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Abstract

Local natural disasters are geographically concentrated, but corporate credit markets are
integrated through national financial intermediaries, raising the question of whether natu-
ral disasters propagate through lending networks. In August 2017, Hurricane Harvey caused
widespread damage to counties in Texas and Louisiana. Using U.S. syndicated loan data, we
compare lenders with different pre-storm portfolio concentration in the damaged counties lend-
ing to the same unaffected borrower. On the intensive margin, lenders one standard deviation
more exposed to Harvey cut credit to unaffected borrowers by 4.8 percent of loan volume, with
no adjustment in spreads or maturities. The effect is also not explained by distance to the
storm, and it is unchanged among borrowers located more than 1,000 miles from the impact
zone. Instead, the borrower’s hurricane risk predicts the credit supply contraction, which we
measure using the historical frequency of hurricanes at the borrower’s location from NOAA
data. Credit falls for borrowers in hurricane-prone counties, and exposed lenders move about
two percentage points of their portfolios out of hurricane-risky counties. On the extensive mar-
gin, the most exposed lenders are more likely to end lending relationships with hurricane-risky
borrowers. The evidence is consistent with a highly visible disaster leading exposed lenders to
move away from climate-risky borrowers throughout their portfolios, a reallocation of climate
risk in quantities.
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1 Introduction

Local climate disasters are increasingly severe and hard to fully insure or diversify. Hur-

ricanes, floods, and wildfires destroy physical capital, disrupt production, and depress local

demand, generating large and persistent economic losses (e.g., Garmaise and Moskowitz,

2009; Billings et al., 2022; Collier et al., 2024; Gallagher and Hartley, 2025). Over the last

decade alone, the United States has experienced nearly 190 billion-dollar weather and cli-

mate disasters, with total damages exceeding $1.4 trillion, and these costs continue to rise

(NOAA, 2025). The difficulty of insuring these losses comes from their structure. Insurance

and diversification work by pooling many independent risks, so that a loss in one place is

offset by premiums or gains elsewhere. Disaster losses break this logic in two ways. First,

they are correlated in space. A hurricane damages every home, firm, and bank branch in the

same set of counties at once, so an insurer or a lender doing business in the region cannot

offset one loss against another nearby. Second, they are concentrated in time. Most years

bring little damage and a single year brings an enormous amount, so losses may not be

smoothed across years either. In practice, insurance against these losses is incomplete, and

uninsured borrowers bear substantial financial distress when disasters strike (Billings et al.,

2022).

Even when disasters are geographically concentrated, modern credit markets are inte-

grated through national financial intermediaries, raising the question of whether natural

disasters propagate through lending networks. A lender that funds firms in a disaster region

also funds firms everywhere else, so a loss that cannot be pooled where it occurs is absorbed

on a balance sheet that lends across the country. Propagation, however, is not automatic. A

disaster also raises credit demand in the damaged region, because firms and households bor-

row to rebuild. If external funding were costless, a lender facing that demand would simply

raise new deposits or wholesale funding, expand its balance sheet, and leave every other bor-

rower untouched. But external finance is costly, so lenders meet local demand surges in part

by reallocating funds within the balance sheet they already have, drawing credit away from

markets far from the shock (Cortés and Strahan, 2017). And if the lenders absorbing the loss

also reassess the climate risk they hold, they may withdraw specifically from climate-risky

borrowers far from the disaster, turning a concentrated regional shock into an economy-wide

reallocation of credit. Regulators share this concern, that idiosyncratic risks become systemic
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risks. In June 2017, the Financial Stability Board’s Task Force on Climate-related Financial

Disclosures (TCFD) issued the first framework asking financial institutions to measure and

disclose their exposure to climate risk (Task Force on Climate-related Financial Disclosures,

2017), and later that year, a group of central banks created the Network for Greening the

Financial System (NGFS) to understand how climate risks affect the financial system and

the economy (Network for Greening the Financial System, 2018). This propagation is what

climate stress tests are built to capture, and assessing it requires knowing how these shocks

actually travel through the financial system.

Most of the literature on climate change and financial markets has concentrated on long-

lived assets, such as real estate or equities, whose prices should capitalize future long-term

damages. The logic is that an asset held for decades must embed the decades of physical risk

that come with it, so its price is the natural place to read off what markets believe about

climate change. This literature has established that the discount is real and that it responds

to information. Coastal properties exposed to sea-level rise trade at a discount relative to

otherwise identical inland properties (Bernstein et al., 2019), the discount widens with the

salience of flood risk and with the buyer’s own beliefs, and lenders adjust the mortgages

written against these properties by securitizing them rather than holding them (Ouazad

and Kahn, 2022). Municipal debt issued by exposed jurisdictions carries a yield premium

(Goldsmith-Pinkham et al., 2023), though the capitalization is not universal, since Murfin

and Spiegel (2020) find precisely estimated null effects of sea-level-rise exposure on residential

prices. Housing markets have even been used to recover the term structure of discount rates

relevant for valuing climate abatement itself (Giglio et al., 2015, 2021). The common feature

is that the horizon of the claim is long enough for a gradual, forward-looking risk to matter

for its valuation today.

Much less is known about short-term assets, such as corporate loans, even though these

are the claims intermediaries can reprice and resize fastest. A syndicated credit is renego-

tiated, amended, and refinanced continuously, so a lender that revises its view of climate

risk can act on that view within quarters rather than waiting decades for a maturity. What

the literature on corporate credit and disasters has mostly examined is the lending response

inside the damaged regions themselves. Damaged firms and households borrow to rebuild,

credit demand rises, and whether that demand is met depends on the condition of the local

lender. Access to credit tightens after a disaster, but borrowers with an established rela-
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tionship are largely shielded (Berg and Schrader, 2012), and areas served by local lenders

see credit expand and recover faster (Cortés, 2014). Banks whose own balance sheets are

damaged transmit that damage into the investment of the firms they finance (Hosono et al.,

2016), well-capitalized independent banks rebuild capital and reallocate their portfolios af-

ter a catastrophe (Schüwer et al., 2019), and regional lenders exposed to a flood expand

recovery lending to affected borrowers (Koetter et al., 2020). Public guarantees change this

allocation by letting banks extend credit into the affected area while shifting the risk off

their own books (Becerra-Ornelas et al., 2026). All of this describes the disaster zone. It

says little about the rest of the lender’s portfolio.

Propagation beyond the disaster zone is where the systemic question lies, and the evidence

there is thinner. The clearest results are for mortgage markets. Lenders active in a disaster

region reallocate funds toward it to meet the surge in local demand and cut mortgage credit

in unaffected areas (Cortés and Strahan, 2017), and the same cross-region spillover through

branch networks appears after El Niño shocks (De Marco and Limodio, 2024). Where the

shock is followed through an entire lending network, the event is gradual rather than extreme,

as with persistent drought in Brazil, where lending first flows into the affected region and later

contracts network-wide once borrowers default (Mestieri et al., 2026). For corporate loan

markets after an extreme event, the evidence is either about prices, showing that spreads rise

for at-risk but undamaged borrowers in a way that tracks the salience of the storm (Correa

et al., 2026), or about quantities identified at the county level, comparing lenders that lend

into the same county (Ivanov et al., 2022). That design controls for demand shocks common

to a county, and it is the closest paper to ours. Our evidence is one level more granular.

We compare lenders within the same firm, so fixed effects absorb the borrower’s own credit

demand rather than its county’s, and we test a heterogeneity their design does not, the

hurricane risk of the borrower’s own location.

This paper asks how do local physical climate shocks propagate through financial inter-

mediaries in corporate loan markets? We answer it using Hurricane Harvey, which struck

Texas and Louisiana in August 2017, and U.S. syndicated loan data from DealScan. Our

treatment is the lender’s exposure to the disaster, measured as the share of its pre-storm

syndicated portfolio lent to borrowers in counties that subsequently received FEMA major

disaster declarations. Building this measure requires knowing how much of each syndicated

loan each lender holds, and DealScan reports individual lender shares for only part of the

3



market. We therefore follow Chodorow-Reich (2014), keeping every reported share and im-

puting the missing ones from the average shares reported by lenders holding the same role

in syndicates of the same structure.

In August 2017, Hurricane Harvey caused widespread damage to counties in Texas and

Louisiana, increasing the demand for credit. We first document this direct effect in our own

data. Using county-level damages,1 borrowers headquartered in damaged counties increased

their total syndicated borrowing by about 12 percent relative to other borrowers between

the year before the storm and the year after, and the increase rises with the dollar value of

damage in the borrower’s county. This is a correlation rather than a causal estimate, but

it is a stable one. Controls for the borrower’s pre-storm credit, its number of lenders, its

industry, and its state leave the pattern intact, and it matches the direct effect that Ivanov

et al. (2022) document across disasters. The disaster zone did not lose credit after Harvey.

It gained credit. Moreover, lenders with different Harvey exposure expanded credit to the

same affected borrower at the same rate, and exposed lenders held their market share in

the damaged counties. The reallocation this paper documents happened outside the disaster

zone.

To separate supply from demand, the central difficulty in any study of credit after a

disaster, we use the within-borrower estimator of Khwaja and Mian (2008). Because most

syndicated borrowers hold credit from several lenders at once, 92 percent of tranches in our

sample have more than one lender parent and the median tranche has four, we can compare,

within the same unaffected borrower, the change in credit from lenders with different Harvey

exposure between the year before the storm and the year after. Borrower fixed effects absorb

any shock to the borrower’s demand for credit, so the remaining variation across its lenders

reflects supply. The design requires only that credit demand be common across a borrower’s

lenders.

Our first finding is that a geographically concentrated disaster transmits to borrowers

the storm never touched as a contraction of credit supply, and that the contraction operates

through quantities. A borrower’s credit from a lender one standard deviation more exposed

to Harvey, 6.5 percentage points of portfolio share, falls by 4.8 percent relative to its other

1County-level damage data come from the Spatial Hazard Events and Losses Database for the United
States (SHELDUS), Arizona State University. We measure Harvey damages as flooding and hurricane dam-
ages recorded in August and September 2017 in the counties that received FEMA major disaster declarations
for Harvey.
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lenders, weighting each lending relationship by its pre-storm loan amount so that the estimate

describes dollars of credit, and by 4.0 percent when borrowers hit by Hurricane Irma are also

excluded. Counting each relationship equally instead, the two estimates are 3.4 and 2.4

percent, so the cuts fell disproportionately on the larger loans. Spreads and maturities show

no adjustment. The result is not driven by borrowers near the storm. Excluding all borrowers

within 300 or 700 miles of the Harvey impact zone leaves the estimate essentially unchanged,

at 4.7 and 4.3 percent. Whatever links these distant borrowers to Harvey operates through

the lender.

