the theoretical model would predict positive demand from sufficiently risk-
averse individuals. Variation of basis risk between farmers is mostly determined by the distance at which 
a farmer is located from the insurance reference weather station, this relationship being positive and 
concave. The latter property implies that, for instance, while basis risk doubles at short distances from the 
weather station (from around 10 percent at 1 km to around 20 percent at 10 km), it takes a much larger 
difference in distance to double again (around 40 percent at 40 km). Interestingly, however, farmers 
perceive similarities in rainfall patterns to decrease much more rapidly. Based on farmers’ survey 
answers, an average farmer considers rainfall patterns at two sites 10 km apart to be “similar,” while 
rainfall patterns at 40 km or more are considered to be “very different.” Finally, the results point to the 
importance of taking into consideration geographic variation in precipitation patterns—even within 
relatively small regions—when designing an index insurance product. This element is shown to 
considerably increase (or decrease) the degree of spatial basis risk, depending on the exact location of a 
farmer’s plot and its insurance reference weather station. 

The paper contributes to the literature in a number of ways. First, by extending the model of 
Wilks (1998) through the use of copulas, our methodology describes a weather generator model through 
which to characterize the spatial properties of extreme rainfall in a given region. Second, it provides a 
                                                      

14 For instance, Wang and Zhang (2003) considered the important topic of risk pooling in relation to sustainability in the US 
agricultural insurance context. Their analysis, though, was based on Pearson correlations, a measure that is appropriate only when 
the underlying joint distribution is bivariate normal. Moreover, numerous studies from the finance literature still rely on value-at-
risk measures based on normal distributions, even though the incorporation of nonclassical association patterns through copulas 
has been much more widely incorporated (see, for example, Junker and May 2005). In this regard, the methodology considered in 
this paper can also be extended to account for risk in these other realms. 
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framework to estimate the degree of spatial basis risk for an arbitrary rainfall index insurance product, 
which should serve to encourage better ex ante assessments of future products. Third, our application 
enriches the broader index insurance debate by presenting the first direct empirical exploration of spatial 
basis risk, relying on an appropriate operational definition (beyond correlation in rainfall) and pointing to 
the importance of a directional element, generally disregarded as a relevant factor. Finally, the study 
contributes additional evidence on behavioral frictions in the insurance market by indicating a relative gap 
between the real and perceived extents of spatial basis risk. Given the low observed demand for index 
insurance products, closing this gap through appropriately targeted information seems an important 
consideration for the future development of the market. 

The paper proceeds as follows. Section 2 describes the general structure of the stochastic rainfall 
generator model and its extension to account for flexible dependence patterns through the use of copulas. 
Section 3 discusses in more detail the concept of basis risk, in addition to its empirical measurement and 
its theoretical upper bound. Sections 4 and 5 discuss, respectively, the general context in which we apply 
the methodology and the empirical calibration of the rainfall model. Section 6 presents the results and 
Section 7 concludes. 
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2.  PRECIPITATION MODEL AND EXTENSION THROUGH COPULAS 

Stochastic precipitation generator models have a long tradition in the hydrological literature. On one 
hand, they can be regarded as statistical representations of rainfall at a particular geographic area, which 
can be used to understand and analyze spatial patterns of local or regional precipitation systems. On the 
other hand, they can simulate long synthetic sequences of precipitation at various points in space, which 
can be used later as inputs for various applications related to risk and reliability assessment of agricultural 
and water resource systems (see Serinaldi and Kilsby 2014; Ailliot et al. 2015; and references therein).  

While a number of alternative stochastic precipitation generator models are available—each 
exhibiting different characteristics and better suited for tackling different types of questions or climatic 
environments—we will rely on a widely used version: the chain-dependent stochastic model (Todorovic 
and Woolhiser 1975; Katz 1977; Wilks 1998), also known as Wilks’ model. One of the advantages of this 
model is that it consists of an intuitive representation of daily rainfall, with one model component 
defining the binary occurrence process (rain or no rain) and a separate component driving the rainfall 
amount process, conditional on rainfall’s occurring. Another advantage of this model is that it can be 
calibrated using daily rainfall series at multiple sites, in contrast to other models that require more 
disaggregated rainfall observations (both temporally and spatially) or more complex climatological 
specifications. Finally, the model allows for interpolation of distributional and dependence parameters 
across space, which will be crucial to characterizing basis risk at arbitrary locations where rainfall gauges 
are not available. Because our application is targeted at insurance and other risk practitioners, we believe 
that the relative simplicity and flexibility of the chain-dependent stochastic model is attractive, while the 
estimation of more sophisticated or niche models seems unwarranted. 

It has been shown that the synthetic values arising from such a model are able to reproduce the 
most relevant statistical properties of daily rainfall fairly accurately (Wilks 1998).15 Moreover, Mehrotra, 
Srikanthan, and Sharma (2006) compared three popular stochastic precipitation generators and found that 
the chain-dependent stochastic precipitation model offered the best overall performance, with the added 
advantage of its simple structure. This model has been used in a variety of applications, including finance 
and insurance (see, for example, Cao, Li, and Wei 2004; Lopez Cabrera, Odening, and Ritter 2013; and 
Ritter, Musshoff, and Odening 2014).  

One potential shortcoming with the application of this model is known as low variability bias (see 
Dubrovský, Buchtele, and Žalud 2004; Odening, Musshoff, and Xu 2007), or inaccuracy at reproducing 
statistical properties of rainfall at lower temporal frequencies, such as monthly or annual.16 However, 
since the object of our analysis is an insurance product linked to cumulative rainfall over 10 consecutive 
days only, we believe low variability bias not to be a first-order concern in relation to the numerous issues 
that would arise from working with an alternative model. Moreover, basis risk—the primary element of 
interest—is arguably related more to the modelling of the spatial dependence pattern of rainfall than to the 
accurate characterization of rainfall at a single site. 

Below we describe the basic structure of the chain-dependent stochastic precipitation model 
together with the proposed extension in the dependence structure of the amount process and provide a 
brief introductory description of the concept of copulas. 

                                                      
15 However, it is interesting to notice that this model may not accommodate all situations equally. For example, the literature 

has noted that this model cannot reproduce the statistical properties of the length of dry spells as accurately as other aspects of the 
distribution (Buishand 1978; Racsko, Szeidl, and Semenov 1991; Lettenmaier 1995). These cases can be handled by allowing for 
a higher-order Markov chain that drives the occurrence process or by using an alternative stochastic weather model. 
Nevertheless, the current methodology would generally be adaptable to these alternative specifications. In addition, the model has 
been shown to be less accurate at preserving statistical characteristics at higher time scales than the one used for its calibration 
(that is, monthly and annual time scales for a daily model). See, for instance, Srikanthan and Pegram (2007) and Pegram (2009), 
and references therein. 

16 In some strands of the literature this feature is also known as overdispersion. 
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Chain-Dependent Stochastic Precipitation Model  
In its most simple bivariate form, the model decomposes precipitation at each of two sites into an 
occurrence component and an amount component.  

The (binary) occurrence of rainfall at each site is regarded as arising from a first-order Markov 
chain. Spatial correlation between rainfall occurrence at both sites is modeled by allowing the random 
realizations driving each Markov Chain to arise jointly from an underlying bivariate normal distribution 
with a certain correlation coefficient.  

Conditional on rainfall occurring at a site, the precipitation amount process (that is, number of 
millimeters over a certain time period, for instance a day) is modeled as arising from a given univariate 
distribution function, most commonly gamma or double-exponential. Correlation between rainfall 
amounts is introduced through a second, underlying bivariate normal process.  

All parameters—Markov chain probabilities, parameters of the amount distributions, and 
correlation coefficients for the underlying normal distributions driving the dependence between amount 
and occurrence processes—are then calibrated from existing data. Section 5 below provides more details 
on each of the components of the model, clearly illustrating how they all fit together. Once calibrated, the 
model is able to simulate a series of correlated precipitation data at both sites through Monte Carlo 
simulations. 

Extension 
Now, a limitation of the model is the assumed normality of the joint process driving the association 
between rainfall amounts at the two sites, which depends on just one correlation coefficient to describe 
the entire dependence structure. It has long been recognized that linear correlation is not appropriate to 
model joint dependence of real-world variables (Blyth 1996; Shaw 1997). For instance, this measure 
cannot capture underlying nonlinear relationships between variables, and it is not invariant under 
monotonic transformations. Embrechts, McNeil, and Straumann (2002) provided a lucid discussion of the 
risks of using linear correlation to summarize the dependence of risks beyond the particular case of 
elliptical distributions.  

