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Abstract 

In this paper, we examine the role of credit in enhancing rural households’ food security and 
resilience. In so doing, we consider resilience as a higher order capacity outcome, different from 
traditional development outcomes associated with households’ or individuals’ welfare. We 
evaluate the effectiveness of two types of agricultural production credit products, one a traditional 
credit and one that is linked to rainfall index insurance to protect borrowers against the adverse 
effects of drought. Based on a randomized controlled trial conducted in Machakos county, Kenya, 
we report both intent-to-treat effects as well as local average treatment effects to demonstrate the 
impacts of these credit products not only among borrowers, but the broader effects of expanding 
rural credit markets. We see generally low levels of food security resilience among our sampled 
households, but we find compelling evidence that credit and expanded credit markets more broadly 
had beneficial impacts on enhancing households’ food security and resilience. Despite the 
differences in the two credit products being evaluated, we do not find an appreciable difference in 
the effects of the two credit types, concluding that the expansion of affordable agricultural credit 
markets should be among the key policy tools for building resilience among rural smallholders.  

 

Keywords: Credit, insurance, food security, resilience, smallholders  
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1 Introduction  

Agricultural credit plays a vital role in helping households overcome liquidity constraints and 

enhancing productivity and well-being (IFAD, 2016). Access to credit enables smallholder farmers 

to invest in productivity-enhancing inputs and technologies such as high-quality seeds, chemical 

fertilizers, irrigation systems, pesticides, and other essential inputs that are critical for improving 

crop yields and reducing vulnerability to environmental shocks. Additionally, credit can facilitate 

investment in post-harvest infrastructure, such as storage facilities, which help minimize losses 

and extend the shelf-life of produce. By improving productivity and reducing post-harvest losses, 

agricultural credit directly contributes to increasing the availability and stability of food supplies 

at the household level, thereby enhancing food security and leading to improved welfare among 

the rural households. Moreover, credit can empower farmers to diversify their income sources, 

reducing their dependency on a single crop and spreading production and price risks, helping to 

ensure a stable food supply throughout the year. In this paper, we study the role of agricultural 

credit in increasing farmers’ access to improved agricultural technologies such as hybrid seeds and 

chemical fertilizers, and how the increased food productivity resulting from the increased use of 

these improved inputs can have beneficial impacts on smallholder farmers’ food security and 

resilience.  

The first hurdle in this transformative process is expanding credit access and utilization. Credit 

rationing is a reality among rural smallholders in many low-income economies leading to very low 

uptake of credit (Kramer et al., 2024; M. Ndegwa et al., 2020). Credit rationing frequently 

manifests itself in one of two primary forms: quantity (supply-side) rationing and risk (demand-

side) rationing. In the case of the former, lenders restrict borrowers’ access to credit because they 

are deemed insufficiently credit worthy or borrowers’ lack the requisite collateral to secure the 
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loan. Consequently, borrowers are involuntarily excluded from credit markets or are limited to 

borrowing an amount less than they would ideally want to borrow. In the case of the latter, lenders 

transfer substantial contract risk onto the borrower (in the form of high interest rates, excessive 

collateral requirements, burdensome documentation, or inflexible contract terms) that the borrower 

voluntarily withdraws from the credit market altogether. In both cases, the credit market frictions 

result in socially sub-optimal levels of borrowing. Indeed, credit rationing has been associated with 

poor productivity, low welfare/living standards, and poverty traps (Baiyegunhi et al., 2010; 

Boucher et al., 2009; Fletschner et al., 2010; Guirkinger & Boucher, 2008; Zimmerman & Carter, 

2003). 

Once credit rationing has been overcome, a substantial body of evidence shows that access to 

rural credit in developing economies enhances agricultural investment and productivity. 

Foundational studies (e.g., Binswanger & Rosenzweig, 1986; Feder et al., 1990; Petrick, 2004; 

Zeller et al., 1998) document how alleviating liquidity constraints enables farmers to invest in 

high-quality inputs and adopt improved technologies. More recent work confirms that credit access 

facilitates broader capital formation and complementary investments in agriculture.  

The Green Revolution, driven by the uptake of high-yielding varieties (HYVs), fertilizers, 

irrigation, and mechanization, led to significant gains in farm output (Evenson & Gollin, 2003). 

The emergence of genetically modified (GM) crops has further advanced this trajectory, often 

referred to as a second Green Revolution. For example, adoption of Bt cotton significantly reduced 

pesticide application while improving productivity and farm profits among smallholders in India 

(Gruere & Sun, 2012; Krishna & Qaim, 2012)) and Pakistan (Ali & Abdulai, (2010)). Similarly, 

GM rice and other transgenic crops are increasingly viewed as critical tools for overcoming climate 

and pest-related constraints in smallholder systems (Demont & Stein, 2013; Huang et al., 2005; 
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Juma Calestous, 2015). Other technologies—such as mechanization (Pingali, 2007), chemical 

inputs (Abdallah et al., 2019; Martey et al., 2019; Nkegbe, 2018), and irrigation (Emerick et al., 

2016; Schoengold & Zilberman, 2007)—have all contributed to improved technical efficiency.  

Importantly, credit markets are a key enabler of these innovations, allowing farmers to 

overcome liquidity constraints and finance their adoption. A growing body of evidence 

demonstrates the direct role of credit in enhancing productivity, revenues, and labor returns (e.g., 

Abdallah et al., 2019; Dong et al., 2010; Iddrisu et al., 2017; Kramer et al., 2024; Muhamma & 

Jan, 2011; M. K. Ndegwa et al., 2024; Nordjo & Adjasi, 2019; Si et al., 2021), reinforcing the link 

between financial access and agricultural innovation. Credit markets can play a multiplicative role 

in agricultural modernization, as the adoption of one innovation may crowd in complementary 

investments in other inputs and practices (e.g., Emerick et al., 2016, on flood-resistant rice). 

Despite well-known linkages between agricultural credit, increased investments in agricultural 

technologies, and increased productivity, the literature on the role of credit in promoting higher-

order developmental outcomes is comparably thin. To the extent that the literature addresses the 

impact of credit market access on individual or household welfare, they tend to focus on lower-

level outcomes such consumption expenditure (e.g., Atamja & Yoo, 2021; Bocher et al., 2017; 

Quach & Mullineux, 2007; Tran et al., 2016) or food security, typically measured as the number 

of meals consumed per day per adult member of a household (Bocher et al., 2017). The literature 

gap on how agricultural credit can enhance higher-order development outcomes such as resilience 

among rural households is stark. We believe that one of the main reasons for this gap in literature 

is due to the challenges associated with measuring household resilience. Indeed, while most 

economists would have an intrinsic understanding of resilience, we might be hard pressed to 

formalize a definition of resilience that would easily lend itself to direct measurement. Most studies 
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that assess households’ resilience fail to identify resilience as a capacity outcome separate from 

but related to well-being.  

There is a relatively recent – but thin – literature on advanced approaches of measuring 

resilience as a variable distinct from welfare or well-being indicators (Barrett & Constas, 2014; 

Zaharia et al., 2021), hence allowing for further analysis of household resilience as a higher-level 

development outcome. The main differences in the proposed methods depend on their 

conceptualization of resilience. Barrett & Constas (2014) look at resilience as the ability of an 

individual or household to avoid falling into poverty and hence measure resilience as the 

probability that the individual or household achieves or surpasses a minimum acceptable welfare 

threshold. This is related to the earlier literature on measuring vulnerability as expected poverty  

(e.g., Chaudhuri, 2003; Christiaensen & Subbarao, 2005; Hoddinott & Quisumbing, 2010; Ward, 

2016), though this approach effectively treats resilience as reciprocal to vulnerability. Zaharia et 

al. (2021), on the other hand, consider resilience as the ability of an individual, household or 

community to recover after a decline in well-being and hence present resilience measurement 

methods based on asymmetric mean reversion approaches commonly used in financial markets 

(Nam et al., 2001, 2002, 2003; Serletis & Rosenberg, 2009). Both of these approaches are useful 

in helping economists and development practitioners in better understanding and measuring 

resilience, and could provide valuable guidance to policymakers in conceiving interventions aimed 

at building resilience and in program evaluation for both state and non-state actors.  

In this paper, we quantify households’ resilience using a coping strategy index (CSI), 

specifically their resilience to food insecurity. Food security resilience has been alluded to in 

development literature but mostly measured with some food security index as a well-being 

outcome, as opposed to a distinct metric of resilience. We adopt Barrett & Constas' (2014) 
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definition of resilience as a household’s capacity over time of avoiding poverty in the face of 

various stressors and in the wake of myriad shocks. If and only if that capacity is and remains 

higher over time, then the household is deemed resilient. We follow Cissé & Barrett's (2018) 

approach to empirically measure and analyze households’ food security. We compute a 

continuous/fractional measure of food security resilience, which is best interpreted as the 

probability of a household to achieve and surpass a normative minimum CSI level, and a dummy 

resilience indicator equal to one if that probability is at least equal to a minimum level below which 

households’ resilience capacity is deemed as chronically low. To the best of our knowledge, this 

is the first time such approaches are being applied to measure households’ food security resilience, 

particularly among the rural smallholders of SSA and other low-income countries. 

We also contribute to the scant literature on the role of agricultural credit in promoting rural 

households’ resilience, including food security resilience. Most studies attempting to address this 

relationship have failed to consider resilience as separable from lower-level outcomes such as well-

being or welfare (often proxied by consumption expenditures), and consequently other studies 

have examined the influence of credit on these other outcomes. We use experimental data from 

smallholder households in Kenya to fill this gap. We compare two types of credit products (a 

traditional credit product and a novel insurance-linked credit product) which were the main 

treatment arms in a randomized control trial (RCT) conducted in Machakos county of Kenya that 

began in 2017 and remains ongoing. The insurance-linked credit product (risk-contingent credit, 

or RCC) is distinct from traditional credit (TC) in that it embeds an index insurance product that 

could compensate the lender in the event of an indemnifiable event that might otherwise imperil 

the borrowers’ ability to repay their loan, thus providing some protection against default – an 

attractive feature from the perspectives of both borrower and lender (Shee et al., 2015, 2019; Shee 
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& Turvey, 2012). The embedded insurance component also alleviates the need for collateral, which 

may help with overcoming both supply- and demand-side credit constraints. 

Our results indicate generally low levels of resilience among the respondents, but importantly, 

access and uptake of production credit positively influenced food security resilience among the 

sampled households. The results lead us to conclude that proper measurement of resilience is key 

for effective intervention and appropriate impact evaluation, and we argue that expanding access 

to credit should be considered as a viable route to strengthening households’ resilience.  

