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Abstract

We examine whether non-banks fill credit gaps following climate shocks. Using

the August 2017 floods in two Indian states, Uttar Pradesh and Bihar, as a plausibly

exogenous shock, we combine georeferenced flood-extent data with a novel, near-

universe panel of Indian retail credit data. A difference-in-differences design, com-

paring non-banks and banks across flooded and unaffected zipcodes, reveals that non-

banks expand lending by 5.75% in affected areas relative to banks, alongside broader

borrower outreach. Product-level estimates show particularly strong responses in

agricultural and consumption credit. While overall delinquency rates remain compa-

rable to those of banks, we detect a rise in default rates for consumption loans. By link-

ing flood exposure to high-frequency originations, this paper provides the first large-

scale evidence of non-banks’ countercyclical role in disaster recovery—delivering rapid,

last-mile liquidity to vulnerable households and small firms, albeit with elevated risk

in unsecured credit.

Keywords: Climate Change, Household Finance, Environmental Economics, Cli-

mate Shocks, Financial Intermediation

*We thank the participants at the 4th Annual Workshop of the ESCB Research Cluster in Climate Change,
NGFS EN Research Network of Central Banks, and the participants at the Annual Economics Conference
at Ahmedabad University. We also thank Dr. Ricardo Vicente for a valuable discussion and Prof Amil
Dasgupta for helpful comments and suggestions.

†Affiliation: Centre for Advanced Financial Research and Learning, Reserve Bank of India (RBI), Mum-
bai, India; Corresponding Email:sankalp.mathur@cafral.org.in.

1



1 Introduction

Climate change is intensifying, and with it, natural disasters are striking more often and
with greater force. These extreme weather events trigger sharp, localized surges in de-
mand for liquidity and reconstruction finance to smooth consumption, rebuild assets,
and invest in adaptive capacity (Koetter et al., 2020; Abedifar et al., 2024; Allen et al.,
2023; Blickle et al., 2021; Mahul & Signer, 2023). In advanced economies, insurance cov-
erage and public financial assistance often mitigate the economic consequences of such
shocks (Melecky & Raddatz, 2015). In contrast, many developing countries1 lack com-
parable safety nets, making recovery highly dependent on access to credit from banks
and other financial institutions. In the absence of strong institutional safety nets and
given the centrality of private finance in recovery, the behavior of financial intermedi-
aries—particularly their willingness and capacity to lend post-disaster—becomes a criti-
cal determinant of economic resilience.

Traditional banks often retrench lending post-disaster in the affected areas, consistent
with heightened default risk and capital constraints. They cut originations, tighten lend-
ing toward safer borrowers, or reallocate credit away from the shock (Nguyen & Wilson,
2020; Choudhary & Jain, 2022; Brei et al., 2019; Rehbein & Ongena, 2022). In this con-
text, non-banks or nonbank financial companies (NBFCs)2 are well-positioned to provide
last-mile credit in developing economies, providing timely liquidity to disaster-affected
households and firms when bank lending is restricted. Despite extensive work on banks
and household borrowing after disasters, evidence on how non-banks respond—relative
to banks—remains scarce.

Using granular credit-bureau microdata matched to georeferenced flood-extent imagery,
this paper quantifies the differential credit supply response of non-banks relative to tradi-
tional banks in disaster-affected areas. We show that, following a major flood event, non-
banks expand loan volumes and borrower coverage more than banks in treated locations,
consistent with their comparative advantage in last-mile origination and serving under-
banked households. These findings highlight the importance of non-banks’ networks in
delivering rapid liquidity to vulnerable communities after natural disasters and, more
broadly, in strengthening local resilience as climate risks intensify.

In studying lenders’ responses to disasters, a first-order challenge is measuring expo-

1Developing countries bear a disproportionate share of climate-related losses (IPCC, 2023).
2NBFCs are companies that provide credit and other financial services; but do not take deposits.
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sure at the right spatial scale. Much of the literature relies on datasets such as Emer-
gency Events Database (EM–DAT). However, EM-DAT’s state- or district-level tags are
too coarse for zipcode–level credit outcomes and risk substantial misclassification and at-
tenuation bias (Patel (2024)). We address this gap by georeferencing official flood-extent
imagery to construct a zipcode -level treatment indicator, aligning the shock’s spatial res-
olution with monthly originations and enabling sharper inference on lenders’ post-flood
behavior.