An interesting aspect of the association between two random variables is the degree of 
dependence in the occurrence of extreme values, known as upper- or lower-tail dependence in accordance 
with whether this dependence takes place in the upper or lower tail, respectively, of the distribution. This 
aspect of joint distributions is particularly relevant in the case of insurance products. For example, large-
scale natural disasters or large terrorist attacks such as 9/11 may cause multiple exposures of an insurance 
company at the same time (Kousky and Cooke 2009). It is important to note that tail dependence in a joint 
distribution is independent of the existence of fat tails in the marginal distributions. Moreover, it does not 
share a direct relationship with linear correlation, as indicated by the fact that a bivariate normal 
distribution can accommodate any level of (negative or positive) correlation but at the same time always 
exhibits zero tail dependence. 

Because geographic basis risk relates to the probability of an index’s being above or below a 
certain (extreme) trigger at two separate locations, tail dependence seems a natural property to consider in 
this context. In particular, as previously discussed, we wish to allow for positive upper-tail dependence in 
the dependence process for rainfall amounts at different locations. We thus propose to extend the 
precipitation model described above by introducing a bivariate copula as the driver of the spatial 
association between the wet part of the rainfall distribution at two sites. A natural way to achieve this goal 
is through the use of a copula, a flexible instrument that allows for a number of alternative dependence 
structures beyond the one implicitly imposed by the bivariate normal. 

Next, we briefly review the concept of copulas and describe alternative copula family candidates 
that may accommodate the association patterns most commonly found in the case of rainfall realizations. 
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Copulas 
The word copula was first employed in a mathematical or statistical sense by Sklar (1959) in the theorem 
(that now bears his name) describing the functions that “join together” one-dimensional distribution 
functions to form multivariate distribution functions (Nelsen 2006). Sklar’s theorem states that any 
multivariate distribution can be represented by an appropriate copula function with arguments consisting 
of all the marginal cumulative distribution functions (CDFs).17 In particular, a two-dimensional copula is 
a function C that maps values in the unit hypercube [0, 1]2 to values in the unit interval [0, 1] such that 

𝐹𝐹(𝑋𝑋1 = 𝑥𝑥1,𝑋𝑋2 = 𝑥𝑥2) = 𝐶𝐶(𝐹𝐹1(𝑥𝑥1),𝐹𝐹2(𝑥𝑥2)), 

where 𝐹𝐹(. ) is the bivariate CDF for random variables 𝑋𝑋1 and 𝑋𝑋2, and 𝐹𝐹1(. ) and 𝐹𝐹2(. ) are the univariate 
CDFs for 𝑋𝑋1 and 𝑋𝑋2, respectively. Alternatively, a copula may be regarded as a multivariate distribution 
function with standard uniform marginal distributions. For a formal treatment of the topic, see Joe (1997) 
and Nelsen (2006). Danaher and Smith (2011) have also provided an accessible introduction, with an 
application to marketing. 

During the past 20 years, copulas have been increasingly used in a number of contexts in which 
the joint distribution of two or more variables is a central topic of interest. Apart from the statistical 
literature, where copulas have existed for several decades, one of the main areas where copulas have been 
practically applied has been in finance, as an instrument to jointly model asset prices and other financial 
variables of interest (see, for instance, Kharoubi-Rakotomalala and Maurer 2013, Patton 2012, and 
references therein). Another common area of application has been the marketing literature (for example, 
Danaher and Smith 2011). Finally, copulas have been widely applied in hydrology and biostatistics 
(Bárdossy 2006; Genest and Favre 2007). Of particular interest to this paper, a few studies have 
approached joint modeling of weather outcomes through copulas (Serinaldi 2009a, 2009b; Bárdossy and 
Pegram 2009; Serinaldi and Kilsby 2014). 

Modeling the dependence between two random variables through a copula has a number of 
advantages. First, copulas allow modeling of the dependence between two variables with different 
underlying marginal distributions. For instance, by using a copula it is possible to jointly model a discrete 
and a continuous variable (such scenarios are common in the marketing literature; see Danaher and Smith 
2011). Second, copulas can allow for a very flexible dependence structure between two variables, which 
can fit nonlinearities in association and different degrees of dependence along different regions of the 
support of the distributions. One important such application is the modeling of tail dependence. 

As discussed above, tail dependence relates to the degree of association between two random 
variables at the (upper or lower) tail of their joint support. This association is in principle independent of 
the overall degree of association (and in particular, of the level of linear correlation) between them.18 In 
particular, let 𝑋𝑋1 and 𝑋𝑋2 be random variables with distribution functions 𝐹𝐹1 and 𝐹𝐹2, respectively. Upper-
tail dependence (𝜆𝜆𝑈𝑈) is defined as the probability that 𝑋𝑋1 is greater than its 𝑡𝑡th percentile, given that 𝑋𝑋2 is 
greater than its 𝑡𝑡th percentile, as 𝑡𝑡 approaches 100 (Nelsen 2006):19 

𝜆𝜆𝑈𝑈 = 𝑙𝑙𝑙𝑙𝑙𝑙
𝑡𝑡→100

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 �𝑋𝑋1 > 𝐹𝐹1−1 �
𝑡𝑡

100
� �𝑋𝑋2 > 𝐹𝐹2−1 �

𝑡𝑡
100

��. 

In the case of copulas, upper- and lower-tail dependence are inherent properties of any copula 
family. Thus, copulas can be classified by their degree of tail dependence. For instance, as mentioned 
above, the Gaussian copula exhibits zero (upper- or lower-) tail dependence (asymptotic independence). 
                                                      

17 Of course, a number of technical requirements need to be fulfilled for a function to be considered a copula. See Joe (1997) 
and Nelsen (2006) for further details. 

18 In the case of parametric families of bivariate distributions, however, tail dependence and different measures of correlation 
will be related to each other. 

19 Lower-tail dependence (𝜆𝜆𝐿𝐿) is similarly defined as the probability that 𝑋𝑋1 is lower than its tth percentile, given that 𝑋𝑋2 is 
lower than its tth percentile, as 𝑡𝑡 approaches 0. 
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This paper considers the Gumbel copula (Gumbel 1960), a well-known and widely used copula 
family belonging to the Archimedean class. It takes the following form: 

𝐶𝐶(𝑢𝑢, 𝑣𝑣;𝜃𝜃) = 𝑒𝑒𝑥𝑥𝑒𝑒 �−�(− 𝑙𝑙𝑙𝑙 𝑢𝑢)𝜃𝜃 + (− 𝑙𝑙𝑙𝑙 𝑣𝑣)𝜃𝜃�1 𝜃𝜃⁄ �. 

This copula exhibits weak lower-tail dependence but strong upper-tail dependence. These 
properties make the Gumbel copula an appropriate modeling choice when two outcomes are likely to 
simultaneously realize upper-tail values (Trivedi and Zimmer 2007). As shown below, this is exactly the 
type of dependence commonly observed between rainfall amounts at two nearby sites (conditional on 
both sites’ experiencing rainfall). 
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3.  BASIS RISK: DEFINITION, MEASURE, AND THEORETICAL UPPER BOUND 

This section defines basis risk in the context of our application and describes the measure chosen for the 
analysis. The advantages of this measure are both its intuitive appeal and its connection to a theoretical 
model of a farmer’s demand for index insurance.  

In the context of weather index insurance products targeted at smallholder farmers, basis risk 
represents a situation in which the insurance’s payout does not perfectly correspond to the insured 
farmer’s crop losses. The sources of this dissociation, however, can be manifold. For instance, a farmer 
may experience a loss due to an inadequate handling of the plot, or due to an unexpected pest or disease. 
A broad characterization of the different components of basis risk can be thought of as follows: (1) spatial 
risk, related to geographic variation of the weather index between a farmer’s plot and the insurance’s 
reference weather station; (2) design risk, related to the design of the insurance product, including the 
choice of weather variable, the specific index for the chosen weather variable, and the functional form of 
payouts; (3) other covariate risks, related to other common factors affecting farmers in a specific area 
(such as pests); and (4) idiosyncratic risk, related to specific farming practices and other plot and farmer 
characteristics (such as soil quality, input use, and so on).20 

Components (2) to (4) depend heavily on features of the crop production function of a farmer, 
which can be accurately estimated only through sufficient longitudinal farm-level production data. 
Because our analysis does not include such data, we are able to focus on only the spatial component of 
basis risk, implicitly assuming that experiencing a loss can be accurately captured when the index at the 
farmer’s plot exceeds the insurance’s trigger level. Thus, this measure will typically reflect a lower bound 
for a product’s overall degree of basis risk. To be fair, though, an appropriate benchmark for basis risk 
should consist of an indemnity insurance product that insures against the specific risk that the index 
insurance product is designed to address, in our context excessive rainfall. In this case, then, only 
components (1) and (2) would represent relevant aspects of the imperfect insurance provided by index 
products. It is interesting to note that data from the baseline survey seem to provide some support for the 
higher importance of the geographic component of basis risk: out of the 335 farmers who expressed an 
initial lack of interest in the rainfall index insurance product offered to them (about 48 percent of the total 
surveyed farmers), only 69 raised some aspect of basis risk as a reason,21 with most of these (58 farmers, 
or 84 percent) mentioning distance to the reference weather station as their main concern (compared with 
only 11 raising other aspects of basis risk as being important). 