The rest of the paper proceeds as follows. Section 2 presents the study design where we discuss 

the data, treatments, experimental design, study area and sampling strategy. Section 3 details how 

we measure resilience and the processes followed in computing our main outcomes while Section 

4 uses the computed outcomes to assess the level of resilience among the participants.  Section 5 

presents the empirical strategy employed in producing the main results for this paper. Section 6 

presents the descriptive statistics characterizing the sample, with detailed discussions on covariate 

balancing. Section 7 presents the results, discussing the effect of RCC and TC on food security 

resilience among rural households. Finally, Section 8 presents the conclusion and policy 

implications of the study, including recommendation for further research. 

2 Data, experimental design and sampling strategy 

2.1 Data 

The data used in this study are drawn from three rounds of household-level experimental panel 

survey conducted among 1053 households distributed equally across two treatment and one control 

groups. The baseline survey was conducted in May/June 2017. This was followed by the first phase 

of RCC and TC lending operations during the 2017/2018 long rain season occurring from October 
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2017 to January 2018. Treatment households were allowed about five months after the season end 

to repay their loan, ensuring that they did not have to sell their produce soon after harvesting when 

there is a glut in the market and prices are low. The midline survey was conducted in May/June 

2018. The second phase of lending operations covered the 2019/2020 long rain season occurring 

from October 2019 to January 2020, and a similar five-month extension was given to allow the 

farmers enough time to repay their loans. This was followed by the endline survey. For 

consistency, we intended to hold the end-line survey in May/June 2020 but this was disrupted by 

the COVID-19 pandemic. Instead, we conducted the endline survey in August/September 2020 

All surveys were conducted using a structured, pretested questionnaire. Baseline and midline 

surveys were conducted as face-to-face interviews in the field by a team of 30 trained enumerators 

and supervisors. Due to COVID-19 pandemic disruptions, the endline survey was conducted as a 

streamlined phone survey by a smaller team of 17 trained enumerators. The duration of this phone 

survey was significantly reduced to fit a 30-minute window, but we ensured all essential survey 

questions were retained to facilitate the subsequent impact evaluation.1 All the data for this study 

were collected electronically using computer-assisted personal interviewing (CAPI) technologies, 

where the questionnaires were programmed into tablets using CSPro for baseline and SurveyCTO 

for both mid and endline surveys.  

2.2 Treatments and experimental design 

This study involves two treatment arms, namely RCC and TC. As previously discussed, RCC 

embeds an index insurance product within a conventional credit product. The insurance linked to 

 
1 To reduce survey time during the phone-based endline survey, several modules were shortened or excluded, 
including detailed questions on household assets, dietary diversity, household demographics, farm characteristics, 
gender roles, and community leadership. Simplified versions of the food security, credit access, and credit rationing 
modules were retained to ensure consistency on core variables essential for longitudinal analysis. 
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credit in this RCT was based on rainfall measures for the traditional long rain season in Machakos 

County from October 15 to January 15, as described in Shee et al (2019). In brief, historical dekadal 

(10-daily) rainfall data from 1981 to 2020 were collected for each of the 11 divisions of Machakos 

County. Cumulative rainfall measures were fit to a PERT distribution, with a cumulative rainfall 

‘trigger’ set at the 20th percentile for each sub-county.2 Correlated Monte Carlo simulation was 

used to compute actuarial rates assuming Ksh 300 tick value for every millimeter of rainfall below 

the trigger. The tick value was determined by the amount required to pay off the loan principal in 

a worst-case scenario.  

After the baseline survey in 2017, we initiated two rounds of lending operations over the long 

rain seasons in 2017/2018 and 2019/2020. Randomization in the experiment was conducted at the 

individual household level at the onset of the first round of lending operations using public 

lotteries. Households were randomly assigned to one of three groups: a control group (not eligible 

for loans from our intervention partner, Equity Bank, but free to borrow elsewhere), a TC treatment 

group (eligible to apply for a traditional credit loan from Equity Bank but not for RCC), and an 

RCC treatment group (eligible to apply for a risk-contingent credit loan but not for TC). Each 

group comprised of 351 households, and the experimental arms were maintained during the second 

phase of lending operations. Importantly, being allocated to one of the treatment arms did not 

guarantee that the household would be approved for or take TC or RCC. Equity Bank was allowed 

to scrutinize applicants’ creditworthiness, and had the authority to reject applications. Likewise, 

study participants could opt not to apply for credit.   

 
2 The PERT (Program Evaluation and Review Technique) distribution is a special case of the beta distribution 
characterized by three parameters: a minimum, a maximum, and a mode. Unlike the triangular distribution (which is 
also characterized by these same three parameters), the PERT distribution creates a smooth distribution that closely 
approximates the normal or lognormal distribution (but with a finite support). 
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2.3 Sampling process 

The study site – Machakos county, Kenya – was purposively selected due to its semi-arid 

agroecology and location in Equity Bank’s coverage area. A multi-level stratified sampling 

approach was then used to select lower study area units and sample households. First, five out of 

11 sub-counties and 13 locations from the 5 locations were purposively selected in consultation 

with Equity Bank and local administration. This excluded urban and peri-urban areas and 

considered the Bank’s coverage and capacity to execute lending operations. Next, six villages per 

location were randomly selected from sampling frames comprising all eligible villages per 

location. Lastly, 15 households per village were randomly selected from village-level households 

sampling frames giving us 90 households per location and 1170 in total. Table 1 shows the basic 

demographics of the sampled farmers. 

Table 1: Sample demographics 
Variable Observations Mean Std. Dev. Min Max 
Household head is male 1053 0.791 - 0 1 
Age of household head (years) 1053 56.185 13.237 22 93 
Years of formal education 1053 8.617 3.868 0 17 
Dependency ratio 1053 80.141 77.175 0 700 
Credit rationed household 1049 0.520 - 0 1 
CRRA risk coefficient  1053 0.404 0.230 0 1 
  

3 Measuring household resilience 

As previously mentioned, we assess households’ resilience in the context of food security using 

the coping strategy index (CSI), a conventional method of measuring household food insecurity. 

To construct the CSI, households could select from among a pre-identified list of eight strategies 

that households could apply to cope with food insecurity. We then created a binary variable for 

each coping strategy that took a value of one if the strategy was applied at least once in the past 

seven days and zero otherwise. The CSI measure is then the sum of these eight binary indicators, 
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and could take a value between 0 and 8. In its original form, higher scores in the scale would imply 

deteriorating food security, since higher scores would indicate that households had to rely on more 

of these coping strategies. For ease of interpretation within the resilience measurement context, 

we reversed the index such that lower scores indicate low food security and vice-versa.  

To measure resilience, we apply the development resilience approach proposed by Barrett & 

Constas (2014) and follow Cissé & Barrett's (2018) empirical methods of measuring and 

estimating household resilience. In their method, household resilience can be presented as a 

conditional moment function for some dimension of well-being such that: 

𝑚𝑚𝑖𝑖
𝑘𝑘�𝑊𝑊𝑖𝑖𝑖𝑖|𝑊𝑊𝑖𝑖,𝑡𝑡−𝑠𝑠,𝑋𝑋𝑖𝑖,𝑡𝑡=0, 𝜀𝜀𝑖𝑖𝑖𝑖� (1) 

 

where 𝑚𝑚𝑖𝑖
𝑘𝑘 is the 𝑘𝑘th moment of household 𝑖𝑖’s well-being (𝑊𝑊) in period 𝑡𝑡, which is itself a function 

of well-being in past periods (𝑊𝑊𝑡𝑡−𝑠𝑠), a set of household socioeconomic covariates, 𝑋𝑋 measured at 

baseline (𝑡𝑡 = 0) and a stochastic idiosyncratic error term 𝜀𝜀𝑖𝑖𝑖𝑖. As such, a specific household’s well-

being is a random variable with its own distribution in each time period. The development 

resilience approach proposed by Barrett & Constas (2014) and Cissé & Barrett (2018) draws its 

methodological aptness from integrating the strengths in poverty traps and vulnerability 

measurement literature (Barrett & Carter, 2013; Carter & Ikegami, 2007). As with poverty traps 

and vulnerability estimation literature, the approach starts by estimating the first moment, the 

conditional mean of some dimension of well-being. As is common in the poverty dynamics 

literature (but typically absent from the vulnerability measurement literature), the approach allows 

for non-linearity in the expected well-being path dynamics, reflected in high-order polynomial in 

𝑊𝑊𝑖𝑖,𝑡𝑡−𝑠𝑠 (Lokshin & Ravallion, 2004; Barrett et al., 2006; Antman & McKenzie, 2007; Cissé & 

Barrett, 2018). As is typical in the vulnerability measurement literature (but frequently ignored in 
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the poverty dynamics literature), the approach allows for heteroskedasticity in estimated path 

dynamics and hence, in addition to conditional mean, estimates the conditional variance of the 

households’ well-being (Cissé & Barrett, 2018).3,4 We make the assumption that our food security 

scores at time 𝑡𝑡 − 1 is gamma distributed and hence, the conditional mean and conditional variance 

are sufficient to model the household and time-period-specific well-being probability density 

function (𝑝𝑝) and the associated complementary cumulative density function (𝑞𝑞 =  1 − 𝑝𝑝).  

