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Abstract

Rural microfinance must contend with the triple chal-

lenges of isolation, small-scale transactions, and risk.

These challenges result in information asymmetries

and transaction costs that render markets for financial

services costly or missing. This paper examines how

emerging digital technologies (e.g., mobile money, digi-

tal credit scoring, and earth observation) can reshape

rural markets for savings, credit, and insurance ser-

vices, especially in developing countries. Although our

synthesis of the literature suggests reason for hope in

all three domains, the imperfections of these digital

technologies require evaluation and oversight if the

resulting rural financial system is to be more efficient

and equitable than its predecessor.
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Savings, credit, and insurance transactions serve to move money from times of plenty to times of
constraint. For a household experiencing an economic shock and needing liquidity, savings moves
money from past earnings to the present, whereas credit does the opposite, moving money from
future expected earnings to repay the loan towards the present of need. As a repeated transaction,

Received: 30 November 2020 Accepted: 30 November 2020

DOI: 10.1002/aepp.13151

© 2021 Agricultural & Applied Economics Association.

Appl Econ Perspect Policy. 2021;1–25. wileyonlinelibrary.com/journal/aepp 1

http://wileyonlinelibrary.com/journal/aepp


insurance does both, pooling premiums from the past and the future to the present. Insurance also
pools premiums across individuals at a single point in time.

The flows of information and money required to complete these transactions, however, are
constrained by three critical features that typify many conventional rural microfinance environ-
ments: isolation, scale, and risk. Isolation refers to how communities with low-quality transpor-
tation and communication infrastructure confront high frictions to moving people, goods,
funds, and information. Second, the challenge of scale reflects the often small magnitude and
volume of transactions that occur in many rural, low-income environments, although the fixed
costs of collecting information remain large per-financial transaction dollar (i.e., per dollar
saved, loaned, or insured). This mismatch diminishes the attractiveness of providing financial
services in rural environments. Third, risk pervades the dominant economic activity in many
rural areas, that is, agriculture. Over the months needed for inputs to become saleable outputs,
a smallholder agriculturalist is likely to encounter random, exogenous market and weather fluc-
tuations that can render the task of discerning who can repay credit challenging, even without
layering on an individual's willingness to repay a given lender.

Separately and together, these three features of isolation, scale, and risk limit the terms, the
availability, and the cost of standard, formal financial instruments. These features also render
access to financial services unattractive if not impossible for low-asset individuals in sparsely
populated and poorly connected rural areas. In short, rural financial markets can perform
poorly (failing to equalize the cost of capital across different households and producers) and in
a way that is biased against low-wealth individuals who are most likely to suffer the conse-
quences of isolation, small transaction sizes, and risk.

This paper focuses on three digital technologies—mobile payment systems, digital credit
scoring, and satellite remote sensing—and their applications to addressing isolation, scale, and
risk in rural microfinance, grounded especially within the context of smallholder agriculture in
Sub-Saharan Africa. By mobile payments we refer to transactions conducted from mobile
devices that obviate the need to visit brick-and-mortar institutions. Digital credit scoring refers
to the use of nontraditional data (i.e., information beyond previous “formal” credit history; for
example, utility data or mobile phone calling metadata) to predict individual default risk and
determine credit terms. Finally, earth observation encompasses collecting information about
the earth's physical and social systems with remote sensing techniques. The data from these
and other rapidly expanding digital technologies chip away at previously difficult-to-observe
phenomena: Digital footprints from mobile phone use may provide clues about the level and
stability of our cash flows. Similarly, satellite imagery offers signals at ever finer spatial and
temporal resolution about the conditions of crops and communities.

Whereas existing literature separately considers the impact of such digital technologies on
savings, credit, and insurance (see, e.g., Carter et al., 2017; Francis et al., 2017; Suri, 2017), this
paper considers how these technological advances are reshaping rural microfinance writ large,
meaning the suite of financial services made available to lower-wealth rural households whose
savings, credit, and insurance demands are individually small, typically in the tens or hundreds
of dollars. The remainder of this paper is organized as follows. We first examine the impact of
mobile money on these three constraints, especially for savings and insurance. The following
section then delves into rural credit, discussing how digital technologies might enhance credit
access and reduce nonprice rationing. We then discuss the same issues for agricultural insur-
ance markets. The final section concludes by reflecting on the limitations of digital solutions for
the fundamental problems of rural microfinance and considers the role of regulatory and qual-
ity standards to help them fulfill their promises.
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MOBILE MONEY AND RURAL ISOLATION

Mobile money systems enable financial transactions to occur from increasingly available mobile
devices. Sometimes touted as “a bank in one's pocket,” mobile money has been considered one
of the single largest contributors to financial inclusion over the last decade (Demirguc-Kunt
et al., 2018). Although some mobile money systems rely on a distributed agent network for the
‘last mile’ of money transmission, the contrast to conventional banking, especially for rural
individuals, remains stark.

The costs of rural individuals moving physical money into brick-and-mortar bank accounts
are frequently high, especially since many developing regions have often less than 2–10 com-
mercial banks per 100,000 people, as compared with the 20–30 banks per 100,000 people found
in the US and European countries (IMF, 2019). Furthermore, the banks that do exist tend to be
concentrated in urban areas, and the quality of infrastructure linking rural and urban areas
tends to be low, resulting in costly trips to make safe deposits. In such an environment, both
the direct expenses incurred for moving money around and the foregone alternative opportuni-
ties one could have pursued in that time render most physical formal banking systems impracti-
cal for individuals in remote areas.

Digital money transmission systems can facilitate a form of space-time compression,
replacing the need for individuals to visit distant brick and mortar institutions with a network
of more proximate, well-dispersed nodes of mobile money or banking agent networks. Aside
from the numerous banking systems with mobile extensions, distinct mobile money services
are both prevalent and increasing: By 2018, 272 mobile money services had been deployed in
90 countries from Afghanistan to Zambia, with many more under development. Although
mobile money also has its largest presence in urban environments, the Global System for
Mobile Communications Association (GSMA)—which represents over 750 mobile operators
worldwide—found that over half of mobile money operators responding to their 2018 survey
had a product targeted to rural customers or intended to launch one in the year ahead (Pasti,
2019). The following subsections examine how the advent and expansion of mobile money sys-
tems interacts with and influences the use of both formal and informal financial instruments.

Despite this rapid expansion of mobile money, significant heterogeneity exists on the gro-
und among providers and the quality of service they offer, ranging from the transparency about
the fees they charge to the extent they address fundamental security vulnerabilities (Castle
et al., 2016; Reaves et al., 2017). As a response to this variation, GSMA launched a Mobile
Money Certification in 2018 that, among other goals, seeks to enhance the reliability and secu-
rity of mobile money service provision (GSMA, 2018). As of early 2020, providers responsible
for nearly 150 million mobile money accounts have been certified, which equates to roughly
20% of mobile money subscriptions as of 2018. Although the certification is still new and likely
to evolve, its launch marks an important step towards establishing minimum performance stan-
dards and consumer protection measures within the industry.