We use a novel, near-universe panel of retail credit originations from TransUnion CIBIL,
India’s oldest credit bureau—structured at the year–month � zip-code � lender type �
product category level and containing consistent measures of both new originations and
subsequent performance. This granularity, uncommon in prior work that relies on public
aggregates, allows us to align the spatial and temporal scale of lending with flood expo-
sure, compare banks with non-banks, and distinguish secured from unsecured products.
As a result, we can trace the immediate and medium-run reallocation of risk and liquidity
after floods and provide, to our knowledge, the first high-frequency, large-scale evidence
on the countercyclical role of non-banks in flood-affected areas.

We particularly look at the disastrous floods in 2017 in India which affected the states of
Uttar Pradesh (U.P.) and Bihar3. U.P and Bihar sit in the Ganga basin and experienced
exceptionally severe flooding in August 2017. The flood led to a death toll of 617 people,
with about 1.9 crore people directly affected by the floods. The total damages are reported
to be 1.56 billion USD (adjusted to current prices, it is estimated to be approximately 2 bil-
lion USD). These two states are also among India’s most populous— about 200 million in
Uttar Pradesh and 104 million in Bihar as of the last Census4. These states remain pre-
dominantly rural, underscoring their vulnerability to riverine floods. Labour markets are
heavily agrarian, implying that flood shocks directly hit vulnerable livelihoods. Against
this backdrop, examining short-run credit needs and the responsiveness of lenders in the
immediate aftermath of the 2017 floods is essential for understanding how households
and small firms adapt in the flood-exposed regions.

We implement a difference-in-differences strategy comparing non-banks and traditional
banks across flooded and non-flooded zipcodes before and after the 2017 flood event.

3Developing countries bear a disproportionate share of climate-related losses (IPCC, 2023), with India
being one of the worst-affected countries, ranking in the top ten most affected nations by extreme weather
related calamities (Adil et al., 2025). In India, floods are the most frequent natural disaster (see Figure 5).
India also ranks as the second-most flood affected country in the world.

4U.P. population is equivalent to the combined population of Germany and France.
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The results show that non-banks increase lending by 5.75% in flood-affected areas relative
to banks. Non-banks also expand credit on the extensive margin, as they extend 6.07%
new loans relative to banks after the natural disaster. To address concerns that the credit
expansion may reflect a shift toward riskier borrowers and a buildup of non-performing
assets, we examine portfolio quality and find no statistically significant change in overall
delinquency rates for non-banks relative to banks in treated areas.

To unpack the aggregate lending patterns further, we move to a more disaggregated anal-
ysis and examine whether non-banks’ lending expansion is concentrated in specific loan
types—distinguishing between collateralized and uncollateralized products. Disaggre-
gated results by loan type reveal substantial increases in both collateralized (15.8%) and
uncollateralized (26.6%) lending. The expansion is particularly pronounced on the exten-
sive margin, with the number of new uncollateralized loans rising by 28.6%, compared to
a 13.1% increase in new collateralized loans. These findings suggest that non-banks play
a countercyclical, last-mile role by expanding credit supply following climate shocks.

To further refine the analysis by product category, we find that non-banks expand lending
disproportionately in agricultural and consumption loans. Within the collateralized seg-
ment, agricultural lending increases by 20.4%, while within the uncollateralized segment,
consumption lending rises by 23.1%. These effects are primarily driven by expansion on
the extensive margin: non-banks increase the number of new agricultural loans by 22.1%
and new consumption loans by 25.1%. In contrast, traditional banks exhibit increased
lending only in gold-backed loans, where households pledge gold as collateral.

To explore heterogeneity in borrower access, we also examine how non-banks respond
across borrower types and informational margins. Our findings show that non-banks
significantly increase lending to borrowers with whom they have no prior relationship,
while also expanding the number of accounts among existing borrowers. Importantly,
non-banks disproportionately extend credit to individuals historically excluded from the
formal financial system—those with no credit history or with subprime credit scores.
Compared to traditional banks, non-banks lend more to borrowers below the prime thresh-
old. These results contribute to a growing literature on financial inclusion and credit ac-
cess (e.g., Dell’Ariccia & Marquez (2006)), by showing that non-banks play a distinct role
in reaching informationally opaque and marginal borrowers. The findings suggest that
in the aftermath of climate shocks, non-banks not only serve as last-mile lenders but also
help bridge persistent access gaps in underserved credit markets, albeit with implications
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for risk exposure in less-screened segments.