Following Cissé & Barrett (2018), we estimate household food security scores as a polynomial 

function of lagged food security scores. Including lags in the estimation allows for the persistent 

impact of past food insecurity on future food insecurity. Food (in)security is intrinsically a state 

indicator that summarizes prior states (subject to random perturbations), so including only a single 

lag in a first-order Markov process is sufficient. Furthermore, while fully addressing possible 

autocorrelation in the errors of panel data, a single lag is economical in terms of the number of 

rounds of panel data available for analysis, which diminishes with higher lags. This is particularly 

important in our case with only a 3-period panel. We use a fourth order polynomial in one-period-

lagged food security to estimate household 𝑖𝑖’s food security score at time 𝑡𝑡 (𝑊𝑊𝑖𝑖𝑖𝑖):  

𝑊𝑊𝑖𝑖𝑖𝑖 =  𝛼𝛼 + �𝛽𝛽𝑀𝑀𝑀𝑀�𝑊𝑊𝑖𝑖,𝑡𝑡−1�
𝑞𝑞

𝑛𝑛=4

𝑞𝑞=1

+ 𝛿𝛿𝑀𝑀𝑋𝑋𝑖𝑖,𝑡𝑡=0 + 𝜀𝜀𝑀𝑀𝑀𝑀𝑀𝑀 (2) 

 

 
3 Although the vulnerability literature frequently assumes conditional heteroskedasticity in path dynamics, many 
early applications measured vulnerability with cross-sectional data. This was often out of necessity due to the 
limited availability of longitudinal data in developing countries two or more decades ago. Researchers would have to 
assume that cross-sectional variation was a reasonable proxy for intertemporal variation. 
4 In addition to permitting heteroskedasticity in welfare path dynamics, this approach is flexible enough to permit 
non-constant higher-order central moments such as skewness and kurtosis, depending on the assumptions made 
about the distribution of the well-being variable 𝑊𝑊𝑖𝑖𝑖𝑖. 
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As shown in equation (2), 𝑊𝑊𝑖𝑖𝑖𝑖 is also modeled as a function of a vector of other household 

socioeconomic covariates measured at baseline (𝑋𝑋𝑖𝑖,𝑡𝑡=0). The included covariates are the sex of the 

household head (male=1), age and squared age of the head, years of formal education of the head, 

dependency ratio (calculated as the number of children under the age of 15 and adults over the age 

of 65 divided by the number of working-age individuals between 16-65 years of age), credit 

rationing, and risk aversion measured with constant relative risk aversion (CRRA) coefficients.5 

We also include a binary variable indicating the household had experienced a serious drought 

during the previous season/period which would effectively have major ramifications on 

households’ food security ex-post.  

Following Just & Pope (1979), Antle (1983), and Cissé & Barrett (2018), we store the residuals 

from the mean food security scores equation above, square them, and use these values to estimate 

the conditional variance: 

𝜎𝜎𝑖𝑖𝑖𝑖2 =  𝛼𝛼 + �𝛽𝛽𝑉𝑉𝑉𝑉�𝑊𝑊𝑖𝑖,𝑡𝑡−1�
𝑞𝑞

𝑛𝑛=4

𝑞𝑞=1

+ 𝛿𝛿𝑀𝑀𝑋𝑋𝑖𝑖,𝑡𝑡=0 + 𝜀𝜀𝑉𝑉𝑉𝑉𝑉𝑉 (3) 

 

The logic with this specification is that the residuals are consistent estimates of the standard 

deviation (𝜎𝜎) equivalent, and hence their squared values are consistent estimates of the variance 

equivalent (𝜎𝜎2). The conditional variance is also estimated as a 4th-order polynomial function of 

 
5 A household’s credit rationing status is reflected in binary variable equal to one if a household is either risk- or 
quantity-rationed and equal to zero if otherwise (non-constrained). Risk-rationing is a form of demand side rationing 
where farmers voluntarily withdraw themselves from the credit market due to fear of losing collateral. Quantity- 
rationed is a form of supply side rationing implying financial institutions rationing their credit supply where farmers 
either get less credit than they requested for or are denied credit altogether. Farmers are considered non-constrained 
if they were either being approached by banks to take credit, would receive credit in the full amount they would 
request, or did not require credit because of sufficient liquidity. See Boucher et al. (2009), Shee et al. (2018), and 
Ndegwa et al. (2020) for further details on this credit rationing categorization approach. 
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one-period-lagged food security scores, selected household socioeconomic covariates and drought 

shock in the previous time period.  

Table 21 presents the food security (CSI) and its variance estimations from equations (1) and(3), 

respectively. It further displays the heterogenous welfare marginal effects estimates by displaying 

the results at 10th, 50th, and 90th percentile of the empirical distribution of one-period-lagged CSI 

(i.e., food insecurity at time 𝑡𝑡 − 1). From panel (1) on the left, we see that the marginal effect of 

the lagged CSI on CSI in the current period indicates that food security dynamics are significantly 

nonlinear, with marginal effects being positive, of substantial overall magnitude, and statistically 

significant estimate at lower levels (10th percentile, meaning the 10 percent most food insecure) 

and negative, of even greater overall magnitude, albeit no statistically significant at high levels 

(90th percentile, meaning the 10 percent most food secure). From panel (2) on the right, although 

lagged CSI did not significantly affect variance of CSI at time 𝑡𝑡, there is evidence of nonlinearity 

in the autoregressive conditional variance where the marginal effect of lagged CSI on conditional 

variance of CSI at time 𝑡𝑡 was about 78% larger at high (90th percentile) CSI lag values. Further, 

food security well-being improved with education level of the household head. As expected, in the 

year following a major drought, households were more likely to face increased food insecurity, 

though the marginal effect is roughly the same across the distribution of CSI. Experiencing a 

drought also increased the variance in households’ food security, with the effect diminishing and 

becoming not statistically significant as the household’s food situation becomes more secure. 

Credit rationing increased the variance of CSI non-linearly, increasing CSI variance more 

prominently among those with low (10th – 50th percentiles) CSI scores than among those with high 

CSI scores. 
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Since we assume the random error term 𝜀𝜀𝑖𝑖𝑖𝑖 from equation (2) is mean zero, the fitted values 

from estimating the equation gives us the conditional mean: 

𝑊𝑊�𝑖𝑖𝑖𝑖 = 𝐸𝐸�𝑊𝑊𝑖𝑖𝑖𝑖|𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑋𝑋𝑖𝑖𝑖𝑖� (4) 

 

Similarly, the fitted values from equation (3) gives us the conditional variance: 

𝜎𝜎𝚤𝚤𝚤𝚤2� = 𝐸𝐸�𝑊𝑊𝑖𝑖𝑖𝑖|𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑋𝑋𝑖𝑖𝑖𝑖�  (5) 

 

With the two fitted parameters, conditional mean and conditional variance, and the gamma 

distribution assumption, we estimate households’ CSI probability density function (pdf) for each 

period. Following Bury (1999) and Cissé & Barrett (2018), the shape and Y-scale parameters for 

the gamma distributed well-being are: 

𝑊𝑊𝑖𝑖𝑖𝑖|𝑊𝑊𝑖𝑖,𝑡𝑡−1~Γ �𝜎𝜎𝚤𝚤𝚤𝚤
2�

𝑊𝑊� 𝑖𝑖𝑖𝑖
, 𝑊𝑊
� 𝑖𝑖𝑖𝑖

2

𝜎𝜎𝚤𝚤𝚤𝚤
2� �  (6) 

Using the computed household- and time-specific pdfs, we then estimate each household’s 

probability of achieving a normative well-being (minimum food security score) (𝑊𝑊) in each 

period. Resilience 𝑞𝑞 for household 𝑖𝑖 in period 𝑡𝑡 (𝑞𝑞𝑖𝑖𝑖𝑖) is simply the household-specific 

complementary cumulative probability beyond the threshold at time 𝑡𝑡, and hence a fractional 

variable (Cissé & Barrett, 2018).  
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Table 2: Marginal effects of CSI lag and select covariates on CSI and its variance 

Variables Panel 1       Panel 2     

 CSI      Variance (CSI) 

  
10th 
Percentile 

50th 
Percentile 

90th 
Percentile   

10th 
Percentile 

50th 
Percentile 

90th 
Percentile 

CSI lag 0.4129*** 0.3700*** -0.9672  -0.1326 -0.2928 -0.9159* 

 (0.143) (0.087) (1.131)  (0.275) (0.187) (0.512) 
Took credit -0.115 -0.1226 -0.1174  0.3222 0.2997 0.1431 

 (0.113) (0.121) (0.118)  (0.297) (0.280) (0.166) 
Male headed household 0.0466 0.0497 0.005  0.0951 0.0884 0.0422 

 (0.174) (0.186) (0.178)  (0.449) (0.420) (0.196) 
Head age -0.0574* -0.0612* -0.0586*  0.0266 0.0247 0.0118 

 (0.032) (0.034) (0.032)  (0.087) (0.081) (0.042) 
Head age sqr 0.0005* 0.0006* 0.0006*  -0.0004 -0.0003 -0.0002 

 (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) 
Head education yrs 0.0522*** 0.0556*** 0.0532***  -0.0738 -0.0686 -0.0328 

 (0.017) (0.018) (0.019)  (0.049) (0.048) (0.033) 
Dependency ratio -0.0001 -0.0001 -0.0001  0.0006 0.0005 0.0003 

 (0.001) (0.001) (0.001)  (0.002) (0.002) (0.001) 
Credit rationed -0.1145 -0.122 -0.1168  0.6079** 0.5653* 0.2701 

 (0.116) (0.124) (0.120)  (0.304) (0.306) (0.207) 
CRRA coeff 0.0722 0.077 0.0737  -0.4911 -0.4567 -0.2182 

 (0.247) (0.264) (0.252)  (0.590) (0.550) (0.324) 
Year after major drought -0.6178*** -0.6587*** -0.6304***  1.7998*** 1.6738*** 0.7996 
  (0.145) (0.156) (0.168)   (0.399) (0.401) (0.508) 

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10 

4 Assessing the resilience levels  

In Figure 1, we assess the distribution of our sample at varying levels of threshold food security 

𝑊𝑊 from 1 (very food insecure) to 8 (very food secure). At low levels of 𝑊𝑊, the vast majority of 

households would be deemed rather quite resilient, as they largely have a greater than 50 percent 

probability of their CSI score exceeding the threshold. Households’ resilience decreases as the 

minimum threshold rises, since it becomes more difficult for households to attain minimum 

thresholds that are indicative of a high degree of food security. By the time the minimum threshold 

reaches 𝑊𝑊 = 4, all of the households lie below the 0.5 complementary cumulative probability, 
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meaning no household has greater than 50-50 odds of attaining a minimum degree of food security 

(at this threshold). When 𝑊𝑊 is raised to 8, no household has greater than a 30 percent probability 

of attaining this threshold level of food security. This signifies generally low resilience among the 

households. To proceed with our analysis, we require a fixed threshold against which to compute 

participants’ probability of exceedance. Obviously, the choice of threshold is subjective, and as 

we have just discussed above, this choice is almost certain to impact the results. Fortunately, Figure 

1 provides some evidence that would allow for relatively unambiguous prediction for how results 

might be qualitatively different under an alternative threshold. We set the normative food security 

level at 5, which coincides with the 25th percentile of the observed CSI scores. We however 

conduct sensitivity analysis to check the robustness of our results to this subjective choice – we 

estimate treatment effects on resilience computed at all levels of  𝑊𝑊 and keep the result tables in 

the appendix. This analysis generates consistent results at different levels of 𝑊𝑊, implying that our 

findings are robust to the subjective choice of 𝑊𝑊. 