Clarke (2016) defined basis risk as the unconditional probability of both experiencing a critical 
loss and not receiving an insurance payout (downside basis risk) or as the unconditional probability of 
both not experiencing a critical loss and receiving an insurance payout (upside basis risk).22 Clarke (2016) 
called the measure of basis risk 𝑃𝑃 and derived a theoretical upper bound beyond which an individual’s 
demand for insurance would be expected to be 0 (regardless of the person’s underlying utility function), 
as follows: 𝑃𝑃 < 𝑒𝑒(1 − 𝑞𝑞), where 𝑒𝑒 and 𝑞𝑞 represent, respectively, the farmer’s critical loss probability and 
the probability of receiving an insurance payout. Intuitively, this upper limit reflects the fact that an 
insurance product needs to give a sufficiently strong signal about the farmer’s losses to provide some 
insurance benefit (for further discussion, see Clarke 2016; Hill, Robles, and Ceballos 2016).  
  

                                                      
20 Other characterizations can be found in the literature, because the categorization of risk changes according to the specific 

objectives of the study and features of the insurance product at hand; see, for example, Elabed et al. (2013) or Jensen, Mude, and 
Barrett (2014).  

21 The remaining fraction of farmers expressed other concerns, such as (in order of importance) excess rainfall’s not being a 
relevant risk for their crops (39 percent), lack of understanding of the product (13 percent), and a range of other minor issues 
unrelated to basis risk (27 percent). 

22 His model incorporates both measures as being symmetric, though in reality these do not need be. 
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The paper focuses on downside basis risk, given that it represents the main object of interest for a 
farmer buying an insurance product. Moreover, for our estimates of downside basis risk, we rely on a 
more intuitive measure related to Clarke’s that is commonly used in the literature (see, for instance, 
Kellner and Gatzert 2013). The measure represents the probability of mismatch between losses and 
payouts (as above), conditional on the farmer experiencing a critical loss.23 In other words, it can be 
interpreted as the number of times a given insurance product fails to pay, given that a farmer has indeed 
experienced a critical crop loss.  

                                                      
23 Using Clarke’s notation, this measure would be 𝑃𝑃 𝑒𝑒⁄ . 
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4.  STUDY CONTEXT AND DATA 

On November 2013 an innovative weather index insurance product was launched in the department of 
Canelones, Uruguay, as part of a project led by the International Food Policy Research Institute (IFPRI). 
The aim of the product was to cover horticultural farmers against excess rainfall around harvest, which is 
generally associated to severe losses due to the rotting of crops and the increased difficulty of accessing 
the plots. Given the heterogeneity in crops and time of planting, the product was designed as a portfolio of 
independent insurance “units.” Each unit promised to pay a fixed amount when the maximum 
accumulated rainfall over any 10-consecutive-day period within a calendar month (the index) exceeded a 
certain predetermined trigger. Different products were offered for each of the months between January 
and April (the main horticultural harvest season), and for two severities of excess rainfall, with triggers 
corresponding to the 85th and 95th percentiles of the historical distribution of the index. This resulted in a 
total of eight insurance units, which could be freely combined by each farmer according to her or his own 
crop portfolio, timing of planting, and overall risk profile. 

The department of Canelones represents the main horticultural producing region in Uruguay. It is 
relatively small, covering a total area of 4,536 km2, and topographically flat to a large extent. It has a 
humid, temperate climate, with lower levels of precipitation than the rest of the country (up to 2,000 mm 
yearly, on average). It is important to note that, because rainfall is highly dependent on topography and 
other geographical characteristics, studies conducted in more complex settings should take these 
characteristics into consideration much more carefully in the modeling. 

Survey and Farmers’ Perceptions 
A baseline survey covering 700 horticultural farmers was conducted in Canelones between September 
and December of 2013. One of the objectives of the survey was to assess farmers’ perceptions about the 
different elements of the weather index insurance product on offer.  

Table 4.1 shows survey responses to questions on spatial variability in rainfall patterns. On one 
hand, and as expected, farmers do recognize that the pattern of rainfall between two given sites is more 
dissimilar the farther away the sites are from each other (panel A). In particular, when asked about the 
degree of similarity in rainfall patterns between their plot and the reference gauge closest to them, farmers 
located farther away from the reference gauge do indicate greater dissimilarity than farmers located closer 
by. It is, however, interesting to note that there is a large heterogeneity in farmers’ perceptions of rainfall 
similarity. Overall, these observations are in line with findings in the index insurance literature about the 
inverse relationship between geographic basis risk and insurance demand (Hill, Hoddinott, and Kumar 
2011; Hill, Robles, and Ceballos 2016; Mobarak and Rosenzweig 2012). 

Table 4.1 Farmers’ perception of geographic variability in rainfall patterns 
Panel A. Rainfall patterns between plot and reference gauge 

Rainfall pattern between plot 
and reference gauge is 

All 
farmers 

 Distance to reference gauge 

  
Less than 5 

km 
Between 5 
and 10 km 

Between 10 
and 15 km 

More than 
15 km 

Very similar 2.9%  6.4% 1.9% 3.8% 1.2% 

Similar 40.7%  53.2% 49.0% 35.9% 25.5% 

Not very similar 14.3%  13.8% 11.3% 14.7% 19.3% 

Different 29.6%  19.1% 29.2% 35.3% 29.8% 

Very different 9.0%  4.3% 5.8% 7.1% 18.6% 

Non-response 3.6%  3.2% 2.7% 3.3% 5.6% 
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Table 4.1 Continued 
Panel B. Maximum distance for rainfall patterns to be very similar 

Maximum distance No. of 
farmers % Cum. % 

1 km or less 121 17.3% 17.3% 

Between 2 and 4 km 179 25.6% 42.9% 

5 km 163 23.3% 66.1% 

Between 5 and 9 km 60 8.6% 74.7% 

10 km 110 15.7% 90.4% 

More than 10 km 67 9.6% 100.0% 
Source:  Baseline survey with 700 horticultural farmers in Canelones, Uruguay, September and December 2013. 
Notes:    This table shows survey responses on farmers’ perceptions about spatial variability of rainfall. Panel A shows whether 

rainfall patterns between the farmer’s plot and the closest reference gauge are considered to be similar or different, for 
all farmers in the sample (column 2) and by distance categories (columns 3 through 6). Panel B shows the maximum 
distance at which two sites can be apart for their rainfall patterns to be considered as very similar.  

In addition, panel B of Table 4.1 shows farmers’ beliefs on the maximum distance at which a plot 
and a reference rain gauge can be apart from each other for their rainfall patterns to be considered as very 
similar. Overall, about two-thirds of the respondents believe that 5 km or less is the extent to which 
rainfall patterns can be considered similar between two locations, while 90 percent of the sample believes 
that this distance should not exceed 10 km. 

In addition, farmers’ perceptions seem to be in line with the upper-tail dependence property of the 
Gumbel copula discussed above. Figure 4.1 shows estimated kernel probability density functions on the 
perceived maximum distance at which either (1) overall rainfall patterns or (2) excess rainfall patterns can 
be considered as very similar between two sites. These data come from an endline survey conducted with 
582 horticultural farmers during July and August 2015. The figure shows that farmers do seem to 
perceive excess rainfall patterns as being similar across broader geographic regions than overall rainfall. 
This supports the need for modeling spatial dependence for rainfall through more flexible models than the 
elliptical assumption implicit behind the popular Pearson correlation coefficient.  

Figure 4.1 Perception of similarity in rainfall and excess rainfall patterns 

 
Source:  Endline survey with 582 horticultural farmers in Canelones, Uruguay, July and August 2015. 
Note:  This figure shows estimated probability distribution functions for the maximum distance separating two sites at which 

patterns of rainfall (solid line) and excess rainfall (dashed line) are considered to be as very similar by farmers. The 
curves correspond to estimated nonparametric densities using a Gaussian kernel. 
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Finally, it is interesting to note that further unreported analyses show no evidence that perceptions 
about rainfall similarity depend on the direction at which the reference gauge lies with respect to the 
farmer’s plot.24 This observation supports the isotropy assumption made in the following section. 