Our second finding is that the contraction targets climate risk rather than geography.

Exposed lenders do not withdraw from a region. They withdraw from a type of borrower.

Splitting unaffected borrowers by their county’s historical hurricane frequency, the supply

cut loads on the risky side of the split. Borrowers in counties with at least ten historical

hurricane passages lose 7.4 percent of loan volume per standard deviation of exposure, while

borrowers in low-risk counties are statistically unaffected. The same reallocation is visible

at the level of the market. A one standard deviation more exposed lender moved about two

percentage points of its portfolio out of hurricane-risky counties, off a pre-storm base of 65.8

percent, and ceded market share in risky counties while holding it in safe ones. What looks

from inside a lending relationship like a credit cut is, at the level of the market, a transfer

of climate risk across lenders.

Our third finding concerns the sequence of adjustment along the intensive and extensive

margins. Amounts are cut first, in the two to three quarters after the storm. Then, two to

four quarters later, exposed lenders begin to let lending relationships lapse. The probability

that a pre-existing relationship remains active falls by 1.1 percentage points per standard

deviation of exposure by the end of 2019 when relationships are counted equally, and the

lapse is concentrated among high-hurricane-risk borrowers. The intensive-margin gradient

in amounts reappears in who loses the relationship. The relationships that lapse are dispro-

portionately small ones, so the extensive margin is visible in relationship counts more than

in dollars.

The response is specific to Harvey. Re-running the entire design around placebo event

dates in the third quarters of 2014 and 2015 produces coefficients that are uniformly small

and insignificant. A third placebo date, the third quarter of 2016, is not a clean falsification

test, because its post window runs through September 2017 and straddles the recovery of
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the oil market. There, exposed lenders expand rather than contract, the opposite sign of

a supply cut. Pre-storm concentration in the Harvey counties predicts lending cuts around

Harvey and lending growth when oil recovers, so the contraction is a response to the event,

not a stable trait of Texas-concentrated lenders.

Why would a lender respond to a disaster by cutting credit to borrowers the disaster did

not touch? The timing offers an interpretation. Harvey was one of the costliest disasters in

U.S. history and arrived precisely as climate risk entered the financial stability agenda. The

Financial Stability Board’s Task Force on Climate-related Financial Disclosures published

its recommendations in June 2017, and the Network for Greening the Financial System was

founded in December 2017 (Network for Greening the Financial System, 2018). Google

search interest in climate change around Harvey was roughly two and a half times its level

around Hurricane Sandy five years earlier. Salient events shift managers’ risk assessments

even when fundamentals are unchanged (Dessaint and Matray, 2017), and salience-driven

repricing after disasters has been documented in loan spreads (Correa et al., 2026). Our

evidence is consistent with the quantity counterpart. A salient shock made latent hurricane

risk visible, and the lenders holding the most of it rebalanced away from hurricane-risky

borrowers throughout their portfolios. Climate risk was not eliminated. It was reallocated.

To our knowledge, these are the first estimates of a credit supply reallocation in corporate

loan markets after an extreme weather event that control for credit demand at the level of

the individual borrower. The within-borrower design compares lenders with different disaster

exposure lending to the same unaffected firm, so the estimates separate supply from demand,

the central difficulty in the literature that follows disasters into credit markets.

Related Literature. This paper contributes to three strands of the literature. First, it

relates to work documenting that physical climate risk is priced in financial markets and

credit contracts (Bernstein et al., 2019; Ouazad and Kahn, 2022; Goldsmith-Pinkham et al.,

2023; Javadi and Masum, 2021). Javadi and Masum (2021) show that firms in locations

with higher long-run climate-change exposure pay significantly higher loan spreads, with

effects concentrated among long-maturity loans to poorly rated firms, suggesting lenders

increasingly price physical climate risk into contract terms. Most closely related, Correa

et al. (2026) show that loan spreads increase for at-risk but not directly affected borrowers

following climate-linked disasters. We study the same borrower margin, but not with the
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same source of variation. They hold the lender fixed with bank-by-year effects and compare

two borrowers of one bank, which recovers how the market reprices a borrower once a disaster

makes its risk salient. We hold the borrower fixed and compare two lenders of one firm, which

recovers how much of the response is specific to the lenders the storm reached. Importantly,

they attribute the repricing primarily to salience bias, since increased spreads are short-lived,

amplified by media attention, and driven by lenders overreacting to the prominence of the

event rather than by a permanent reassessment of long-run credit risk (Dessaint and Matray,

2017). Our contribution is the quantity counterpart, identified causally. Exposed lenders cut

credit to unaffected borrowers relative to the same borrower’s other lenders, the cut sorts on

the borrower’s own hurricane risk rather than on proximity to the storm, and the adjustment

operates through amounts and relationship terminations rather than through spreads.

Second, we contribute to the literature on bank geographic diversification and spatial

credit spillovers (Goetz et al., 2016; Chu et al., 2020; Conlon et al., 2024; Ivanov et al.,

2022; De Marco and Limodio, 2024; Mestieri et al., 2026). A canonical mechanism empha-

sizes internal capital markets, whereby banks reallocate lending across regions in response

to shocks (Cortés and Strahan, 2017; Koetter et al., 2020). Ivanov et al. (2022) show, using

syndicated loan data, that when disaster areas experience increased credit demand, banks in

their networks cut lending to borrowers in distant unaffected regions by approximately 3 per-

cent, a pattern directly analogous to the credit supply contraction we document. De Marco

and Limodio (2024) document a similar cross-county spillover for mortgage lending follow-

ing El Niño events, establishing that even non-destructive climate shocks propagate through

bank branch networks to counties not directly affected by temperature increases. Rehbein

and Ongena (2022) show that low bank capital amplifies local shock spillovers. Firms in non-

disaster regions connected to disaster-exposed banks reduce borrowing and employment, with

retrenchment largest in areas the bank anticipates as future disaster risks. At the macro level,

Mestieri et al. (2026) study how persistent drought shocks in Brazil propagate through bank

branch networks. In the short run banks channel capital into drought-affected regions, but

when shocks persist and borrowers default, lending contracts throughout the network, with

spillovers to indirectly connected regions roughly half the size of the direct effect. We study

a complementary channel, how lenders’ geographically distributed portfolio exposures trans-

late into differential credit allocation in integrated lending markets, including for borrowers

in unaffected locations.

7



Third, the paper builds on the quasi-experimental literature that identifies credit supply

by comparing lenders within the same borrower. Khwaja and Mian (2008) introduce the

within-borrower estimator using liquidity shocks to Pakistani banks. Jiménez et al. (2012)

apply the logic to loan applications in Spain, Peek and Rosengren (2000) trace shocks to

Japanese banks into U.S. real activity through their local lending, and Ivashina and Scharf-

stein (2010) document the contraction of syndicated lending during the 2008 crisis. Closest

in method, Chodorow-Reich (2014) uses lenders’ differential exposure to the Lehman col-

lapse to identify credit supply in the syndicated market and trace it into employment, and

provides the syndicate-share imputation we adopt. We bring this identification toolkit to an

extreme weather event. Lender exposure to Hurricane Harvey plays the role of the funding

shock, and the within-borrower comparison isolates how the reassessment of climate risk is

transmitted to borrowers the storm never touched.

The remainder of the paper proceeds as follows. Section 2 describes the data, covering

the hurricane exposure of U.S. counties, the syndicated loan market, the construction of

the sample, and its composition. Section 3 sets out a portfolio model of lender reallocation

that separates a loss of lending capacity from a revision in beliefs about hurricane risk, and

identifies the coefficient that distinguishes them. Section 4 presents the empirical strategy,

describing how we measure lender exposure to Harvey and how we estimate credit supply,

with the identifying assumptions. Section 5 first documents the credit expansion inside the

disaster zone and how it was financed, and then reports the results for the intensive and

extensive margins, the robustness checks, and the interpretation. Section 6 concludes.

2 Data

Hurricane Harvey made landfall on the Texas coast on August 25, 2017 as a Category 4

storm, then stalled over the Houston metropolitan area for several days and produced record

rainfall and catastrophic flooding across Texas and Louisiana. With estimated damages of

about $125 billion it is the second costliest natural disaster in United States history, behind

only Hurricane Katrina.2 We use Harvey as a case study of an extreme climate event. This

section describes the data. We first build each county’s hurricane risk from the historical

2Damage figures are from the National Oceanic and Atmospheric Administration’s billion-dollar weather
and climate disasters record (NOAA, 2025).
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storm record and define the area Harvey affected, using FEMA disaster declarations for its

footprint and SHELDUS damages for its intensity. We then describe the syndicated loan

market, the imputation of lending shares within each syndicate, and the construction of the

estimation sample.

2.1 Hurricane frequency and damages

The mechanism we test is that exposed lenders rebalance away from hurricane-prone

borrowers everywhere, not just near Texas. This requires a measure of each borrower’s own

hurricane risk. For every U.S. county we count the number of hurricanes that passed within

100 miles of the county centroid between 1851 and the day before Harvey’s landfall, using

NOAA’s HURDAT2 storm-track database.3

Table A1 in Appendix A characterizes the distribution of this measure across the 3,233

counties of the continental United States. Hurricane exposure is widespread but very un-

equal. The median county saw 13 hurricane passages within 100 miles over the 166-year

record, one quarter of counties saw at most one, and the most exposed counties, in south-

ern Florida, saw more than 100. The same skewness appears in close passages (within 50

miles). Panel B reports the measure across the borrowers in our sample. Because economic

activity, and with it syndicated borrowing, concentrates along the coasts, sample borrowers

sit in more exposed counties than the average county. The median borrower’s county saw 18

hurricane passages, 65 percent of borrowers are in counties with at least ten, the threshold

we later use to define risky counties, and only 12 percent are in counties with none.

Figure 1 maps the design. It shows the Harvey counties dropped from the estimation

sample and the split of the remaining counties into risky and safe at ten historical hurricane

passages, the threshold used throughout the paper. Hurricane risk is concentrated along the

Gulf and Atlantic coasts.