Mobile money for informal & formal insurance

Mobile money can affect an individual's ability to overcome rural isolation in times of need by
more easily accessing their own savings in formal institutions or, in some cases, the savings of
friends and family. A small but provocative literature indicates that mobile money systems can
help mitigate the impacts of adverse shocks. Drawing upon the staggered roll-out of M-PESA
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across Kenya for identification, Jack and Suri (2014), for example, find that negative income
shocks did not affect the consumption patterns for Kenyan households using mobile money,
whereas nonmobile money users reduced consumption 7%–10%. Consistent with a theoretical
examination of the role of transaction costs in consumption smoothing, their empirical analysis
revealed that enhanced remittances serve as the channel for this consumption cushion: mobile
money users were 13% more likely to receive remittances than their nonmobile money ana-
logues, and the amounts received were both larger as well as from a more diverse source of indi-
viduals throughout their social network. In a panel analysis, Riley (2018) finds similar
consumption smoothing impacts of mobile money among Tanzanian households who recently
experienced village-level rainfall shocks. Similarly, Blumenstock et al. (2016) find evidence that
mobile systems can enable people to swiftly respond to shocks: following a large earthquake in
Rwanda, individuals living close to the epicenter received statistically larger transfers of phone
credit (airtime) and conducted more phone calls relative to those further away. Although the
country lacked an operational mobile money system at the time, the discernible difference in
transfers of airtime credits and information is suggestive of alternative strategies to coping with
an earthquake's aftermath. Despite the fact that the findings from this and other studies seem
promising, evidence to date indicates that mobile money for remittances still tends be concen-
trated among wealthier populations who may have alternative risk mitigation options, and in
general, the amounts delivered through mobile money are relatively small (Bharadwaj
et al., 2019; Blumenstock et al., 2016; Costa et al., 2015).1

Although the amounts of money transferred directly via mobile tend to be small, mobile
money can facilitate other financial transactions that may more effectively help manage risk.
The Index-Based Livestock Insurance (IBLI) program in arid range lands of Northern Kenya
(see Chantarat et al., 2013) originally delivered indemnity payments by traversing rural areas in
rugged vehicles—a process that often exceeded the value of the indemnity payments them-
selves, especially given the nature of livestock herding communities out on the move for the
best forage areas. At the time of this paper's writing, IBLI insurance companies had still not
paid indemnities to all insured clients who suffered in the 2011 drought because they have been
unable to locate the insured. IBLI insurance providers have since shifted to using mobile tech-
nologies to deliver payments, which reduced to the cost of delivery to a mere fraction of their
in-person payments (Mude 2017).

Governments have also made use of mobile money to deliver social insurance payments,
showing similar benefits to efficiency and development outcomes. Aker, Boumnijel,
et al. (2016), for example, find additional development gains from delivering cash transfer pro-
grams digitally instead of in cash following negative shocks in Niger. Among households ran-
domly assigned to receive unconditional cash transfers via mobile systems instead of “manual
cash,” the intensity of severe drought conditions were blunted. Their children were reported to
receive more food per meal, households experienced a 9%–16% relative increase in meal diver-
sity, and households recorded greater expenditures on children's clothing. Similar cost savings
and efficiencies have been found when other types of government payments are issued digitally
(Banerjee et al., 2020; Grossman & Tarazi, 2014).

Straddling these formal and informal insurance systems is peer-to-peer insurance, which
relies on mobile money systems to link anonymous individuals into a system of online mutual
aid. Under this system, individuals do not pay premiums up front, but instead commit to pro-
vide funds to cover insured events (e.g., hospitalization costs) by others in the network when
they occur. While little academic investigation of these systems exists, Abdikerimova and
Feng (2020) report that the platforms of e-commerce giant Ali Baba and others already link
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314 million individuals in China into a complex web of peer-to-peer, but largely unregulated
insurance. Although difficult to categorize, peer-to-peer mutual aid systems seem best described
as a generalization of informal insurance that permits individuals to access the savings of others
in times of need.

Mobile money and formal savings

Savings can help people manage income fluctations, plan for large purchases, take advantage of
unexpected investment opportunities, and cushion against unanticipated losses. Many different
informal financial instruments such as Rotating Savings and Credit Associations (ROSCAs) and
Savings Groups have existed among the rural poor for decades (Kimuyu, 1999) and recent
empirical investigations have shown that some Savings Group configurations indeed have hel-
ped individuals smooth consumption over time and enhance food security (Beaman
et al., 2014). In addition, formal savings accounts have been shown to offer additional benefits
to savers in the form of greater safety from theft, protection from, self-control as well as “other-
control” problems that may otherwise deplete savings (Ashraf et al., 2003; Brune et al., 2016;
Dupas & Robinson, 2013; Gugerty, 2007; Prina, 2015).

Despite evidence showing how increased savings translate to real increases in investment,
asset accumulation, and consumption (for two examples, see Dupas and Robinson (2013) and
Brune et al. (2016)); even small barriers can prove to be large obstacles to opening and
maintaining accounts (Goldberg, 2014; Karlan et al., 2016; Veniard, 2010). Barriers noted in the
literature include ensuring trust that an external institution will appropriately guard savings
(Coupé, 2011; Karlan et al., 2014); managing the often high costs of banking services
(Aggarwal & Klapper, 2013) and developing financial literacy (GSMA, 2018; Suri, 2017)). An
additional important barrier to using formal savings has been the transaction costs of making
and retrieving deposits for the saver. Mobile payments squarely address transactional impedi-
ments to help realize benefits, as indicated by the increased savings, consumption, and occupa-
tional shifts observed in Suri and Jack (2016)'s analysis of the staggered geographic roll-out of
M-PESA across Kenya.

However, mobile payment systems and the quick transactions they allow do not solve all finan-
cial management woes. For example, some consider mobile savings accounts as safer storage than
cash under the mattress. However, many existing mobile money services do not accrue interest,
either, and furthermore, moving funds generally incurs transaction fees (Ehrbeck & Tarazi, 2011;
Suri, 2017) that diminish their value.2 Furthermore, security relies also on having effective con-
sumer protection and deposit assurance for the money once delivered, which is not always present.
In addition, even if some of the system operates via mobile services, an individual still needs to
transmit their funds to an agent, and the route to reach agents must be secure. One step further
back in the chain, mobile money systems rely on networks of agents that have access to remote
communication services. Although cellular service penetration and usage is increasing rapidly
throughout the world (see Appendix Figures A.2 and A.3), the quality and consistency of connec-
tions for mobile money systems and their respective agent networks are still incomplete. Sufficient
network density is an important factor influencing the utility of a mobile money system (Suri 2017).

Aside from these practical challenges, by their nature, the quantities accumulated through
microsavings will only provide enough capital for reinvestment that one can protect. Micro-
savings alone may be insufficient to enable investment in projects or opportunities with a high
expected return but with a higher bar for entry than what one can save. Adverse conditions—
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whether from environmental, health, or family reasons—may also continually depress balances
or inhibit savings among the rural poor, limiting the effectiveness of savings in practice.

CREDIT RATIONING AND DIGITAL DEFAULT PREDICTION

Although mobile money can reduce barriers to savings, savings help manage shocks and fund
productive investment only when a sufficient amount has been accumulated in advance. Espe-
cially for younger and lower-wealth rural households, savings may be insufficient relative to the
needs they face. Instead, credit and insurance may be the more relevant financial instrument
for managing risk and taking advantage of investment opportunities. This section reviews how
rural isolation, asymmetric information, and risk influence access to credit and loan contract
terms. After reviewing how joint liability microcredit changes the nature of conventional credit
contracts and rationing, we then explore how digital technologies can further alter access to
rural credit markets.