Further, we create a secondary binary variable 𝑞𝑞𝚤𝚤𝚤𝚤�  to classify a household as either resilient or 

not such that 

𝑞𝑞𝚤𝚤𝚤𝚤�  = �
1 if 𝑞𝑞𝑖𝑖𝑖𝑖 ≥  𝑝𝑝
0 otherwise

  (7) 

 

where 𝑝𝑝 is the reference threshold probability below which we consider a household’s probability 

(𝑞𝑞𝑖𝑖𝑖𝑖) of reaching or surpassing the minimum food security threshold 𝑊𝑊 intolerably low (Cissé & 

Barrett, 2018). Again, the selection of this threshold probability for qualifying resilience is 

necessarily subjective. We ideally want a threshold probability such that resilience (or lack thereof) 

could be due to either a high level of food security (low level of food insecurity) or a low degree 
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of food security variance (high degree of food security variance).6 We subjectively set our 𝑝𝑝 at 

0.35 and hence households whose probability of reaching 𝑊𝑊 = 5 was greater than or equal to 0.35 

were defined as resilient, while those whose probability of reaching 𝑊𝑊 = 5 was less than 0.35 

were considered as unresilient. The 0.35 threshold is displayed with a red vertical reference line 

on the 𝑊𝑊 = 5 diagram in Figure 1. We therefore proceed with two measures of resilience: 

fractional response 𝑞𝑞𝑖𝑖𝑖𝑖 (the probability of exceeding 𝑊𝑊 = 5) and binary response 𝑞𝑞𝚤𝚤𝚤𝚤�  (indicating 

whether or not a household’s probability of exceeding 𝑊𝑊 = 5 was greater than 0.35). These two 

measures of resilience serve as our outcome variables as we now proceed to estimate the treatment 

effects of RCC and TC on households’ food security resilience. 

 
6 In the vulnerability measurement literature, the analogous threshold probability is the probability that incomes in 
some future period would fall below a poverty line. This threshold was commonly set at 0.5, implying that a 
household was vulnerable if they had a 50 percent probability of poverty at some point in the future. An implication 
of this threshold is that as the time interval collapses to zero, the statuses of “currently poor” and “currently 
vulnerable to poverty” coincide. Using this threshold restricts vulnerability to only those households with low 
expected income, ignoring the possibility that households could be vulnerable to poverty due to highly variable 
income.  
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Figure 1: Sample distributions of CSI complementary cumulation probabilities at varying levels 
of (▁W) 

 

5 Empirical strategy 

Our main aim in this paper is to assess the role of agricultural credit in promoting households’ 

food security resilience. We compare two types of credit, namely RCC and TC. For robustness in 

the reported causality (credit uptake effects), we employ two different econometric estimation 

approaches namely: entropy balancing for causal effects (estimated with treatment weights) and 

local average treatment effects (LATE) via two-stage least squares (2SLS) with random 

assignment as the excluded instrument. We also report the intent-to-treat (ITT) effects estimated 

via OLS and logit, which, although important for policy purposes, are mostly attenuated by 

imperfect compliance common in RCTs and hence tend to underestimate the actual treatment 
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effects of an intervention (Abadie & Cattaneo, 2018; Angrist, 2006; Duflo et al., 2007; Soderbom 

et al., 2015). There was substantial noncompliance in this study, particularly among the treatment 

groups, with credit uptake of 32% and 16% during the first and second intervention phase, 

respectively.7 Consequently, to the extent that credit uptake has beneficial impacts on food 

security, the ITT estimates are likely to provide considerably understated treatment effects. 

Nevertheless, since these ITT estimates provide a measure of the average effects in treatment 

households (regardless of whether individuals borrowed money through this project), they may 

provide more of a lens into the types of economy-wide impacts that could be expected with the 

expansion of agricultural credit across the rural landscape in Kenya. 

Following Cissé & Barrett (2018), we first regress the estimated probability of household 𝑖𝑖 

achieving or exceeding the minimum CSI threshold 𝑊𝑊 (=5) at time 𝑡𝑡 (the fractional response 𝑞𝑞𝑖𝑖𝑖𝑖) 

against our treatment arms, namely RCC and TC: 

𝑞𝑞𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛿𝛿1𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛿𝛿2𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 + 𝛽𝛽𝑋𝑋𝑖𝑖,𝑡𝑡=0 + 𝜀𝜀𝑖𝑖𝑖𝑖  (8) 

 

where RCC and TC are binary response variables equal to 1 if a household took the corresponding 

credit and zero otherwise, X is a vector of households’ socioeconomic covariates measured at 

baseline and 𝜀𝜀 is the stochastic error term. This was first modeled as a fractional regression with 

logit link and then, for robustness test, as an OLS estimation. We then estimate a logit model for 

the binary response 𝑞𝑞𝚤𝚤𝚤𝚤� , equal to one if household i is deemed resilient at time 𝑡𝑡 and zero otherwise: 

 Pr�𝑞𝑞𝚤𝚤𝚤𝚤� = 1 �𝛵𝛵𝛵𝛵𝑖𝑖𝑖𝑖 ,𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 ,𝑋𝑋𝑖𝑖,𝑡𝑡=0� =  π(𝛼𝛼 + 𝛿𝛿1𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖 + 𝛿𝛿2𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 + 𝛽𝛽𝑋𝑋𝑖𝑖,𝑡𝑡=0 + 𝜀𝜀𝑖𝑖𝑖𝑖) (9) 

 
7 The observed noncompliance likely reflects the study’s design, which purposefully selected farmers from the 
general rural population rather than from among active or recent borrowers. While all participants were randomly 
assigned to credit groups and invited to informational meetings and trainings, some individuals may have required 
more time or familiarity to make borrowing decisions. This noncompliance itself highlights the extent of underlying 
credit rationing in rural Kenya. 
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where 𝜋𝜋 indicates that the error term (𝜀𝜀𝑖𝑖𝑖𝑖) follows a logistic distribution. One would quickly notice 

that RCC and TC in Equations (8) and (9) are endogenous, since, although assignment to either 

treatment arm was random and exogenous, uptake of the offered credit was not since this was left 

to the households’ choice. To control for this endogeneity in credit uptake, we first treat our data 

as observational data and use the entropy balancing for causal effects approach as proposed by 

Hainmueller (2012) to control for imperfect compliance (self-selection) bias. Unlike matching 

methods (including matching based on propensity scores) commonly used to improve the covariate 

balance between treatment and ‘control’ group ( Rosenbaum & Rubin, 1983; Ho et al., 2007; 

Sekhon, 2009), entropy balancing involves a reweighting scheme that directly incorporates 

covariate balance into the weight function that is applied into the sample units (Hainmueller, 2012; 

Hainmueller & Xu, 2013). We use the overall uptake (equal to one if a household took the credit 

offered, either RCC or TC, and zero otherwise) as the binary treatment variable for which 

balancing is needed.  

Additionally, we exploit the study’s experimental design and estimate ITT effects and LATEs 

on the continuous and binary measures of resilience. To estimate ITT effects, we use a simple 

means-difference (SMD) estimator: 

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛿𝛿𝑆𝑆𝑆𝑆𝑆𝑆1𝑅𝑅𝑅𝑅𝑅𝑅�𝑖𝑖 + 𝛿𝛿𝑆𝑆𝑆𝑆𝑆𝑆2𝑇𝑇𝑇𝑇�𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 (10) 

 

where 𝑦𝑦𝑖𝑖𝑖𝑖 is a measure of household 𝑖𝑖’s food security resilience at time 𝑡𝑡 (either 𝑞𝑞𝑖𝑖𝑖𝑖 or 𝑞𝑞𝚤𝚤𝚤𝚤�). We 

treat 𝑞𝑞𝑖𝑖𝑖𝑖 as a continuous variable and hence estimate ITT effects for this outcome using OLS, while 

ITT effects for the model with 𝑞𝑞𝚤𝚤𝚤𝚤�  as the outcome measure are estimated with the logit estimator. 

In equation (10), 𝑅𝑅𝑅𝑅𝑅𝑅� and 𝑇𝑇𝑇𝑇�  are exogenous treatment assignment variables equal to one if a 

household was randomly assigned to the group for the corresponding credit product and zero 
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otherwise. The SMD parameters of interest are 𝛿𝛿𝑆𝑆𝑆𝑆𝑆𝑆1 and 𝛿𝛿𝑆𝑆𝑆𝑆𝑆𝑆2which are the ITT effects for RCC 

and TC respectively. We estimate the ITT models with and without baseline households’ 

socioeconomic covariates (𝑋𝑋).  

To control for imperfect compliance and hence estimate the effect of credit uptake on 

households’ food security resilience, we use 2SLS to estimate LATEs. We use random assignment 

to the treatment arm as the excluded instrument for uptake, a near universal practice in RCTs with 

self-selection or imperfect compliance (Abadie & Cattaneo, 2018; Angrist & Pischke, 2008; F. L. 

Huang, 2018; Khandker et al., 2009; Soderbom et al., 2015). In the first stage, uptake of RCC and 

of TC are regressed against random assignment to either of the credit types or control group. Then, 

the fitted values of uptake are stored and then included in the second stage as the treatment 

variables. Food security resilience is estimated in the second stage instrumental variable equation 

as: 

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛿𝛿𝐼𝐼𝐼𝐼1𝑅𝑅𝑅𝑅𝑅𝑅�𝑖𝑖𝑖𝑖 + 𝛿𝛿𝐼𝐼𝐼𝐼2𝑇𝑇𝑇𝑇�𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 (11) 

 

where, in addition to already defined components, 𝑅𝑅𝑅𝑅𝑅𝑅�𝑖𝑖𝑖𝑖 and 𝑇𝑇𝑇𝑇�𝑖𝑖𝑖𝑖 are the respective uptake fitted 

values from first stage equations while 𝛿𝛿𝐼𝐼𝐼𝐼1 and 𝛿𝛿𝐼𝐼𝐼𝐼2 are the treatment effects parameters of 

interest. Like with ITT, LATE models are also estimated with and without baseline households’ 

socioeconomic covariates.  

6 Descriptive statistics and covariate balancing 

Table 32 presents the mean for the control group and the socioeconomic covariates balancing 

tests between treatments and control groups. The parenthesis in the control mean column contain 
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standard deviation while all the others contain standard errors from the respective regression 

estimations.  