3HURDAT2 is the National Hurricane Center’s revised Atlantic hurricane database, the official post-
season reanalysis of every Atlantic tropical cyclone since 1851. For each storm it records position, maximum
sustained winds, and central pressure at six-hourly intervals. We count a passage when the storm is at
hurricane intensity, maximum sustained winds of at least 64 knots, at the time it comes within 100 miles of
the county centroid. The database is publicly available at https://www.nhc.noaa.gov/data/hurdat/.
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Figure 1: Design. Dropped Counties and Risky Versus Safe Counties

Harvey FEMA counties (borrowers excluded)
Risky ( 10 historical hurricane passages)

Safe ( < 10 passages)

Notes: Harvey FEMA-declared counties (dropped from the estimation sample) are shown in red. The remaining

counties are split into risky (at least 10 historical hurricane passages within 100 miles of the county centroid since

1851, NOAA HURDAT2) and safe (<10 passages). This is the split used in the risk interaction (Table 6), the

market-share analysis (Table 7), the event-study split (Figure A2), and the exit split (Figure 5).

To identify the timing and geographic scope of the shock we use FEMA major disaster

declarations, which determine eligibility for federal assistance and provide an administrative,

storm-specific definition of the affected area.4 Combining the historical HURDAT2 exposure

with the FEMA declarations separates long-run vulnerability, which every coastal borrower

carries, from the realized 2017 shock, which only Harvey counties experienced. Where the

analysis requires the intensity of the shock rather than its footprint, we measure the dollar

value of Harvey damage in each affected county with SHELDUS.5

4FEMA disaster declarations DR-4332 (Texas, declared August 25, 2017) and DR-4345 (Louisiana).
Under the Stafford Act, a major disaster declaration is issued by the President at the request of the state’s
governor and activates federal individual and public assistance programs in the designated counties. The
county designations are published in FEMA’s disaster declarations database at https://www.fema.gov/

disaster/declarations.
5The Spatial Hazard Events and Losses Database for the United States (SHELDUS), maintained by the

Center for Emergency Management and Homeland Security at Arizona State University, records county-
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2.2 Syndicated loans

Loan-level data come from Refinitiv DealScan, which covers U.S. syndicated credit and

reports tranche amounts, spreads over the benchmark rate, maturities, the identity and

location of the borrower, and the composition of the lending syndicate.6 In a syndicated

loan, a group of lenders jointly extends credit to a single borrower under one agreement,

coordinated by one or more lead arrangers who structure the deal and negotiate its terms,

while participant lenders fund shares of it. The unit of observation is the tranche, a credit

facility within a loan agreement. One agreement may contain several tranches that differ in

type, pricing, and maturity but are issued simultaneously to the same borrower. Because

tranches are funded jointly, most borrowers in this market have several simultaneous lenders,

which is precisely the variation the within-borrower design of Section 4 exploits.

Syndicated loans are floating-rate instruments. The borrower pays a short-term bench-

mark rate plus a fixed credit spread, the margin, which is set at origination and is the object

of interest in our spread regressions. The benchmark is the London Interbank Offered Rate

(LIBOR) for most of our window and Term SOFR, the Secured Overnight Financing Rate

published by the CME Group, for tranches originated after the LIBOR transition began.

Because the benchmark moves with monetary policy and is common to all borrowers, the

margin is the part of the price a lender sets, which is why we measure repricing by the change

in the margin rather than by the change in the all-in rate.

We keep tranches whose borrower is located in the United States with a valid five-digit

zip code, whose deal status is neither cancelled nor rumored, and which are denominated in

U.S. dollars. We further require a non-missing tranche amount, margin, and maturity date,

and we restrict the sample to tranches priced off LIBOR or Term SOFR so that spreads are

measured on a comparable basis. Lenders are aggregated to the parent institution, so that

divisions and affiliates of the same banking group are treated as one lender.7 Each borrower

level dollar losses, injuries, and fatalities by hazard type and month since 1960, compiled primarily from
the National Centers for Environmental Information storm records. We measure Harvey damage as the
flooding and hurricane damage recorded in the FEMA-declared counties in August and September 2017.
The database is available at https://cemhs.asu.edu/sheldus.

6DealScan “collects loan-level information on syndicated loans from Securities and Exchange Commission
(SEC) filings, company statements, and media reports, and attempts to process the universe of such loans”
(Chodorow-Reich, 2014).

7A single organization participates in DealScan under several legal entities. JPMorgan Chase & Co., for
example, appears as JPMorgan Chase Bank N.A., J.P. Morgan Securities, and Chase Bank USA, among
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is located at its headquarters, whose zip code is mapped to a county using the Department

of Housing and Urban Development (HUD) zip-to-county crosswalk.8

Lending shares. DealScan reports each lender’s share of a tranche for only a small fraction

of syndicates, under 4 percent of tranches in our window. To attribute dollar amounts to

individual lenders we follow Chodorow-Reich (2014). In fully reported deals, the share a

lender takes depends systematically on its role and on the structure of the syndicate, since

lead arrangers retain larger shares than participants and both shares shrink as the syndicate

grows. We therefore use the fully reported tranches to compute the average share of a lead

arranger and of a participant within every syndicate-structure cell, defined by the number

of leads and the number of participants, and use these averages to fill in missing shares.

Among fully reported deals with one lead arranger and one participant, for instance, the

lead retains 62 percent of the tranche on average and the participant 38 percent, so those are

the weights applied to deals of that structure whose shares are missing. Reported shares are

never discarded. When all shares are reported we renormalize them to sum to one. When

none are reported, each lender receives the average share for its role and syndicate structure.

In mixed cases, reporting lenders keep their reported shares and the unreported residual is

allocated across the remaining lenders in proportion to the role-by-structure averages. A

lender’s amount on a tranche is its share times the tranche amount.

The main results do not depend on this imputation rule. Section 5.5 re-estimates the

pooled specification keeping the reported shares and imputing the missing ones by an equal

split among the non-reporting lenders, and by each non-reporting lender’s size in the pre-

storm syndicated loan market (Table A11 in Appendix E). The estimated contraction is 3.0

and 2.5 percent per standard deviation of exposure under the two rules, against 3.4 percent

in the baseline.

The sample window is one year before Harvey against one year after. The pre-period

runs from July 2016 through June 2017 and the post-period from October 2017 through

September 2018. The hurricane quarter itself, the third quarter of 2017, is dropped, so

others. We roll subsidiaries up to their ultimate parent using the DealScan parent identifier before computing
portfolio shares, so a lender’s exposure reflects the consolidated organization’s U.S. syndicated portfolio.

8Locating DealScan borrowers at their headquarters is standard in the climate-finance literature. Javadi
and Masum (2021) measure a firm’s climate risk exposure by the state of its headquarters, citing evidence
that headquarters sit close to firms’ operations and core business activities. The proxy is weakest for firms
with geographically dispersed operations, which we return to in Section 5.5.
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the comparison is between complete pre- and post-storm years that exclude the disruption

window. The resulting sample contains 26,619 lender-borrower relationships involving 8,800

tranches, 4,118 borrowers, 1,144 lenders, and 662 lender parents. At the tranche-lender level

the sample has 51,554 observations.

Table A2 in Appendix A shows how the 26,619 relationships split across margins. About

one fifth lend in both years, half lend only in the pre-year, and a third appear only in the

post-year. This turnover reflects observing syndicated credit at origination. A relationship

is recorded only when a new tranche is signed, so a pair with no originations in a window

is absent from that window even if loans remain outstanding. The 5,512 pairs that lend in

both years form the intensive margin, where the within-borrower comparison is available,

and they are the estimation sample for the cross-sectional results. The extensive margin, the

exit and entry of relationships, is analyzed in Section 5.3. The margin shares are essentially

identical when Harvey borrowers, or Harvey and Irma borrowers, are dropped.

Selection into the intensive margin could itself respond to the shock. It does not work

against us. In a linear probability model of ending the relationship, pre-only against both

margins, on standardized Harvey exposure, the coefficient is −0.023 with a standard error

of 0.009, so more exposed lenders are slightly less likely to drop out of the intensive-margin

sample, and the sample is not selectively losing exposed lenders’ relationships. If anything

this selection is conservative for the contraction result. Entry, post-only against both, is

unrelated to exposure.

Table A3 in Appendix A reports the composition of the two sides of the market, using

DealScan’s institution classifications. Banks dominate the lender side. U.S. banks are 41

percent of the 1,144 lenders but 58 percent of tranche-lender observations, and together

with foreign banks they account for 69 percent of lenders and 86 percent of observations.

The remaining third of the lender population, made up of finance companies, investment

banks, direct lenders, investment funds, and insurers, holds only 14 percent of observations.

Nonbanks are numerous but each participates in far fewer syndicates. This asymmetry

matters for the results, because the reallocation we document is concentrated among the

large bank lenders that account for most of the market. On the borrower side, corporates

account for 82 percent of the 4,118 borrowers, followed by nonbank financial firms at 9

percent and utilities at 5 percent. At the detailed industry level the sample is diversified. The

largest group, financial services, holds 9 percent of borrowers, manufacturing, healthcare, and
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technology hold 6 to 8 percent each, and oil and gas holds 6 percent. No industry dominates,

and in particular the energy sector’s direct link to the Gulf Coast cannot drive the results.

Table A4 in Appendix A reports sample composition by loan type and purpose, at the

level of unique tranches and of tranche-lender observations, together with the structure of the

underlying records. Term loans account for 52 percent of unique tranches and revolvers for 43

percent. At the observation level the ranking flips, 45 against 51 percent, reflecting the larger

syndicates behind revolving facilities. By purpose, general-purpose loans constitute two

thirds of tranches and nearly three quarters of observations, followed by acquisition financing,

leveraged buyouts, and takeovers. Acquisition-related purposes together account for about

a fifth of tranches. Panel C describes the records themselves. The panel tracks lending

activity at origination and at amendment, and 73 percent of tranche-lender activity records

are amendments of existing tranches rather than new issuances, so restricting attention to

originations alone would miss most of the activity in the market.

Table A5 in Appendix A characterizes the whole sample, intensive and extensive margins

together, separately for the pre-year and the post-year. Three features stand out. First, the

composition of the market is stable across the storm. U.S. banks account for about 55 percent

of lender appearances in both windows and the term-loan and revolver mix is unchanged.

Second, aggregate credit conditions did not tighten after Harvey. The median margin falls

from 300 to 275 basis points, the median tranche grows from $140 to $150 million, and the

median tenor shortens only slightly. Whatever adjustment the storm triggered is not visible

as an aggregate credit crunch. Third, the share of lending flowing to borrowers in Harvey

counties is essentially unchanged at 12.5 percent of volume in both windows, a first indication

that the aggregate map of credit conceals the reallocation underneath. Syndication is the

norm throughout, with 92 percent of tranches having more than one lender parent and the

median tranche having four, which is what makes the within-borrower design feasible.