But let us first consider the challenge that information costs and asymmetries present to the
efficiency and equity in those markets. For a given loan issued to finance a farmer's productive
investment, three factors determine whether the loan will be repaid:

• Exogenous Risk: A farmer's ability to repay loans may vary as realized conditions outside of
their control turn out to be favorable, or not.

• Borrower's Aversion to Default: With their net proceeds, a farmer must still decide if they are
willing to repay their loans and how much they are willing to forego in order to do so. Under
some models, this willingness is shaped by the borrower's discount rate and how much they
value future credit access that may be sacrificed upon default.

• Borrower Behavior: A farmer can diligently apply labor effort and financial resources (includ-
ing loan capital) to the project or divert them to other uses.

If information on these three factors were easy to obtain and monitor, then lenders could
profitably extend credit to low-wealth, collateral-constrained borrowers by offering the higher
interest rate, lower collateral contracts shown by the full contract menu depicted in Figure 1.

FIGURE 1 Interest rates, collateral, and

asymmetric information
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Borrowers short on collateral wealth (or averse to losing it) could choose contracts on the north-
west end of this contract locus, and the credit market would be efficient as well as not biased
against low-wealth households.

However, the cost of collecting this information can be prohibitively high, especially when
borrowers live in remote locations and demand small loans that make the fixed cost of informa-
tion acquisition per-dollar loaned high. Making matters worse, the presence of exogenous risk
means lenders cannot easily infer borrower behavior from ex-post observed outcomes: Did a
crop fail due to exogenous risk or morally hazardous resource diversion? As has been well
developed in the theory of credit rationing, these information problems render lower collateral
contracts unprofitable for lenders, who in turn truncate the menu of contracts to those rela-
tively high-collateral, low-interest contracts shown in Figure 1.

By truncating the menu of available loan contracts, information costs have two major impli-
cations for rural credit markets:

1. Quantity Rationing: Eliminating low collateral contracts rations out potential borrowers who
lack the requisite assets needed for collateral.

2. Risk Rationing: Even individuals with adequate collateral to borrow may choose not to bor-
row when they face a truncated contract menu, given that high-collateral contracts pass rela-
tively large amounts of risk to borrowers. Risk rationing occurs when an individual would
trade off higher interest rates for lower collateral requirements, but that configuration is not
available to them, resulting in lower welfare (Boucher et al., 2008).

The economic costs of either form of credit rationing can be substantial. Boucher
et al. (2008) report evidence from four countries that quantity and risk-rationed agricultural
entrepreneurs use some 40% fewer inputs and enjoy income levels that are half of their
nonrationed neighbors. Other work finds that credit rationing lowers small farm agricultural
production in Peru by as much as 25%. Improving how rural credit functions requires resolving
these underlying information problems. Before turning to digital solutions per se, we pause to
consider how joint liability addresses these information problems.

Information, joint liability microfinance and credit rationing

Joint liability microlending programs constitute one well-known effort to address these issues
of credit rationing that confront low-wealth borrowers. Morduch (1999) reviews the canonical
economic theory about how and why microlending reduces credit rationing. In short, by mak-
ing neighbors jointly liable for each other's debts, joint liability lending aligns the incentives of
borrowers and lenders, meaning that both the lender and the borrower want to minimize
default. Because coborrowers under joint liability loans know each other and are often physi-
cally proximate, the assumption in the canonical model is that there are no, or at least limited,
information asymmetries between them. Since most joint liability programs allow borrowers to
form their own groups, the theory suggests that rational borrowers would exclude high risk
individuals from their groups and avoid the adverse selection problem (see Ghatak and
Guinnane (1999)).

In addition, the joint liability model assumes that coborrowers can costlessly monitor the
effort and capital diversion that creates endogenous default risk (see, e.g., Stiglitz (1990)). Their
ability to act on that information and control resource diversion depends on if they can use
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nonstandard social collateral to punish those who divert resources away from the loan-financed
project. Social collateral, or social capital, stems from the idea that an individual who is
observed to opportunistically take advantage of friends and neighbors will be shunned from
normal social interactions by the exploited group in subsequent periods. If these interactions
are sufficiently valuable to the borrower, he will not behave opportunistically in order to protect
his social collateral from “seizure.”

In a theoretical contribution, Conning (2005) questions the information cost assumptions
underpinning this standard microfinance theory, showing that joint liability lending does not
necessarily outperform other lending configurations when information is not free and
punishing deviant coborrower behavior is costly. Empirically, the success of microfinance in
controlling endogenous risk is unclear, and recent experimental results reported in Flatnes and
Carter (2019) suggest that a modicum of conventional individual collateral can help reduce
morally hazardous behavior within joint liability loan groups.

Even under the assumptions of this standard theory, microfinance only partially resolves
the credit rationing problem. The schematic in Figure 2 illustrates this point. The horizontal
axis measures tangible, collateral assets acceptable to formal lenders. The vertical axis captures
the type of intangible social collateral discussed above. Traditional, arm's-length lending shown
in Panel (a) depicts that without the ability to observe or predict risk, lenders rely on high collat-
eral which rations out borrowers with inadequate tangible collateral assets. Panel (b) illustrates
how joint liability microfinance enables lending to a subset of lower-wealth individuals whose
jointly liable coborrowers know and trust to repay loans because they (i) know their likelihood
of repayment, and (ii) can socially punish them (seize their social collateral) if they attempt to
divert credit over the term of the loan. As shown, joint liability can expand access to capital for
some low wealth individuals, but only those who are well enough known and have sufficiently
strong social collateral to control resource diversion.

Against this backdrop, we now turn to explore how digital credit scoring can alter the rules
of credit access for low wealth borrowers in remote, rural areas.

Digital data and the rules of credit access

Numerous companies have begun to evaluate how a variety of different non-traditional data
sources and/or “big data analytics” can predict a customer's creditworthiness, reliability, and
purchasing power, and therewith underwrite loan contracts (Costa et al., 2015).

Three important distinctions of digital compared with traditional credit systems include the
quick pace of decision making, the higher degree of automation for credit decisions, and their

FIGURE 2 Information interventions reduce credit rationing

8 BENAMI AND CARTER



ability to be used remotely (Chen & Rafe, 2016). As cellular usage and individual digital foot-
prints increase globally, the potential number of consumers who can benefit from digital credit-
scoring (i.e., those who have some digital footprint but who live in areas where formal financial
services are sparse) is estimated to be in the 625 million–1.2 billion range. In a striking example,
recent estimates have suggested that digital data analytics can reduce the marginal costs of pro-
viding a $200 loan in Tanzania by more than 40% (Costa et al., 2015). Cost savings, if passed to
consumers, could reduce barriers to entry and support participation among a larger swath of
the eligible population.