The balance tests in Panel A assess the effectiveness of our randomization and experimental 

design. For these tests, we estimated a series of regressions where each selected covariate was 

regressed against the multinomial treatment assignment variable equal to zero for control, equal to 

one for RCC and equal to two for TC. Hence, control group is the omitted base category against 

which we compare the rest. Both the control group and the two treatment groups were statistically 

similar in almost all the selected covariates with the exemption of dependency ratio. The control 

group had a dependency ratio of about 87 percent while both RCC and TC groups’ dependency 

ratio was roughly 10 percentage points less. This difference was only marginally significant, with 

0.05 < 𝑝𝑝 < 0.10 for tests comparing both the RCC group and the TC group to the control. Further, 

we test for joint orthogonality (not in the table) where we model a multinomial logit with treatment 

category as the outcome variable and the selected baseline covariates as the predictors. The test 

for joint orthogonality yields a 𝑝𝑝-value of roughly 0.6 and hence we fail to reject the null hypothesis 

that the covariates are jointly orthogonal. This insinuates there was no significant selection bias in 

treatments assignment and any imbalances between treatment and control groups arise solely due 

to chance. Hence, we can have considerable confidence in the integrity of our experimental design. 

Nevertheless, to increase the precision of our treatment effect estimates and demonstrate the 

robustness of our results, we estimate our experimental models both with and without the 

covariates.  

Panel B assess the effectiveness of non-experimental treatment assignment using the treatment 

weights computed with entropy balancing for causal effects approach. We first regress all the 

selected baseline covariates against binary variables indicating RCC uptake and TC uptake. The 
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results of these estimations are shown in the ‘without treatment weights’ columns. The baseline 

dependency ratio for those who took RCC was 23 percentage points less than the rest. Those who 

took TC were seven percentage points more likely to be male, and their dependency ratio was 17 

percentage points lower than the rest. These statistical differences which would imperil causal 

inference disappear when the same regression models are estimated with treatment weights. This 

gives us confidence that the computed weights deliver comparable treatment and control groups 

and hence inclusion of these weights in our treatment effects estimations deals effectively with the 

eminent self-selection bias in the uptake of credit. 

Table 3: Households characteristics and covariate balancing: Balancing done with experimental 
and observational data approaches 

  Panel A - Experimental data approach  Panel B - Observational data approach  

 
Control 
mean 

 Treatments versus control  Without treatment weights  With treatment weights 

VARIABLES   
Assigned 
RCC 

Assigned 
TC   Took RCC  Took TC    Took RCC  Took TC  

Male head 0.78  0.028 0.02  0.043 0.070*  -0.003 0.022 

 (0.42)  (0.031) (0.031)  (0.042) (0.041)  (0.046) (0.045) 
Head age in years 56.54  0.111 -1.188  -0.251 -2.066  0.3 -1.41 

 (13.71)  (0.993) (1.023)  (1.302) (1.422)  (1.483) (1.608) 
Head age squared 3,384.65  -17.04 -141.45  -82.744 -255.010*  -6.55 -165.328 

 (1,548.70)  (112.525) (115.463)  (145.707) (154.462)  (161.091) (171.082) 
Years of education 8.63  -0.071 0.026  0.231 0.691  -0.081 0.282 

 (4.04)  (0.299) (0.292)  (0.384) (0.433)  (0.420) (0.470) 
Dependency ratio 87.23  -10.441* -10.822*  -23.221*** -16.595**  -7.416 -1.046 

 (87.29)  (6.146) (5.893)  (7.371) (7.687)  (7.875) (8.264) 
Credit rationed 0.53  -0.011 -0.016  -0.042 -0.069  0.004 -0.02 

 (0.50)  (0.038) (0.038)  (0.053) (0.056)  (0.061) (0.063) 
CRRA coefficient 0.40  0.004 -0.001  -0.006 -0.019  0.032 0.016 
  (0.24)   (0.018) (0.017)   (0.025) (0.026)   (0.030) (0.030) 

Note: *** p<0.01, ** p<0.05, * p<0.10 
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7 The role of RCC and traditional credit in promoting food security resilience 

7.1 ITT and LATE effects  

Table 43 presents the RCC and TC ITT effects and LATEs on the fractional response (Panel A) 

and binary response (Panel B) measures of food security resilience. In each of these models, 

increasing values of the dependent variable indicate higher degrees of resilience, since the 

fractional response variable indicates the probability that the CSI would exceed the minimum 

threshold, and the binary response indicates that a household’s probability of exceeding the 

minimum CSI threshold is at least 35 percent. All the models were estimated first without and then 

with baseline covariates as shown. We also test the null hypothesis that the difference between 

RCC and TC effects is not different from zero. This was done across all the models and the row 

for these tests is boldened and italicized.  

Considering the ITT columns (in both Panels A and B), random assignment to either RCC or 

TC had beneficial and statistically significant effects on enhancing food security resilience, both 

fractional and binary response. Assignment to either of the treatments increased the fractional 

response food security resilience, the probability of at least achieving 𝑊𝑊 = 5, by 0.3 percentage 

points, and this effect size is robust to the inclusion of baseline socioeconomic covariates (though 

the treatment effect is more precisely estimated when covariates are included). Considering Panel 

B, assignment to RCC increased the likelihood of being deemed resilient by about 3 percentage 

points, though this was only statistically significant (with 𝑝𝑝 < 0.1) when estimated with baseline 

covariates. Assignment to TC increased the likelihood of being deemed resilient by about 4.0 

percentage points.  

As would typically be expected, LATEs are qualitatively similar to ITT effects, though of a 

considerably higher magnitude. Looking first at the LATE estimates in Panel A, uptake of RCC 



25 

increased the probability of achieving at least 𝑊𝑊 = 5 by 1.3 percentage points, while uptake of TC 

increased the probability of achieving at least 𝑊𝑊 = 5 by about 1.5 percentage points. Considering 

the LATE columns in Panel B, uptake of RCC increased the likelihood of being deemed resilient 

by about 11 percentage points, though this treatment effect is only statistically significant (at 𝑝𝑝 <

0.1) when estimated with baseline covariates. Uptake of TC on the other hand increased the 

likelihood of being categorized as food security resilient by about 20 percentage points and this is 

statistically significant regardless of whether baseline covariates are included. 

Across all the models, we fail to find sufficient evidence to reject the null hypothesis that the 

difference in RCC and TC treatment effects was different from zero, despite some sizable 

differences in point estimates. Indeed, point estimates for treatment effects of TC are almost always 

and everywhere larger than those associated with RCC. This is somewhat surprising given the fact 

that RCC has an insurance component embedded within its product design, and implicitly 

insurance should enhance resilience since it allows for the transferal of some production risk. The 

fact that we can conclude that both RCC and TC influenced food security resilience equally may 

indicate that simply overcoming liquidity and credit constraints by expanding rural credit markets 

may enable farmers to invest in productive inputs like seeds and fertilizers that can increase 

production without substantial downside risks, thereby increasing household food supplies (and 

thus reducing the number of coping strategies households would have to employ) without 

concurrently increasing variance. 

To check for sensitivity of the desirable treatment effect reported above to the subjective choice 

of 𝑊𝑊, we estimate treatment effect on varying measures of resilience (𝑞𝑞𝑖𝑖𝑖𝑖) computed at all levels 

of 𝑊𝑊 – 1 to 8. As shown in Appendix Table A1 and A2, we estimate both ITT and LATE, first 

excluding baseline covariates (Table A1) and then including them (table A2). The results are 



26 

largely consistent with what we already reported with 𝑊𝑊 = 5. When estimated without baseline 

covariates (Table A1), RCC had positive and significant effect on food security measure computed 

at almost all levels of 𝑊𝑊 except for 𝑊𝑊 = 7 𝑎𝑎𝑎𝑎𝑎𝑎 8. Similarly, TC had a positive effect on security 

measure computed at all levels of 𝑊𝑊, but the effect was statistically significant only in the case of 

𝑊𝑊 = 5 𝑎𝑎𝑎𝑎𝑎𝑎 6.  When estimated with baseline covariates (Table A2), both RCC and TC had 

positive and statistically significant effect on food security measure computed at all levels of 𝑊𝑊 – 

with the exception of 𝑊𝑊 = 8 which was positive but not statistically significant.   

Table 4: RCC and TC treatment effects from ITT and LATE estimations 
VARIABLES Panel A  Panel B 
 Fractional response resilience  Binary response resilience 
 ITT SMD ITT SMD LATE LATE  ITT SMD ITT SMD LATE LATE 
RCC 0.003* 0.004*** 0.013* 0.014***  0.028 0.030* 0.106 0.115* 
 (0.002) (0.001) (0.007) (0.004)  (0.020) (0.015) (0.075) (0.058) 
Traditional credit 0.003* 0.003*** 0.015* 0.015***  0.044** 0.042*** 0.199** 0.196*** 
 (0.002) (0.001) (0.008) (0.005)  (0.019) (0.015) (0.086) (0.068) 
RCC=TC: Pvalue 0.967 0.886 0.687 0.652  0.333 0.336 0.199 0.166 
Baseline covariates No Yes No Yes  No Yes No Yes 
Constant 0.249*** 0.258*** 0.246*** 0.256***  -0.672*** -0.648*** -0.700*** -0.665*** 
 (0.002) (0.007) (0.003) (0.007)  (0.023) (0.103) (0.030) (0.102) 
Observations 2,008 2,008 2,008 2,008  2,015 2,008 2,015 2,008 
Number of HHID 1,042 1,042 1,042 1,042  1,046 1,042 1,046 1,042 
Overall R2 0.575 0.801 0.579 0.809  0.563 0.663 0.562 0.665 
Mean of control .339 .339 .339 .339  .447 .447 .447 .447 

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10 

7.2 Uptake effects estimated with entropy balancing treatment weights 

Table 54 presents RCC and TC treatment effects where dataset was treated as observational 

data and hence treatment effects were estimated with treatment weights computed via the entropy 

balancing approach. Columns (1) and (2) present the results for the probability that a household 

achieves or exceeds the normative minimum CSI or 𝑊𝑊=5. Column (1) shows results from a 

fractional outcome regression estimated by maximum pseudo-likelihood, and hence the marginal 

effects are also presented for ease of interpretation. Column (2) presents results of a similar model 

estimated by OLS, which we include to demonstrate the robustness of the results. Column (3) 
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reports the results for the binary resilience indicator, where households whose probability of 

achieving 𝑊𝑊 = 5 was at least 35 percent were deemed resilient while those whose probability of 

achieving at least 𝑊𝑊 = 5 was less than 35 percent were defined as not resilient. For this binary 

dependent variable model, we estimated a logit regression, and hence report marginal effects from 

this regression as well for ease of interpretation. All estimations include selected household 

socioeconomic covariates measured at baseline. Finally, across all the models, we test the null 

hypothesis that the difference between RCC and TC effects is not different from zero and the row 

for this test is boldened and italicized.  