The stability of aggregate conditions is not specific to borrowers outside hurricane-prone

areas. Table A6 in Appendix A repeats the pre–post comparison splitting borrowers by

their county’s historical hurricane risk, using the same threshold as the heterogeneity results

below, at least ten hurricane passages within 100 miles of the county since 1851. Conditions

move in parallel in the two groups. The median margin falls from 300 to 275 basis points

for hurricane-prone and less-prone borrowers alike, median tranche amounts rise in both

groups, and median tenors shorten by one to three months. Hurricane-prone borrowers are
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not being repriced or rationed in the aggregate after Harvey, which anticipates the central

finding. The adjustment to the storm is a reallocation across lenders within borrowers,

invisible in market-wide terms.

3 A Portfolio Model of Lender Reallocation

This section writes down a two-period portfolio problem to interpret the empirical results

and mechanisms. Consider a lender that cuts credit after a disaster, this can be explain by

being short of capacity, having absorbed losses in the damaged region, in which case it lends

less to everyone. Or it can be explained by having revised its assessment of hurricane risk,

in which case it lends less to the borrowers it now considers exposed. In a pooled estimate

the two are observationally identical, since both produce a negative coefficient on lender

exposure.

The model is the mean-variance portfolio problem of Markowitz (1952) applied to a fi-

nancial intermediary, following Pyle (1971) and Hart and Jaffee (1974), and closed with a

capacity constraint in the manner of Holmström and Tirole (1997), in which the interme-

diary’s own capital limits how much it can lend. Two elements of that literature are what

we need. First, an intermediary facing costly external finance behaves as if risk averse, so

it prices a marginal loan by that loan’s covariance with the portfolio it already holds rather

than by the loan’s own variance (Froot et al., 1993; Froot and Stein, 1998). Second, when the

risk being borne is catastrophe risk, the capital available to bear it is limited and its shadow

price moves with recent losses (Froot, 2001). We add to this a belief about the hurricane

factor that is estimated rather than known, which is the ingredient that makes portfolios

respond to news about a risk or changes in the financial regulation, and not only to news

about capital.

Environment. There are two periods and a continuum of borrowers indexed by i. Bor-

rower i sits in a county with hurricane risk hi, the historical frequency of hurricane passages

defined in Section 2. A loan to i returns

Ri = ri − λhix+ εi, (1)
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where ri is the contracted spread, x is an aggregate hurricane realization with mean θ and

variance σ2, λ scales the loss per unit of risk, and εi is idiosyncratic with variance s2.

The term λhix is what makes hurricane-prone borrowers different. Their returns load on a

common climate factor, so they are correlated with each other in a way that low-h borrowers

are not.

The lender’s problem. Lender j solves the same portfolio problem in each of the two

periods, taking as given its current beliefs θj about the hurricane factor and its current

capital Kj. It picks the portfolio {Lij} that maximizes the expected return on its loan book

minus a penalty on the variance of that book, subject to a capacity constraint that caps

total lending at its available capital Kj:

max
{Lij}

∑
i

Lij Ej[Ri]−
γ

2
Varj

(∑
i

LijRi

)
subject to

∑
i

Lij ≤ Kj. (2)

The problem is static and repeated. Loans last one period, so the lender rebuilds its book

from scratch each period. In period 0 every lender holds the common prior θ0 and its pre-

storm capital. Harvey then changes both inputs, and the period-1 problem is the same

maximization with the updated beliefs and capital. Nothing else links the periods, so the

model’s predictions concern the difference between the two portfolios, which is the object the

pre–post regressions estimate. The parameter γ > 0 is the lender’s effective risk aversion,

the penalty it puts on portfolio variance. The constraint limits total dollars lent, not risk-

weighted dollars, so a dollar to a Houston borrower and a dollar to a Minneapolis borrower

use the same capacity. Letting µj ≥ 0 be its multiplier and Hj ≡
∑

k Lkjhk the lender’s

aggregate climate exposure, the first-order condition, derived step by step in Appendix B,

gives

Lij =
ri − µj − λθjhi − γλ2σ2Hjhi

γs2
. (3)

The term γλ2σ2Hjhi is the covariance charge of Froot and Stein (1998), under which a loan

to a hurricane-prone borrower is expensive to a lender already holding hurricane risk, and

cheap to one that is not.9 The shadow cost of capacity µj enters alone, so a tighter constraint

9The covariance pricing of Froot and Stein (1998) applies only to risks the bank cannot hedge in a liquid
market, and hurricane risk inside a corporate loan portfolio is that case, since no traded instrument pays off
on it. In their model risk aversion also rises as capital falls, so strictly Harvey should raise exposed lenders’
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shifts lending down by the same amount for every borrower. Beliefs θj enter only multiplied

by hi, so a revision in beliefs tilts the portfolio against hurricane-prone borrowers and leaves

everyone else untouched.

Harvey. The storm consumes capacity, lowering Kj by more for lenders with more of their

portfolio in the damaged counties, and it is news about the hurricane factor. Lenders update

θ1j = θ0 + κ(ej)∆, κ′(ej) > 0, (4)

where ej is the lender’s pre-storm Harvey exposure of equation (7), ∆ > 0 is the surprise,

and κ governs how much weight the lender puts on it. Exposed lenders update more because

the storm hit their own book, an availability effect documented for managers by Dessaint

and Matray (2017). A Bayesian observing the same public storm would put the same weight

on it regardless of exposure, so κ′(ej) > 0 is a departure from the common-prior benchmark

rather than an implication of it.

In equation (4), ∆ is the news that moves the lender’s assessment of hurricane risk. It

can come from the storm itself or from the supervisory push for climate disclosure, since

the TCFD framework appeared two months before landfall. We cannot separate the two,

because both operate through the same margin. A lender with more Harvey-county loans

learned more from the storm and also had more climate exposure to disclose. Nor do we

need to. Both are revisions of θj, and δH is built to distinguish a revision of θj from a fall in

Kj, not to say which force prompted the revision.

What each channel predicts. Substituting (4) into (3) and differencing between the

pre- and post-storm year, step by step in Appendix B, gives

∆ lnLij ≈ αi − ϕ(ej)− ψ(ej)hi, ϕ′ > 0, ψ′ > 0, (5)

γ as well as lower Kj . We hold γ fixed because equation (3) shows a higher γ only scales down lending and
damps the tilt on hi, so it cannot manufacture the negative interaction we test for, and if anything it works
against finding one.
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where ϕ collects the capacity term and ψ the belief term.10 Equation (5) is the estimating

equation (13) with αi the borrower fixed effect, so

β = −
[
ϕ′ + ψ′ h̄L

]
, δH = −ψ′ (h̄H − h̄L), (6)

with h̄H and h̄L the average risk in the high- and low-risk groups, and the algebra behind the

mapping in Appendix B. A pure capacity shock sets ψ′ = 0, so the contraction is uniform,

with β < 0 and δH = 0. Belief updating delivers δH < 0, and it also implies that β is

small and negative rather than exactly zero, because even low-risk borrowers carry some

hi. The heterogeneity coefficient, not the pooled one, is what distinguishes the channels.

The identification has a mirror image in Froot (2001). After Hurricane Andrew, reinsurance

prices rose for earthquake risk as well, a risk the storm carried no news about, which identifies

scarce capital. Our test reads the tilt on hi, the dimension a pure capital shock is silent on,

as the signature of beliefs.

4 Empirical Strategy

This section presents the empirical strategy that recovers the two coefficients of equa-

tion (6). We first construct the continuous lender treatment, the share of each lender’s

pre-storm syndicated portfolio lent in the counties Harvey damaged. We then present the

within-borrower estimator that separates credit supply from credit demand, together with

its identifying assumption and the choice of dollar weights. The results section applies this

toolkit first inside the disaster zone, where borrowing rose, and then to the rest of the United

States, on the intensive margin of loan amounts, on its heterogeneity in the borrower’s own

hurricane risk, and on the extensive margin of relationship exits. In parallel to these pair-level

designs, a lender-level design in portfolio and market shares asks whether the reallocation is

large enough to move the aggregate geography of credit.

10Two approximations. First, the constraint binds on dollars while the outcome is a log change, so a
uniform dollar cut is a larger proportional cut at smaller relationships. Table A15 shows that high-risk
pairs are the larger ones, so this biases δH toward zero. Second, we hold the feedback through Hj fixed. In
equilibrium a lender that sheds hurricane-prone loans also lowers its own Hj , which lowers the covariance
charge and damps the tilt, so the feedback biases δH toward zero rather than away from it.
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4.1 Lender exposure to Harvey

The treatment variable is the lender’s pre-storm portfolio concentration in the counties

Harvey hit,

Harvey exposurej =
lender j’s syndicated loan volume in Harvey counties

lender j’s total U.S. syndicated loan volume
, (7)

measured over the pre-period at the lender parent level, where Harvey counties are the

Texas and Louisiana counties under FEMA major disaster declarations. In the estimation

sample the pair-weighted mean exposure is 13.4 percent with a standard deviation of 6.5

percentage points, and the parent-level mean is 10.9 percent. Most lenders hold under 20

percent of their portfolio in Harvey counties, with a long right tail of locally concentrated

lenders (Figure A1 in Appendix C). Throughout the paper exposure is standardized to unit

variance, so coefficients measure the effect of a one standard deviation (6.5 percentage point)

increase in exposure.

Borrowers located in Harvey FEMA counties receive 10 percent of tranches and 12 percent

of dollar volume in the pre-period, shares that are stable before the storm. All results in this

paper concern the other 90 percent of the portfolio, the borrowers in counties Harvey never

touched.

Splitting lender parents at the median of Harvey exposure and comparing their pre-

period lending shows that exposure is not a small-lender trait. Above-median-exposure

lenders are the large, central players in the market. Their pre-period portfolios are two

orders of magnitude larger ($10.3 billion against $102 million), they lend to 64 borrowers

against 2, act as lead arranger more often (36 against 22 percent), tilt toward revolvers,

and price cheaper (281 against 331 basis points). The supply contraction documented below

therefore comes from large, mainstream, low-margin lenders rather than from marginal or

high-priced ones.11

11The extreme upper tail of the exposure distribution does consist of small local lenders. The ten most
exposed parents include single-loan Texas banks with exposure near one. The market-share estimates of
Section 5.4, which weight lenders by pre-period volume, show that the aggregate reallocation is carried by
large lenders.
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4.2 Borrowing inside the disaster zone

Harvey destroyed property on a large scale, and rebuilding requires financing, so credit

demand in the damaged counties should have risen. Before we can read anything as a supply

response elsewhere, we need to know what happened inside the disaster zone. We measure

it with the cross-sectional regression

∆ ln(credit)i = α+ β ·Damagec(i) + γ′Xi + εi, (8)

where ∆ ln(credit)i is the change in borrower i’s total syndicated credit between the pre-

period and the post-period, and Damage is measured in the borrower’s headquarters county,

either as an indicator for positive Harvey damage or as the log of one plus the dollar value of

damage. This specification follows the direct-effect regression that Ivanov et al. (2022) esti-

mate across natural disasters. It compares damaged-county borrowers to all other borrowers,

so β is a correlation rather than a causal estimate. Borrowers in and out of the disaster zone

can differ for many reasons. The point of Table 1 is that the correlation is stable as each

column adds controls, from a regression with damage as the only regressor to one that also

holds the borrower’s pre-storm credit, its number of lenders, its industry, and its state.