Furthermore, digital credit operates by leveraging nontraditional data sources that extend
beyond what conventional credit bureaus collect. For example, digital risk scoring is generally
derived from increasing amounts of digitized information available about either an individual,
their expenditure patterns, or data about their agricultural system and income profile. A few
examples of different data sources include agricultural production estimates, cell phone usage,
device records, social information, and transactional data—for example, calling, texting, air-
time, (emergency) top-up purchase patterns and habits, and mobile money transaction informa-
tion. Estimating incomes and production from remotely sensed data is of growing interest: in
their CGAP technical guide, Vidal and Bull (2019) outline a few such opportunities that could
support financial inclusion and sketch the contours of an example project testing deep learning
techniques on satellite imagery to predict crop yields in Kenya. As another example focused on
phone transactions, the Brazilian telecom company Oi in partnership with the organization
Cignifi report that calling metadata were able to generate “significant” discriminator of credit
risk in their application, although quantitative specifics on which features had predictive power
are lacking (Caire et al., 2017). Device data may include “media content, call logs, contacts, per-
sonal communications, location information, or online social media profiles.” We note that of
the available reports on this type of data, the finance organization Musoni reported frustration
with the predictive skill of transactional models; more broadly, limited analysis is available on
the performance of using nontraditional data against credit default risk. Arráiz et al. (2018) is
one of the few such studies. They find that the use of psychometric surveys on CEOs of Peru-
vian small and medium enterprises otherwise lacking formal credit information expands loan
access by up 59% relative to traditional credit scoring methods, without affecting repayment
behavior.

Although many papers suggest social information may be fruitfully used in predicting
default risk—Lenddo, LendUp, Moven, Neo, Kabbage, and Kreditech are but a few examples of
companies that already purport to draw upon social information to issue loans—few programs
publicly describe how social information performs in assessing credit risk. Moreover, some
authors (e.g., Wei et al., 2015) worry that social information is manipulable in that consumers
who know they are being evaluated based on social data may seek to change their monitored
behavior. Others are concerned about the privacy, fairness, and security implications of such
data and caution their unprincipled use (Prabhakar 2020, e.g., offers a recent discussion of these
issues grounded in the context of India's digital credit scoring experience). Either way, systems
seeking to extract meaningful predictions from individual social network information will
inherently need to rely on a series of potentially dynamic assumptions about how individuals
relate to their network, such as whether individuals flock to others with similar risk scores from
which scores can be imputed, and what the degree of the relationship and connectedness
implies for a given individual's risk score. Some have raised concern about the possibility of
“digital redlining” or other knowing or unwitting discriminatory repercussions of credit scoring
approaches that treat “all data as credit data” (Eichelberger, 2013; Hurley & Adebayo, 2017).
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Others promote digital credit as an alternative that individuals can opt into to gain access to
resources that might otherwise rest out of reach. In practice, much of the effect from digital
credit will likely depend on how oversight systems are designed to minimize downside risks.

A growing literature has started to address the performance of digital credit systems.
Björkegren and Grissen (2019) find that behavioral patterns in mobile phone transaction
records predict credit default as well as official credit scores for participants in a Latin American
digital credit service. Separately, Berg et al. (2018) studied a quarter of a million transactions
from a German e-commerce company to evaluate how well digital footprints predict small-scale
loan repayment compared with official credit scores. They found that models using only digital
footprint data performed as well as or outperformed the information from only using credit
bureau information. Although their work stems from a context with high data availability and
well-developed financial systems, they provide indications that information embedded in digital
footprint data matches or often exceeds that of credit scoring information alone, offering prom-
ise for extending credit where official scores may be lacking.

Circling back to Figure 2, panel (c) illustrates how digital credit scoring could work to
expand financial access. In principle, if digital credit scoring can predict default risk well, then
we might expect it to open up credit access to a broader swath of potential borrowers who have
low levels of tangible assets and who may be unable to participate in joint liability lending
schemes. To date, however, limited evidence exists on how much of the expanded asset space
shown in Figure 2 is opened by digital credit scoring methods. As prior discussion has fore-
shadowed, it is unclear how well this mechanism can work given that endogenous and exoge-
nous sources of default risk co-occur. Although one can relatively easily imagine how digital
data could distinguish individuals with low exogenous risk from those with high exogenous
risk, it is less apparent that digital data can monitor behavior and address resource diversion—
especially as it is not apparent how well even joint liability lending manages these issues absent
tangible collateral.

In one of the few academic studies currently available on digital credit, Bharadwaj
et al. (2019) employ a regression discontinuity design to evaluate the impacts of digital credit
offered by the dominant player in the Kenyan market (M-Shwari). Around the designated digi-
tal credit score cutoff, the digital loan option boosts credit uptake by 11 percentage points
alone—holding out promise that digital credit can alter the credit rationing landscape at least at
the margin of quantity rationing. Returning to our stylized model of rural microcredit and
credit rationing, we stress that the economic model of credit rationing sketched above
assumes—in the standard style of economics—that all individuals will divert resources if it is in
their narrow financial interest to do so. However, some people might not engage in morally
hazardous effort diversion despite the material incentive. For example, in a series of experimen-
tal games with Chinese farmers, Cheng (2014) finds that some farmers exhibit a strong aversion
to diverting credit even when their use of insurance might encourage it. Such cases lead us to
thus question whether sterling cell phone repayment records signal a low susceptibility to moral
hazard or simply signal effective repayment incentives embedded in the cell phone contract. To
the extent that the risk of morally hazardous behavior is indeed observable, then digital credit
scoring technologies may enable low-cost ways of improving default risk prediction.

Beyond the possibility of improving risk predictions based on existing data, the ease of use
for digital applications enables the possibility of offering progressive “nano” loans to effectively
build a history of repayment. For years, microfinance organizations have relied on a progressive
lending model in which individuals at first only receive small loans and then slowly graduate to
larger loans once they have proven their mettle. Digital technologies can also follow such a
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model, even in environments where traditional historical or transactional information is lim-
ited. As one example, the M-Shwari Savings and Loan product launched in 2012 has offered
progressively larger nanoloans following successful repayment of a previous loan. This gradual
increase following demonstrated repayment behavior more akin to the traditional microlending
model; however, what differs in a digital environment is both that the loan amounts can be
even smaller than before, given the lower costs and more rapid pace of requesting and deliver-
ing funds.

Digital data and small farm credit access

In addition to the fundamental concerns addressed in the previous sections, a number of sec-
ondary, but important, issues surround the ability of digital credit to resolve the equity and effi-
ciency concerns unresolved by both traditional and joint liability credit. The evidence base is
still thin on how well digital credit scoring works across different data contexts, with some criti-
cism that the ability to properly predict creditworthiness is weak, leaving both risk and interest
rates high. Furthermore, in practice, digital lending still skews to educated, urban, and wealthy
men despite its potential to broaden access to lower-income populations (Gubbins &
Totolo, 2018). This is partially attributable to the fact that digital credit is a tool that does not
inherently address power imbalances among otherwise marginalized groups. Without comple-
mentary interventions focused on expanding access to different groups, digital credit helps
expand access to groups that already have higher degrees of social collateral, and that have
devices nested in environments with sufficient network connectivity (which is a growing, but
still incomplete, share of the world's population, as indicated in the Appendix Figures S2 and
S3, the implications of which are discussed in further detail in Friederici et al. (2017)).

In order to shift the dynamics so as to reduce credit rationing among the more marginalized
groups overlooked by both traditional and microfinance lending in Figure 2, supportive policies
may be required. Examples include those that address having access to resources, navigating
bureaucratic systems, or in some cases, overcoming basic literacy constraints. In general, prod-
ucts that permit women (and more generally, different socioeconomic groups) greater degrees
of control and privacy appear to be promising avenues for supporting women's economic
empowerment, though the specific instantiation of those principles may vary from location to
location (Buviníc & O'Donnell, 2019; Karlan et al., 2016).