Consistent with earlier results, the results in Table 4 indicate that uptake of both RCC and TC 

had beneficial and highly significant effects on enhancing food security resilience. Looking first 

at the marginal effects for the fractional response regression under column (1), those who took 

RCC increased their probability of at least achieving 𝑊𝑊 = 5 by 1.22 percentage points while those 

who took TC increased their probability of at least achieving 𝑊𝑊 = 5 by 1.18 percentage points. 

OLS estimation in column (2) yielded treatment effects which are equivalent to the treatment 

effects from the fractional response regression in terms of both magnitude and standard errors. 

Considering the logit regression margins under column (3), uptake of RCC and TC increased the 

likelihood of being food security resilient by 13.5 percent and 12.6 percent, respectively. 

Consistent with our earlier results, we do not have sufficient evidence to reject the null hypothesis 

that RCC and TC have equivalent treatment effects on increasing households’ food security 

resilience. We thus echo our earlier conclusion that the two types of credit products influenced 

households’ food security resilience equally. 

Similar to sensitivity checks for ITT and LATE above, we repeat the OLS estimation in Column 

2 of Table 4 but for food security measure computed at all levels of 𝑊𝑊 – we select the OLS 
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estimation here to represent all the other estimations using the entropy balancing weights since the 

results were consistent across the models. As shown in Appendix Table A3, the results are 

consistent with what we already found with 𝑊𝑊 = 5. Both RCC and TC had positive and 

statistically significant effect on food security measure computed at almost all levels of 𝑊𝑊 – with 

the exception of RCC’s effect on resilience computed with 𝑊𝑊 = 8, which was still positive but 

not statistically significant.   

As mentioned previously, we have used subjective rules here both to establish a minimum 

threshold above which households would be deemed to be food secure (namely, 𝑊𝑊 = 5) as well 

as to classify whether households are resilient (namely, if their probability of achieving or 

surpassing 𝑊𝑊 = 5 was at least equal to 35 percent). Since the magnitude of the results may be 

sensitive to these subjective choices, we have conducted sensitivity tests which fundamentally 

yield consistent results. The results reported here are valuable to the extent that they shed more 

light on the role of credit in promoting food security resilience among the smallholder households.  

  



29 

Table 5: RCC and TC treatment effects from fractional, OLS, and logit regressions with entropy 
balancing weights 

 (1)  (2) 
 

(3) 
 Fractional regression  OLS  Logit regression 
VARIABLES Coeff Margins  Coeff  Coeff Margins 
RCC 0.0550*** 0.0122***  0.0122***  2.1804*** 0.1353*** 
 (0.008) (0.002)  (0.002)  (0.382) (0.024) 
Traditional credit 0.0535*** 0.0118***  0.0118***  2.0271*** 0.1258*** 
 (0.008) (0.002)  (0.002)  (0.395) (0.022) 
RCC=TC: Pvalue 0.7086   0.8641  0.8641  
Male household head 0.0189** 0.0042**  0.0042**  1.2048*** 0.0748*** 
 (0.009) (0.002)  (0.002)  (0.382) (0.023) 
Household head age in years 0.0081*** 0.0018***  0.0017***  0.0549 0.0034 
 (0.002) (0.000)  (0.000)  (0.088) (0.005) 
Head’s age squared -0.0001*** -0.0000***  -0.0000***  -0.0012 -0.0001 
 (0.000) (0.000)  (0.000)  (0.001) (0.000) 
Head’s education in years -0.0146*** -0.0032***  -0.0033***  -0.4452*** -0.0276*** 
 (0.001) (0.000)  (0.000)  (0.059) (0.003) 
Dependency ratio 0.0002*** 0.0001***  0.0001***  0.0050** 0.0003** 
 (0.000) (0.000)  (0.000)  (0.002) (0.000) 
Credit rationed 0.1108*** 0.0245***  0.0246***  2.9619*** 0.1838*** 
 (0.006) (0.001)  (0.001)  (0.485) (0.024) 
CRRA coefficient -0.0756*** -0.0167***  -0.0167***  -2.5879*** -0.1606*** 
 (0.015) (0.003)  (0.003)  (0.633) (0.035) 
Panel time = 2 0.2760*** 0.0611***  0.0621***  7.8624*** 0.4880*** 
 (0.006) (0.001)  (0.001)  (0.638) (0.013) 
Constant -1.1417***   0.2352***  -9.8904***  
 (0.059)   (0.013)  (2.596)  
Observations 1,949 1,949  1,949  1,949 1,949 
Mean of control 0.339 0.339  0.339  0.447 0.447 

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.10 

8 Conclusion and policy implications 

This paper addresses an important policy issue which has not been examined in literature, namely 

the role of credit, both insurance-linked and traditional credit, in promoting household food 

security resilience. Unlike some previous studies, we identify resilience as higher-order dimension 

of household well-being different but related to other lower-order dimensions of household well-

being such as income or wealth. We adapt the innovative approach of measuring development 

resilience using the conditional moments approach proposed by Barrett & Constas (2014) and 

further operationalized by Cissé & Barrett (2018). We compute two resilience variables namely 

fractional response and binary indicator of resilience which we use to further examine whether and 
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to what extent credit enhances households’ resilience. Using experimental data from a randomized 

control trial in Machakos county, Kenya, we rely on simple means difference estimated with OLS 

to report ITT effects and 2SLS regression methods to report the LATEs to provide insights into 

the effect of credit uptake on resilience. Further, to demonstrate the robustness of our results from 

the raw experimental data, we also estimate credit treatment effects with entropy balancing 

treatment weights. We find generally low resilience among the sampled households, but there is 

compelling evidence that expanding rural credit markets could have a beneficial impact on 

enhancing households’ resilience to food insecurity. Random assignment to and uptake of either 

RCC or TC led to improved household resilience. LATEs based on experimental data and 

treatment effects based on entropy balanced data were consistent, providing a high degree of 

confidence in our results. Despite important differences in the two products (RCC and TC) we do 

not find that they yielded differential treatment effects on enhancing resilience, leading us to 

conclude that alleviating liquidity and/or credit constraints through expanded credit market access 

may be sufficient to increase households’ resilience to food insecurity, at least at the low levels of 

resilience observed in our sample.  

Our findings in this paper have some implications for policy and industry. First, by directly 

linking credit uptake with household food security resilience, we recommend that the state and 

non-state actors concerned with building the resilience of rural communities should consider credit 

for agricultural production as a viable tool. Secondly, considering resilience as either capacity to 

bounce back after a shock(s) or to not fall (to poor living standards) in the face of shocks, those 

involved in policy and program formulation to help rural communities cope with major covariate 

shocks such as drought should consider enhancing credit access for such communities as a way of 

building their resilience. This extends to households’ idiosyncratic shocks, particularly considering 
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that the methods used here to measure resilience do not identify a specific shock but an aggregate 

of shocks that face a household. Thirdly, although we do not find significant difference between 

the RCC and TC effects on households food security resilience, recent studies have already 

indicated that linking insurance to credit leads to higher uptake of agricultural production credits 

and increased investments in productive inputs (Bellissa et al., 2020; Gallenstein et al., 2021; 

Mishra et al., 2020; Ndegwa et al., 2020; Ndegwa et al., 2025; Kramer et al., 2024). As such, 

governments, development agencies as well as financial institutions should consider designing and 

promoting safer and cheaper investment credits for the rural farming communities as a way of 

achieving widespread well-being and resilience.  

Finally, in this study, we assess food security resilience, but the literature gap is wide. Further 

areas of related investigation remain. For instance, other forms of resilience beyond food security 

could be assessed, as well as developing a composite measure of resilience. Further, we do not 

believe that our assessment of credit influence on resilience is conclusive. Other types of credit 

and different contexts could be assessed, employing a variety of other research and analytical 

methods. Similarly, the role of other interventions, besides credit, in building resilience could be 

assessed. We also recommend similar analysis but with longer experimental panel, especially 

given that the use of lagged well-being variable to compute resilience left us with two-out of three 

time periods for analysis.  

 

  



32 

9 References 

Abadie, A., & Cattaneo, M. D. (2018). Econometric Methods for Program Evaluation. Annual 
Review of Economics, 10, 465–503. 

Abdallah, A. H., Ayamga, M., & Awuni, J. A. (2019). Impact of agricultural credit on farm 
income under the Savanna and Transitional zones of Ghana. Agricultural Finance Review, 
79(1), 60–84. 

Ali, A., & Abdulai, A. (2010). The adoption of genetically modified cotton and poverty 
reduction in Pakistan. Journal of Agricultural Economics, 61(1), 175–192. 
https://doi.org/10.1111/J.1477-9552.2009.00227.X;CTYPE:STRING:JOURNAL 

Angrist, J. D. (2006). Instrumental variables methods in experimental criminological research: 
What, why and how. Journal of Experimental Criminology, 2(1), 23–44. 

Angrist, J. D., & Pischke, J.-S. (2008). Mostly Harmless Econometrics : An Empiricist’s 
Companion. In Massachusettts I nstitute of Technology and The London school of 
Economics. 

Antle, J. M. (1983). Testing the Stochastic Structure of Production: A Flexible Moment-Based 
Approach. Journal of Business & Economic Statistics, 1(3), 201. 
https://doi.org/10.2307/1391337 

Antman, F., & Mckenzie, D. (2007). Poverty traps and Nonlinear Income Dynamics with 
Measurement Error and Individual Heterogeneity #. The Journal of Development Studies, 
43(6), 1057–1083. 

Atamja, L., & Yoo, S. (2021). Credit Constraint and Rural Household Welfare in the Mezam 
Division of the North-West Region of Cameroon. Sustainability, 13(11), 5964. 
https://doi.org/10.3390/SU13115964 

Baiyegunhi, L., Fraser, G., & Darroch, M. (2010). Credit constraints and household welfare in 
the Eastern Cape Province, South Africa. African Journal of Agricultural Research , 5(16), 
2243–2252. 
https://www.researchgate.net/publication/228339255_Credit_constraints_and_household_w
elfare_in_the_Eastern_Cape_Province_South_Africa 

Barrett, C. B., & Carter, M. R. (2013). The Economics of Poverty Traps and Persistent Poverty: 
Empirical and Policy Implications. Journal of Development Studies, 49(7), 976–990. 
https://doi.org/10.1080/00220388.2013.785527;CSUBTYPE:STRING:SPECIAL;PAGE:ST
RING:ARTICLE/CHAPTER 

Barrett, C. B., & Constas, M. A. (2014). Toward a theory of resilience for international 
development applications. Proceedings of the National Academy of Sciences of the United 
States of America, 111(40), 14625–14630. https://doi.org/10.1073/pnas.1320880111 

Barrett, C. B., Marenya, P. P., Mcpeak, J., Minten, B., Murithi, F., Oluoch-Kosura, W., Place, F., 
Randrianarisoa, J. C., Rasambainarivo, J., & Wangila, J. (2006). Welfare dynamics in rural 
Kenya and Madagascar. The Journal of Development Studies, 42(2), 248–277. 
https://doi.org/10.1080/00220380500405394 



33 

Bellissa, R., Lensink, R., & Winkel, A. (2020). Effects of index insurance on demand and supply 
of credit: evidence from Ethiopia. American Journal of Agricultural Economics, 102(5), 
1511–1531. 