While the expansion of non-bank lending following natural disasters plays an important

countercyclical role and improves �nancial access, it also raises concerns about underly-

ing credit risk and its implications for �nancial stability. Increased lending can become

problematic if �nancial institutions disproportionately extend credit to riskier borrowers,

potentially leading to higher default rates. In our setting, although differential aggregate

delinquency rates of non-banks remain statistically insigni�cant relative to traditional

banks, this masks important heterogeneity across loan types. Speci�cally, the overall

stability in delinquency rates re�ects a relative decline in defaults within collateralized

lending—most notably in agricultural (7.9%) and vehicle loans (8.8%)—which offsets ris-

ing delinquencies in uncollateralized segments. In uncollateralized lending, delinquency

rates increase by 7.12%, with consumption loans accounting for a substantial 7.8% rise.

This concentration of risk in unsecured, post-disaster consumption credit is especially im-

portant, as it signals a vulnerability that may not be captured in aggregate �gures. These

�ndings highlight the need for policy interventions that support consumption smooth-

ing for affected households, thereby mitigating risk spillovers to the �nancial sector and

preserving �nancial stability in the aftermath of climate shocks.

Related Literature. A growing body of evidence suggests that countries with more devel-

oped insurance markets experience smaller economic losses following natural disasters,

as insurance mechanisms help absorb and redistribute risk (Melecky & Raddatz, 2015).

In settings where such insurance coverage is limited or absent, affected households and

�rms must rely on banks as alternative sources of post-disaster �nancing. Accordingly, a

large literature has examined the behavior of bank lending in the aftermath of natural dis-

asters (Koetter et al., 2020; Abedifar et al., 2024; Choudhary & Jain, 2022; Brei et al., 2019;

Rehbein & Ongena, 2022; Gallagher & Hartley, 2017; Cort́es & Strahan, 2017; del Valle

et al., 2024). These studies �nd that banks often retrench lending in disaster-affected ar-

eas, partly due to the deterioration of collateral values and heightened uncertainty around

borrower repayment capacity (Nguyen & Wilson, 2020). Moreover, disaster-induced in-

creases in funding costs may further tighten credit supply, disproportionately affecting

borrowers with limited credit histories or weaker �nancial access (Choudhary & Jain,

2022; Brei et al., 2019). Prior research �nds that geographically diversi�ed banks manage

climate-related risks by rebalancing their portfolios toward regions with lower exposure

to such risks (Islam & Singh, 2025; Cortés & Strahan, 2017; Rehbein & Ongena, 2022).
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In disaster-hit areas (notably �ood-intensive hurricanes), lenders tilt originations toward

loans eligible for securitization, shifting climate risk off the balance sheet (Ouazad & Kahn

(2022)). Flood exposure also leads to the change in composition of credit (del Valle et al.

(2024)). Moreover, the difference in bank capitalization conditions can propagate �ood

shocks to credit in non-�ooded areas (Rehbein & Ongena (2022)).

Despite accounting for a substantial and growing share of global �nancial assets, 5 the

role of non-bank �nancial institutions (NBFIs) or non-banks in post-disaster climate �-

nance remains underexplored in the academic literature (Financial Stability Board, 2025).

This paper contributes to �lling this gap by shifting the analytical focus from banks to

non-banks, documenting their differential lending behavior following a natural disaster.

In doing so, it underscores the importance of non-banks in providing last-mile liquidity

to vulnerable households—particularly in contexts where formal insurance mechanisms

and traditional bank credit are limited or disrupted.

While natural disasters often increase the demand for credit, banks tend to allocate post-

disaster lending primarily to those with whom they have prior relationships or are safe

borrowers, leveraging established relationships to mitigate information asymmetries and

default risk (Abedifar et al., 2024). In contrast to this relationship-based lending behavior,

our �ndings show that non-banks expand credit supply to borrowers with whom they

had no prior lending relationship—often including households previously excluded from

the formal �nancial system.

Nonbanks respond differently to credit shocks than traditional banks because they op-

erate under a distinct regulatory environment—particularly with respect to micro- and

macroprudential requirements—and adopt alternative lending technologies (Darst et al.,

2025). They also differ informationally from banks in how borrower screening and moni-

toring are organized (Chernenko et al., 2022). In environments with stringent prudential

constraints and limited information on prospective borrowers, banks may be reluctant to

extend credit to borrowers without prior relationships. Complementing these �ndings,

we show that non-banks �ll this gap by expanding supply to borrowers who are new to

credit and lack prior relationships to formal lenders, underscoring their role in extend-

ing access when relationship-based bank lending is least responsive. This suggests that

non-banks play a crucial role in broadening �nancial access in the wake of climate shocks,

5According to the Global Monitoring Report on Non-Banking Financial Intermediation, in 2024, the
NBFI sector expanded by 9.4%—double the growth rate of the banking sector—and represented 51.0% of
total global �nancial assets.
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particularly by channeling liquidity to underserved households.

