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Abstract 

This study examines whether the adoption of index insurance in Ethiopia reduces credit 

rationing. As credit rationing can take the form of either supply-side quantity rationing, in 

which case potential borrowers who need credit are involuntarily excluded from the credit 

market, even though they would be willing to pay higher interest rates, or demand-side 

rationing, such that borrowers self-select and voluntarily withdraw from the credit market to 

avoid transaction costs and threats to their collateral, we differentiate supply-side and 

demand-side forms. Our analyses suggest that index insurance reduces supply-side rationing 

but not demand-side rationing. 
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Introduction 

As innovative hedging instruments, index-based insurance (IBI) can mitigate risks of drought 

and seasonality-based weather variations resulting from climate change. An attractive feature 

of this innovation is that insurance payout occurs when an objective index falls below a given 

threshold. The index is usually based on a measure of the intensity of rainfall or direct 

measures of the yields for the specific geographic zone that the insurance contract covers 

(Carter, De Janvry, Sadoulet & Sarris, 2014). Ideally, an index is closely correlated with 

insured losses, objectively quantifiable, and publicly verifiable, so that it cannot be 

manipulated by either the insurer or the insured (Barnett, Barrett & Skees, 2008, 2008; Zant, 

2008). While the uptake of IBIs remains unexpectedly low1 (Cole, Bastian, Vyas, Wendel & 

Stein, 2012; Dercon, Hill, Clarke, Outes-Leon & Tafesse, 2014; Hill, Hoddinott & Kumar, 

2013; Takahashi, Ikegami, Sheahan & Barrett, 2016) and demand for IBI is generally sluggish 

(Carter et al., 2014), several studies point to potentially substantial wealth effects of IBI 

(Elabed & Carter, 2014; Janzen & Carter, 2013; Karlan, Osei, Osei-Akoto & Udry, 2014). 

The adoption of IBI may e.g. induce households to make more prudential investments, and 

better manage consumption risk (through stabilizing savings or asset accumulation), which 

should protect those households from sliding into poverty traps (Barnett et al., 2008). 

As the IBI delinks loss assessments from individual behavior, which means it can avoid moral 

hazard and adverse selection problems (Barnett et al., 2008; Skees, 2008), and hence may 

improve credit access. However, there is almost no empirical evidence on the effect of the 

adoption of IBI on demand and supply of credit. This paper is among the first to explicitly 

                                                             
1 A potentially important reason for the low uptake of IBI is the so-called basis risk, which arises due to the 
imperfect correlation between computed indices and actual losses (Cummins, Lalonde & Phillips, 2004; Jensen, 
Mude & Barrett, 2014). Especially in developing countries, where terrestrial weather stations are sparse, the 
discrepancy between losses indicated by the index and actual losses realized at the farm level is high (Clarke, 
Mahul, Rao & Verma, 2012).  
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study the impact of index-based insurance on credit rationing by using data from a drought-

prone area in the Rift Valley zone of Ethiopia.  

Although little empirical evidence details the effect of IBI on credit rationing, some earlier 

studies provide insights. In an experimental game conducted in China, Cheng (2014) studies 

the effect of offering IBI to risk-rationed households. More than half of the risk-rationed 

farmers decide to apply for credit when IBI is available to them. Roughly two-thirds of credit 

diverters also choose to use their loan for productive investments rather than consumption 

when IBI is available. The rationale is that IBI reduces production risk, but the risk associated 

with using the loan for consumption remains constant or might even increase, because the 

household pays for the premium but does not invest.  

Further insights come from Giné and Yang (2009). They offered maize farmers in Malawi the 

choice between a loan and a loan plus insurance, which indemnifies them if rainfall is 

insufficient. Although they expected that farmers would prefer the insured loan, demand for 

the basic loan was 13% higher than that for the insured loan. To explain why insurance did 

not lead to higher demand for credit, these authors suggest that the limited liability clause of 

the basic loan provided some implicit form of insurance. It should be noted, though, that in 

contrast to our study, Giné and Yang (2009) do not focus on the impact of a stand-alone 

insurance product. As Carter, Cheng and Sarris (2016) suggest, a stand-alone insurance 

product does not provide additional benefits to farmers who have low collateral. The reason is 

that, if no formal insurance is available, only farmers with high collateral may choose not to 

borrow, because they do not want to put their collateral at risk.  

Some studies focus on the impact of IBI on credit supply. On the one hand, some studies 

suggest that IBI is likely to relax supply-side constraints and quantity rationing as lenders tend 

to lower interest rates and lend more with insurance as it may reduce default risk (Giné & 



5 
 

Yang, 2009; Mahul & Skees, 2007; McIntosh, Sarris & Papadopoulos, 2013). Other studies, 

however, suggest that insurance could decrease demand or supply of credit. As IBI contracts 

are sometimes unable to trigger payout, even when the insured incurs significant yield losses 

due to weather risk, the inability to repay the loan and hence loan defaults due to cash 

outflows for the premium may increase. Alternatively, a stand-alone insurance product might 

increase the minimum welfare level to which defaulting households can be pushed back in 

case they are caught. In this situation, incentives to repay are also reduced as the welfare costs 

of defaulting are lower. Lenders who take loan default potentials into account then may limit 

credit supply to areas where IBI is implemented (Banerjee, 2000; Clarke & Dercon, 2009; 

Farrin & Miranda, 2015).  

Our study is unique in that it provides empirical evidence on the impact of IBI on demand-

side (i.e. risk and transaction cost rationing) and supply-side credit rationing. The analyses  

suggest that IBI reduces supply-side rationing (quantity rationing) but not demand-side 

rationing. The impact of IBI uptake on reducing supply-side credit rationing seems to be 

relatively large as the relative probability of being non-credit rationed rather than being 

supply-side credit rationed for IBI holders is more than  double the corresponding relative 

probability for non-IBI holders with the same characteristics. 

In the next section, we explain the method we use to determine credit rationing. After 

detailing the study setting, the working of IBI, the sampling procedure, and identification 

strategy, we present the estimation results and conclude with some relevant insights.  

Credit rationing 

If rural financial markets were perfectly competitive, with symmetric information and costless 

enforcement, lenders could arrange conditional credit contracts according to borrowers’ 

behaviors. However, rural financial markets in developing countries often feature information 
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asymmetries, leading to moral hazard and adverse selection problems, as well as higher 

transaction costs associated with loan monitoring and contract enforcement (Besanko & 

Thakor, 1987; Bester, 1985; Boucher et al., 2008; Jaffee & Russell, 1976; Lensink & Sterken, 

2002; Stiglitz & Weiss, 1981; Vandell, 1984; Williamson, 1986). These classic incentive 

problems make conditional credit contracts restrictive and infeasible (Conning & Udry, 2007; 

Dowd, 1992; Ghosh, Mookherjee & Ray, 2000; Lensink & Sterken, 2001). 