Binswanger, H. P., & Rosenzweig, M. R. (1986). Behavioural and material determinants of 
production relations in agriculture. The Journal of Development Studies, 22(3), 503–539. 
https://doi.org/10.1080/00220388608421994 

Bocher, T. F., Alemu, B. A., & Kelbore, Z. G. (2017). Does access to credit improve household 
welfare? Evidence from Ethiopia using endogenous regime switching regression. African 
Journal of Economic and Management Studies, 8(1), 51–65. 
https://doi.org/10.1108/AJEMS-03-2017-145 

Boucher, S. R., Guirkinger, C., & Trivelli, C. (2009). Direct Elicitation of Credit Constraints: 
Conceptual and Practical Issues with an Application to Peruvian Agriculture. Economic 
Development and Cultural Change, 57(4), 609–640. 

Bury, K. (1999). Statistical Distributions in Engineering. Cambridge University Press. 
https://doi.org/10.2307/2685598 

Carter, M. R., & Ikegami, M. (2007). Looking Forward: Theory-Based Measures of Chronic 
Poverty and Vulnerability. In SSRN Electronic Journal (94; Chronic Poverty Research 
Centre Working). Elsevier BV. https://doi.org/10.2139/SSRN.1629286 

Chaudhuri, S. (2003). Assessing vulnerability to poverty: concepts, empirical methods and 
illustrative examples. http://www.econdse.org/wp-content/uploads/2012/02/vulnerability-
assessment.pdf 

Christiaensen, L. J., & Subbarao, K. (2005). Towards an Understanding of Household 
Vulnerability in Rural Kenya. Journal of African Economies, 14(4), 520–558. 
https://doi.org/10.1093/JAE/EJI008 

Cissé, J. D., & Barrett, C. B. (2018). Estimating development resilience: A conditional moments-
based approach. Journal of Development Economics, 135, 272–284. 
https://doi.org/10.1016/J.JDEVECO.2018.04.002 

Demont, M., & Stein, A. J. (2013). Global value of GM rice: a review of expected agronomic 
and consumer benefits. New Biotechnology, 30(5), 426–436. 
https://doi.org/10.1016/J.NBT.2013.04.004 

Dong, F., Liu, J., & Featherstone, A. (2010). Effects of Credit Constraints on Productivity and 
Rural Household Income in China Recommended Citation CORE View metadata, citation 
and similar papers at core (507; CARD Working Papers). 
http://lib.dr.iastate.edu/card_workingpapers/507 

Duflo, E., Glennerster, R., & Kremer, M. (2007). Using Randomization in Development 
Economics Research: A Toolkit. In Handbook of Development Economics, Vol 4, Chapter 
61 (pp. 3895–3962). 

Emerick, K., De Janvry, A., Sadoulet, E., & Dar, M. H. (2016). Technological innovations, 
downside risk, and the modernization of agriculture. American Economic Review, 106(6), 
1537–1561. https://doi.org/10.1257/AER.20150474 



34 

Evenson, R. E., & Gollin, D. (2003). Assessing the Impact of the Green Revolution, 1960 to 
2000. Science, 300(5620), 758–762. https://doi.org/10.1126/SCIENCE.1078710 

Feder, G., Lau, L. J., Lin, J. Y., & Luo, X. (1990). The Relationship between Credit and 
Productivity in Chinese Agriculture: A Microeconomic Model of Disequilibrium. American 
Journal of Agricultural Economics, 72(5), 1151–1157. https://doi.org/10.2307/1242524 

Fletschner, D., Guirkinger, C., & Boucher, S. (2010). Risk, Credit Constraints and Financial 
Efficiency in Peruvian Agriculture. The Journal of Development Studies, 46(6), 981–1002. 
https://doi.org/10.1080/00220380903104974 

Gallenstein, R., Flatnes, J. E., Dougherty, J., Abdou, S., & Mishra, K. (2021). The impact of 
index‐insured loans on credit market participation and risk‐taking. Agricultural Economics, 
52(1), 141–156. 

Gruere, G. P., & Sun, Y. (2012). Measuring the Contribution of Bt Cotton Adoption to India’s 
Cotton Yields Leap (01170; IFPRI Discussion Paper). 

Guirkinger, C., & Boucher, S. R. (2008). Credit constraints and productivity in Peruvian 
agriculture. Agricultural Economics, 39(3), 295–308. https://doi.org/10.1111/j.1574-
0862.2008.00334.x 

Hainmueller, J. (2012). Entropy Balancing for Causal Effects: A Multivariate Reweighting 
Method to Produce Balanced Samples in Observational Studies. Political Analysis, 25–46. 
https://doi.org/10.2139/SSRN.1904869 

Hainmueller, J., & Xu, Y. (2013). ebalance: A Stata Package for Entropy Balancing.  Journal of 
Statistical Software, 54(7). http://www.jstatsoft.org/ 

Ho, D. E., Imai, K., King, G., Stuart, E. A., Abadie, A., Beck, N., Cook, S., Diamond, A., 
Hansen, B., Imbens, G., Lau, O., Lenz, G., Rosenbaum, P., & Rubin, D. (2007). Matching 
as Nonparametric Preprocessing for Reducing Model Dependence in Parametric Causal 
Inference. Political Analysis, 15, 199–236. https://doi.org/10.1093/pan/mpl013 

Hoddinott, J., & Quisumbing, A. (2010). Methods for Microeconometric Risk and Vulnerability 
Assessment. In R. Fuentes-Nieva & P. A. Seck (Eds.), Risk, Shocks, and Human 
Development (pp. 62–100). Palgrave Macmillan. 

Huang, F. L. (2018). Using Intrumental Variable Estimation to Evaluate Randomized 
Experiments with Imperfect Compliance. Practical Assessment, Research and Evaluation, 
23(2). 

Huang, J., Hu, R., Rozelle, S., & Pray, C. (2005). Insect-resistant GM rice in farmers’ fields: 
Assessing productivity and health effects in China. Science, 308(5722), 688–690. 
https://doi.org/10.1126/science.1108972 

Iddrisu, A., Ansah, I. G. K., & Nkegbe, P. K. (2017). Effect of input credit on smallholder 
farmers’ output and income: Evidence from Northern Ghana. Agricultural Finance Review, 
78(1), 98–115. 

IFAD. (2016). Rural Development Report 2016. Fostering inclusive rural transformation. 
International Fund for Agricultural Development. 



35 

https://www.ifad.org/en/web/knowledge/publication/asset/39240288 

Juma Calestous. (2015). The New Harvest : Agricultural Innovation in Africa (Issue February 
2019). Oxford University Press. https://global.oup.com/academic/product/the-new-harvest-
9780190237233 

Just, R. E., & Pope, R. D. (1979). Production Function Estimation and Related Risk 
Considerations. American Journal of Agricultural Economics, 61(2), 276–284. 
https://doi.org/10.2307/1239732 

Khandker, S., B. Koolwal, G., & Samad, H. (2009). Handbook on Impact Evaluation: 
quantitative methods and practices. The World Bank. 

Kramer, B., Pattnaik, S., Ward, P. S., & Xu, Y. (2024). Impacts of an Innovative Credit + 
Insurance Bundle for Marginalized Farmers Evidence from a Cluster Randomized Trial in 
Odisha, India (2288; IFPRI Discussion Paper). 

Krishna, V. V., & Qaim, M. (2012). Bt cotton and sustainability of pesticide reductions in India. 
Agricultural Systems, 107, 47–55. https://doi.org/10.1016/J.AGSY.2011.11.005 

Lokshin, M., & Ravallion, M. (2004). Household income dynamics in two transition economies. 
Studies in Nonlinear Dynamics and Econometrics, 8(3), 1–33. https://doi.org/10.2202/1558-
3708.1182 

Martey, E., Wiredu, A. N., Etwire, P. M., & Kuwornu, J. K. M. (2019). The impact of credit on 
the technical efficiency of maize-producing households in Northern Ghana. Agricultural 
Finance Review, 79(3), 304–322. 

Mishra, K., Gallenstein, R. A., Miranda, M. J., Sam, A. G., Toledo, P., & Mulangu, F. (2020). 
Insured Loans and Credit Access: Evidence from a Randomized Field Experiment in 
Nothern Ghana. American Journal of Agricultural Economics, 103(3), 923–943. 

Muhamma, A. S., & Jan, A. F. (2011). The Impact of Agricultural Credit on Agricultural 
Productivity in Dera Ismail Khan (District) Khyber Pakhtonkhawa Pakistan. European 
Journal of Business and Management, 3(2), 1–7. 

Nam, K., Pyun, C. S., & Arize, A. C. (2002). Asymmetric mean-reversion and contrarian profits: 
ANST-GARCH approach. Journal of Empirical Finance, 9(5), 563–588. 
https://doi.org/10.1016/S0927-5398(02)00011-7 

Nam, K., Pyun, C. S., & Avard, S. L. (2001). Asymmetric reverting behavior of short-horizon 
stock returns: An evidence of stock market overreaction. Journal of Banking & Finance, 
25(4), 807–824. https://doi.org/10.1016/S0378-4266(00)00110-2 

Nam, K., Pyun, C. S., & Kim, S. W. (2003). Is asymmetric mean-reverting pattern in stock 
returns systematic? Evidence from Pacific-basin markets in the short-horizon. Journal of 
International Financial Markets, Institutions and Money, 13(5), 481–502. 
https://doi.org/10.1016/S1042-4431(03)00019-2 

Ndegwa, M. K., Shee, A., Ward, P. S., Liu, Y., Turvey, C. G., & You, L. (2024). Impact of risk-
contingent credit and traditional credit on smallholdersâ€TM agricultural investment and 
productivity: Experimental evidence from Kenya. In IFPRI discussion papers (02303; 



36 

IFPRI Discussion Paper). International Food Policy Research Institute (IFPRI). 
https://ideas.repec.org/p/fpr/ifprid/2303.html 

Ndegwa, M., Shee, A., Turvey, C., & You, L. (2020). Uptake of Insurance-Embedded Credit in 
Presence of Credit Rationing: Evidence from a Randomized Controlled Trial in Kenya. 
Agriculturual Finance Review, 80(5), 745–766. 