A second issue arises from the observation that digital lending practices that merely ingest
and process existing data will generate model outputs skewed towards people who associate
with individuals about whom there is information. To be accurate, this form of imputation
relies on individuals being nested within groups that are comparable (Gubbins & Totolo, 2018).
However, if an individual exhibits many features that do not correspond to the groups on which
the model was trained, the likelihood of misprediction is high. Further data collection efforts
for these groups are beginning (e.g., GSMA trialing approaches to detect transactions conducted
by women versus others), under the premise that by splicing out the different groups in transac-
tional data, one can identify and develop supportive policies that unblock barriers for their par-
ticipation. Credit predictions will need to take care to avoid running afoul of using digital
footprint information that fundamentally reflects other characteristics considered discrimina-
tory under fair lending acts (Hurley & Adebayo, 2017).

Finally, predatory lending remains a concern with digital credit. While this concern is not
unique to digital credit, the consequences of predatory behavior in a digital lending space are
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amplified, given the accelerated pace at which transactions can occur as well as the degree of
targeting that may segment the population. Predictions can be used both to target high-
creditworthy individuals, and among more unscrupulous actors, predictions could also be used
to target individuals who may generate revenue through late fees or penalties. Literacy con-
straints can also leave people vulnerable to predatory practices (Aker, Ghosh, & Burrell, 2016).
All of these concerns are part of the ambit of the Digital Credit Observatory: a network of
researchers associated with the Center for Effective Global Action that seeks to document and
rigorously evaluate the positive and negative impacts of digital credit services. Noting the rise in
fintech investments over the last half decade that often exist outside the purview of traditional
financial regulation, the International Finance Corporation has also been promoting guidelines
for responsible investment in Digital Financial Services (Biallas et al., 2019). Both types of ini-
tiatives are important for identifying opportunities to improve the practice of digital financial
service provision.

In sum, although some of the enthusiasm for digital credit may be based on an over-
simplified model of lending that fails to distinguish between adverse selection and moral hazard
incentives, there is much to learn. It is far from obvious that digital technologies can completely
eliminate the need for tangible collateral nor fully fill in the truncated loan contract menus
shown in Figure 1. Even if digital credit requires some measure of tangible collateralizable
assets, then we again confront the problem of risk rationing whereby some low-risk agents
refuse loan contracts that unavoidably push some of the exogenous risk on to them. The conse-
quences of this risk can be meaningful. Especially in these circumstances, complementary
financial instruments such as microinsurance can prove especially useful. We now turn to
explore ways in which digital technologies may address the age-old problem of agricultural risk.

RISK, EARTH OBSERVATION, AND AGRICULTURAL
INSURANCE

A dominant feature of agricultural livelihoods is the omnipresence of weather and other risks
that threaten the quantity of crop and livestock production. In anticipation of adverse events,
farmers may forego investment opportunities they would otherwise take on, creating a vicious
circle of low productivity and income. Insurance is intended to address such risks, and indeed,
impact evaluations have shown that when insurance programs are well-matched to farmer
needs, farmers invest 20 to 35% more in profitable activities. Furthermore, after a shock has
occurred, insured households are better able to protect their working capital and productive
assets as they reduce their reliance on the costliest coping strategies (Carter et al. (2017) sum-
marize this evidence). However, in low-income rural environments, conventional, loss-adjusted
insurance is often infeasible due to high information collection costs, asymmetric information,
and high costs of collecting payments or disbursing payouts. When the insured are in remote
locations and when their sum insured is small because of their low wealth, the fixed costs of
information verification make it impossible to profitably offer conventional contracts.
Hazell (1992) offers several striking examples of conventional loss-adjusted contracts where the
insurance provider cannot cost-effectively verify losses, with national insurance programs from
the 1980s paying out 2–5 times the premiums collected.

In contrast to conventional, loss-verified contracts, indexed-based insurance employs an
externally determined indicator of losses to trigger payouts. Using such an indicator forgoes the
need for costly loss verification. It also minimizes risks of moral hazard, that is, losses caused by
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negligent behavior rather than exogenous factors. The logic here is that if the scale of the index
is at a level higher than the farmer (e.g., average yields in the district where the farmer resides)
or is based on measures that the farmer cannot control (e.g., rainfall), then index insurance
maintains full effort incentives for the farmer. Because of its reduced cost of administration,
index-based insurance offers the promise of extending protection to more lower-wealth, isolated
farmers across the globe.

Despite the enthusiasm for index insurance, the first generation of contracts suffered a vari-
ety of problems related to the contracts' inability to reliably detect and cover the losses that
farmers (or others, such as agricultural lenders) might want to insure. As Clarke (2016) notes,
the worst thing that can befall the farmer (a total crop loss) gets worse with poorly designed
index insurance (a total crop loss and a paid premium but no indemnity payment). This con-
cern is not trivial (Economist, 2018) and is intrinsic to index insurance where individual losses
are not measured. However, the rapid advance of high-resolution, satellite-based earth observa-
tion opens the door to the development of higher-quality index insurance based on more accu-
rate detection of farmer losses. After reviewing the sources of loss detection errors under index
insurance, this section summarizes what we have learned so far about using earth observation
tools to reduce those errors to generate high-quality agricultural index insurance.

Turning to Figure 3, the width of the top bar represents the total random variation in output
faced by a rural household who resides in a given insurance zone. Because index insurance can
at best only cover common risks that influence all producers in their given insurance zone, the
quality of the protection provided by the contract will depend on the magnitude the idiosyn-
cratic shocks that make any individual's losses diverge from the average losses of others in her
insurance zone. While the magnitude and distribution of idiosyncratic shocks is a product of
geographical factors that shape heterogeneity in the zone (e.g., farmers located in hilly terrain
will likely experience more idiosyncratic variation than farmers located on a plain), the magni-
tude of idiosyncratic variation also depends on the geographic scale of the insurance zone itself.
As the geographic scale of the area yield index shrinks from, say, the nation, to the province to
the village, we would expect that this idiosyncratic variation to shrink. In the limiting case,
when a satellite-based assessment is perfectly calibrated to capture variation in production and
the zone is shrunk all the way down to the size of the individual field of a single crop type, idio-
syncratic variation by definition disappears (although, shrinking the insurance zone down to
the scale of a single field or farmer would of reintroduce moral hazard problems). As we discuss
later, advances in remote sensing and data processing can generate smaller and more homoge-
neous zones, shifting the double-bar vertical line in Figure 3 to the left and enabling more reli-
able insurance coverage.

Although the geographic scale of the index matters for the quality of the insurance, so too
does the selection of index type. An area yield index, in which the yields or production in the
zone are directly estimated using crop cuts or other ground-based measurements, will create a

FIGURE 3 Decomposing the

production risk a household faces

and the risk index insurance covers

[Color figure can be viewed at

wileyonlinelibrary.com]
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very accurate measure of average losses in a zone. However, outside of a few tight value chains
where yields are already reliably measured by off-takers, average losses cannot be cost-
effectively measured directly unless the zone is made very large (which increases the proportion
of risk that appears as idiosyncratic as shown in Figure 3). For this reason, average losses in a
zone are most often predicted using an indemnity function that specifies payouts as a function
of a cheap-to-measure index signal, such as rainfall. However, the shift away from direct mea-
surement of average losses inevitably introduces what Elabed et al. (2013) call “design risk,” as
any predictor will incompletely capture even average yield losses in the zone (see Figure 3).