Rural financial markets typically are characterized by credit rationing, such that lenders set a 

ceiling and avoid extending additional credit even if borrowers are willing to pay higher rates 

of interest. If firms are credit constrained, an increase in access to credit will facilitate 

investment. The ability to borrow also constitutes a major source of private insurance against 

consumption fluctuations that arise from idiosyncratic shocks in rural areas though, so credit 

rationing can have far reaching and adverse welfare consequences. These include decreased 

consumption smoothing (Morduch, 1995; Zimmerman & Carter, 2003) and limited 

investment in high-risk, high-return inputs or applications of chemical fertilizer (Beegle, 

Dehejia & Gatti, 2003; Guarcello, Mealli & Rosati, 2010; Hill et al., 2013; McIntosh et al., 

2013). Credit constrained households are forced to lower their expenditures on nutrition, 

which often leads to persistent health outcomes, such as stunted child development (Islam & 

Maitra, 2012). Limited access to credit, as a tool to smooth household income fluctuations, 

can also prompt school dropouts, due to the need for increased child labor on landlord farms, 

which in turn lowers the level of human capital development (Beegle et al., 2003; Guarcello et 

al., 2010). Exposure to repeated downturns and inaccessible credit thus reinforces 

vulnerability and perpetuates poverty by shaping both the behaviors and the outcomes of the 

poor.  
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Credit rationing can take the form of either supply-side quantity rationing, in which case 

potential borrowers who need credit are involuntarily excluded from the credit market, even 

though they would be willing to pay higher interest rates, or demand-side rationing, such that 

borrowers self-select and voluntarily withdraw from the credit market to avoid transaction 

costs and threats to their collateral (Bester, 1987; Boucher, Carter & Guirkinger, 2008). Thus, 

demand-side credit rationing includes both risk and transaction cost rationing. Risk rationing 

is prevalent in the absence of insurance markets when lenders shift contractual risks to 

borrowers; borrowers respond by voluntarily withdrawing from the market, even though the 

value of their collateral is sufficient to qualify them for a loan contract (Boucher, Carter & 

Guirkinger., 2005; Boucher & Guirkinger, 2007). Similarly, transaction cost rationing arises 

when the costs of waiting for, processing, and administering the loan are too high for 

borrowers, so they gradually exit the credit market (Boucher, Guirkinger & Trivelli, 2009). 

Noting the several definitions of credit rationing, this study uses a direct elicitation method 

(DEM) (Boucher et al., 2009) to identify the credit rationing status of each household. With 

this method, we can identify credit constrained households according to their decision to 

borrow (demand), in combination with the accessibility of credit sources (supply).  

The credit rationing module starts by asking whether the respondent has applied for a formal 

loan in the past five years. If so, it asks whether the application has been accepted. 

Households that have not applied for a formal loan indicate their reasons for not applying. 

According to their responses, all households can be categorized into one of four mutually 

exclusive groups: credit unconstrained, quantity rationed, risk rationed, and transaction cost 

rationed. Households that apply for formal loans and receive them are categorized as 

unconstrained if they do not indicate that they wanted more credit at the prevailing interest 

rate. However, if they indicate that they are rationed at the intensive margin i.e. wanted to 
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borrow more at prevailing interest rate, they are classified as quantity rationed. Households 

that apply but have their applications rejected are also classified as quantity rationed. If 

households have not applied for a formal loan in the past five years, because the bank branch 

is too far from their homes or the application procedure involves too much paperwork and 

waiting time, we categorize them as transaction cost rationed. If instead households do not 

apply for loans because they do not want to offer their land, house, or other assets as collateral 

that might be taken by the bank, we consider them risk rationed. Some households that are 

able to borrow do not apply because they do not need credit; they are also credit 

unconstrained. Finally, households that would have applied for loan, had they known the bank 

would lend to them, are another group of quantity-rationed households. We sum together the 

risk- and transaction cost rationed households into a group of demand constrained households; 

then we sum the demand constrained households and quantity-rationed households into a 

larger group of credit constrained households. Figure 1 in Appendix 1 presents a tree diagram 

of questions leading to the final category in which the household fits.  

Data and identification strategy 

Study setting  

This study took place in the central Rift Valley zone of the Oromia regional state in south-

eastern Ethiopia. The area is characterized by plain plateaus and low-land agro-ecology. The 

pattern and intensity of rainfall exhibits considerable spatial and temporal variation, with a 

bimodal distribution. Rainfall seasons are from May to August and during October and 

November. However, moisture stress and drought frequently cause devastating crop failure, 

rampant livestock mortality, and herd collapse (Dercon, Hoddinott & Woldehanna, 2005, 

Takahashi et al., 2016). Major droughts in the area include the current one (2015–16), which 

has followed historical drought trends during 1973–74, 1983–84, 1991–92, 1999–2000, 2005–
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06, and 2011–12 (Dercon, 2004; Takahashi et al., 2016). Households are smallholders and 

subsistence farmers who often face drought-induced income shocks that translate into erratic 

consumption patterns (Biazin & Sterk, 2013; Dercon & Christiaensen, 2011). Formal risk 

management mechanisms are inaccessible, so informal methods are used. Ex post shock 

coping mechanisms include reducing the frequency of meals, distress livestock sales, halting 

the purchase of fertilizer and improved seeds, forcing pupils to withdraw from school for 

casual labor, renting land and family labor to local landlords, and seeking wage-based 

employment on floriculture farms held by foreign investors. These mechanisms, however, are 

costly, and limited in scope (Dercon, 2004). 

Future drought shock predictions in Ethiopia are pessimistic, especially considering the 

expected average temperature increase from 23.08 to 26.92℃ (Hulme, Doherty, Ngara, New 

& Lister, 2001). As a result, the wide crop–livestock mixed farming system in dry and semi-

dry areas like the Rift Valley zone is projected to transform into extensive systems that can 

better respond to the risks of climate change (Meinke & Stone, 2005; Thornton, Jones, 

Alagarswamy, Andresen & Herrero, 2010). Innovative drought risk management mechanisms, 

including the adoption of drought insurance, thus appear highly justified for households in 

this area.  

IBI in the study area  

In 2013, Japan International Cooperation Agency (JICA) and Oromia Insurance Company 

(OIC) jointly implemented IBI for crops in the Rift Valley zone of Ethiopia to improve the 

resilience of households in the face of climate change. The product was designed by 

CelsiusPro Ag and Swiss Re using satellite rainfall data with 10 km2 resolution for the period 

1983–2012. The project was implemented in five districts: Boset, Bora, Ilfata, Adamitullu-
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Jido-Kombolcha (AJK), and Arsi Negele. The selection of kebeles2 to be covered in each 

district was based on several criteria, including shortage of rainfall, relevance of the area for 

crop production and food security, and motivation of kebele leaders and members to adopt 

IBI. The specific selection process worked as follows. First, before the initial intervention in 

2013, Oromia insurance, JICA and the Ethiopian Ministry of Agriculture discussed and 

identified districts in which drought shocks are common in Ethiopia. Most of these districts 

are located in the Rift valley zone. Second, the three organizations  organized focus group 

discussion with selective representative farmers from each kebele  within each of the selected 

districts. Based on these discussions, kebeles with severe drought experience in the past were 

identified. Third, as the financial support that JICA allotted for the 2013 weather index 

insurance intervention was not adequate to cover all the identified drought-prone kebeles at 

the same time, kebeles for a first intervention in 2013 and kebeles for later interventions were 

selected by means of discussions between the three organizations.3  

The product is marketed and sold twice per year during April and during September, months 

preceding the two rainy seasons, to provide coverage against losses during the seedling and 

flowering stages of crop growth. Major targeted stable food crops include maize, wheat, 

barley, and teff. During each sales period, a household that decides to buy IBI pays a premium 

of ETB4 100 per policy. The payout is determined according to the level of rainfall measured 

at the meteorological station nearest the focal kebele for a specified period. If the level of 

rainfall is below a threshold but above the exit level,5 a partial payout of ETB 250 will be 

made. If the decrease in rainfall falls below the exit level, a full payout of ETB 500 is made to 
                                                             
2 A kebele is the smallest administrative unit, next to districts (woreda), in Ethiopia. 
3 We tried to obtain details about how kebeles that are served first were selected. The official answer of Oromia 
was that this has been done randomly. However, as Oromia was not able to inform us about how exactly the 
randomization was conducted,  we doubt whether this is actually the case. It seems more likely that the final 
selection was very much influenced by the group discussions and based on informal criteria.     
4 ETB (Ethiopian Birr), 1 USD = 20 ETB. 
5 The exit level is the minimum level of rainfall that triggers a payout. A shortage of rainfall, below this level, 
indicates a catastrophe (higher level of risk) which market-based hedging instruments cannot manage, requiring 
external assistance such as food aid.  
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policyholders. The exact trigger and exit level differ for each kebele in each season. A markup 

at 20% on the actuary fair premium is also included in the contract to cover selling and 

administration costs (the loading factor). The selling costs refer to costs made by selling 

agents, e.g. cooperative unions. The actuarially fair premium of the insurance product is ETB 

100 per policy for a payout of ETB 500 to cover full losses. The markup of 20% is paid by 

JICA, so that farmers only pay the actuarially fair premium of ETB 100 per policy. According 

to OIC sales records, before September 2014 (start of the data collection period), 

approximately 5000 households in the more than 30 kebeles of the five districts had 

purchased IBI, and plans were in place to expand into many other adjacent kebeles in each 

district. The intervention plan in subsequent periods involved intensifying coverage of the 

kebeles in the five districts, then expanding into other districts. Our identification strategy, as 

explained subsequently, is based on these expansion plans.  