4.3 Credit supply

The obstacle to measuring credit supply is that lending is an equilibrium quantity. When

lending to a borrower falls, the borrower may have stopped asking or the lender may have

stopped offering, and the two are observationally identical in loan data. Khwaja and Mian

(2008) solve this by using borrowers that hold more than one lending relationship. Let the

change in credit from lender j to borrower i be

∆ ln(amount)ij = αi︸︷︷︸
demand

+ ηj︸︷︷︸
supply

+εij, (9)

where αi collects everything moving the borrower’s demand for credit and its creditworthi-

ness, and ηj collects everything moving the lender’s willingness to extend it. Both terms are

unobserved, and in a single-lender borrower they cannot be told apart. In a borrower with

two lenders they can. Differencing equation (9) across two lenders of the same borrower
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removes αi entirely, whatever it contains, and leaves ηj − ηj′ . Demand does not have to

be modeled or measured. It has to be common across the borrower’s lenders, and then it

cancels.

We take Harvey exposure as the observable component of ηj and estimate

∆ ln(amount)ij = αi + β · Harvey exposurej + εij, (10)

where ∆ ln(amount)ij is the change in lender j’s credit to borrower i between the post-year

and the pre-year, αi is a borrower fixed effect, and Harvey exposure is the standardized

portfolio share from equation (7). Standard errors are clustered at the lender parent. We

also estimate the same specification for the change in the loan spread and in maturity.

Identification comes from comparing two lenders with different Harvey exposure lending to

the same unaffected borrower, so β is the credit response to a one standard deviation increase

in exposure, holding the borrower fixed.

Equation (10) compares one year to one year and delivers a single number. To see when

the adjustment happens, and to check that exposed and unexposed lenders were on the same

path before the storm, we estimate a dynamic version on a quarterly lender-borrower panel,

ln(amount)ijt = αit + γj +
∑
k ̸=−1

βk 1[t = k] · Harvey exposurej + εijt, (11)

where αit are borrower-quarter fixed effects, γj are lender fixed effects, and the omitted

period is the quarter before landfall (2017Q2). The borrower-quarter fixed effect does the

same work as αi above, quarter by quarter, so each βk is the lending gap between a more and

a less exposed lender serving the same borrower in the same quarter. The coefficients for

k < −1 are the test of common trends, and those for k ≥ 0 trace the timing and persistence

of the response.

Two features of this estimator shape how the results should be read. First, β measures

a lender’s lending relative to the other lenders of the same borrower, not the total credit

that borrower receives. If every lender in the market had cut by the same amount, β would

be zero even though aggregate credit had fallen. What we recover is the reallocation of

credit across lenders, which is the object of interest here, since the question is whether a

disaster in Texas moves lending elsewhere rather than whether it lowers lending overall.
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Second, borrowers may replace credit lost from an exposed lender by drawing more from an

unexposed one. The borrower fixed effect nets that out by construction, so β is a differential

and not the effect of exposure on a firm’s total credit. How the two relate depends on how

the firm’s other lenders responded, which this design does not measure. If unexposed lenders

expanded to fill the gap, the loss in total credit is smaller than β. If they cut as well, it

is larger. Syndicated borrowers are the group best placed to replace a lender, so what the

same shock would do to a firm with a single bank is not bounded by what we find here.

A weighting choice completes the specification. Estimated without weights, equation (10)

gives every lender-borrower pair one vote, so β describes the typical lending relationship.

Weighted by the pair’s pre-storm loan amount, it gives every dollar one vote, so β describes

the typical dollar of syndicated credit. The two coincide only when the response is unrelated

to loan size, and the distinction matters here because the aggregate and stress-testing ques-

tions this paper asks are about dollars of credit rather than counts of relationships. Khwaja

and Mian (2008) report both variants to verify that their conclusions are driven neither by

the many small loans nor by a few very large ones, and we follow the same discipline. The

intensive-margin estimates in the main text are dollar weighted, with the unweighted version

of each exhibit in the Appendix. The extensive margin is unweighted throughout, since exit

is a count of relationships and each relationship either survives or does not.

Equations (10) and (11) condition on the relationship surviving, since the change in

lending exists only for pairs that lend in both windows. If exposed lenders are rebalancing

away from hurricane risk, the sharper prediction is that they let relationships die. We

therefore construct a quarterly panel of all pre-existing lender-borrower relationships and

define an absorbing activity indicator, equal to one while the pair still originates and zero

permanently after its last loan, and estimate

1[active]ijt = γij + αit +
∑
k ̸=−1

βk 1[t = k] · Harvey exposurej + εijt, (12)

with pair fixed effects γij and borrower-quarter fixed effects αit, so the comparison is again

within borrower across lenders and demand is absorbed quarter by quarter as in equa-

tion (11). Each βk measures the gap in the probability that the relationship is still active

between a more and a less exposed lender of the same borrower. Because exit is a question

about whether the relationship survives rather than about quantities, pairs are weighted
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equally in this specification. Relationship counts, not dollars, are the natural metric for the

extensive margin.

The assumption the design does require is that credit demand is common across a bor-

rower’s lenders, so that demand shocks load on αi and do not vary systematically with the

lender’s Harvey exposure. It would fail if a borrower directed its post-Harvey demand toward

particular lenders for reasons correlated with those lenders’ Texas portfolios. A borrower

contributes to the estimation only if it borrows from at least two lenders in both years, which

the prevalence of syndication makes common.

The main threat to a supply interpretation is that borrowers themselves may be econom-

ically linked to the storm, through their own operations, supply chains, or regional demand.

We address this in three ways. First, all borrowers in Harvey FEMA counties are dropped,

and every result is reported alongside a version that drops borrowers in Hurricane Irma coun-

ties as well.12 Second, we re-estimate the specification on samples that exclude all borrowers

within 300 and 700 miles of the impact zone, distances at which any direct economic link

to Harvey is implausible. Third, we re-run the entire design around placebo event dates in

the third quarters of 2014, 2015, and 2016. The 2014 and 2015 windows end before any

Harvey-related activity and are the clean falsification tests. The 2016 post window runs

through September 2017 and so overlaps both the storm itself and the recovery of the oil

market, which we use to read the energy-lending alternative rather than as a placebo.

The buffers do not absorb the hurricane-risk heterogeneity we examine next, because

hurricane risk and distance to Harvey are correlated near the Gulf but not nationally. His-

torical hurricane risk runs up the entire Atlantic seaboard, far from Texas, so borrowers in

high-risk counties remain plentiful even in the most distant samples. This is what allows the

risk gradient to be separated from proximity to the storm.

4.4 Heterogeneity in the borrower’s hurricane risk

Equation (10) asks whether exposed lenders cut credit. It does not ask which borrowers

absorb the cut, and that is where the two competing readings of the result separate. If

exposed lenders are simply short of funds after paying for the storm, the cut should fall on

everyone alike. If instead they are rebalancing away from climate risk, the cut should sort

12Hurricane Irma made landfall in Florida on September 10, 2017, within the excluded quarter. Dropping
Irma counties ensures the identification isolates spillovers to genuinely unaffected borrowers.
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on the borrower’s own exposure to hurricanes, regardless of how far that borrower sits from

Texas. We therefore let the effect vary with the borrower’s hurricane risk in two ways.

The first is a set of subsamples. We re-estimate equation (10) on samples that exclude

all borrowers within 300 and 700 miles of the impact zone, and separately on samples that

exclude Irma counties, financial borrowers, and each lender type in turn. Subsamples are

transparent, but each one is estimated on different borrowers, so the coefficients are not

directly comparable and precision falls as the sample shrinks.

The second is an interaction, which keeps every borrower in a single regression. We

classify all non-Harvey borrowers by their county’s historical hurricane count (Section 2.1),

using the same ten-hurricane threshold that defines hurricane-prone counties throughout the

paper, and estimate

∆ ln(amount)ij = αi + β Harvey exposurej + δH (Harvey exposurej × Highi) + εij, (13)

where Harvey exposurej is standardized to unit variance and Highi marks borrowers in

counties with ten or more historical hurricanes. Low-risk borrowers are the omitted reference,

so β is the effect for a low-risk borrower and β+ δH is the effect in the high-risk group. Each

borrower belongs to exactly one group, so each group total is identified by that group’s own

borrowers and coincides with the corresponding subsample estimate, and the borrower fixed

effect continues to absorb demand within every group. What the interaction adds is δH itself,

the difference between the two groups estimated with a standard error, which the subsample

splits cannot deliver. Appendix D reports the same regression with the borrowers split into

thirds instead, following Gelman and Park (2009), which isolates the genuinely low-risk tail

at the cost of smaller cells. These are the two coefficients that the framework of Section 3

maps to the two channels in equation (6). The rebalancing account predicts δH < 0 and a

group total near zero in the low-risk group. A funding shortfall predicts δH = 0.

4.5 Market shares and portfolio shares

The within-borrower estimator identifies supply by holding the borrower fixed, which is

also its limitation. It recovers how credit is reallocated across a borrower’s lenders and is

silent on whether the market as a whole moved. To ask that question we drop the borrower

fixed effect and move to the lender level, collapsing the data to one observation per lender
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parent and asking whether more exposed lenders shifted the geography of their lending. We

measure two outcomes. The portfolio share is the fraction of a lender’s own lending that

goes to hurricane-risky counties, so it describes how the lender rearranged its own book.

The market share is the lender’s lending as a fraction of all lending in those counties, so

it describes whether other lenders took the space that was vacated. For each outcome we

regress the post-minus-pre change on the lender’s Harvey exposure,

∆sharej = α+ β · Harvey exposurej + εj (14)

estimated by weighted least squares with pre-period lending as the weight, so each lender

counts in proportion to the credit it supplied and the estimates describe the reallocation

of actual credit rather than of lender counts.13 The two exercises are complementary. The

within-borrower design gives the causal estimate, and the share regressions say whether it is

large enough to show up in the aggregate.