Data 
For the application of our methodology we will focus on the summer agricultural season, which 
corresponds to the months of December, January, and February. This season is characterized by high 
levels of precipitation and is the main harvest season for a number of important horticultural crops such as 
onions, sweet potatoes, and tomatoes, among others. We work with the entire season (as opposed to 
individual calendar months or other agricultural time periods) for two main reasons. First, the Uruguayan 
meteorological institute (Instituto Uruguayo de Meteorología, or INUMET) considers these three months 
to be climatologically similar, grouping them into the same single season for meteorological purposes. 
Second, working with a three-month period allows us to estimate distributional and dependence 
parameters using three times the amount of data than would be possible with monthly periods, thus 
benefiting from greater precision. In the sections that follow, then, all parameter estimates (and the 
subsequent simulations stemming from them) will be based on daily data corresponding to the full 
summer season. 

We use a number of data sources for the analysis. First, we include historical daily data from the 
entire rain gauge network of INUMET.25 We refer to these as preexisting gauges. While these data span 
more than 30 years in some cases, allowing us to estimate representative long-term distributional 
parameters, the network is geographically sparse. We focus on 11 gauges located in or near the 
department of Canelones, Uruguay, because this is the area where the index insurance product is being 
offered. Second, we use daily data from five automatic weather stations located in Canelones, installed as 
part of the insurance project activities during December 2013. Because these are used as reference gauges 
for the insurance product, we refer to them as insurance reference gauges. Finally, we use data from a 
unique network of 34 weather stations, installed during October and December of 2013, throughout the 
entire area of Canelones, which we refer to as monitoring gauges. These last two sources, though short in 
time span, provide us with geographically dense data that allow us to explore the dependence pattern of 
rainfall at short distances, thus complementing the long-term but geographically sparse data from the 
preexisting gauges. Combining these data sources allows us to tackle a problem that would otherwise be 
very difficult to solve with a single data source. Figure 4.2 shows the location of all the rainfall gauges 
used in the analyses. Appendix Table A.1 shows summary statistics for these gauges, including start and 
end dates; the observed proportion of rainy days; and the average daily rainfall amount, conditional on 
rain’s occurring, over the summer months. 

                                                      
24 These results are available upon request. 
25 These data are not publicly available and should be requested directly from INUMET. 



 
 

14 

Figure 4.2 Location of rainfall gauges around Canelones, Uruguay 

 
Source:  INUMET and project data (various years). 
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5.  ESTIMATION 

This section first discusses in more detail the calibration of the chain-dependent stochastic rainfall model 
at each available rain gauge. Next, it discusses the estimation of different correlation measures of rainfall 
in space and the calibration of the copula parameters used to model the dependence between pairs of sites. 
Each subsection ends with a description of the interpolation method implemented to predict the relevant 
distributional parameters at arbitrary points in space. The section concludes by providing an overview of 
all the components in the bivariate spatial rainfall generator. 

It is important to note at this point that the model calibration requires a number of ex ante choices 
on functional forms. Because our aim lies in illustrating the features of the model and its application to 
basis risk estimation, we make the most reasonable choices based on standard assumptions in the 
literature and practical considerations. Wherever possible, we try to provide a rationale and formal 
goodness-of-fit tests to assert the appropriateness of a certain assumption, while purposely avoiding full-
fledged discussions on particular modeling choices. Were this model to be used for insurance pricing or 
other product design considerations affecting real-world outcomes, these assumptions should certainly be 
approached with much more caution. 

In order to describe the model calibration, it is worth recalling that the model separates rainfall 
into an occurrence component and an amount component. The first component relates to the binary event 
of occurrence or nonoccurrence of rainfall (also referred to as wet days or dry days, respectively). The 
second component defines the number of millimeters of rainfall, conditional on the day’s being wet, over 
a given time span (24 hours in our case). 

Rainfall Occurrence Process 
In our model, the process for the occurrence of rainfall is completely determined by the two parameters of 
a first-order Markov chain: (1) 𝑒𝑒01, or the probability of rain’s occurring in day 𝑡𝑡 conditional on rain’s not 
having occurred in 𝑡𝑡 − 1, and (2) 𝑒𝑒11, or the probability of rain’s occurring in 𝑡𝑡 conditional on rain’s 
having occurred in 𝑡𝑡 − 1.26 In this way, if the previous day were a wet day, the probability of rain on the 
current day would be 𝑒𝑒11, and the probability of no rain would be 1 − 𝑒𝑒11. Similarly, the probability of 
rain or no rain, conditional on the previous day’s being dry, would be determined by 𝑒𝑒01 and 1 − 𝑒𝑒01, 
respectively. 

We estimate these first-order Markov chain probabilities using the historical rainfall occurrence 
series at every gauge. We focus only on preexisting gauges because these are the ones with a long enough 
time span to appropriately capture climatological long-term occurrence probabilities for rain. Using only 
one to two years of data from the insurance reference and monitoring gauges could yield biased 
probability estimates due to the large interannual variability of rainfall. Table 5.1 shows the estimated 
probabilities for the 11 preexisting rain gauges in our sample. 
  

                                                      
26 While a first-order Markov chain is the overwhelming choice in the literature, the model can in principle accommodate a 

higher-order process. This characteristic could be relevant in the present case because we are mostly concerned about cumulative 
rainfall throughout several days. However, for all sites analyzed, a second-order Markov chain does not improve the fit over a 
first-order one according to the Bayesian information criterion (BIC). We prefer the BIC statistic because the literature considers 
it the preferred measure, with the Akaike information criterion (AIC) being known to overspecify model order for large sample 
sizes (Wilks 1998). The AIC results are available upon request. 
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Table 5.1 Estimated first-order Markov chain probabilities and model selection 

Rainfall gauge 𝒑𝒑𝟎𝟎𝟎𝟎 𝒑𝒑𝟎𝟎𝟎𝟎   
BIC for 1st-
order MC 

BIC for 2nd-
order MC  

Number of 
observations 

Aeropuerto Carrasco 0.215 0.414  3,162.1 3,178.1  2,797 

Aeropuerto Melilla 0.222 0.419  3,209.1 3,225.1  2,797 

Cerrillos 0.137 0.288  2,423.5 2,439.5  2,797 

Chamizo 0.148 0.296  2,538.4 2,554.3  2,797 

Dr. Soca 0.119 0.292  2,239.7 2,255.7  2,797 

Libertad 0.153 0.321  2,609.1 2,625.0  2,797 

Mendoza 0.157 0.312  2,632.8 2,648.7  2,797 

Prado 0.204 0.430  3,105.7 3,121.7  2,797 

San Jacinto 0.127 0.288  2,324.5 2,340.5  2,797 

Tala 0.122 0.277  2,267.4 2,283.4  2,797 

Villa Rodriguez 0.158 0.300  2,629.3 2,645.3  2,797 

Source:  Author’s calculations based on INUMET rainfall data (various years). 
Notes:  This table shows estimated first-order Markov chain probabilities for rain occurrence for each of the 11 preexisting 

rainfall gauges in the study area. 𝑒𝑒01 indicates the probability of rain’s occurring on day 𝑡𝑡 conditional on no rain’s 
having occurred on day 𝑡𝑡 − 1, while 𝑒𝑒11 indicates the probability of rain’s occurring on day 𝑡𝑡 conditional on rain’s 
having occurred on day 𝑡𝑡 − 1. The third and fourth columns show the value of the Bayesian information criterion (BIC) 
for, respectively, a first-order Markov chain (MC) and a second-order Markov chain. A larger value indicates that a 
model is preferred according to the criterion. 

Spatial Dependence 
Following Wilks (1998), the occurrence of rainfall at one particular site can be determined at the 
simulation stage by taking a random draw from a standard uniform distribution and comparing it with 
either 𝑒𝑒01 or 𝑒𝑒11 (depending on whether the previous day was dry or wet): if lower, the day is considered 
to be wet; otherwise, it is considered to be dry. This procedure can be extended to allow for dependence 
between multiple sites by drawing jointly from a (latent) bivariate normal distribution with correlation 
parameter 𝜌𝜌, calculating both (standard normal) cumulative probabilities, and comparing these with each 
site’s occurrence probability for day 𝑡𝑡 (given day 𝑡𝑡 − 1). Since the latent normal process is not observable 
from the data, estimation of 𝜌𝜌 is achieved by iteration until the correlation between simulated occurrence 
series at both sites is close enough to the one observed in the data. 

Unlike the estimation of the Markov chain parameters, we include here all available rainfall 
gauges. The rationale is that joint precipitation occurrences at the daily level between sites is still 
informative even in the presence of considerable interannual rainfall variability. Figure 5.1 shows a 
scatterplot of the estimated correlation parameters for the occurrence process between all pairs of sites. It 
is interesting to note that correlation declines relatively slowly with distance, such that two sites at a 
considerable distance (for instance, farther than 50 km from each other) still experience a very similar 
pattern of wet and dry days. 
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Figure 5.1 Dependence structure of precipitation occurrence process 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 

Rainfall Amount Process 
Traditionally, chain-dependent stochastic models represent the process determining the amount of rainfall 
at two different sites (conditional on rainfall’s occurring) through two univariate distributions (one per 
site), which are linked together through an underlying latent bivariate normal distribution with a given 
correlation parameter 𝜌𝜌 (calibrated in a similar fashion to the one in the latent bivariate normal process 
that links the occurrence processes, explained in the previous subsection). As described above, this paper 
extends this model by the use of copulas in order to account for much more flexible dependence 
structures between the two site-specific univariate distributions. The following subsections describe the 
estimation of each site’s univariate distribution and that of the proposed dependence between two sites. 