Credit access in the sample 

Using the direct elicitation method as explained above, we identify the credit rationing status 

of each household in our sample. Table 1 summarizes the results. It thus appears that about 

38% of the households in our sample are credit constrained, of which 20.5% are quantity 

constrained and 18% are demand constrained. Moreover, 57 households are classified as 

quantity rationed because of being rationed at the intensive margin i.e. they wanted to borrow 

more at prevailing interest rate. 

<Table 1 here> 

Identification and sampling procedure  

A potential bias in our study of the impact of IBI on credit rationing relates to selection bias. 

Smallholders may self-select into purchasing IBI, which could result in major differences 
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between adopters and non-adopters of IBI. For example, if more entrepreneurial smallholders 

decide to adopt IBI, unmeasured variables, such as entrepreneurial spirit, likely affect both the 

decision to adopt and the probability to obtain credit. To reduce selection bias as much as 

possible, we use an approach in line with a double-difference methodology. Our approach 

involves the following steps:  

(1) We consider households (adopters and non-adopters of IBI) in areas where IBI are 

currently available (treatment area). 

(2) We consider households in areas where IBI is not yet available, but these households 

represent potential future clients, according to the insurance company (expansion area 

or control area). 

(3) Using the sample of households in the treatment area, we estimate the propensity to 

adopt and conduct an out-of-sample forecast of “would be” adopters and expected 

non-adopters in the control area. 

(4) We estimate the impact of IBI on credit rationing by a double-difference methodology 

in a cross-sectional framework, which includes three steps: (a) comparing adopters 

and non-adopters in the treatment area; (b) comparing “would be” adopters and non-

adopters in the control area, and (c) comparing the differences of a with b.  

Basically our approach combines propensity score matching with DID. There are several 

studies available that have combined matching with DID, using samples for two periods 

(before and after the intervention). Our approach is innovative as it combines matching with 

DID to improve identification in case baseline data are not available. To the best of our 

knowledge, there are no other empirical studies available that have used the same approach to 

estimate the impact of insurance. This methodology thus reveals the extent to which adopters 
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in the treatment area are doing better than non-adopters in the treatment area, relative to the 

difference between would be adopters and non-adopters in the control area.  

Our DID approach is similar to the one used in standard DID. While in standard DID a 

comparison between years and participants and non-participants is made, DID in a cross-

sectional setting compares program and non-program villages, and target and non-target 

groups, see e.g. Coleman (1999), Armendariz and Morduch (2010, section 9.5.4.1) and 

Khandkar, Koolwal and Samad (2010, chapter 14).  

In our case, the DID approach involves comparing the difference between outcomes of 

farmers who take up insurance and farmers who do not take up insurance in areas where 

insurance is available, with outcomes of farmers who (would like to) take up insurance and 

farmers who do not (want to) take up insurance in areas where insurance is not yet available. 

Table 2 may explain the approach. We consider areas (in our case kebeles) were insurance is 

available (1) and kebeles without insurance (2). In the kebeles with insurance, we know who 

participates (take up insurance: group A) and those who do not participate (group C); for the 

kebeles without insurance we determine a group that would have participated in case the 

insurance would be available (group D) and the group that would not want to participate in 

case the insurance would be available (group B). 

<Table 2 here> 

By comparing C with D, selection bias at the household level may be addressed. The 

assumption is that characteristics of participants and (would be) participants are similar, so 

that the difference between the two reflects the impact of the insurance.  Yet, a simple 

comparison of the means C and D does not address potential biases due to non-random 

program placement, which may be a serious issue if the order in which the insurance company 

serves the different areas is not random. In order to address non-random program placement, 
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we measure differences-in-differences. Our approach comes down to first comparing C with A 

and D with B and next take the difference between the two. Hence, the DID estimate is: (YC – 

YA)-(YD – YB), where Y represents the outcome variable (access to credit, for instance) and the 

subscripts A, B, C, D represent the different groups. 

We estimate the DID estimator in a regression framework, which enables us to control for 

other variables and hence reduce the residual variance and improve precision. In a regression 

framework, the DID approach is implemented as  

𝑌!" = c+ 𝛼𝑊!" + 𝛽𝑅! + 𝛾𝑊!"𝑅! + 𝛿𝑋!" + 𝜇!"   (1)6 

where Y is the outcome variable of interest (in our case, indicators for credit rationing); W is a 

binary dummy equal to 1 if the household has adopted (in treatment area) IBI or would adopt 

IBI (in control area), and 0 if not; R is a binary dummy equal to 1 for the treatment area and 0 

for the control area; X is a vector of household controls; and the subscripts i and j refer to 

household i in region j.7 

The coefficient of interest is γ; a significant γ indicates that adopters in the treatment area are 

doing better (or worse, depending on the sign) than non-adopters in the treatment area, 

relative to the difference between would be adopters and non-adopters in the control area, 

controlling for household characteristics X. The parameter 𝛼 controls for the selection effect, 

by measuring the extent to which adopters (and would be adopters) differ from non-adopters 

(and expected non-adopters) in terms of access to credit. With this approach, we assume that 

the dummy variable W proxies for the unobservable characteristics that may cause 

smallholders to adopt IBI (i.e., cause smallholders to self-select into IBI). In line with 

                                                             
6 For reasons of convenience, we specify a linear model to explain our methodology. It should be noted, though, 
that our  estimates are based on non-linear (logit) models, as will be explained below. 
7 The coefficients in equation 1 correspond to conditional means. More specifically, A = c+ β; B=c; C=c+α+β+γ; 
D=c+ α. The DID estimate then equals: (C-A)-(D-B)= [(c+ α+β+γ)-( c+ β)]-[( c+ α)-c)]= γ. 
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standard double-difference models, 𝛼 is a fixed effect for smallholders with the characteristics 

of adopters. Therefore, 𝛾 measures the impact of IBI on credit rationing, controlling for the 

selection effect α and the non-random program placement effect β. The variable R indicates, 

for smallholders who have self-selected into IBI, whether IBI is available. A simple 

regression of credit rationing (Y) on an uptake dummy (W*R) and a vector of controls X, 

ignoring the term 𝛼𝑊!", instead would lead to biased coefficients, because the resulting 

analyses could not control for characteristics that correlate with both uptake and Y.  

Furthermore, W in Equation 1 is a generated regressor, which may lead to biased standard 

errors if we estimate Equation 1 using ordinary least squares (OLS). Therefore, we use a 

(cluster) bootstrapping procedure to determine standard errors. Specifically, we wrote a small 

stata.ado program that enables us to estimate Equation 1 simultaneously with the procedures 

to estimate would be adopters in the control region (steps 1–3 in the next section), as well as 

bootstrap the entire process. More details (and the stata.ado file) are available on request.  

Our sampling strategy is driven by the identification strategy. We selected three (Bora, AJK, 

and Arsi Negele) of the five districts covered by the IBI project. Next, we identified a random 

sample of kebeles covered by IBI in these three districts. From the AJK district, we selected 

two kebeles (Qamo Garbi and Desta Abijata) where IBI was not available.8 Finally, we 

selected households, proportional to the sample size of the study, from all kebeles identified. 