5 Results and Discussion

In this section, we first document what happened inside the disaster zone, where borrow-

ing expanded and every lender took part in the expansion. We then turn to the unaffected

borrowers. On the intensive margin we report the credit supply contraction, its dynamics,

its insensitivity to distance from the storm, and its concentration among hurricane-risky

borrowers. The extensive margin then follows the exit of lending relationships. Finally,

a lender-level analysis of portfolio and market shares shows the aggregate footprint of the

reallocation. We close with the robustness checks and the interpretation of the evidence.

5.1 The credit market inside the disaster zone

Table 1 reports equation (8). It asks whether the borrowers whose counties Harvey

damaged ended the following year with more syndicated credit or with less, and it asks that

question twice, once with damage as an indicator for any recorded loss and once with the

13The largest parent carries 8.8 percent of the regression weight and the top ten carry 55.5 percent, so the
weighted estimates describe the reallocation of actual credit volumes. Unweighted estimates are smaller and
noisier, indicating that the reallocation is concentrated among large lenders.
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dollar value, so that the answer does not rest on how damage is coded.

Table 1: Borrower Credit Growth and Harvey Damage in the Disaster Zone

∆ ln(total credit)

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

1[Damage > 0] 0.121∗∗∗ 0.125∗∗∗ 0.126∗∗∗ 0.176∗

(0.040) (0.034) (0.033) (0.091)

ln(1 + Damage) 0.0058∗∗∗ 0.0057∗∗∗ 0.0058∗∗∗ 0.0081∗∗

(0.0016) (0.0015) (0.0014) (0.0039)

N (borrowers) 917 917 916 910

Borrower controls No Yes Yes Yes

Industry FE No No Yes Yes

State FE No No No Yes

Notes: Cross-sectional regressions of borrower credit growth on Harvey damage

in the borrower’s headquarters county, equation (8), with each cell a separate

regression. The pre-period is July 2016 through June 2017 and the post-period

October 2017 through September 2018; the hurricane quarter (2017Q3) is ex-

cluded and Irma-only borrowers are dropped. Damage is the sum of flooding

and hurricane damage recorded by SHELDUS in August and September 2017

in the counties with FEMA major disaster declarations for Harvey, and zero

elsewhere. The outcome is the log change in total credit for borrowers active in

both windows. Borrower controls are the log of pre-period credit and the num-

ber of pre-period lenders. Standard errors clustered by county in parentheses. *

p < 0.10, ** p < 0.05, *** p < 0.01.

Borrowers headquartered in damaged counties increased their total syndicated borrowing

by about 12 log points relative to other borrowers, and the estimate barely moves as controls

are added. The dollar value of damage matters beyond the indicator. Within the set of

damaged-county borrowers, credit growth rises with the intensity of damage in the borrower’s

county. The disaster zone did not lose credit after Harvey. It gained credit, in line with the

rebuilding demand that Cortés (2014) documents after disasters and with the direct effect

that Ivanov et al. (2022) estimate across disaster episodes.

The natural follow-up is who financed this surge. One reading of the contraction we

document later is that exposed lenders lost lending capacity, absorbing losses on their Harvey-

county book and so having fewer dollars to lend. If that is what happened, those lenders

should have ceded the disaster-zone expansion to their unexposed competitors, because a
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lender short of capacity cannot fund a surge in demand. Table 2 re-estimates equation (10),

dollar weighted as in Table 3, separately on the borrower groups that the main analysis

excludes.

Table 2: Khwaja–Mian Estimates by Borrower Group

Outcome: ∆ ln(amount) Harvey-affected

Harvey exposure (SD), dollar weighted 0.013

(0.038)

Harvey exposure (SD), unweighted 0.001

(0.021)

Borrower FE Yes

N (pairs) 689

Lender parents 99

Notes: Each row is a separate estimate of equation (10) on Harvey-

affected borrowers, the group the main analysis sets aside. The first

row weights each pair by its pre-storm loan amount and the second

weights pairs equally, as in Table 3. In a single interacted regression

that pools these borrowers with the unaffected borrowers of column (2)

of Table 3, the Harvey-affected coefficient exceeds the unaffected one

by 0.053 dollar weighted and 0.026 unweighted (p = 0.23 in both). Bor-

rower fixed effects included; standard errors clustered by lender parent

in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

For Harvey-affected borrowers the within-borrower coefficient is a statistical zero in both

weightings. A lender one standard deviation more exposed to Harvey expanded credit to a

damaged-county borrower at the same rate as that borrower’s other lenders. Because the

borrower fixed effect absorbs the common component of each borrower’s credit growth, this

zero sits on top of the credit expansion in Table 1. Every lender, exposed or not, participated

in the disaster-zone expansion in proportion to its existing relationship. This is what the

disaster-zone literature would lead one to expect, since established lending relationships

shield affected borrowers’ access to recovery credit (Berg and Schrader, 2012) and lenders

with local exposure lean into recovery lending rather than away from it (Cortés, 2014; Koetter

et al., 2020). Figure 2 confirms that this equality holds quarter by quarter, with no pre-trend

and no post-storm divergence.
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Figure 2: Event Study. Harvey-Affected Borrowers
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Notes: Event-study estimates of equation (11) on Harvey-affected borrowers only (689 lender-borrower pairs). The

outcome is log lending volume at the lender-borrower-quarter level; borrower-quarter and lender-parent fixed effects

included; the omitted period is 2017Q2. The joint test that the pre-event coefficients are zero has p = 0.48; no

individual coefficient is significant at the ten percent level. Vertical bars denote 95% confidence intervals; standard

errors clustered by lender parent.

Market outcomes in the disaster zone tell the same story. Exposed lenders grew there in

step with the market, neither gaining nor ceding Harvey-county market share, which we show

with the lender-level design of Section 4.5 when we turn to it in Section 5.4. Borrowers in Irma

counties sharpen the reading. The regressor there is still the lender’s Harvey exposure, not

its Irma exposure, and the borrower fixed effect absorbs whatever Irma did to the borrower’s

own demand. Where Harvey-exposed lenders had no rebuilding demand of their own to

meet, the same specification yields a cut of 9.9 percent per standard deviation of Harvey

exposure (s.e. 3.8, on 454 pairs at 96 lender parents). The zero for Harvey-affected borrowers

is therefore not a general inability to adjust. It reflects rebuilding demand that every lender

chose to accommodate. The reallocation this paper documents happened outside the disaster

zone, and the rest of this section traces it there.

5.2 The intensive margin in unaffected areas

Table 3 reports the pooled estimate of equation (10), with each pair weighted by its

pre-storm loan amount and the unweighted estimate beneath it. Column (1) drops Harvey-
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county borrowers and column (2) additionally drops Irma-county borrowers.14 A borrower’s

credit from a lender one standard deviation more exposed to Harvey falls by 4.8 percent

relative to its other lenders, significant at the one percent level. Additionally dropping Irma-

county borrowers reduces the estimate to 4.0 percent, significant at the five percent level

on the smaller sample. Counting relationships instead of dollars, the contraction is 3.4 and

2.4 percent. The dollar-weighted response is the larger of the two in both samples, so the

cuts fell disproportionately on the larger loans. The magnitude is close to the roughly 3

percent contraction that Ivanov et al. (2022) estimate for borrowers in distant unaffected

counties using within-county variation. Recovering a similar figure one level deeper, within

the borrower rather than within its county, suggests that the spillover they document is

indeed a supply response by exposed lenders rather than a residual demand difference across

borrowers in the same county.

Table 3: Khwaja–Mian Estimates. Pooled Sample

∆ ln(amount)

(1) (2)

Drop Harvey Drop Harvey+Irma

Harvey exposure (SD), dollar weighted −0.048∗∗∗ −0.040∗∗

(0.017) (0.019)

Harvey exposure (SD), unweighted −0.034∗∗∗ −0.024∗

(0.013) (0.014)

Borrower FE Yes Yes

N (pairs) 4,727 4,273

Lender parents 242 233

Notes: Each observation is a lender parent × borrower pair present in both the pre-period

(July 2016 through June 2017) and the post-period (October 2017 through September 2018);

the hurricane quarter (2017Q3) is excluded. Harvey exposure is the lender’s pre-storm portfolio

share in Harvey FEMA counties, standardized to unit variance. Column (2) additionally drops

borrowers in Hurricane Irma counties. Each row pair is a separate regression: the dollar-

weighted rows weight each pair by its pre-storm loan amount, the unweighted rows give each

pair equal weight (Section 4.3). Borrower fixed effects included; standard errors clustered by

lender parent in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

14Hurricane Irma made landfall in Florida on September 10, 2017, inside the excluded quarter, so a
borrower in an Irma county experienced a storm of its own during the event window. Dropping these
borrowers, as set out in Section 4.3, leaves a sample in which no borrower was touched by either storm.
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The adjustment is entirely in quantities. The same specification estimated on the change

in the loan spread and in maturity yields coefficients that are small and statistically indis-

tinguishable from zero in every sample we consider.15 Exposed lenders did not reprice credit

to unaffected borrowers. They supplied less of it. This null needs to be read against the

pricing evidence with some care, because the two designs do not ask the same question.

Correa et al. (2026) and Javadi and Masum (2021) both hold the lender fixed and place the

variation on the borrower, so they recover the repricing that is common to all of a borrower’s

lenders. Our borrower fixed effect absorbs exactly that common movement. A spread in-

crease applied by every lender at once is invisible to equation (10) by construction, so finding

nothing here is not evidence against their result. What this design can see is a spread that

the exposed lenders charge over and above the borrower’s other lenders, and there is none.

Their reassessment shows up in how much they are willing to lend rather than in what they

charge relative to their peers, which is what one would expect in a market where the spread

is set jointly for the syndicate and participation is not. We return to this distinction in

Section 5.6.

The pooled estimate compresses the adjustment into a single pre versus post comparison.

Figure 3 traces it quarter by quarter, reporting the dynamic specification of equation (11),

estimated on all non-Harvey-affected borrowers, dollar weighted with each pair weighted by

its mean pre-period quarterly loan amount.

15On the sample of column (1), the spread analog of equation (10) yields −0.11 basis points per standard
deviation of exposure (s.e. 0.48) unweighted and 0.81 basis points (s.e. 1.05) dollar weighted. The maturity
analog yields −0.03 months (s.e. 0.10) unweighted and −0.08 months (s.e. 0.19) dollar weighted. A tranche-
level test of origination spreads on lender exposure gives −3.5 basis points (s.e. 8.5). None approaches
significance.
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Figure 3: Event Study. All Non-Harvey-Affected Borrowers
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Notes: Event-study estimates of equation (11) on all non-Harvey-affected borrowers, with each pair weighted by its

mean pre-period quarterly loan amount. The outcome is log lending volume at the lender-borrower-quarter level;

borrower-quarter and lender fixed effects included; the omitted period is 2017Q2. The joint test of the pre-event

coefficients does not reject (p = 0.90). Vertical bars denote 95% confidence intervals; standard errors clustered by

lender parent.