While some recent studies have examined non-bank lending in the context of natural

disasters (e.g., Allen et al., 2023), they tend to focus on a single credit product, such as

mortgages (Nguyen et al., 2022; Kousky et al., 2020) or credit card borrowing (Gallagher

& Hartley, 2017). In contrast to these product-speci�c analyses, our study leverages gran-

ular product-level data that spans both secured and unsecured retail credit—including

agriculture, business, vehicle, consumption, and micro�nance loans. This broader cov-

erage enables us to provide a more comprehensive picture of how liquidity provision

scales across multiple credit markets outside the traditional mortgage segment following

climate shocks.

This paper also contributes to the emerging literature on the impact of climate-related

extreme weather events on the �nancial stability of banks (Noth & Sch üwer, 2023). By

comparing delinquency rates at the aggregate, across collateralized and uncollateralized

segments, and across different loan products, it identi�es a concentration of credit risk

in unsecured consumption loans. These �ndings underscore the potential for climate-

induced credit posing broader risks to macro-�nancial stability.

Methodologically, this paper contributes by introducing a novel approach to identify-

ing disaster-affected areas. Existing studies often rely on the EM-DAT database to de-

termine the temporal and spatial scope of �ood exposure when assessing the economic

impacts of natural disasters (e.g., Cavallo et al., 2013; Noy, 2009; Kahn, 2005; Skidmore &

Toya, 2002; Raddatz, 2007). However, recent research has highlighted several limitations

of EM-DAT, including inconsistent �ood de�nitions, a bias toward detecting �oods in

richer or more densely populated areas, and a tendency to overstate �ood coverage, all of

which can introduce misclassi�cation bias (Patel, 2024). To address these limitations, we

leverage high-resolution inundation imagery from the National Database for Emergency

Management and geo-reference �ood-affected areas using pin-code-level shape�les. This

more granular and accurate identi�cation strategy enhances the precision of our empiri-

cal analysis and offers a replicable framework for future research on the localized impacts

of natural disasters.

In addition, this paper leverages a novel, proprietary, and near-universal panel dataset

of retail credit originations from CIBIL, structured at the year–month × zip-code × lender

type × product category level. This paper is among the �rst to leverage this dataset, which

has been used in only a handful of prior studies (Mishra et al., 2022; Cramer et al., 2025).
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The granularity of this data—uncommon in prior research that typically relies on aggre-

gated public statistics—enables us to precisely align the spatial and temporal dimensions

of lending activity with �ood exposure. It also allows for a systematic comparison be-

tween banks and non-banks, and across secured and unsecured credit products.

The paper is organized as follows. Section 2 provides the background on �oods in India.

Section 3 details the data used in identifying the affected zip-codes and the granular credit

bureau data. We elaborate on the empirical strategy in Section 4, and present our �ndings

and results in Section 5. Section 6 concludes.

2 Background: Floods in India

Floods are among the most frequent natural disasters in India, signi�cantly disrupting

various aspects of socio-economic well-being. A substantial portion of the population

is adversely affected by �oods, which manifest their impacts through human mortality,

migration, and extensive damage to agriculture and infrastructure, particularly during

the summer monsoon season. According to India's National Remote Sensing Centre,

India ranks as the second most �ood-affected country in the world, following Bangladesh,

and accounts for one-�fth of the global death toll due to �oods. The National Flood

Commission reports that approximately 4 crore hectares of land in India are susceptible

to �ooding, with an average of 1.86 crore hectares affected annually. The Brahmaputra

and Ganga River basins in the Indo-Gangetic-Brahmaputra plains of North and Northeast

India are the most �ood-prone areas, containing 60 per cent of the nation's total river

�ow. Other �ood-prone regions include the northwest area with west-�owing rivers like

the Narmada and Tapti, as well as Central India and the Deccan region with major east-

�owing rivers such as the Mahanadi, Krishna, and Cauvery.