The final sample consists of 1143 households, of which 812 are in a treatment area. Of these 

812 households, 459 were adopters, and 353 were non-adopters of IBIs over the period 2013–

14. Table 3 lists some sample characteristics. 

<Table 3 here>  

                                                             
8 These two kebeles were identified for future interventions, which will likely take place in coming years.  
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As Table 3 indicates, an average household in the treatment region that bought IBI was 

headed by a 39-year-old man who had about two years of formal education. The average 

number of family members is seven, four of whom have reached productive age, with three 

who are either pre-school children or age dependents. On average, these households travel for 

approximately two hours to access public services, including market centers and financial 

institutions. There are some differences compared to households that did not buy insurance in 

the treatment area and for households in the control region, but these differences are small.  

Identification of adopters in the control area 

A major challenge of our methodology is identifying both would be adopters and expected 

non-adopters in the control areas. We asked all households in the control areas whether they 

would like to buy IBI, if it were available, and initially we planned to use their answers to 

distinguish between would be adopters and expected non-adopters. However, as we show in 

Table A1 in Appendix 2, comparing the percentage of adopters (treatment area) and would be 

adopters (control area) using direct answers from smallholders in the control area seems to 

lead to a considerable overestimate of adopters. Therefore, we decided to identify adopters in 

the control area according to estimates of the propensity to adopt in the treatment area, 

conducted in a three-step procedure.  

Step 1: Estimate the propensity to adopt in the treatment area. We consider the decision to buy 

IBI or not. The utility difference of having an IBI or not depends on the vector of 

characteristics Z. The utility difference for having an IBI or not  can thus be written for each 

household as a function of observed characteristics Z and unobserved characteristics εij. 

Assuming a linear additive relationship, we obtain for the utility difference 

𝑊!"
∗ = 𝛽𝑍!" + 𝜀!", (2) 
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where 𝑊!"
∗  is an unobserved latent variable. We assume that the individual buys an IBI if the 

utility difference exceeds 0. Consequently: 

 𝑊!" = 1 (adoption of IBI) if 𝑊!"
∗ > 0.  

𝑊!" = 0 (no adoption of IBI) if 𝑊!"
∗ ≤ 0.  

We also assume a logistic distribution of the 𝜀!" values and estimate the equation with a 

binary logit model (see Table 4). 

To determine the determinants of uptake, we include a series of variables that other studies 

have identified as potentially important. The table in Appendix 2 provides more details about 

these variables. Risk aversion may affect uptake, so we add this variable, derived from an 

incentivized lab-in-the-field experiment that was conducted to mimic the risk attitudes of 

households. Our risk experiment includes a multiple price list protocol that involves choosing 

from a safe option and a risky option (50/50 probability) (Binswanger, 1980). More details are 

available on request. Table 4 suggests that risk aversion negatively affects uptake, which 

sounds counterintuitive but actually is in line with several other studies that suggest a negative 

sign relates to trust issues. Apparently, more risk-averse households do not trust insurance, so 

they are less willing to adopt it. We also add an indicator for time preference, derived from a 

time preference game we played with all households in the sample. The estimate shows that 

the relationship between the Time preference variable and uptake is positive, suggesting that 

households expect that the adoption of IBI gives them immediate access to other funds, such 

that it may enable current expenditures. As expected, the more basis risk is expected, the 

lower the probability to adopt insurance. However, this effect is insignificant, probably 

because of its high correlation with the variable Intertemporal adverse selection, an indicator 

that measures whether households are less willing to buy if they are less sure about insurance 
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payments.9 Attending insurance promotion meetings positively affects uptake, as signaled by 

the positive significant coefficient for Insurance product promotion. In addition, households 

seem more willing to adopt insurance if some of their peers have bought insurance before 

(Peer influence). Older and female household heads exhibit a higher probability of adopting 

than younger and male-headed households. Equation 1 in Table 4 presents the results with all 

these variables.  

<Table 4 here> 

Step 2: Using Equation 1, as specified in Table 4, we conduct an out-of-sample forecast to 

predict the propensity to adopt in the control area.  

Step 3: For the identification of would be adopters and expected non-adopters in the control 

area, we classify households in the control area with a probability to adopt above or equal to 

0.5 as would be adopters; expected non-adopters have a probability to adopt that is less than 

0.5. Table 5 compares the percentage of actual adopters in the treatment area with the would 

be adopters in the control area. The percentages appear similar, which suggests that our logit 

estimates provide reasonably accurate estimates of would be adopters, assuming a priori that 

there is no reason to expect that the percentages of adopters would differ enormously between 

the treatment and control regions.  

<Table 5 here> 
 
Selection test (balance test) 

To test the reliability of our methodology, we conduct some selection tests and investigate 

whether the selection process is similar in the treatment region and the control region. The 

selection tests need to be done on variables that have not been affected by the uptake of IBI 

                                                             
9 Basis risk becomes significant if the intertemporal adverse selection variable is dropped from the model. The 
main results hold for three alternative models: (1) both variables included, (2) only basis risk included, or (3) 
only intertemporal adverse selection included.  
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already, so the tests are only useful for variables that are not be affected by IBI (i.e., 

exogenous variables). The selection tests need to consider characteristics of households that 

bought and did not buy IBI. We therefore need to consider (XC-XA) - (XD – XB), where X 

represents exogenous variables and the subscripts A, B, C, D refer to the different groups, as 

specified above. In a regression framework this comes down to estimating   

𝑋!" = c+ 𝛼𝑊!" + 𝛽𝑅! + 𝛾𝑊!"𝑅! + 𝜇!"                                               (2) 

Where α captures differences between adopters and non-adopters, and β captures differences 

between the regions with and without access to IBI. The parameter of interest is γ. It captures 

differences between adopters and non-adopters beyond differences that are already taken into 

account by 𝛼 and β. An insignificant γ implies that the selection process in the two areas is 

similar in terms of observables. Balancing tests refer to results obtained using Equation 1 in 

Table 4, and they appear in Table 6.  

<Table 6 here> 

As Table 6 shows, with the exception of the years of education, all variables are balanced, 

which provides additional confidence in our approach, and thus for our identification strategy. 

The adopters in the treatment region apparently enjoy a bit more education than would be 

adopters in the control region.10 To control for possible biases due to this difference, we add 

Education (years) as another control variable in the credit rationing regressions.  

Main results 

Impact of IBI on credit rationing 
                                                             
10 It should be noted that for large samples a t-test –and hence also our approach- may reveal imbalances, even if 
the differences are small. Alternatively, when the amount of observations is very small,  the null hypothesis of 
equal means may not be rejected even if differences are relatively big. Therefore, testing for balance requires that 
also the magnitude of the coefficient is considered. In our case, the years of education is about 1 year longer for 
adopters in the treatment area, which seems relatively small. Imbens (2015) suggests to use normalized 
differences as an alternative test for balance.  
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We estimate the impact of IBI on credit rationing in general by using Equation 1, as specified 

in Table 4, according to a binary logit estimate.11 Table 7, first column (Overall Credit 

rationing) presents the results. The coefficient of interest refers to W × R. This equation is 

estimated simultaneously with Equation 1 in Table 4. The column suggests that farmers who 

adopt IBI are less credit rationed, as indicated by the significant negative coefficient for the 

interaction term.  

<Table 7 here> 

Recall that the impact of IBI on credit rationing may be due to a decrease in demand-side 

rationing or a decrease in quantity rationing. Therefore, we further investigate the impact of 

IBI by differentiating between demand- and supply-side constraints.  

 

Credit supply and demand-side rationing 

To assess the impact of IBI on credit demand- and supply-side rationing, we use a 

multinomial logit model. Table 7 also presents the multinomial logit results, with credit 

unconstrained households as the base. As this table shows, uptake of IBI significantly reduces 

supply-side quantity rationing. The coefficient is significant and equals -0.911. This implies 

that the Logit of being quantity constraint is 0.911 lower for IBI holders than for non-IBI 

holders. A better interpretation of the impact of adopting insurance on being supply-side 

credit rationed can be obtained by exponentiating the coefficient. Exponentiating 0.911, we 

obtain 2.49. This implies that the relative probability (also called the relative odds) of being 

non-credit rationed rather than being supply-side credit rationed for IBI holders is more than 

double the corresponding relative probability for non-IBI holders with the same 

                                                             
11 According to theory, IBI could also induce lenders to reduce interest rates. However, for our survey area we 
did not find any evidence supporting this claim. Hence, it seems as if lenders do not properly price risk.  
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characteristics (same education, age, family size, et cetera). There is also a negative effect on 

demand-side credit rationing. However, the impact on demand-side credit rationing is not 

significant at the usual significance levels.  