Univariate Distributions 
The most appropriate parametric distribution for representing the amount of rainfall at the daily scale has 
long been an issue of discussion in the literature. Several parametric families have been put forward as 
suitable candidates, some examples being gamma, Weibull, double exponential, and lognormal, among 
others. While the literature has not reached a consensus on which family can best represent daily rainfall 
amounts, the gamma family is a frequent choice that has been shown to adapt well to the skewness and 
other properties of daily rainfall processes (Ison, Feyerherm, and Bark 1971; Woolhiser 1992). In 
addition, the gamma family is a suitable choice to represent precipitation data because of its flexibility in 
distribution shapes making use of only two parameters: shape and scale (Wilks 1999). 
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In our analysis, we assume that daily rainfall amount (conditional on the day’s being wet) follows 
a gamma distribution with unknown shape and scale parameters, which we estimate from available data 
for each preexisting rain gauge.27 The rationale for narrowing the sample only to the preexisting gauges is 
again—as discussed above for the case of the Markov chain parameters—to employ a long enough 
history to observe sufficient realizations from the underlying distribution. It is worth noting that assuming 
a different suitable distribution family such as Weibull does not qualitatively change our results or 
conclusions.28 Table 5.2 shows the estimated gamma parameters for the 11 preexisting rain gauges in our 
sample. 

Table 5.2 Estimated gamma parameters 

Rainfall gauge Shape Scale   
Number of 

observations 
Aeropuerto Carrasco 0.598 18.291  753 

Aeropuerto Melilla 0.590 19.007  775 

Cerrillos 1.008 16.024  451 

Chamizo 1.129 16.710  486 

Dr. Soca 1.064 16.729  401 

Libertad 1.150 15.009  514 

Mendoza 1.157 15.301  519 

Prado 0.565 19.286  738 

San Jacinto 1.065 17.103  423 

Tala 1.003 19.397  405 

Villa Rodriguez 1.125 15.305  514 
Source:  Author’s calculations based on INUMET rainfall data (various years). 
Note:  This table shows estimated scale and shape parameters for a gamma distribution for each of the 11 preexisting rainfall 

gauges in the study area. The estimated distribution is used to represent rainfall amount on a certain day, conditional on 
rainfall’s occurring on that day. 

Spatial Dependence 
We have discussed above that any bivariate distribution can be uniquely represented through an 
appropriate copula function evaluated at the corresponding marginal distributions’ CDF. Having selected 
the marginal distribution for each site, we now need to select an appropriate copula model to represent 
dependence between rainfall amounts at any two sites.  

As argued above, we will work with the Gumbel copula, because it suits well processes that 
simultaneously realize upper-tail values. To motivate this choice and illustrate the presence of upper-tail 
dependence in our data, Figure 5.2 shows a scatterplot of the joint rainfall realizations (expressed as 
cumulative probabilities of the underlying estimated distribution) between the Prado and Aeropuerto 
Melilla rain gauges (panel A) and the San Jacinto and Mendoza gauges (panel B).29 It can be seen that for 
the pair of gauges relatively close to each other, there is an overall high degree of dependence between 

                                                      
27 A single distribution for all rain gauges may not be the most appropriate choice, but it is a key assumption that allows us 

to spatially interpolate the parameters to be used in the simulations. A fully nonparametric distribution for each site would be 
ideal. Such a distribution, however, seems problematic in our context, because for the calculation of basis risk we need to be able 
to simulate at arbitrary points in space, calling for some sort of spatial interpolation of distributions. The work by Mosthaf, 
Bárdossy, and Hörning (2015) on random mixing of spatial random fields could provide a potential solution to this problem. 

28 These results are available upon request. 
29 The results are not linked to the specific choice and estimation of the univariate distribution at each site. Scatterplots using 

cumulative probabilities from the empirical (nonparametric) CDF or the univariate rank for each observation yield equivalent 
characteristics. 
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the two series, but this dependence seems to increase at higher regions of the distributional support (upper 
right-hand corner of the scatterplot). The joint occurrence of values at the upper tail is evident even for 
the pair of gauges that are more than 40 km apart, even though the overall degree of dependence between 
the two series is substantially lower. 

Figure 5.2 Overall correlation and tail dependence of rainfall at sample pairs of sites 
Panel A. Rainfall amount at Prado and Aeropuerto Melilla gauges (9.6 km apart) 

 

Panel B. Rainfall amount at San Jacinto and Mendoza gauges (42.3 km apart) 

 
Source:  Author’s calculations based on INUMET rainfall data (various years). 
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It is well known that determining the right copula family through goodness-of-fit tests can be 
problematic. While the bootstrap procedures suggested by Genest, Rémillard, and Beaudoin (2009) 
represent the state-of-the-art techniques, these are very expensive computationally and, based on Monte 
Carlo simulations, the authors conclude that no one single test is appropriate for all situations. Moreover, 
because the power of any test increases with sample size, it is rare for empirical data to properly fit any 
one parametric family, which generally results in rejection of all candidate distributions.30 Instead, we 
follow here an alternative specification check proposed by Serinaldi (2008). The idea behind this 
methodology is to compare the theoretical relationship between Kendall’s 𝜏𝜏 rank correlation and the 
degree of tail dependence implicit in different candidate copula families, against the empirical (estimated) 
counterparts, for all pairs of a series. For instance, a given pair of gauges has a certain estimated 
Kendall’s 𝜏𝜏 and coefficient of tail dependence.31 By taking all available pairs, one can plot an empirical 
curve of one measure against the other, and then compare this empirical curve with different theoretical 
curves implicit in each copula family’s definition. Figure 5.3 shows the result of this exercise. We 
compare the empirical curve with those from other families exhibiting positive upper-tail dependence, 
such as Gumbel, Student’s t, and three other families from the Archimedean class. Even though none of 
the curves perfectly accommodates the statistics from the observed rainfall data, it can be seen that the 
Gumbel family is the one that best approximates the empirical curve, particularly for high levels of 
dependence. Altogether, the evidence, though heuristic in nature, indicates that the Gumbel copula can be 
considered as an acceptable representation of the dependence between rainfall amounts in our study area. 

Figure 5.3 Kendall’s 𝝉𝝉 correlation and upper-tail dependence 𝝀𝝀𝑼𝑼 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 

Figure 5.4 shows a scatterplot of the estimated Gumbel copula parameters for the amount process 
between all pairs of sites, including all available rainfall gauges (in a way similar to that used for the 
estimation of dependence between rainfall occurrence processes). In contrast to the correlation in rainfall 
occurrence (Figure 5.1), the dependence between rainfall amounts seems to decrease at a faster rate with 
                                                      

30 The results from a (least computationally intensive) bootstrap test show that the Gumbel copula cannot be rejected (at the 
5 percent level) in about 49.5 percent of the pairs. Given the large number of daily observations at our disposal, we take this as an 
additional piece of evidence toward the reasonably good fit of this copula family.  

31 We rely on a nonparametric estimator for the upper-tail coefficient (𝜆𝜆𝑈𝑈) based on the work of Capéraà, Fougères, and 
Genest (1997). See Serinaldi (2008) for details and further discussion. 
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distance to the reference gauge. Equivalent to the findings in decorrelation analyses, this feature is 
directly behind the common perception that basis risk is larger for rainfall products than for products 
based on other common weather variables, such as temperature. In the next section we will directly 
quantify the degree of basis risk in order to determine how the observed decrease in dependence translates 
into unattractiveness of an insurance product. 