Nearly 75 per cent of India's total rainfall is concentrated within the brief monsoon sea-

son spanning four months from June to September. During this period, rivers experience

heavy discharge, leading to widespread �ooding in densely populated states such as Ut-

tar Pradesh, Bihar, West Bengal, and Assam. The Himalayan rivers, in particular, carry

a signi�cant amount of sediment, which contributes to the erosion of riverbanks. Com-

bined with soil saturation and increased runoff, as well as deforestation activities, this

leads to the loosening of large quantities of topsoil during rainfall. Consequently, down-

stream water levels rise sharply, resulting in extreme �ooding events.
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2017 Floods in UP and Bihar. The 2017 South Asian monsoon produced one of the largest

�ood disasters globally that year. EM–DAT's 2017 statistical review highlights the August

�ood across India, Nepal, and Bangladesh as a single event that affected 26.9 million peo-

ple—the most affected by any disaster worldwide in 2017—and lists India among the

countries with the highest number of recorded disaster events that year. Within India,

contemporaneous situation reports document exceptional severity concentrated in the

Ganga basin states. The �oods in UP and Bihar in August 2017 were particularly deadly.

According to EM-DAT, the �ood led to a death toll of 617 people, with about 1.9 crore

people directly affected by the �oods. The total damages are reported to be 1.56 billion

USD (adjusted to current price, it is estimated to be approximately 2 billion USD). These

impacts arose from short-duration, high-intensity rainfall episodes and upstream in�ows

during the August pulse of the southwest monsoon—hydrometeorological drivers that

are orthogonal to local credit-market conditions. Consistent with this, the India Meteoro-

logical Department characterizes 2017 as a year with near-normal all-India seasonal totals

but sharp spatial and intra-seasonal variability, implying that extreme �ooding can occur

even where seasonal rainfall is not unusually high (India Meteorological Department,

2018).

Income, Expenditure and Savings after Floods. Figure (1) shows that after the �ood

event, there is a short-term boost in income and expenditure in the affected districts in

UP and Bihar, potentially due to reconstruction. However, as time passes, there is a de-

cline in the income growth. The effect remains persistent as income, expenditure, and

savings growth fall and fail to catch up even six months after the �ood event. The �g-

ure indicates the credit demand to rebuild and adapt ,as economic growth falters in the

month following the �oods.

3 Data

3.1 Flood Exposure - Identifying Affected Zipcodes

A central challenge in this study is the precise identi�cation of local areas exposed to

�ooding. Much of the existing literature relies on reporting-based datasets such as the

Dartmouth Flood Observatory Archive and the EMDAT International Disaster Database.

These datasets draw on government and media coverage to report �ood incidents at the
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Figure 1: Trend in Income (top), and Expenditure and Savings (bottom) growth after the
August 2017 �oods.

Notes:The �gure plots the total income, expenditure, and savings year-on-year growth of households in
districts which contain �ood-affected zipcodes. Authors' calculation using CPHS 6.
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district (ADM2) or state (ADM1) level. However, these face documented shortcomings:

inconsistent de�nitions, a bias toward richer, urban, or developed areas, and omission of

brief but economically signi�cant �oods (Patel (2024)). As a result of their dependence

on ex post disaster recognition, they inherit inconsistent de�nitions of what constitutes

a “�ood” and tend to focus on highly visible disasters. Smaller or short-lived inunda-

tions—especially in poorer or more remote regions—are frequently unreported.

Finally, reporting-based datasets record �oods at relatively coarse administrative scales

(often state or district level), which is valuable for national or state-level analysis, but too

coarse for credit-market outcomes observed at the zip-code level. As a result, mapping

district-level shocks to zip-codes introduces substantial spatial measurement error. Our

approach innovates on this margin by constructing a high-resolution treatment indicator

directly at the zip-code level.

Figure 2: Flood Extent Map from National Database for Emergency Management

Notes:This map depicts the regions of Uttar Pradesh and Bihar that were affected by the August 2017 �ood.
This is reproduced from the National Database for Emergency Management's map viewer system

We extract authoritative �ood-extent maps from India's National Database for Emergency

Management (NDEM). Figure (2) shows the inundation levels and the �ood affected areas

reproduced by the NDEM 7. Using QGIS, we geo-reference the NDEM �ood imagery to a

standard projected coordinate system by placing control points on stable landmarks (e.g.,

road intersections, river con�uences) and minimizing reprojection error. We then overlay

the georeferenced �ood layer onto polygon shape�les of Indian zip-code boundaries. A

zip code is classi�ed as “�ood-affected” (treated) if its polygon intersects the �ooded area

7The map viewer can be accessed here.
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