Robustness Analyses 

The main results so far suggest that farmers who adopt IBI are less credit rationed, and that 

uptake of IBI mainly affects supply-side credit rationing. It is, however, important to know 

how robust this result is. Therefore, this section presents a series of robustness tests. Full 

results of these robustness tests are provided in different tables in an online appendix. 

Robustness tests can be done in several ways. We start by considering the uptake equation.   

Other determinants of the uptake equation 

We consider two alternative equations for the uptake equation. First, some additional control 

variables are included to reduce possible omitted variable bias. More specifically, we add four 

exogenous variables: Education, Family Size, Coop member ship and Draft Oxen. Next, we 

ignore Peer influence as it may be argued that Peer influence is affected by insurance: if 

somebody buys IBI, there are potentially more peers available that may positively affect other 

purchasers or non-purchasers.12 

The performance of the alternative uptake equations, in terms of R² and ROC curve, are 

similar to the uptake equation presented in Table 4. Most importantly, the change in the 

uptake equations did not qualitatively change the main results in terms of the impact of IBI on 

credit rationing. Also with the alternative specifications of the uptake equation, IBI uptake has 

a negative impact on both supply-side and demand-side credit rationing. Moreover, it again 

                                                             
12 We thank an anonymous referee for pointing this out.  
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appears that only the effect on supply-side credit rationing is significant.13 By exponentiating 

the relevant coefficients (the coefficient for W*R), we obtain values between 2.18  and 1.73. 

The two alternative regressions suggest that the relative probability of being non-credit 

rationed rather than being supply-side credit rationed for IBI holders is between 73% and just 

above double the corresponding relative probability for non-IBI holders with the same 

characteristics. Hence, the alternative regressions suggest lower impacts than the baseline 

regression. Yet, the impact of adopting IBI still seems to be large.  

 
 

Other controls in the credit rationing equation 

We next consider whether our results change if the set of controls are altered in the credit 

rationing equations. More specifically, we estimate an equation without any controls; an 

equation with only district fixed effects; and an equation with fixed effects and only those 

controls that were significant in the main model. We use the uptake equation presented in 

Table 4, and concentrate on the results regarding supply-side and demand-side credit 

rationing.  

It appears that the main results are not affected if the set of controls differ. IBI uptake has a 

negative effect on both demand and supply-side credit rationing, while only the latter is 

significant. The impact of IBI uptake now again suggests that the relative probability of being 

non-credit rationed rather than being supply-side credit rationed for IBI holders is more than  

                                                             
13 In alternative regressions, available on request, we add several other variables that potentially explain uptake, 
including indicators for ambiguity aversion, a dummy for being an iddir member, an indicator of a recency bias, 
and squared terms of most of the variables. However, these variables turned out to be insignificant, and did not 
affect the results. 
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double the corresponding relative probability for non-IBI holders with the same 

characteristics.14  

Other level of clustering 

In all models so far, we used clustered standard errors, and clustered at the kebele level. 

Although we decided to cluster at the kebele level as the introduction of IBI takes place at the 

kebele level,  other possibilities are available. We estimate models without clustering and with 

clustering at the iddir level. It appears that clustering at another level slightly affects standard 

errors. Compared to the kebele cluster bootstrap standard errors, the standard bootstrapped 

standard errors are somewhat smaller and the iddir cluster bootstrapped standard errors 

somewhat larger. Most importantly, the main results do not change. Again the relative 

probabilities of being non-credit rationed rather than being supply-side credit rationed for IBI 

holders is more than  double the corresponding relative probability for non-IBI holders with 

the same characteristics.    

 

Kebele fixed effects 

The index insurance we consider is introduced at the kebele level. If the order in which 

kebeles receive IBI is not random, and for instance the most dynamic kebeles first receive 

treatment, our estimates may be biased. A possible approach to control for this bias is to 

introduce kebele fixed effects. However, introducing kebele fixed effects is not possible 

together with a cluster bootstrapping method where we cluster at the kebele level as the 

cluster bootstrap draws clusters with replacement, implying that there will be an insufficient 

amount of observations. Hence, we can only introduce kebele fixed effects if we use a 

                                                             
14 Exponentiating the relevant coefficients provides values between 2.16 and 2.39.  
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standard bootstrap method, or a cluster bootstrap method at a lower level, such that the 

amount of clusters exceeds the amount of kebele fixed effects. We conduct estimates 

including kebele fixed effects, using a standard bootstrapping approach and a cluster 

bootstrapping approach where we cluster at the iddir level. It appears that our results are not 

seriously affected by program placement affects as the main results still hold. The estimation 

results now even suggest that  the relative probabilities of being non-credit rationed rather 

than being supply-side credit rationed for IBI holders is more than  three times the 

corresponding relative probability for non-IBI holders with the same characteristics.    

 Other cutoff values for identification would be adopters 

For the identification of would be adopters and expected non-adopters in the control area, we 

classify households in the control area with a probability to adopt above or equal to 0.5 as 

would be adopters. However, this doesn’t guarantee that we will not end up having eventual 

non-purchasers in our group of likely purchasers. We are able to gain some clarity about the 

sensitivity of our results to misclassifications by changing the cutoff value used to classify 

would be adopters and would be non-adopters. We start by using a cutoff value of 0.61, which 

equals the value that maximizes the percentage of correctly classified  observations in the 

eligible kebeles. We also estimate the model for cutoff values of 0.40 and 0.45. This exercise 

suggests that results are fairly sensitive to misspecifications. For the cutoff value that 

maximizes the overall percentage of correct classification, the main result still holds. 

However, if the cutoff value is reduced to 0.40, uptake of IBI seems to reduce demand-side 

credit rationing, and doesn’t have a significant effect on supply-side credit rationing anymore; 

for a cutoff value of 0.45 the model suggests that uptake of IBI reduces both demand-side and 

supply-side credit rationing.  

Limitations of the analysis 
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While our approach helps to control for selection effects, there are some limitations which 

may still lead to biased results. First, our approach assumes that there are no spillovers within 

IBI areas. If such spillovers exist, they will show up as increases in the overall welfare of the 

district and/or kebele. These effects will be captured by the district fixed effects (in the main 

model), or the kebele fixed effects (in the robustness estimates), rather than by program 

effects. The implication of an effect of IBI on non-IBI holders in the treatment area is that 

treatment effects will be biased. Unfortunately, cross-sectional data does not allow us to 

control for possible biases due to spillovers. Potential positive spillovers will lead to an 

underestimate of the average impact of IBI on credit rationing. Yet, it seems unlikely that 

spillovers will have qualitative impacts. Second, a potential other bias we cannot control for is 

the possibility that households in the control region change their behavior in expectation of 

receiving IBI in the near future. Third, in the main analysis we cluster at the kebele level. 

However, the relatively small amount of 23 kebeles may lead to too small standard errors. For 

linear models, we could have conducted finite-sample corrections by presenting standard 

errors based on the wild cluster bootstrap method. However, in general the wild bootstrap 

method cannot be used with non-linear models that do not have an additively separable error 

term, as is the case for our logit and multinominal  models. Therefore, we decided to use the 

standard cluster bootstrap approach. Yet, our estimates control for the possible non-

randomness of the selection of kebeles by adding kebele fixed effects. Nevertheless, we could 

only do this if we cluster at a lower level. Moreover, the kebele fixed effects only control for 

unobservables that affect all households in a kebele identically. If programs target their 

programs at qualities specific to target groups within districts (or (kebeles), fixed effects can 

actually increase the bias (see Armendariz & Morduch, 2010, chapter 9). A possible limitation 

is also that our identification strategy may not entirely rule out endogeneity due to reverse 

causality. For instance, several studies suggest that credit constraints may reduce insurance 
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demand (e.g., Cole et al., 2013; Giné, Townsend & Vickery, 2008; Norton et al., 2011). Using 

our sample, we examined whether being credit rationed affects uptake of IBI. However, it 

appears that our credit rationing dummy is highly insignificant in the “uptake” equation. 