Figure 5.4 Dependence structure of precipitation amount process 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 

Spatial Interpolation of Parameters 
In order to estimate the degree of basis risk across our study area, we need to arrive at a full description of 
the underlying bivariate precipitation distribution at two given locations. For this task, we need to be able 
to interpolate the parameter estimates discussed in the preceding subsections at arbitrary points in space. 
Different methods of spatial interpolation of distributional parameters—estimated from site-specific 
precipitation data—have been implemented in the literature (for example, Baffault, Nearing, and Nicks 
1996; Kleiber, Katz, and Rajagopalan 2012; Serinaldi and Kilsby 2014). This subsection describes the 
two methods we use in our context.32 

  

                                                      
32 It is important to note that the following methods implicitly assume spatial isotropy in precipitation dependence within the 

study area. This assumption implies that the relationship between two given points does not depend on the direction at which they 
lie from each other, in contrast to potential directional precipitation patterns caused by, for instance, prevailing winds or 
geographic accidents. Simple directional tests cannot reject the null hypothesis of isotropy in precipitation, while the survey 
responses described above indicate that farmers in the area are not systematically aware of directional patterns in rainfall. For 
these reasons we proceed with this assumption. 
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Location-specific parameters (pertaining to the assumed functional forms for either rainfall 
occurrence or amount at one specific site) require a method that takes into consideration the specific 
location at which these parameters were estimated. These parameters are the two probabilities in the first-
order Markov chain—from the rainfall occurrence process—and the scale and shape parameters of the 
gamma distribution—from the rainfall amount process. 

In contrast, for the parameters that relate to the dependence between two sites (in either model 
component), we assume spatial homogeneity and thus take into consideration only the distance between 
the two locations in the interpolation. These parameters are the correlation coefficient 𝜌𝜌 driving the 
dependence in rainfall occurrence and the Gumbel copula parameter 𝜃𝜃 behind the relationship between 
the amount of rainfall, conditional on rainfall’s occurring, at two different sites. 

Location-Specific Parameters 
We choose inverse distance weighting (IDW) as the interpolation method because, despite being one of 
the less sophisticated approaches available, it is simple enough and works well in regular geographies 
such as our study site.33 IDW estimates the value at an arbitrary, target point in space as the average value 
of observed adjacent points, weighted by the inverse of the (n-powered) distance to them. In particular, 
the estimation for an arbitrary point 𝑃𝑃 is as follows: 

𝛼𝛼𝑟𝑟∗ = ∑ 𝛼𝛼𝑙𝑙
𝐷𝐷𝑟𝑟𝑙𝑙𝑛𝑛

𝐿𝐿
𝑙𝑙=1 ∑ 1

𝐷𝐷𝑟𝑟𝑙𝑙𝑛𝑛
𝐿𝐿
𝑙𝑙=1� , 

where 𝛼𝛼𝑙𝑙 is the observed value at each of the 𝐿𝐿 locations and 𝐷𝐷𝑟𝑟𝑙𝑙 is the straight-line distance between 
location 𝑃𝑃 and location 𝑙𝑙. Note that the power parameter 𝑙𝑙 is a free parameter that controls the degree of 
smoothness of the interpolation. Very large values of 𝑙𝑙 implicitly mean that the only relevant 
observations are those in the relative vicinity of the target point, while small values of 𝑙𝑙 take into account 
observations from farther-away locations. We choose the value for this parameter by cross-validation 
(leave-one-out method); that is, we choose the power 𝑙𝑙 that minimizes the mean square error between the 
estimated value (excluding that site) and the observed value, at all locations. 

Figure 5.5 shows shaded maps with the interpolated values of the shape (panel A) and scale 
(panel B) parameters for the gamma distribution. In turn, Figure 5.6 shows similar maps with the 
interpolated values of the Markov chain precipitation probabilities after a dry (panel A) and wet (panel B) 
day, respectively. It can be seen that, while the estimated parameters do not fluctuate substantially among 
sites in the department of Canelones (our main study area), they seem to be consistently different near the 
city of Montevideo. In particular, relative to the more rural areas of Canelones, rainfall around the city of 
Montevideo seems to occur more often, yet when it does occur, accumulated rain seems to be lower (see 
also Appendix Table A.1). This finding could be related to these gauges’ proximity to a large body of 
water or to the existence of an urban effect. This will be of importance for the analysis below because 
Aeropuerto Carrasco—one of the reference gauges to which the insurance product is linked—is located in 
this area. 

                                                      
33 An arguably better, alternative method would be ordinary Kriging, which makes use of an estimated spatial covariance 

structure between sites (covariogram) to obtain an interpolated point estimate at an unobserved location, together with its 
standard error. Unfortunately, for the estimation of the location-specific parameters, we focus only on the subset of 11 preexisting 
gauges, which provides us with too few pairs to obtain reliable estimates for the covariogram. 
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Figure 5.5 Interpolated gamma distribution parameters 
Panel A. Shape parameter 

 

Panel B. Scale parameter 

 
Source:  Author’s calculations based on INUMET rainfall data (various years). 
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Figure 5.6 Interpolated Markov chain probabilities for rain occurrence 
Panel A. Probability of rain occurrence after dry day (𝑒𝑒01) 

 

Panel B. Probability of rain occurrence after wet day (𝑒𝑒11) 

 
Source:  Author’s calculations based on INUMET rainfall data (various years). 
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Dependence Parameters 
For the interpolation of the parameters relating to the dependence structure of rainfall occurrence and 
rainfall amount we focus only, as discussed above, on the distance separating any two pairs of points, 
after which we fit a cubic B-spline using information from all available pairs (Bjørnstad and Falck 2001). 

In addition to the scatterplots depicting the estimated dependence parameters pertaining to, 
respectively, the rainfall occurrence and amount processes, Figures 5.1 and 5.4 show the estimated 
splines, together with 95 percent confidence intervals calculated according to Bjørnstad and Falck’s 
(2001) method. In order to interpolate the dependence parameter between two arbitrary points in space, 
we simply use the distance separating them and obtain the corresponding value from the fitted spline 
curve. 
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6.  SIMULATIONS AND RESULTS 

This section describes the estimation of downside basis risk for the insurance product described above 
across a uniform 20 by 35 grid of hypothetical locations within the limits of our study area, for a total of 
700 sites. These represent potential locations of farmers’ plots and allow us to characterize basis risk in a 
general sense.  

We first identify the closest reference gauge for each location in the grid. Next, we interpolate all 
distributional and dependence parameters as described in the previous section, thus obtaining a complete 
characterization of the bivariate distribution for each pair of sites. Finally, we draw 450,000 realizations 
of daily rainfall by Monte Carlo simulation. This process is as follows: 

1. Simulate a bivariate rainfall occurrence process combining the Markov chain parameters 
for each site in the pair and a bivariate random process with the corresponding correlation 
parameter (given the distance between sites). 

2. Simulate a bivariate rainfall amount process combining the univariate gamma distribution 
parameters for each site and linking them through a Gumbel copula. In particular, 
a. draw from a bivariate Gumbel copula with dependence parameter 𝜃𝜃� (given the distance 

between sites), and 
b. for each site, obtain the daily rainfall amount by evaluating the inverse gamma distribution 

(with the corresponding parameters) at the cumulative probability drawn in (a) from the 
Gumbel copula.34 

3. Finally, combine (1) and (2) to obtain the simulated time series of rainfall at both sites. 
After obtaining the daily time series, we accumulate rainfall into overlapping 10-day periods and 

calculate the maximum value among these over a 90-day period (the equivalent of one year’s summer 
season). This procedure allows us to obtain a simulated time series of the index at both sites along 5,000 
seasons. With the entire simulated series of the index at a given pair, we are then able to calculate 
alternative measures for basis risk. 

Figures 6.1 and 6.2 show estimated probabilities of downside basis risk for, respectively, the 
85th- and 95th-percentile insurance products. Panel A in each figure plots the estimated conditional 
probability of not receiving an insurance payout when a loss occurs by relying on the interpolated 
distributional parameters. This estimate represents our main measure of actual basis risk of the insurance 
product under consideration. Panel B, in contrast, shows a benchmark measure derived under the 
assumption that distributional parameters at the farmer’s plot are identical to the ones at the insurance 
reference gauge. In this way, while panel B reflects the basis risk implicit in the spatial separation of the 
two locations (that is, arising only from the imperfect dependence in rainfall patterns due to the distance 
between them), panel A reflects also the additional basis risk arising from the different site-specific 
rainfall distributions. 