Many first generation, rainfall-based index products assumed losses could be reliably
approximated by the type of insurance payoff function initially used for some index insurance
contracts in India (Gine et al., 2008). However, Clarke et al. (2012) quantitatively show that this
rainfall index poorly predicts average losses, and that it more closely approximates a lottery
ticket (whose payoff is unrelated to agricultural losses) than a reliable insurance contract. Note
that this prediction error is not idiosyncratic variation but is in fact a portion of the potentially
insurable common risk shown above in Figure 3. Mobarak and Rosenzweig (2013) provide an
example of the mismatch between rain gauges and output as a function of distance from a vil-
lage rain gauge in Andra Pradesh, India, where placement outside a target village attenuates
the relationship between measured rainfall and actual losses. Auffhammer et al. (2013) further
outline several ways that gridded weather data products based on interpolation techniques or
reanalysis may also not match the substantive indicator of economic interest.

In summary, as Figure 3 illustrates, the fraction of the total risk faced by the farmer covered
by an index insurance contract depends on the amount of idiosyncratic versus common risk
and on the underlying accuracy of the insurance index as measured by its degree of design risk.
Together idiosyncratic and design risk constitute what is often called basis risk. As we discuss
later, when basis risk is large, insurance may actually make people worse off than if they had
no insurance. However, advances in earth observation offer the opportunity to reduce both
components of basis risk relative to the first-generation index insurance products that were
based on relatively simple precipitation indices from sparse terrestrial weather stations or
coarse satellite estimates.

How earth observation can help reduce uncompensated losses

Earth observation technologies have been featured in economic analyses since at least the 1930s,
when the U.S. Agricultural Adjustment Agency employed aerial photography of farm areas to
aid conservation and land use decisions (Monmonier, 2002). Aerial photography gave rise to
multiple satellite earth observation missions during the space races of the 1950s and 1960s, and
especially in recent decades, the degree of detail that can be efficiently resolved from frequent
satellite earth observation technologies (“spaceborne photography”) has increased markedly,
enhancing enthusiasm for using satellite earth observation in an ever-wider set of applications.

Before discussing what these improvements herald for rural microfinance, it's helpful to
know that, in a nutshell, earth observation gathers data about a given area using sensors tuned
to specific windows of the electromagnetic spectrum. A consumer-grade camera is a sensor that
captures data from the red, green, and blue (e.g., human-visible) bands of the electromagnetic
spectrum. It's straightforward to appreciate what happens when satellites (spaceborne cameras)
enhance the spatial extent they can resolve (akin to having a higher “zoom” feature, to continue
the analogy) as well as having an increased revisit frequency (a form of “time lapse”).
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An additional benefit of many modern earth observation satellites comes from their ability
to “see beyond the visible,” that is, by capturing information from additional parts of the elec-
tromagnetic spectrum, including infrared, thermal, and even microwave ranges. The data
extracted from these spectral bands has been used alone or in combination (via indices) to pro-
vide insight into the health, structure, and vegetative productivity of the scanned area.
Advances in each of these three dimensions–spatial, temporal, and spectral–has opened up new
avenues for studying the progression of change on the earth's surface and atmosphere, includ-
ing several applications that link to evaluating crop growth and health over time (see Benami
et al. (2020) for an overview focused on the use of remote sensing in index insurance applica-
tions for smallholder agriculture).3

To illustrate the evolution of satellite imagery data, the LANDSAT and MODIS (the Moder-
ate Resolution Imaging Spectroradiometer) program satellites have been classic workhorses for
many general earth observation tasks over the last decades. These satellites regularly orbit the
planet and passively collect and transmit information from across the globe. The most recent
LANDSAT satellites cover the entire earth every 16 days at 15–30 m spatial resolution across 7–12
spectral bands. The MODIS sensors orbit the earth four times daily using different instruments of
250 m–1 km resolution with 36 spectral bands. The newer European Space Agency Sentinel mis-
sion spacecraft have started to capture data at a finer spatial resolution (� 10–60 m, depending on
the wavelength), with a relatively high repeat frequency (� every 5 days) and include active radar
imaging, which allows the satellite to acquire data even through cloud cover.

In principle, these advances in spatial and temporal resolution should make it easier to pin-
point changes in a crop's phenology and estimate yield anomalies, unlocking opportunities to
create agricultural microinsurance that reliably covers more of the risk faced by small-scale
farmers in two main ways. First, remotely sensed (average) yields can help improve how we
detect loss events, offering the promise of shrinking design risk. Second, enhanced earth obser-
vation may allow the shift to identify smaller and more homogeneous insurance zones, in turn
reducing the fraction of risk that is idiosyncratic.

Using remote sensing technology to reduce design risk

The use of satellite remote sensing information to improve crop yield estimation dates back to
at least the 1970s, when researchers at Kansas State University employed Landsat 1 and 2 data
to estimate winter wheat yields (Kanemasu, 1977). Although the idea of using remotely sensed
information is not new, the capabilities of the newer, higher resolution sensors coupled with
enhanced data processing platforms offer the promise of evaluating agricultural systems in
diverse, smallholder environments — places that face the trifecta of isolation, limited scale, and
exposure to risk that plague the traditional applications of rural microfinance as discussed
before (Benami et al 2020).

As evidence emerged that first-generation rainfall contracts were failure-prone, researchers
began to explore how satellite-based yield prediction could function as an insurance index. An
early example is an analysis of household-level longitudinal cereals yield data collected from a
sample of households by the International Crop Research Institute for the Semi-Arid Tropics in
the 1980s. Despite relying on relatively coarse (8 × 8 km) resolution satellite data publicly avail-
able at the time, the work reported in Carter (2012) showed that a vegetation measure derived
from satellite data outperformed a rainfall-based measure. Similar exercises to validate yield
estimates from higher resolution (� 500 m) satellite data are reported for Tanzanian maize
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farmers in Carter et al. (2017) and for Tanzanian rice farmers in Flatnes et al. (2018). We dis-
cuss the latter study in more detail below.

Although the work just discussed probed the relevance of satellite-based yield prediction to
design insurance contracts, other researchers have been probing the capacity of satellite to cap-
ture yields. In a recent example applied within a smallholder context, Burke and Lobell (2017)
used the green chlorophyll vegetative index (GCVI) derived from satellites with differing spatial
resolutions to capture self-reported smallholder maize production in western Kenya in 2014
and 2015. Among the sensors evaluated, they found data at higher spatial resolution (� 1 and
5 m) outperformed coarser resolution sources as well as exhibited tighter confidence intervals
around their yield estimates during this two-year period. Overall, they found that the satellite-
based measures were able to capture up to 40% of overall variation in self-reported maize yields.
As this work was not focused on the insurance problem, however, the Burke and Lobell (2017)
study does not decompose the prediction error into which parts come from design versus idio-
syncratic risk.