Although this approach has some limitations, it gives at least some confidence that the 

potential bias due to reverse causality is statistically small. Finally, results appear to be  quite 

sensitive to the cuttoff  value used to classify would-be adopters. Our approach is based on the 

assumption that selection effects due to unobservables can be controlled for by adding a 

dummy variable that indicates which farmers are adopters and would-be adopters. The 

sensitivity of the results for a misclassification of would-be adopters suggest that selection 

effects may seriously bias results.  

Conclusions 

Index-based insurance is increasingly recognized as a climate risk management strategy that 

can benefit the poor. This paper focuses on an issue that has not received much attention in 

prior literature, namely, does the adoption of index insurance improve access to financial 

markets and reduce credit rationing? Our empirical analyses focus on Ethiopia and leverage 

the situation in which IBI is not yet available in some areas. With an identification strategy, in 

line with a cross-sectional double-difference method, we try to control for potential selection 

biases by forecasting potential insurance adopters in the control region. Our identification 

strategy enables us to draw some tentative conclusions regarding the causal relationship 

between adopting index-based insurance and credit rationing. 

Regarding credit rationing, we differentiate supply-side and demand-side forms. Our impact 

regressions indicate that IBI reduces supply-side rationing (quantity rationing) but not 

demand-side rationing. The study suggests that the impact of IBI uptake on reducing supply-

side credit rationing is relatively large. The variety of regressions suggests that the relative 
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probabilities of being non-credit rationed rather than being supply-side credit rationed for IBI 

holders is more than  double the corresponding relative probability for non-IBI holders with 

the same characteristics. We accordingly hope that this study encourages new research that 

seeks to test whether our results also hold in other settings and are robust to other 

identification strategies, such as the use of randomized controlled trials. 
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Appendix 1 

 

 

 

Figure 1: Direct elicitation methodology, adopted from Boucher et al. (2009). 
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Appendix 2  

 

Table A1: Adopters and non-adopters by area (direct answers) 

 Treatment 

area 

Percentage Control area Percentage 

Adopters 461 56.778 287 87.00 

Non-adopters 351 43.23 44 13.00 

Total 812 100 331 100 

 

 

 Appendix 2: Variable descriptions and measurements  

 

        Table A2: Definition of variable  

Dependent 

variables 

Variable type and description 

Uptake Dummy, equal to 1 for households that bought index-based insurance in 

2013, 2014, or both; 0 for others 

Credit rationing 

(1)  

Dummy, equal to 1 for credit-rationed households and 0 for credit-

unconstrained households 

Credit rationing 

(2)  

Categorical, equal to 0 for credit-unconstrained, 1 for credit supply–

rationed, and 2 for credit demand–constrained households 

Independent variables 

Risk aversion Continuous, estimated as the value of constant relative risk aversion 

(𝑪𝑹𝑹𝑨) parameter based on the equation 𝑢 𝜏 = !!!!""#

!!!""#
, where 𝑢 𝜏  is 
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the payoff (utility) of the safe option, and 𝜏 is the payoff in the form of the 

expected value of a risky option. Payoffs were constructed from a 

Binswanger (1980) lottery game that the households played with small, 

real incentives. We offered households a choice a menu of real gambles, at 

varying levels of risk and expected payoffs. 

Time preference Continuous, an exponential discount rate estimated as the value of 𝛅 from 

the equation 𝑃𝑉 = 𝐹𝑉( !
!!!

)!, where 𝑃𝑉 and 𝐹𝑉 are present and future 

values, and 𝑡 is the discount period. Households were given a time 

preference game and chose from a fixed amount today (𝑃𝑉) or a larger 

amount in the future (𝐹𝑉).  

Insurance 

understanding 

Continuous, an index measured from the proportion of correct answers 

that households provided to series of questions about index-based 

insurance 

Insurance 

product 

promotion 

Dummy, equal to 1 for households that participated in a product 

promotion meeting (campaign) of JICA and OIC and 0 for those that did 

not participate. In the expansion area, product promotion campaigns have 

taken place. 

Peer influence Dummy, equal to 1 for households that indicate that their peers, relatives, 

or neighbors who have bought insurance have convinced (influenced) 

them to buy, and 0 for others. In the expansion area, households indicated 

whether peer influence have convinced them to buy at the moment the 

insurance becomes available.  

Basis risk Continuous, distance of the household farm from the nearest metrological 

station.  



37 
 

Gender Dummy, equal to 1 if head of the household is male, 0 otherwise 

Intertemporal 

adverse 

selection 

Binary dummy, equal to 1 for households that indicate that, if insurance is 

available, they would postpone the uptake decision until the final 

insurance sales day, to make a better estimate of future weather 

conditions.  

Hyperbolic 

discounting 

Binary dummy, equal to 1 if the answer to the question “Do you often 

delay your insurance purchase decision, even when you do not have 

shortage of cash?” is yes, 0 otherwise. 

Draft Oxen Number of draft oxen that the household uses for production 

Education 

(years) 

Household head’s level of education in years of schooling 

Distance from 

market 

Distance from market 

Land size Household’s land holding, measured in a local unit called qarxi, where 1 

qarxi = 0.25 hectares 

Extension 

contract 

Dummy, equal to 1 for households that frequently make contact with 

extension agents; 0 for others 

Dependents Number of dependents in a family 

Dependency 

ratio 

Dependents/family size 
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Appendix 3: Additional descriptive statistics 
 
  
 

Table A3: Additional descriptive statistics 
 

 (1) (2) (3) (4) (5) 
VARIABLES Family size Coop member Peer influence  Basis risk Draft oxen 

      

Treatment region uptake 7.3 0.1 0.91 2.5 2.1 

Treatment region no-uptake 6.2 0.1 0.61 2.5 1.6 

Control region 7.4 0.1 0.49 1.3 2.3 

      

Observations 1,143 1,143 1,143 1,143 1,143 

Note: The statistics in Table A3 refer to the mean of uptakers in Treatment region; the mean 

of non-uptakers in treatment region ; and the mean for households in the control (expansion) 

region. 
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Table 1: Sample characteristics 

Variables  Sample  

Credit rationed 0.382 

(0.486) 

Quantity rationed 0.205 

(0.023) 

Demand rationed 0.178 

(0.382) 

Note: The statistics in Table 1 refer to the means and standard deviations of the entire sample.  
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Table 2: Explanation of double difference method 

 Kebeles with 

insurance 

Kebeles without insurance 

Non-Participants and (would  

be) non-participants 

A B 

Participants and (would be) 

participants 

C D 
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Table 3: Sample characteristics 

      

VARIABLES Age Gender Education Dependency ratio  Distance from 

market 

      

Treatment region uptake 39.4 0.8 2.5 0.5 1.7 

Treatment region no-uptake 38.1 0.9 2.3 0.5 1.7 

Control region 37.8 0.8 2.3 0.5 1.5 

      

Observations 1,143 1,143 1,143 1,143 1,143 

Note: The statistics in Table 3 refer to the mean of uptakers in Treatment region; the mean of 

non-uptakers in treatment region ; and the mean for households in the control (expansion) 

region. 
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Table 4: Determinants of uptake in treatment region 

 (1) 

Age 0.019** 

 (0.009) 

district1 -0.347 

 (0.994) 

district2 -0.131 

 (0.918) 

Peer influence 1.293*** 

 (0.374) 

Risk aversion -0.542* 

 (0.279) 

Time preference 0.581 

 (0.432) 

Basis risk -0.033 

 (0.064) 