                                                      
34 An important aspect to take into account in stochastic rainfall generator models is the so-called spatial intermittence issue, 

as Bárdossy and Plate (1992) referred to it. This issue is based on the fact that rainfall amounts at an arbitrary location are 
generally lower when nearby stations are dry than when nearby stations are wet. In other words, if one imagines a given storm as 
a continuous field, locations in the center of the field (thus surrounded by all wet locations) should receive more rainfall than 
those at the edges of the field (thus near some dry locations). Failure to address this problem leads to unrealistically sharp 
transitions between wet and dry portions of the spatial domain. Wilks’ (1998) approach was to model the univariate rainfall 
amount distribution as mixed exponential and to later select the exponential in the mix with the lower mean whenever a day is 
simulated as being wet by a random draw close to the boundary implied by the Markov chain rainfall probability. In this paper, 
instead, we take advantage of the mixtures of powers simulation method for the Gumbel copula described in Trivedi and Zimmer 
(2007) and, in a similar fashion to Wilks (1998), impose draws from the lower part of the distribution when one site in the pair is 
dry. 
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Figure 6.1 Downside basis risk: 85th percentile product 
Panel A. Interpolated univariate rainfall distributions 

 

Panel B. Identical univariate rainfall distributions 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 
  

Rain is
similar

Rain is not
very similar

Rain is
different

Rain is
very different

FARMERS' PERCEPTION:

0.00

0.20

0.40

0.60

0.80

Do
w

ns
id

e 
ge

og
ra

ph
ic

 b
as

is 
ris

k

0 10 20 30 40 50 60
Distance (in km)

Aeropuerto Carrasco Chacra Policial Progreso
San Bautista San Jacinto Tala

Rain is
similar

Rain is not
very similar

Rain is
different

Rain is
very different

FARMERS' PERCEPTION:

0.00

0.20

0.40

0.60

0.80

Do
w

ns
id

e 
ge

og
ra

ph
ic

 b
as

is 
ris

k

0 10 20 30 40 50 60
Distance (in km)

Aeropuerto Carrasco Chacra Policial Progreso
San Bautista San Jacinto Tala



 
 

28 

Figure 6.2 Downside basis risk: 95th percentile product 
Panel A. Interpolated univariate rainfall distributions 

 

Panel B. Identical univariate rainfall distributions 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 
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A few interesting patterns arise from the figures. First, the level of basis risk for this particular 
insurance product is not negligible. At best, in the case of plots located very close to the reference rainfall 
gauge, the insurance product would fail to pay 1 out of 10 times that the farmer experienced a significant 
loss. In general, the insurance product would fail to pay farmers between 10 and 50 percent of the times 
they experienced a loss, depending on their specific location, with this rate going up to 80 percent in 
extreme cases. Even though the above figures look large, it is interesting to see how these levels of basis 
risk compare with the theoretical upper bound for basis risk derived by Clarke (2016). Table 6.1 shows 
summary statistics for the ratio of basis risk at each location and its theoretical upper bound, by reference 
weather station and for both insurance products under consideration. It can be seen that downside basis 
risk is well below the upper theoretical bound in all cases, at levels roughly between 10 and 60 percent of 
this upper bound. In other words, downside basis risk seems to be within the limit at which a sufficiently 
risk-averse farmer would benefit from (and thus demand) a positive level of insurance. However, the table 
also shows that this ratio displays considerable variation across reference gauges, a point to which we 
return below. 

Table 6.1 Downside basis risk and theoretical upper bound 
Panel A. 85th-percentile product 

Rainfall gauge Median Mean 
Standard 
deviation Minimum Maximum 

Number of 
observations 

All rainfall gauges 0.36 0.39 0.16 0.06 0.79 700 
       Aeropuerto Carrasco 0.38 0.48 0.23 0.13 0.79 122 

Chacra Policial 0.42 0.40 0.09 0.12 0.56 171 
Progreso 0.46 0.43 0.19 0.06 0.70 149 
San Bautista 0.33 0.32 0.08 0.16 0.45 47 
San Jacinto 0.33 0.33 0.08 0.15 0.50 100 
Tala 0.29 0.28 0.05 0.15 0.40 111 

 Panel B. 95th-percentile product 

Rainfall gauge Median Mean 
Standard 
deviation Minimum Maximum 

Number of 
observations 

All rainfall gauges 0.32 0.35 0.14 0.05 0.71 700 
       Aeropuerto Carrasco 0.34 0.43 0.20 0.12 0.71 122 

Chacra Policial 0.38 0.36 0.08 0.11 0.50 171 
Progreso 0.41 0.39 0.17 0.05 0.62 149 
San Bautista 0.30 0.28 0.07 0.14 0.40 47 
San Jacinto 0.30 0.30 0.07 0.13 0.45 100 
Tala 0.26 0.25 0.04 0.14 0.36 111 

Source:  Author’s calculations based on INUMET and project rainfall data (various years). 

Second, and as expected, downside basis risk increases the farther away a plot is from the 
insurance reference gauge. Interestingly, however, the relationship between basis risk and distance seems 
to be concave. In unreported regression results, distance and distance squared variables are, respectively, 
positively and negatively (and statistically significantly) related to our basis risk measure. This is in line 
with the results in Hill, Robles, and Ceballos (2016), who found demand for insurance products to be 
negatively related to the logarithm of the distance to the reference weather station. This feature of basis 
risk partly stems from the upper-tail dependence implicit in the Gumbel copula; an alternative model 
assuming dependence under the traditional Gaussian assumption would thus fail to incorporate this 
property.  
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Third, basis risk does not seem to increase as pronouncedly with distance as it is generally 
perceived to do. For instance, based on the 85th-percentile product with identical distributional 
parameters (Figure 6.1, panel B), the probability of not receiving a payout when a loss occurs is around 
10 percent when a plot is 1 km away from the reference gauge,35 with this probability increasing to 
around 30 percent when the two sites are located 20 km apart and to around 40 percent when a plot is 
considerably far from the reference weather station (50–60 km). This is in contrast to the general notion 
that basis risk increases rapidly with distance when the underlying process is rainfall. This notion is 
captured by the shaded areas in the figures, which show estimated distance ranges at which an average 
farmer considers rainfall patterns to coincide or not.36 For instance, on average, farmers consider rainfall 
patterns at two sites located between 9.9 and 16.8 kilometers apart to be not very similar, and rainfall 
patterns at distances greater than 38 kilometers to be very different. However, in the latter range, an 
insurance product would still correctly pay around 3 out of 5 times in which a significant loss occurs at 
the farmer’s plot. Overall, this indicates that, on one hand, farmers seem to overestimate the degree of 
geographical variation in rainfall and, on the other hand, even though it may be true that the overall 
similarity between rainfall patterns at two sites decreases rapidly with distance, this may not be the case 
for the dependence between the extreme rainfall patterns directly behind basis risk. 

Fourth, downside basis risk is generally lower, all things being equal, for the 85th-percentile 
product than for the 95th-percentile one. Two effects come into play for this relationship. On one hand, 
the probability mass around the 85th percentile of the rainfall distribution is higher than around the 95th 
percentile, implying a larger number of realizations around the trigger and thus an increase in the 
unconditional mismatch probability. On the other hand, the probability of experiencing a loss (the 
denominator in our basis risk measure) is by definition higher in the case of the 85th-percentile product. 
Overall, the second effect dominates the first one and results in a lower basis risk for the 85th-percentile 
product. This result is intuitive, in that an insurance product that covers against frequent risks should 
compensate often at rainfall levels above the trigger, and would be at risk of incorrectly not compensating 
the farmer only when rainfall is within a narrow band around the trigger. 

Finally, an important consideration that has been generally overlooked by the literature is the 
natural variation in precipitation amount between different geographic locations.37 In our particular study 
area, though relatively small in extent, rainfall exhibits a subtle but nonnegligible amount of variation 
between locations (for example, near the coastal city of Montevideo vis à vis near the center of 
Canelones). This small variation in rainfall patterns can dramatically increase or reduce the degree of 
basis risk of an insurance product, depending on the exact locations of both the plot and the reference 
gauge. This phenomenon can be clearly seen by comparing panels A and B in both figures (which differ 
in that panel B excludes any variability in the sites’ precipitation distributions), showing that this feature 
almost doubles the level of downside basis risk for locations assigned to Aeropuerto Carrasco because, as 
discussed before, overall rainfall seems to be lower for this particular reference gauge relative to other 
weather stations (see Appendix Table A.1).38  

Figure 6.3 portrays this feature in more detail. In particular, the figure shows the average level of 
downside basis risk, taking into consideration the direction at which the reference weather station lies 
from each location. This variable is shown along eight directions and for groups of locations at four 
                                                      

35 It is worth noting that basis risk estimates at the lower end of the distance spectrum are not precisely estimated, given the 
lack of data from weather stations located at minimal distances from each other.  

36 These ranges are derived from estimating an ordered logit model with perceived rainfall similarity (categories: very 
similar, similar, not very similar, different, very different) as the dependent variable and distance as the independent one. The 
ranges are robust to including squared distance in the estimation, as well as to including dummies for the direction in which a 
reference weather station is located from the farmer’s plot, the previous variables not being statistically significant in any 
specification. Results are available upon request. 

37 The literature has, however, widely acknowledged the limitations of index insurance products in regions with large 
topographic variation (see Kost et al. 2012, for example). 

38 This effect can be even stronger if rainfall dependence were anisotropic, that is, if dependence in precipitation varied 
according to the direction in which the two points lie from each other. In our specific case, however, as argued above, this 
property does not seem to hold. 
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different distance ranges from the weather station. It can be seen that, if the assigned reference gauge lies 
to the southwest of a particular location, this location is subject to higher levels of basis risk relative to 
other locations within a similar distance to the reference gauge. This aspect of basis risk calls for a much 
more careful study of regional precipitation patterns when designing a new index insurance product, 
ideally involving local meteorological experts. 