A subsequent study in Uganda by Lobell et al. (2018) compared maize yield estimates gener-
ated from satellite data and crop models against three reference datasets: farmer self-reports
(surveys), subplot crop cuts, and full-plot crop cuts. The satellite data itself was divided into
three estimates—one calibrated to full plot crop cuts, one to subplot crop cuts, and a final ver-
sion that was based on crop model simulations rather than crop cut data. All versions of the
remotely sensed yields captured over half of the variability observed in the full crop cut data for
pure stand (i.e., not intercropped) plots > 0.10 hectares. While further work is needed to under-
stand how frequently and under which conditions satellite-based measurements best reflect
realized crop production patterns, these results point to a promising possibility of fruitfully
using inexpensive, publicly available earth observation data combined with crop models to
characterize yields and yield losses across a wide geographical expanse.4

Using remote sensing technology to reduce idiosyncratic risk

Although it is often remarked that idiosyncratic risk fundamentally falls outside the scope of
index insurance programs (Jensen et al., 2018), as discussed above, idiosyncratic risk is not sim-
ply an attribute of nature but also an artifact of the size of the insurance zone. Accurate
satellite-based estimation of crop yields matters not only because it directly reduces design risk,
but also because the ever-increasing resolution of satellite measures allows shrinking the insur-
ance zones to more homogeneous areas, each with their own yield index, without appreciable
increases in running costs. As one example, Kenya's crop insurance program relies on crop cuts
sampled from each insurance zone to estimate yields and issue payouts. To keep costs manage-
able, the program has relied on relatively large insurance zones.

The ability to use earth observation methods to define more homogeneous and potentially
smaller zones promises to shrink the share of uncompensated losses due to idiosyncratic risk.
Indeed, with recent satellites featuring sub-meter spatial resolution, estimating yields at the
individual farm level comes closer to reach, depending on the size, structure, homogeneity of
planting patterns within the plot. Shrinking insurance “zones” to the plot level would
reintroduce moral hazard, although the dual-trigger audit methods described by Elabed
et al. (2013) could be adapted to remote sensing and used to discipline moral hazard by refusing
payments to farms whose yields appreciably differ from those of randomly selected neighbors.
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Innovations to measure and enhance index insurance quality

Although the rapid advance of remote-sensing technologies is facilitating more reliable index
insurance, in practice the sector has not had a well-defined standard of index insurance quality,
that is, a measure of when an index is good enough to reliably protect the insured and that
enables comparisons between different types of indices. Other agricultural inputs whose quality
is a hidden trait from the buyer (e.g., improved maize seeds) must pass well-defined quality
standards (e.g., germination rates and yield tests) before they can be sold in most countries. The
lack of a recognized standard, and some mechanism for credibly certifying it, leaves the index
insurance market vulnerable to a race to the bottom in which the bad contracts will drive out
the good (Clarke & Wren-Lewis, 2013).5

In an effort to develop a quality standard, Carter and Chiu (2018) use the machinery of
expected utility theory to define a metric for measuring the quality of an index insurance con-
tract. They propose comparing the expected utility of the farmer without insurance with her
expected utility under alternative index insurance contracts. The benefit of this expected utility
metric is that it captures both the probability that the contract fails to pay in the face of a loss as
well as the shadow value of money when such failures occur. They propose a minimum quality
standard (a contract passes if the expected utility of the farmer's income with insurance exceeds
expected utility without insurance), and they indicate how these measures can be used to rate
the quality of alternative index insurance contract relative to one another. As such, their
methods allow us to gauge the progress that remote sensing has made in improving index insur-
ance quality. In a related effort, the BASIS Markets, Risk and Resilience Innovation Lab—in
collaboration with the Nairobi-based intergovernmental organization the Regional Centre for
Mapping Resources for Development—are working with insurance companies and line minis-
tries in East Africa to establish a facility to offer a quality certification (the Quality Index Insur-
ance Certification program or “QUIIC”).

Figure 4 uses this minimum quality standard approach to show the progress that has been
made using improved remote sensing technologies for a sample of Tanzanian rice farmers (see
Flatnes et al. (2018) for details on the data, insurance zones, etc.). Gross income for these
farmers averages $1400 per-hectare, although they face yield fluctuations. The vertical axis in
the diagram measures the risk-discounted certainty equivalent6 of the different options. The
horizontal axis measures the insurance price, while the solid, black, horizontal line measures
the certainty equivalent of the no insurance option (which, of course, does not vary with the
insurance price). Given the risk in the system, a typical risk averse farmer would trade his
uninsured income prospects for a certain income of only $1240, meaning the farmer would be
happy giving up 11% (or $160) of her income on average in order to fully eliminate yield risk.

The family of downward sloping lines in Figure 4 graph the certainty equivalent for differ-
ent index contracts as a function of their price. The upper most (orange, dot-dash) line is for an
area yield contract. A farmer would be willing to pay up to $92 per hectare for the index con-
tract before he would prefer having no insurance. The gap between $92 and the $160 the farmer
would be willing to pay to eliminate all risk reflects the magnitude of the idiosyncratic risk
given the size of the insurance zone (see Figure 3).

At the other extreme is the lowermost, aqua-colored dash-dot line that graphs the certainty
equivalent for an optimized “first generation” index insurance contract based on the CHIRPS
rainfall data discussed above. In contrast to the first-generation contracts discussed earlier, the
rainfall-based contract discussed here is optimized in the sense that we used farmer yield infor-
mation to find the function of the growing-season CHIRPS rainfall data that best predicts
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farmer yields. As indicated in the figure, the farmer would not pay more than about $30 for this
contract before its failures to pay in some bad years would leave her worse off than she would
be with no insurance. The gap between rainfall-based and the area yield contract reflects the
former's design risk illustrated in Figure 3.

The downward sloping, light green long-dashed line reflects the certainty equivalent under the
satellite-based index that estimates yields using measures of gross primary production (GPP) and
the Enhanced Vegetation Index (EVI) extracted from the Moderate Resolution Imaging Spectrome-
ter (MODIS) at 500 meter spatial resolution over the growing season. This contract cuts the design
risk in half, as it is midway between the area yield and the rainfall contract, and farmer willingness
to pay goes up to $60 for the risk reduction offered by this second-generation satellite contract.

Although the area yield contract offers the best protection, it would require annual field
campaigns to conduct crop cuts or reliable farmer yield surveys, which also renders it the most
expensive to operate. The vertical orange line marks the actuarially fair price of the area yield
contract plus the additional per-farmer cost of the annual yield surveys. At this price, the farmer
would be slightly better off with the area yield insurance compared to the no insurance alterna-
tive. However, note that this price (and the prices of the other contracts in the figure) does not
include administration or other cost mark-ups. The rainfall contract is much simpler to operate
(once fixed costs of programming are paid) and its actuarially fair price is only about $26. At
this price, this contract again barely passes a minimum quality standard. Compared to both of
these options the pure satellite contract fares better.

However, even if our ability to predict yields and detect loss events is increasing, some
degree of inaccurate predictions are inevitable, lowering the value of insurance and reducing its
power to protect and incentivize farmers to invest more. By making inaccuracies visible, how-
ever, a quality standard can help motivate and measure improvements. For example, Flatnes
et al. (2018) propose backing up the imperfect satellite yield predictor with a fail-safe audit
mechanism. The fail-safe audit provision (which has been tested with maize contracts in

FIGURE 4 Improving contract quality with remote sensing & audits [Color figure can be viewed at
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Tanzania and Mozambique as described in Carter et al. (2017)) allows farmers to call for an area
yield survey or crop cut in years when the satellite-based yield index fails them. The dashed dark
green line in Figure 4 shows the expected, risk-discounted level of well-being under this hybrid
contract under the assumption the farmers only call for an audit when the satellite prediction is
off by more than 5%. The certainty equivalent of the hybrid contract is almost as high as the area
yield, but the hybrid contract can be implemented at a fraction of the cost of yield surveys, as
the audits would only be required 4% of the time (as opposed to 100% of the time for the area
yield contract). The dark green, dashed vertical line in Figure 4 shows the pure premium for this
hybrid contract adjusted up for the cost of these occasional audits. As can be seen, at its price, it
generates the largest surplus of any of the contractual alternatives in the figure.