Nkegbe, P. K. (2018). Credit access and technical efficiency of smallholder farmers in Northern 
Ghana: Double bootstrap DEA approach. Agricultural Finance Review, 78(5), 626–639. 

Nordjo, R. E., & Adjasi, C. K. D. (2019). The impact of credit on productivity of smallholder 
farmers in Ghana. Agricultural Finance Review, 80(1), 91–109. 

Petrick, M. (2004). Farm investment, credit rationing, and governmentally promoted credit 
access in Poland: a cross-sectional analysis. Food Policy, 29(3), 275–294. 
https://doi.org/10.1016/J.FOODPOL.2004.05.002 

Pingali, P. (2007). Agricultural Mechanization: Adoption Patterns and Economic Impact. In R. 
Evenson & P. Pingali (Eds.), Handbook of Agricultural Economics (pp. 2779–2805). 
Elsevier. 

Quach, M. H., & Mullineux, A. W. (2007). The Impact of Access to Credit on Household 
Welfare in Rural Vietnam. Research in Accounting in Emerging Economies, 7, 275–302. 
https://doi.org/10.1016/S1479-3563(06)07014-9 

Rosenbaum, P. R., & Rubin, D. B. (1983). The central role of the propensity score in 
observational studies for causal effects. Biometrika, 70(1), 41–55. 
https://doi.org/10.1093/biomet/70.1.41 

Schoengold, K., & Zilberman, D. (2007). The Economics of Water, Irrigation, and Development. 
In R. Evenson & P. Pingali (Eds.), Handbook of Agricultural Economics (pp. 2933–2977). 
Elsevier. 

Sekhon, J. S. (2009). Opiates for the Matches: Matching Methods for Causal Inference. Annual 
Review of Political Science, 12, 487–508. 
https://doi.org/10.1146/ANNUREV.POLISCI.11.060606.135444 

Serletis, A., & Rosenberg, A. A. (2009). Mean reversion in the US stock market. Chaos, Solitons 
& Fractals, 40(4), 2007–2015. https://doi.org/10.1016/J.CHAOS.2007.09.085 

Shee, A., Pervez, S., & Turvey, C. G. (2018). Heterogeneous Impacts of Credit Rationing on 
Agricultural Productivity: Evidence from Kenya. Agricultural & Applied Economics 
Association Annual Meeting. 

Shee, A., & Turvey, C. G. (2012). Collateral-free lending with risk-contingent credit for 
agricultural development: Indemnifying loans against pulse crop price risk in India. 
Agricultural Economics, 43(5), 561–574. 

Shee, A., Turvey, C. G., & Woodard, J. (2015). A field study for assessing risk-contingent credit 
for Kenyan pastoralists and dairy farmers. Agricultural Finance Review, 75(3), 330–348. 

Shee, A., Turvey, C. G., & You, L. (2019). Design and rating of risk-contingent credit for 



37 

balancing business and financial risks for Kenyan farmers. Applied Economics, 51(50), 
5447–5465. 

Si, C., Luo, E.-G., Alita, L., Xiao, H., & Feng-Ying, N. (2021). Impacts of formal credit on rural 
household income: Evidence from deprived areas in western China. Journal of Integrative 
Agriculture, 2021(4), 927–942. https://doi.org/10.1016/S2095-3119(20)63484-0 

Soderbom, M., Teal, F., Eberhardt, M., Quinn, S., & Zeitlin, A. (2015). Empirical Development 
Economics. Routledge. 

Tran, M. C., Gan, C., & Hu, B. (2016). Credit constraints and their impact on farm household 
welfare: Evidence from Vietnam’s North Central Coast region. International Journal of 
Social Economics, 43(8), 782–803. https://doi.org/10.1108/IJSE-11-2014-0243 

Ward, P. S. (2016). Transient Poverty, Poverty Dynamics, and Vulnerability to Poverty: An 
Empirical Analysis Using a Balanced Panel from Rural China. World Development, 78, 
541–553. https://doi.org/10.1016/J.WORLDDEV.2015.10.022 

Zaharia, S., Masters, W. A., Shively, G. E., Ghosh, S., & Webb, P. (2021). Measuring Resilience 
as Asymmetric Mean Reversion. 
https://sites.tufts.edu/willmasters/files/2021/01/ZahariaEtAl_Resilience_15Jan2021.pdf 

Zeller, M., Diagne, A., & Mataya, C. (1998). Market access by smallholder farmers in Malawi: 
implications for technology adoption, agricultural productivity and crop income. 
Agricultural Economics, 19(1–2), 219–229. https://doi.org/10.1111/J.1574-
0862.1998.TB00528.X 

Zimmerman, F. J., & Carter, M. R. (2003). Asset smoothing, consumption smoothing and the 
reproduction of inequality under risk and subsistence constraints. Journal of Development 
Economics, 71(2), 233–260. 

  



38 

Appendices  

Table A1: Sensitivity analysis for RCC and TC ITT and LATE – estimated for resilience computed at all levels of W-bar (1 to 8) – without baseline covariates 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) 
Variables W-

BAR1 
ITT 

W-
BAR1 
LATE 

W-
BAR2 

ITT 

W-
BAR2 
LATE 

W-
BAR3 

ITT 

W-
BAR3 
LATE 

W-
BAR4 

ITT 

W-
BAR4 
LATE 

W-
BAR5 

ITT 

W-
BAR5 
LATE 

W-
BAR6 

ITT 

W-
BAR6 
LATE 

W-
BAR7 

ITT 

W-
BAR7 
LATE 

W-
BAR8 

ITT 

W-
BAR8 
LATE 

RCC 0.011* 0.042* 0.009* 0.034* 0.007* 0.026* 0.005* 0.019* 0.003* 0.013* 0.002 0.008* 0.001 0.004 0 0.001 
  (0.006) (0.023) (0.005) (0.018) (0.004) (0.014) (0.003) (0.01) (0.002) (0.007) (0.001) (0.005) (0.001) (0.004) (0.001) (0.004) 
Traditional 
credit 

0.008 0.038 0.007 0.031 0.005 0.024 0.004 0.019 0.003* 0.015* 0.002* 0.011* 0.002 0.007 0.001 0.004 

  (0.006) (0.027) (0.005) (0.021) (0.003) (0.016) (0.003) (0.012) (0.002) (0.008) (0.001) (0.006) (0.001) (0.004) (0.001) (0.004) 
Observations 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 
Overall R2  0.462 0.464 0.486 0.488 0.515 0.518 0.549 0.552 0.575 0.579 0.564 0.567 0.458 0.461 0.249 0.251 
Baseline 
covariates 

No No No No No No No No No No No No No No No No 

Mean of 
control 

.627 .627 .52 .52 .445 .445 .386 .386 .339 .339 .3 .3 .267 .267 .239 .239 

Note: Robust standard errors are in parentheses. *** p<.01, ** p<.05, * p<.1 
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Table A2: Sensitivity analysis for RCC and TC ITT and LATE – estimated for resilience computed at all levels of W-bar (1 to 8) – with baseline covariates 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) 
Variables W-

BAR1 
ITT 

W-
BAR1 
LATE 

W-
BAR2 

ITT 

W-
BAR2 
LATE 

W-
BAR3 

ITT 

W-
BAR3 
LATE 

W-
BAR4 

ITT 

W-
BAR4 
LATE 

W-
BAR5 

ITT 

W-
BAR5 
LATE 

W-
BAR6 

ITT 

W-
BAR6 
LATE 

W-
BAR7 

ITT 

W-
BAR7 
LATE 

W-
BAR8 

ITT 

W-
BAR8 
LATE 

RCC 0.01**
* 

0.040**
* 

0.008**
* 

0.033**
* 

0.007**
* 

0.026**
* 

0.005**
* 

0.019**
* 

0.004**
* 

0.014**
* 

0.002**
* 

0.009**
* 

0.001* 0.005* 0.001 0.002 

  (0.004) (0.014) (0.003) (0.011) (0.002) (0.008) (0.001) (0.006) (0.001) (0.004) (0.001) (0.003) (0.001) (0.003) (0.001
) 

(0.003
) 

Traditional 
credit 

0.008*
* 

0.039** 0.007** 0.032** 0.005** 0.025**
* 

0.004**
* 

0.02*** 0.003**
* 

0.015**
* 

0.002**
* 

0.011**
* 

0.002*
* 

0.007*
* 

0.001 0.004 

  (0.004) (0.017) (0.003) (0.013) (0.002) (0.01) (0.001) (0.007) (0.001) (0.005) (0.001) (0.003) (0.001) (0.003) (0.001
) 

(0.004
) 

Observation
s 

2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 2008 

Overall R2  0.724 0.731 0.745 0.753 0.770 0.779 0.795 0.803 0.801 0.809 0.751 0.758 0.585 0.590 0.327 0.329 
Baseline 
covariates 

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Mean of 
control 

.627 .627 .52 .52 .445 .445 .386 .386 .339 .339 .3 .3 .267 .267 .239 .239 

Note: Robust standard errors are in parentheses. *** p<.01, ** p<.05, * p<.1 
 

Table A3: Sensitivity analysis for RCC and TC uptake effect estimated with entropy balancing weights – estimated for resilience computed at all levels of W-
bar (1 to 8) – with baseline covariates 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Variables W-BAR1 W-BAR2 W-BAR3 W-BAR4 W-BAR5 W-BAR6 W-BAR7 W-BAR8 
Took RCC 0.037*** 0.030*** 0.023*** 0.017*** 0.012*** 0.008*** 0.004*** 0.002 
  (0.005) (0.004) (0.003) (0.002) (0.002) (0.001) (0.001) (0.001) 
Took TC 0.033*** 0.027*** 0.021*** 0.016*** 0.012*** 0.008*** 0.005*** 0.003** 
  (0.006) (0.005) (0.003) (0.002) (0.002) (0.001) (0.001) (0.001) 
Observations 1949 1949 1949 1949 1949 1949 1949 1949 
R2  0.707 0.731 0.754 0.775 0.781 0.741 0.594 0.334 
Baseline covariates Yes Yes Yes Yes Yes Yes Yes Yes 
Mean of control .627 .52 .445 .386 .339 .3 .267 .239 
Note: Standard errors are in parentheses. *** p<.01, ** p<.05, * p<.1 
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