IBI product promotion 2.886*** 

 (0.321) 

Gender -0.545 

 (0.348) 

Intertemporal adverse selection 0.602** 

 (0.276) 

Constant -2.916*** 

 (0.958) 
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Area under ROC 0.85 

Correctly classified 79.7% 

Sensitivity (Pr( +| D)) 87.8% 

Specificity (Pr( -|~D)) 69.1% 

Pseudo R² 0.32 

Observations 812 

Notes: Standard errors, in parentheses, were obtained by conducting a cluster bootstrapping 

method (with “kebele” as the cluster variable) on a system of equations, including the uptake 

equation and the credit-rationing Equation 1. Appendix 3 contains descriptions of all the 

variables. *** p < 0.01. ** p < 0.05. * p < 0.1. Sensitivity: percentage of actual adopters that 

have a propensity of adoption above 0.5; Specificity: percentage of actual non-adopters that 

have a propensity of adoption below 0.5.  
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Table 5: Adopters and non-adopters by area 

 Treatment 

area 

Percentage Control area Percentage 

Adopters 459 56.5 195 59 

Non-adopters 353 43.5 136 41 

Total 812 100 331 100 
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Table 6: Balance tests 

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

 Age Gender Education 

Years 

Family size Coop 

member 

Basis risk Draft 

oxen 

        

R 1.795 0.059 -0.335 -0.760*** 0.057*** 1.117*** -0.292 

 (1.116) (0.047) (0.818) (0.230) (0.014) (0.206) (0.172) 

W 2.507*** -0.032 -0.840*** 0.843*** 0.087*** -0.086*** 0.686 

 (0.656) (0.056) (0.249) (0.261) (0.008) (0.023) (0.459) 

R*W -1.186 0.004 1.456*** 0.311 -0.022 0.120 -0.100 

 (1.339) (0.061) (0.482) (0.336) (0.023) (0.289) (0.486) 

Constant 36.324*** 0.816*** 4.250*** 6.941*** 0.000 1.379*** 1.853*** 

 (0.320) (0.040) (0.655) (0.089) (0.000) (0.043) (0.095) 

        

Observations 1,143 1,143 1,143 1,143 1,143 1,143 1,143 

R² 0.006 0.007 0.012 0.045 0.022 0.067 0.028 

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 7: Impacts of IBI uptake on credit rationing 

 

 Overall Credit 

rationing 

Supply-side 

Credit 

rationing 

Demand-

side credit 

rationing 

    

Region (R) 1.066** 1.491*** 0.602 

 (0.499) (0.370) (0.783) 

Uptake (W) 0.775* 0.855*** 0.723 

 (0.447) (0.288) (0.896) 

Region*Uptake (W*R) -0.800* -0.911** -0.714 

 (0.445) (0.375) (0.923) 

Age -0.002 0.002 -0.005 

 (0.005) (0.006) (0.007) 

Education (years) 0.006 0.023 -0.013 

 (0.021) (0.026) (0.028) 

Family size 0.011 0.008 0.015 

 (0.047) (0.074) (0.063) 

Extension contract 0.537 0.849*** 0.320 

 (0.390) (0.311) (1.194) 

District1 0.057 -1.729 1.762 

 (1.104) (2.186) (2.253) 

District2 0.760 0.490 1.648 

 (1.008) (0.856) (2.213) 

Dependency ratio 0.136 0.042 0.245 
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 (0.741) (1.032) (0.857) 

Dependents -0.096 -0.080 -0.115 

 (0.085) (0.120) (0.123) 

Coop member -0.508** -0.430 -0.678* 

 (0.236) (0.342) (0.373) 

Constant -2.131* -3.222*** -3.160 

 (1.192) (1.043) (2.611) 

    

Observations 1,143 1,143 1,143 

 

Notes: Standard errors, in parentheses, are based on a cluster bootstrap method (Kebeles as 

cluster variable), where the bootstrap is performed for a system of equations, containing the 

uptake equation (Equation 1 in Table4) and either the overall credit rationing equation or the 

supply and demand-side credit rationing equations. The overall credit rationing equation is 

estimated with a logit mode; the demand-side and supply-side credit rationing equations 

follow from a multinominal logit regression. The cluster bootstrap relies on 1000 repetitions. 

*** p < 0.01. ** p < 0.05. * p < 0.1. 
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ONLINE APPENDIX 

 

Other determinants of the uptake equation 

 

Table OA1: Alternative determinants of uptake in treatment region 

 (1) (2) 

VARIABLES   

   

Education (years) 0.017  

 (0.031)  

Family size 0.122**  

 (0.050)  

Coop member 0.300  

 (0.275)  

Draft oxen 0.100  

 (0.062)  

Peer influence 1.318***  

 (0.401)  

CRRA -0.514* -0.589** 

 (0.274) (0.285) 

Time preference 0.611 0.570 

 (0.438) (0.394) 

Basis risk -0.039 -0.010 

 (0.069) (0.067) 
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IBI product promotion 2.783*** 3.109*** 

 (0.340) (0.333) 

Age 0.012 0.018** 

 (0.010) (0.009) 

Gender -0.773** -0.505 

 (0.340) (0.333) 

Intertemporal adverse 

selection 

0.611** 0.696** 

 (0.292) (0.272) 

District1 -0.048 -0.585 

 (1.085) (1.057) 

District2 0.016 -0.302 

 (0.935) (0.930) 

Constant -3.640*** -1.939** 

 (1.151) (0.896) 

Pseudo R-squared 0.33 0.29 

Area under ROC curve 0.86 0.83 

Observations 1,143 1,143 

Notes: Standard errors, in parentheses, were obtained by conducting a cluster bootstrapping 

method (with “kebele” as the cluster variable) on a system of equations, including the uptake 

equation and the credit-rationing Equation (see Table OA2). *** p < 0.01. ** p < 0.05. * p < 

0.1. 
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Table OA2: Impacts of IBI uptake on credit rationing (alternative uptake equation) 

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

 Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

Supply-side 

Credit 

rationing 

Demand-

side 

credit 

rationing 

     

W 0.725*** 0.387 0.487*** 1.478* 

 (0.240) (0.874) (0.184) (0.872) 

R 1.419*** 0.396 1.305*** 1.320 

 (0.348) (0.784) (0.344) (0.917) 

W*R -0.780** -0.379 -0.546** -1.461 

 (0.329) (0.910) (0.271) (0.919) 

Age 0.002 -0.005 0.002 -0.003 

 (0.006) (0.007) (0.006) (0.008) 

Education (years) 0.021 -0.016 0.021 -0.014 

 (0.026) (0.028) (0.026) (0.028) 

Family size 0.003 0.008 0.000 0.006 

 (0.073) (0.062) (0.075) (0.064) 

Extension contract 0.853*** 0.348 0.864*** 0.264 

 (0.310) (1.199) (0.317) (1.242) 

District1 -1.737 1.758 -1.734 1.745 

 (2.175) (2.261) (2.538) (2.005) 

District2 0.488 1.648 0.489 1.638 
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 (0.888) (2.221) (0.958) (1.968) 

Dependency ratio 0.004 0.158 -0.043 0.299 

 (1.023) (0.866) (0.987) (0.839) 

Dependents -0.073 -0.099 -0.063 -0.112 

 (0.119) (0.123) (0.122) (0.121) 

     

Coop member -0.419 -0.642* -0.404 -0.687* 

 (0.340) (0.371) (0.357) (0.372) 

Constant -3.128*** -2.950 -3.032*** -3.853 

 (1.045) (2.620) (1.120) (2.514) 

     

Observations 1,143 1,143 1,143 1,143 

Notes: Standard errors, in parentheses, are based on a cluster bootstrap method (Kebeles as 

cluster variable), where the bootstrap is performed for a system of equations, containing the 

uptake equation (Equation 1 in Table OA1 for equations 1 and 2 in Table OA2; and equation 

2 in Table OA1, for equations 3 and 4 in Table OA2) and the supply and demand-side credit 

rationing equations. The demand-side and supply-side credit rationing equations follow from 

a multinominal logit regression. The cluster bootstrap relies on 1000 repetitions. *** p < 0.01. 