The pre-event coefficients sit on zero. After landfall the contraction in dollars builds

over two quarters to a trough of 9.6 percent per standard deviation of exposure in the first

quarter of 2018 before flows recover by the third quarter of that year. The gradual build-up is

inconsistent with a mechanical liquidity shock at landfall and closer to portfolio rebalancing

over the following year, a timing that also fits the salience channel, in which the reassessment

spreads as the event dominates attention rather than arriving on the day of landfall (Dessaint

and Matray, 2017; Correa et al., 2026). The recovery in flows does not mean the adjustment

was undone. As Section 5.3 shows, the extensive margin deteriorates precisely when flows

recover. Dropping Irma-county borrowers as well, as in column (2) of Table 3, leaves the

path unchanged. The pre-trends stay flat and the trough is slightly deeper than in the full

sample (Figure A3 in Appendix E). The dynamics are not driven by Irma-hit borrowers

demanding credit at the same time.

Borrowers close to the impact zone could be affected by Harvey through their own op-

erations, supply chains, or local demand, which would contaminate a pure credit-supply

reading. Table 4 re-estimates equation (10), dollar weighted as in Table 3, on progressively

stricter samples that exclude all borrowers within 300 and 700 miles of the Harvey impact

zone (cumulative exclusion buffers, not mutually exclusive rings).
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Table 4: Khwaja–Mian Estimates Excluding Borrowers Near the Impact Zone

Outcome: ∆ ln(amount) Pooled >300 mi >700 mi

Panel A: Drop Harvey borrowers (main)

Harvey exposure (SD) −0.048∗∗∗ −0.047∗∗∗ −0.043∗∗

(0.017) (0.018) (0.019)

N 4,727 4,493 3,809

Panel B: Drop Harvey and Irma borrowers

Harvey + Irma exposure (SD) −0.043∗∗ −0.045∗∗ −0.044∗

(0.020) (0.021) (0.023)

N 4,273 4,039 3,545

Borrower FE Yes Yes Yes

Notes: Each column beyond the first restricts the sample to borrowers located more than 300

or 700 miles from the nearest Harvey-affected county. The buffers are cumulative exclusions, not

mutually exclusive rings. In Panel B the exposure measure is the lender’s pre-storm portfolio share

in Harvey and Irma counties combined (mean 21.3 percent of the portfolio, against 13.4 percent for

Harvey alone), standardized on the full sample, so the shock is the lender’s exposure to the entire

2017 hurricane season. Each pair is weighted by its pre-storm loan amount, as in the headline rows

of Table 3; the unweighted version is Table A7 in the Appendix. Borrower fixed effects included;

standard errors clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

The contraction does not come from borrowers close to the storm. The dollar-weighted

estimate barely moves across the buffers, from 4.8 percent pooled to 4.7 and then 4.3 percent

as everyone within 300 and then 700 miles is excluded. Panel B widens the shock from

Harvey to the entire 2017 hurricane season, measuring each lender’s pre-storm portfolio

share in Harvey and Irma counties combined, and the picture is unchanged, between 4.3

and 4.5 percent across the buffers. The unweighted version, Table A7 in Appendix D,

shows the same pattern. Because each buffer removes any borrower who could plausibly

be economically linked to the storm, the surviving effect must operate through the lender

side. The insensitivity to distance is itself informative. Proximity to the storm proxies for a

borrower’s own economic link to Harvey, so a contraction that is as strong 700 miles away

as it is nearby is hard to attribute to anything about the borrower. Geography is evidently

not the margin on which lenders acted, which motivates asking what is.

Distance from the impact zone is an identification device, not a mechanism. If exposed

lenders are rebalancing away from climate risk, the supply cut should sort on the borrower’s
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own hurricane exposure, not on miles from Texas. We look at this in two ways, first by

splitting borrowers at a series of risk thresholds and then by letting the effect vary above

and below the ten-hurricane threshold inside a single regression.

Table 5 takes the first route. It re-estimates equation (10), dollar weighted as in Table 3,

separately on low- and high-risk borrowers, cutting the county hurricane count at three, five,

and ten historical passages. The three cuts are not chosen to be optimal, they are reported

together to show that the result does not depend on where the line is drawn.

Table 5: Supply Contraction by Borrower Hurricane-Risk Threshold

Low-risk borrowers High-risk borrowers

Outcome: ∆ln(amount) <3 <5 <10 ≥3 ≥5 ≥10

Harvey exposure (SD) −0.046 −0.030 −0.011 −0.048∗∗∗ −0.054∗∗∗ −0.074∗∗∗

(0.038) (0.032) (0.023) (0.018) (0.018) (0.022)

Borrower FE Yes Yes Yes Yes Yes Yes

N (pairs) 784 1,173 1,871 3,943 3,554 2,856

Lender parents 100 133 167 217 205 182

Notes: Each entry is a separate estimate of equation (10) on the indicated subsample of non-Harvey borrowers,

with each pair weighted by its pre-storm loan amount as in the headline rows of Table 3; the unweighted version

is Table A8 in the Appendix. Borrower hurricane risk is the number of hurricanes passing within 100 miles of

the borrower’s headquarters county between 1851 and Harvey, from NOAA’s HURDAT2 storm-track database.

Thresholds are cumulative, so the low- and high-risk columns at a given cut partition the sample. Borrower

fixed effects included; standard errors clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, ***

p < 0.01.

Among borrowers whose county has seen at least ten hurricanes, the supply cut is 7.4

percent of loan volume per standard deviation of exposure, roughly 50 percent larger than

the pooled estimate, and the high-risk cell is significant at the one percent level at every

threshold, growing as the cut rises. Among low-risk borrowers the estimate is never statis-

tically distinguishable from zero at any cut. The unweighted version (Table A8) shows the

same pattern with a low-risk side that is flat between 1.3 and 1.8 percent at every cut. This

is the pattern a portfolio-rebalancing account predicts and the one a funding shortfall does

not, since a lender short of funds has no reason to concentrate the cut on borrowers whose

only distinguishing feature is a hurricane history of their own. The sorting on the borrower’s

own disaster risk echoes Rehbein and Ongena (2022), who find that banks hit by a flood
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retrench most from regions they anticipate as future disaster risks, which suggests that this

forward-looking margin of adjustment generalizes across shocks and lending markets.

Table 6 takes the second route, letting the effect vary above and below the ten-hurricane

threshold inside a single regression, dollar weighted as in Table 3. The cut is not chosen

after the fact. Ten historical hurricanes is the definition of a hurricane-prone county used

throughout the paper, and the group totals coincide by construction with the ten-hurricane

columns of Table 5. What the single regression adds is the difference between the two groups,

δH , estimated with a standard error.

Table 6: Supply Contraction by the Borrower’s Own Hurricane Risk

Outcome: ∆ ln(amount) Low risk, <10 (base) High risk, ≥10 Difference δH

Harvey exposure (SD) −0.011 −0.074∗∗∗ −0.064∗∗

(0.023) (0.022) (0.030)

N (pairs) 1,871 2,856

Notes: One regression on all non-Harvey borrowers, equation (13), with borrowers split at ten

historical hurricanes in their county (hurricanes within 100 miles of the county centroid, 1851 to

Harvey, from NOAA HURDAT2), the threshold that defines hurricane-prone counties throughout

the paper. Each pair is weighted by its pre-storm loan amount as in the headline rows of Table 3;

the unweighted version is Table A9 in the Appendix and the finer three-band cut is Table A10 in

the Appendix. The low-risk group is the omitted reference; the high-risk total is computed by linear

combination and coincides with the ten-hurricane column of Table 5. The three cells come from

one regression on 4,727 pairs; the N row reports the pairs in each group. Borrower fixed effects

included; standard errors clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, ***

p < 0.01.

The difference is large and statistically significant. Low-risk borrowers see essentially no

cut, a point estimate of 1.1 percent with a tight standard error, while high-risk borrowers

lose 7.4 percent of loan volume per standard deviation of exposure, and the gap between

the two is significant at the five percent level. This is the formal version of the pattern

in Table 5. Not only is the high-risk cell significant and the low-risk cell not, the two are

significantly different from each other. The unweighted regression, Table A9 in Appendix D,

shows the same gradient with a smaller and marginally significant gap. At the looser cuts of

three and five hurricanes the difference is not significant, consistent with Table 5, where the

gradient sharpens as the low-risk group becomes genuinely low risk. The finer three-band

cut, Table A10 in Appendix D, tells the same story. Borrowers in counties with at most 6
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historical hurricanes are indistinguishable from zero, while borrowers with 7 or more carry

the cut, 5 to 6 percent per standard deviation of exposure. The dynamics agree. An event

study estimated separately for the two risk groups shows flat pre-trends and a deep early-

2018 trough for high-risk borrowers, while the low-risk path stays shallow after the storm

quarter, as shown in Figure A2 in Appendix D. The risk gradient is the same borrower

margin on which Correa et al. (2026) find spreads moving after climate-linked disasters,

which suggests, without proving, that quantity and price adjustments after salient storms

are two expressions of the same reassessment of the borrower’s physical risk.

5.3 The extensive margin in unaffected areas

The intensive margin measures how much surviving relationships shrink. Equation (12)

asks whether exposed lenders let relationships die altogether, following an absorbing activity

indicator that equals one while the pair still originates and zero permanently after its last

loan, with pair and borrower-quarter fixed effects so the comparison stays within borrower

across lenders.

Figure 4 shows the result. Pre-event coefficients are flat. Nothing happens in the first

year after the storm, the period when amounts are being cut. From the third quarter of 2018

the probability that a relationship remains active falls, reaching 1.1 percentage points per

standard deviation of exposure by the end of 2019. Because exit is a count of relationships,

equal weights are the natural metric here. Exposed lenders let relationships lapse two to

four quarters after the amount cuts. The sequence, amounts first and terminations later,

is what relationship rents predict. A lender that values a continuing relationship absorbs

a small desired reduction inside it and severs it only when the desired cut is large enough

to exhaust the rent, so exit is the margin of last resort and should lag the reduction in

amounts. Severed credit relationships are the channel through which lender distress reached

employment in Chodorow-Reich (2014), and the timing here suggests lenders shaved amounts

before letting relationships die.
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Figure 4: Exit Event Study. All Non-Harvey-Affected Borrowers
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Notes: Event-study estimates of equation (12). The outcome equals one while the lender-borrower pair still

originates and zero permanently after its last loan. Each pair is weighted equally: exit is a question about whether

the relationship survives, not about quantities, so relationship counts are the natural metric. Pair and

borrower-quarter fixed effects included; the omitted period is 2017Q2. Vertical bars denote 95% confidence intervals;

standard errors clustered by lender parent. The joint test of the pre-event coefficients does not reject (p = 0.65).