Figure 6.3 Downside basis risk and direction to reference weather station 
Panel A. 85th-percentile product 

 
 

Panel B. 95th-percentile product 

 
Source:  Author’s calculations based on INUMET and project rainfall data (various years). 
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7.  CONCLUSIONS 

This paper develops a novel methodology for estimating the extent of spatial basis risk for an arbitrary 
rainfall index insurance product. It relies on a stochastic rainfall generator model that is standard in the 
hydrological literature and extends it to accommodate nontraditional patterns of dependence between 
rainfall distributions at two nearby sites through the use of a bivariate copula. In particular, it intends to 
capture the general tendency of extreme precipitation amounts to occur jointly at nearby sites more often 
than do amounts at other regions of the support of the rainfall distribution. 

We apply this methodology to estimate the degree of spatial basis risk in an index insurance 
product against excess rainfall targeting horticultural farmers in Uruguay. After calibrating the model 
using unique historical precipitation data, we conduct Monte Carlo simulations using the bivariate 
stochastic rainfall generator that allow us to calculate our measure of downside basis risk for this product. 

We find that even though the degree of basis risk is considerable, it remains well below the 
theoretical upper bound from a model of demand for index insurance developed by Clarke (2016), 
implying that the product under consideration provides valuable insurance properties. This finding further 
suggests that basis risk is not large enough to fully explain the lack of demand generally found in index 
insurance pilots.  

In addition—and as expected—basis risk increases concavely with distance, but the rate of 
increase is generally lower than what farmers perceive it to be. This result points to the existence of 
important information asymmetries and indicates the need to complement the introduction of new index 
insurance products with extensive training on the spatial properties of rain, and basis risk in particular. Of 
course, low levels of education among farmers in developing countries represent a barrier to these types 
of technical training. The point is still crucial, though, because farmers are typically presented with a 
complex insurance product framed in terms of millimeters of rain, and expected to make rational 
insurance decisions based on their prior knowledge of and expectations on complex meteorological 
phenomena.  

Finally, a central aspect to consider in future products is the natural variation in rainfall patterns 
within a given area, even in the case of regular terrains such as those in our study. Subtle differences in 
rainfall patterns between the plot location and its reference rainfall gauge may result in substantial 
disparities in basis risk between locations. For some locations in our study, this effect was responsible for 
almost half of the total levels of downside basis risk. In extreme cases, local geoclimatic features could 
prove more important for determining basis risk than the actual distance to the reference gauge. 
Surprisingly, this point has been completely ignored by the index insurance literature until now, beyond 
evident settings such as mountainous topographies. 

In summary, the present study has two main policy implications for existing and future index 
insurance programs. First, much more thorough training needs to be offered to targeted farmers, aided by 
historical data and a careful description of the spatial relationship between overall rainfall patterns and 
that around extreme rainfall events. Second, in order to minimize the extent of spatial basis risk, a careful 
consideration of subtle regional variations in rainfall patterns is essential, in addition to the more 
commonly studied distance aspect. This exercise should ideally be carried out at the initial design stages 
of an index insurance program, when selecting from existing or determining the placement of new 
weather stations to be used as a reference for the product.  

In general terms, even though the methodology applies to products insuring against excess 
rainfall, it directly applies to any other products based on a rainfall index, such as those covering against 
droughts, and it can be extended to products based on indexes of other weather variables, such as 
temperature or humidity. In the case of temperature, for example, several multisite stochastic temperature 
generators exist, which could be used to calculate mismatch probabilities between temperature at a 
particular site and temperature at a reference weather station. 
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Despite its advantages, however, this methodology can tackle the estimation only of the spatial 
component of basis risk. As discussed above, there exist a number of different sources for the mismatch 
between a farmer’s losses and an index insurance product’s payout. An analysis incorporating these other 
sources would require longitudinal farm-level data not included in this study and presents an important 
avenue for future research. Such an analysis can contribute to the design of innovative index insurance 
products that help mitigate the negative aspects of basis risk and reveal the potential for novel financial 
instruments to enhance farmers’ resilience. This is important because, for instance, if most basis risk were 
to arise from spatial variability in weather, the commonly proposed solution of increasing weather station 
density would be appropriate. Alternatively, however, if a large fraction of basis risk were to be explained 
by idiosyncratic differences in farmers’ abilities and technologies to cope with weather, policy 
recommendations would be entirely different. 
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APPENDIX: SUPPLEMENTARY TABLE 

Table A.1 Weather station data availability and summary statistics 

Rainfall gauge 

Proportion 
of days with 
rainfall (in %) 

Average daily 
rainfall amount 

(in mm)  Start date End date 
Number of 

observations 
Preexisting gauges       

Aeropuerto Carrasco 26.9 10.9  1981-01-01 2011-12-31 2,797 
Aeropuerto Melilla 27.7 11.2  1981-01-01 2011-12-31 2,797 
Cerrillos 16.1 16.1  1981-01-01 2011-12-31 2,797 
Chamizo 17.4 18.9  1981-01-01 2011-12-31 2,797 
Dr. Soca 14.3 17.8  1981-01-01 2011-12-31 2,797 
Libertad 18.4 17.3  1981-01-01 2011-12-31 2,797 
Mendoza 18.6 17.7  1981-01-01 2011-12-31 2,797 
Prado 26.4 10.9  1981-01-01 2011-12-31 2,797 
San Jacinto 15.1 18.2  1981-01-01 2011-12-31 2,797 
Tala 14.5 19.4  1981-01-01 2011-12-31 2,797 
Villa Rodriguez 18.4 17.2  1981-01-01 2011-12-31 2,797 

 26.9      
Insurance reference gauges      

Chacra Policial 28.9 11.7  2013-11-30 2015-06-23 180 
Progreso 31.7 13.8  2013-11-30 2015-06-23 180 
San Bautista 31.1 11.2  2013-11-30 2015-06-23 180 
San Jacinto 32.2 12.1  2013-11-30 2015-06-23 180 
Tala 31.7 10.4  2013-11-30 2015-06-23 180 

       Monitoring gauges       
WS 1 37.0 14.1  2013-10-27 2015-02-10 162 
WS 2 41.2 13.3  2013-11-10 2014-12-29 119 
WS 3 39.5 14.3  2013-10-28 2015-02-10 162 
WS 6 31.5 11.2  2013-10-28 2015-02-10 162 
WS 7 33.8 12.4  2013-12-02 2015-02-12 160 
WS 8 36.0 13.8  2013-12-02 2015-02-10 161 
WS 9 37.6 12.6  2013-11-10 2015-02-05 157 
WS 10 33.3 14.5  2013-11-29 2015-02-10 162 
WS 11 37.7 14.5  2013-10-27 2015-02-10 162 
WS 12 34.6 14.1  2013-11-03 2015-02-10 162 
WS 13 35.2 15.8  2013-11-22 2015-02-10 162 
WS 15 38.3 10.5  2013-11-09 2015-02-10 162 
WS 16 33.3 13.4  2013-11-09 2015-02-10 162 
WS 17 34.6 12.6  2013-11-09 2015-02-10 162 
WS 19 38.7 10.5  2013-11-28 2015-02-11 163 
WS 20 39.1 10.4  2013-12-08 2015-02-11 156 
WS 21 38.0 10.4  2013-11-28 2015-02-11 163 
WS 22 35.2 11.3  2013-11-09 2015-02-10 162 
WS 23 35.0 10.1  2013-11-29 2015-02-11 163 
WS 24 33.1 13.8  2013-11-29 2015-02-11 163 
WS 26 34.9 15.4  2013-11-22 2015-02-07 129 
WS 27 37.5 12.0  2013-11-22 2015-02-10 152 
WS 28 37.1 10.2  2013-11-04 2015-02-18 170 
WS 29 34.8 12.2  2013-11-04 2015-02-12 164 
WS 30 35.4 10.5  2013-11-04 2015-02-12 164 
WS 32 36.8 6.8  2013-11-28 2015-02-11 163 
WS 33 37.4 9.8  2013-11-16 2015-02-11 163 
WS 34 39.4 10.2  2013-11-16 2015-02-13 165 
WS 35 35.5 10.0  2013-11-16 2015-02-13 155 
WS 36 35.7 10.4  2013-11-16 2015-02-13 157 
WS 37 35.2 11.4  2013-11-28 2015-02-13 165 
WS 38 40.0 13.7  2013-11-16 2014-03-04 90 
WS 39 36.4 11.6  2013-11-04 2015-02-13 165 
WS 40 34.6 9.2  2013-12-07 2015-02-13 130 

Source:  INUMET and project rainfall data (various years). 
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