** p < 0.05. * p < 0.1. 
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Other controls in the credit rationing equation 
 
 
Table OA3: IBI uptake and credit rationing (alternative controls in credit rationing equation) 

 

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

 Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

       

W 0.779*** 0.628 0.779*** 0.628 0.799*** 0.674 

 (0.224) (0.871) (0.225) (0.869) (0.271) (0.865) 

R 1.013*** 0.461 1.501*** 0.574 1.510*** 0.605 

 (0.377) (0.760) (0.354) (0.773) (0.369) (0.771) 

W*R -0.770** -0.770 -0.850** -0.672 -0.870** -0.706 

 (0.363) (0.898) (0.336) (0.899) (0.372) (0.887) 

district1   -1.686 1.952 -1.729 1.869 

   (2.173) (2.271) (1.914) (2.192) 

district2   0.511 1.728 0.495 1.679 

   (0.910) (2.231) (0.851) (2.130) 

       

Extension 

contract 

    0.895*** 0.351 

     (0.291) (1.149) 

Coop 

member 

    -0.446 -0.716* 
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     (0.312) (0.379) 

Constant -1.986*** -1.629** -2.497*** -3.357 -3.322*** -3.632 

 (0.285) (0.758) (0.954) (2.383) (0.923) (2.523) 

       

Observations 1,143 1,143 1,143 1,143 1,143 1,143 

Note: Standard errors, in parentheses, are based on a cluster bootstrap method (Kebeles as 

cluster variable), where the bootstrap is performed for a system of equations, containing the 

uptake equation (Equation 1 in Table 4) and the supply and demand-side credit rationing 

equations. The demand-side and supply-side credit rationing equations follow from a 

multinominal logit regression. *** p < 0.01. ** p < 0.05. * p < 0.1. 
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Other level of clustering 

 

Table OA4: IBI uptake and credit rationing (other levels of clustering) 

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

 Supply-side 

Credit 

rationing 

Demand-side 

credit 

rationing 

Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

     

W 0.855** 0.723 0.855* 0.723 

 (0.377) (0.582) (0.482) (0.669) 

R 1.491*** 0.602 1.491*** 0.602 

 (0.347) (0.483) (0.434) (0.527) 

W*R -0.911** -0.714 -0.911* -0.714 

 (0.423) (0.610) (0.535) (0.671) 

Constant -3.222* -3.160*** -3.222* -3.160 

 (1.800) (0.990) (1.875) (2.132) 

     

Observations 1,143 1,143 1,143 1,143 

Note: For equations 1 and 2 standard bootstrap standard errors are presented in parentheses. 

For equations 3 and 4, standard errors are based on a cluster bootstrap method (Iddir as cluster 

variable). The bootstrap is performed for a system of equations, containing the uptake 

equation (Equation 1 in Table 4) and the supply and demand-side credit rationing equations. 

The demand-side and supply-side credit rationing equations follow from a multinominal logit 

regression. The equations include controls (see Table 7), which are not presented for reasons 

of space. *** p < 0.01. ** p < 0.05. * p < 0.1. 



55 
 

Kebele fixed effects 

 
Table OA5: IBI uptake and credit rationing (kebele fixed effects) 

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

 Supply-side 

Credit 

rationing 

Demand-

side credit 

rationing 

Supply-side 

Credit 

rationing 

Demand-

side credit 

rationing 

     

W 0.780 0.629 0.780** 0.629 

 (0.568) (0.537) (0.374) (0.571) 

R 3.165*** 1.834*** 3.165 1.834 

 (0.470) (0.394) (3.861) (4.079) 

W*R -1.107** -0.543 -1.107** -0.543 

 (0.507) (0.412) (0.435) (0.619) 

Constant -1.725*** -1.389*** -1.725*** -1.389*** 

 (0.474) (0.528) (0.358) (0.478) 

     

Observations 1,143 1,143 1,143 1,143 

Notes: For equations 1 and 2 standard bootstrap standard errors are presented in parentheses. 

For equations 3 and 4, standard errors are based on a cluster bootstrap method (Iddir as cluster 

variable). The bootstrap is performed for a system of equations, containing the uptake 

equation (Equation 1 in Table 4) and the supply and demand-side credit rationing equations. 

The demand-side and supply-side credit rationing equations follow from a multinominal logit 

regression. The equations include kebele fixed effects, which are not presented for reasons of 

space. *** p < 0.01. ** p < 0.05. * p < 0.1.
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Other cutoff values for identification would be adopters 

 
Table OA6: IBI uptake and credit rationing (different cuttoff values) 

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

 Supply-

side credit 

rationing 

Demand-

side credit 

rationing 

Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

Supply-

side Credit 

rationing 

Demand-

side credit 

rationing 

W 0.765** 0.078 0.550 1.352** 0.712* 1.064* 

 (0.375) (0.541) (0.409) (0.545) (0.403) (0.587) 

R 1.377*** 0.206 1.334*** 1.173** 1.430*** 0.898* 

 (0.327) (0.358) (0.371) (0.496) (0.362) (0.507) 

W*R -0.824** -0.075 -0.608 -1.338** -0.770* -1.052* 

 (0.418) (0.575) (0.440) (0.572) (0.436) (0.613) 

Age 0.002 -0.005 0.002 -0.004 0.002 -0.004 

 (0.008) (0.007) (0.008) (0.007) (0.008) (0.007) 

Education 

(years) 

0.021 -0.017 0.021 -0.013 0.022 -0.013 

 (0.024) (0.024) (0.024) (0.024) (0.024) (0.024) 

Family size 0.010 0.007 0.004 0.014 0.004 0.012 

 (0.077) (0.084) (0.077) (0.083) (0.077) (0.083) 

Extension 

contract 

0.885 0.381 0.868 0.288 0.855 0.296 

 (2.259) (0.473) (2.233) (0.473) (2.250) (0.475) 

District1 -1.733*** 1.766*** -1.731*** 1.754*** -1.732*** 1.756*** 

 (0.627) (0.440) (0.628) (0.440) (0.628) (0.440) 
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District2 0.490** 1.652*** 0.490** 1.643*** 0.489** 1.644*** 

 (0.212) (0.425) (0.213) (0.425) (0.213) (0.425) 

Dependency 

ratio 

0.038 0.086 -0.009 0.345 -0.006 0.268 

 (1.011) (1.025) (1.012) (1.021) (1.010) (1.026) 

Dependents -0.081 -0.087 -0.069 -0.122 -0.071 -0.114 

 (0.149) (0.161) (0.150) (0.158) (0.150) (0.159) 

coopmember -0.425 -0.612 -0.409 -0.695 -0.418 -0.690 

 (0.320) (0.426) (0.319) (0.425) (0.318) (0.427) 

Constant -3.134 -2.786*** -3.078 -3.750*** -3.163 -3.458*** 

 (2.347) (0.883) (2.330) (0.974) (2.342) (0.970) 

       

Observations 1,143 1,143 1,143 1,143 1,143 1,143 

Cuttoff value  0.61 0.61 0.40 0.40 0.45 0.45 

Correctly 

classified 

80.3 80.3 78.5 78.5 69.4 69.4 

Sensitivity 85.6 85.6 90.2 90.2 89.1 89.1 

Specificity 73.4 73.4 63.5 63.5 66.9 66.9 

Note: Standard errors, in parentheses, are based on a cluster bootstrap method (Kebeles as 

cluster variable), where the bootstrap is performed for a system of equations, containing the 

uptake equation (Equation 1 in Table 4) and the supply and demand-side credit rationing 

equations. The demand-side and supply-side credit rationing equations follow from a 

multinominal logit regression. *** p < 0.01. ** p < 0.05. * p < 0.1. Correctly classified; 

Sensitivity and Specificity refer to values for the “eligible” kebeles. 