Decades of research have highlighted the efficiency cost of uninsured risk. The isolation and
small sums insured of low wealth farmers has meant that conventional, loss-adjusted insurance
solutions are not available to these farmers, meaning that the efficiency losses associated with
uninsured risk also have a socially inequitable impact. While index insurance has the potential
to cost effectively offer coverage to small-scale farmers, first generation contracts have largely
failed to live up to their potential, crippled by low predictive power. While there is still much to
learn about how best to predict farmer losses with the emerging array of remote sensing tools,
the analysis here has shown that these advances in remote sensing technologies are indeed
opening opportunities for quality insurance protection for low-wealth, small-scale farmers.
Explicit quality standards not only have a consumer protection role to play, they also can help
guide the design and choice of contractual alternatives.

CONCLUSION

The reality of rural isolation, small transaction sizes, and risk have traditionally made markets for
savings, credit, and insurance less efficient and less equitable than they would otherwise be. The
result has been a decided disadvantage for low-wealth rural households. Within this context, we
now return to our starting question: Can digital technologies reshape rural microfinance?

Figure 5 summarizes the main argument of this paper. First, absent digital technologies,
lower wealth rural households tend to save at home given the costs of moving money to formal
institutions. Such savings can be insecure, tend to give zero to negative real rates of return, and
are subject to problems of self- and other-control that further retard the accumulation of savings
balances. Mobile money can remake the savings landscape by lowering the cost of moving
money to formal deposit-taking institutions.

FIGURE 5 Transformative potential of digital technologies for rural microfinance
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Second, in conventional rural loan markets, information on borrower default risk from
endogenous and exogenous factors is asymmetrically distributed and often costly for lenders to
collect. As a result, available contracts carry heavy collateral requirements, limiting credit use
to those able and willing to meet the collateral prerequisite. While joint-liability microfinance
lending partially solves this problem for socially well-connected borrowers, digital credit scoring
holds promise in reducing information costs and making lower collateral contracts available to
more potential borrowers.

Finally, information costs may make conventional insurance contracts (which require loss
verification and adjustment) financially infeasible. Digital data from remote sensing promise
the possibility to open a new range of reliable, low-cost insurance contracts to low-wealth rural
residents improving the correspondence of a given index to the underlying losses experienced
by the insured.

Despite this promise, the evidence base on how mobile money, digital credit scoring, and
remote sensing to fundamentally alter rural financial markets remains thin. These technologies
will likely improve the security and rates of return on savings, reduce credit rationing, and
make higher-quality insurance products available. Yet, it also seems likely that inefficiencies
will remain in the medium term, with mobile money systems constrained to places with suffi-
cient network development, credit rationed to those who can meet collateral prerequisites, and
insurance sporadically available and expensive when it is.

As digitalization extends its reach into remote, rural corners of the globe, it would seem pru-
dent to keep in mind that all three of the technologies considered here present novel consumer
protection issues: transfer security for mobile money, predatory lending for digital credit, and
unobservable contract quality for index insurance. A variety of actors have begun to recognize
this problem and are attempting to moderate them, including the GSMA Mobile Money Certifi-
cation, the Digital Credit Observatory, and the Quality Index Insurance Certification (QUIIC).
Even as we see digital technologies helping overcome the challenges of isolation, scale, and risk,
their uses should be paired with human-centric designs so as to systematically account for the
ways that technology can fail to predict outcomes correctly or accentuate rather than ameliorate
underlying inequalities in access to financial services. In turn, our hope is that the designers
and implementers of these enhanced financial tools will move towards fair, transparent, and
appropriate ways of managing increasingly “big data” environments for the benefit of many
small-scale individuals and households across the globe.

To close, as digital technologies promise to reconfigure the rural financial landscape, institu-
tional innovations such as fail-safe audit rules and other consumer protection initiatives are likely
to remain important for the foreseeable future. Well-structured development programming and pol-
icy requires minding the real and ever-present challenges of rural microfinance and calibrating our
expectations about digital solutions based on their ability answer those challenges.
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ENDNOTES
1 As a tool that can facilitate private transactions, mobile money has the potential to alter bargaining dynamics
within a household and influence intra-household resource allocations when women and other less-powerful
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individuals are targeted to receive the funds (Aker, Boumnijel, et al., 2016; Aron & Muellbauer, 2019) of their
in-person payments (Mude, 2017).

2 In contrast, as Aron (2018) rightly points out, many “traditional” banking accounts often require minimum
balances and regular fees that can be prohibitive for low-wealth individuals to transmit their funds to an agent,
and the route to reach agents must be secure. One step further back in the chain, mobile money systems rely
on networks of agents that have access to remote communication services. Although cellular service penetra-
tion and usage is increasing rapidly throughout the world (see Appendix Figures S2 and S3), the quality and
consistency of connections for mobile money systems and their respective agent networks are still incomplete.
Sufficient network density is an important factor influencing the utility of a mobile money system (Suri, 2017).

3 This enhanced data collection does not come without its costs. Estimates from 2017 suggest NASA alone col-
lects over 12 terabytes of data daily. The scale of analysis has also meant that improved data processing tech-
niques is critical. See Gorelick et al. (2017) for a characterization of how satellite imagery analysis has evolved over
time and what processing tools have facilitated faster, easier, and less expensive use of satellite data. the newer,
higher resolution sensors coupled with enhanced data processing platforms offer the promise of evaluating agricul-
tural systems in diverse, smallholder environments—places that face the trifecta of isolation, limited scale, and
exposure to risk that plague the “traditional” applications of rural microfinance as discussed before.

4 Based on the limited overall correspondence for East African maize yields estimated at the same farms via sur-
vey and crop-cutting techniques, Gourlay et al. (2017) and Lobell et al. (2018) also question the accuracy of
farmer reported yields of the type that have been used to calibrate and test the satellite yield models in the Car-
ter et al. (2017) and Flatnes et al. (2018). Given that crop cut data like those analyzed by Lobell et al. (2018)
and Carter (2012) generally are expensive to collect compared with farmer self-reported data, more work is
needed to determine under what conditions surveys remain useful as well as opportunities to reduce the costs
of field-based measurements. See additional discussion in Benami et al. (2020) on additional opportunities to
reduce the cost of area-yield indices.

5 Jensen and Barrett (2017) and Carter et al. (2017) also discuss the contract quality concern, which has other-
wise been understudied by the academic community and often underacknowledged by the practitioner
community.

6 Certainty equivalent is a transformation of expected utility that scales utility to the more interpretable unit of
risk discounted dollars. More precisely, the certainty equivalent of a risk prospect is the amount of income that,
if received with certainty, would yield the same expected utility as the risky prospect itself. The analysis
reported in the figure assumes that the farmer has constant relative risk aversion equal to 2, and that she
enjoys a fixed nonagricultural income equal to 20% of their expected agricultural income.

[Correction added on 11 February 2021 after first online publication: Grammatical and format-
ting changes have been made to the article to improve clarity.]
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