Figure 5 splits the exit event study at 10 historical hurricanes within 100 miles of the

borrower’s county, the same threshold that separates high- from low-risk borrowers in Table 6,

mapped in Figure 1. The lapse is concentrated in high-risk borrowers, reaching 1.4 percentage

points per standard deviation of exposure by the end of 2019, while low-risk borrowers

show an insignificant decline of half that size.16 The intensive-margin gradient in amounts

reappears in who loses the relationship. The borrowers that exposed lenders stop lending to

are the hurricane-risky ones.

16The high-risk panel shows clean pre-trends. The low-risk panel shows some pre-event instability, so
we read the low-risk dynamics with caution. The conclusion that the exit is concentrated among high-risk
borrowers rests on the high-risk panel.
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Figure 5: Exit by Borrower Hurricane Risk
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Notes: Same specification as Figure 4, splitting borrowers at 10 historical hurricanes within 100 miles of the

borrower’s county (high risk ≥10, low risk <10). Each pair is weighted equally. Vertical bars denote 95% confidence

intervals; standard errors clustered by lender parent.

5.4 Market shares and reallocation across risky and safe counties

Both margins say that exposed lenders pulled back from hurricane-risky borrowers. If that

is what happened, the reallocation should also be visible in market outcomes. We collapse

the data to one observation per lender parent, using the same pre- and post-windows as

Table 3, and define risky counties as those with at least ten historical hurricane passages. No

borrowers are excluded. The Harvey and Irma counties, all of which meet the risky definition,

stay in both the numerator and the denominator, and the table separates their contribution.

We then estimate equation (14) by weighted least squares, as set out in Section 4.5.
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Table 7: Market Shares. Reallocation Across Risky and Safe Counties

∆ Portfolio share ∆ Market share

Sample Risky counties Safe counties Risky counties Safe counties

All lenders −1.86∗∗∗ 1.86∗∗∗ −0.165∗∗∗ 0.004

(0.49) (0.49) (0.054) (0.033)

of which: outside the disaster areas −0.80 −0.174∗∗

(0.54) (0.068)

of which: Harvey and Irma counties −1.06∗ −0.129∗

(0.54) (0.066)

Lender parents 357 357 357 357

Notes: Each entry is the coefficient on the lender’s standardized Harvey exposure, so it is the change in the outcome associated

with a one standard deviation increase in exposure. There is one observation per lender parent, the windows are those of Table 3,

and no borrowers are excluded. Risky counties have at least 10 historical hurricane passages within 100 miles; every Harvey and

Irma county meets this definition, so the two indented rows partition risky-county lending and their portfolio-share coefficients

sum to the first row. Both outcomes are post-minus-pre changes measured in percentage points. Portfolio share is the lender’s

own lending in risky counties as a fraction of its total lending, and market share is the lender’s lending as a fraction of all

lending in those counties. Because risky and safe counties partition each lender’s portfolio, the safe-county portfolio-share

column is the mirror image of the risky one by construction. The mean pre-period portfolio share in risky counties is 65.8

percent. Within the disaster areas, the market-share decline comes entirely from the Irma counties (−0.32, p = 0.01). The

Harvey-county market share is unchanged (−0.02, p = 0.77), which is the fact used in Section 5.1. Estimated by weighted least

squares with pre-period lending volume as the weight. Every entry is a separate regression. Standard errors in parentheses. *

p < 0.10, ** p < 0.05, *** p < 0.01.

Table 7 shows the reallocation. A one standard deviation more exposed lender moved

about 1.9 percentage points of its portfolio out of risky counties, off a pre-storm base of 65.8

percent. In market-share terms, exposed lenders ceded share only in risky counties, while

in safe counties their share is unchanged. The decomposition rows show where the retreat

happened. The share ceded in risky counties comes from counties outside the disaster areas

and from the Irma counties, not from the Harvey counties, where the borrowing surge of

Section 5.1 was concentrated and where exposed lenders held their market share exactly.

The safe-county market-share column carries its own message. Exposed lenders’ market

share in safe counties did not rise, so the portfolio tilt toward safe counties reflects cutting

risky lending, which shrinks the denominator, rather than relocating those dollars. This is

a contraction of risky credit, not an expansion elsewhere. The result is not an artifact of

disaster-zone flows, since excluding the Harvey and Irma counties from both the numerator
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and the denominator leaves the portfolio shift and the risky market-share loss slightly larger.

The within-borrower supply cut of Table 3 therefore aggregates to a visible shift of the

lending market in hurricane-risky counties toward less-exposed lenders. The geography of

this reallocation is telling. In Cortés and Strahan (2017) the map of the adjustment is

drawn by the disaster’s demand, with funds flowing toward the damaged region and away

from wherever they can be spared. Here the map is drawn by the destination counties’

hurricane risk, which is the footprint one would expect if exposed lenders were managing

climate exposure rather than funding needs.

5.5 Robustness

This section probes the result, ordered from the checks that discipline the headline esti-

mate most directly to the more specialized variations. We first show that no single county,

borrower, or lender parent drives the contraction. We then remove financial borrowers, who

could respond to the storm through channels of their own, and split the sample by lender

type. Next we rebuild the two constructed inputs, the lending shares under alternative

imputation rules and the borrower’s hurricane risk under a recency-weighted measure. We

close with placebo event dates, which re-run the entire design in years without a comparable

storm.

5.5.1 Leave-one-out samples

If the estimate rested on a single influential county, borrower, or lender, dropping that

unit would move it visibly. Figure 6 re-estimates the pooled specification of Table 3, column

(1), dropping one borrower county, one borrower, or one lender parent at a time, and plots

the distribution of the resulting coefficients in each weighting. All 2,724 re-estimates are

negative and significant at the five percent level. The most influential single unit moves

the dollar-weighted estimate from −0.048 to −0.040, about half a standard error, and the

unweighted estimate from −0.034 to −0.029. No single county, borrower, or lender parent

drives the contraction.
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Figure 6: Leave-One-Out Distributions of the Pooled Estimate
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Notes: Histograms of the coefficient on standardized Harvey exposure from re-estimating the pooled specification of

Table 3, column (1), dropping one borrower county (251 samples), one borrower (868), or one lender parent (243) at

a time, with exposure standardized once on the full sample. Blue: each pair weighted by its pre-storm loan amount;

red: equal weights. Dashed lines mark the full-sample baselines (−0.048 dollar weighted, −0.034 unweighted) and

the solid line marks zero. Every re-estimate is negative and significant at the five percent level. Borrower fixed

effects included; standard errors clustered by lender parent.

5.5.2 Excluding financial borrowers

About 17 percent of borrowers are financial firms, which could respond to Harvey through

channels of their own, such as insurance losses.17 Dropping them and re-estimating the

pooled specification yields a contraction of 3.7 percent per standard deviation of exposure,

slightly larger than the full-sample estimate. The event study on this sample, weighted by

pre-storm loan amounts as in the headline series, shows the same picture, flat pre-trends and

a trough of 9.4 percent in early 2018 (Figure A4 in Appendix E). The results are not driven

by financial-sector borrowers.

5.5.3 Lender types

Table 8 re-estimates equation (10) separately for U.S. banks, foreign banks, and nonbanks,

with exposure standardized once on the full sample so the columns are comparable.

17Financial borrowers are those whose modal SIC code falls in 6000 to 6999, which is broader than the
financial services group of Table A3 because it also takes in real estate and REITs.
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Table 8: Subsamples by Lender Type

Outcome: ∆ ln(amount) US bank Foreign bank Nonbank/other

Drop Harvey −0.044∗∗∗ −0.023 −0.119

(0.015) (0.018) (0.113)

Drop Harvey + Irma −0.041∗∗ −0.018 −0.053

(0.017) (0.018) (0.065)

Pairs (drop Harvey) 2,520 1,333 320

Lender parents 88 71 37

Notes: Equation (10) estimated separately by lender type, with exposure standardized

once on the full sample. Lender type from DealScan’s lender classification; a parent

takes the type accounting for most of its entity appearances. Borrower fixed effects are

imposed within type, so a borrower contributes only if it has at least two lenders of

that type. Standard errors clustered by lender parent in parentheses. * p < 0.10, **

p < 0.05, *** p < 0.01.

The contraction is precisely estimated only for U.S. banks, at 4.1 to 4.4 percent per

standard deviation of exposure. Foreign banks cut by about half as much and the estimate

is not significant. The nonbank point estimate is the largest of the three but rests on few

pairs and parents, and its standard error is wide enough that nothing can be concluded from

it. A pooled interaction cannot reject equality of the effect across types, so the subsamples

rank the channel without sharply separating it. That the precise estimate sits with U.S.

banks is natural, since they hold most of the Harvey-county credit and face the domestic

supervisory climate agenda most directly, though the wide intervals for the other types mean

we cannot rule out similar behavior there.

5.5.4 Alternative lending-share imputations

Section 2.2 describes the baseline rule for the syndicate shares, under which reported

shares are always kept and missing shares receive the Chodorow-Reich (2014) role-by-structure

averages. Table A11 in Appendix E re-estimates the pooled specification of Table 3, column

(1), keeping the reported shares and imputing the missing ones under two alternative rules,

an equal split among the non-reporting lenders of each tranche, and a split proportional to

each non-reporting lender’s size in the pre-storm syndicated loan market. Lender exposure

and loan amounts are rebuilt under each rule. The specification, sample, and standardization
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are unchanged, and the re-estimates are unweighted, so the baseline they should be compared

with is 3.4 percent. The estimate is −3.0 percent per standard deviation of exposure under

the equal split, significant at the five percent level, and −2.5 percent under the size-based

split, similar in magnitude but less precisely estimated. The contraction does not hinge on

the imputation rule.

5.5.5 A recency-weighted measure of hurricane risk

The hurricane count of Section 2.1 treats a storm in 1851 and a storm in 2016 as equally

informative about a county’s risk. If lenders read the recent record rather than the full

history, that measure is mismeasured in a way that could either mask or manufacture the risk

gradient of Table A10. We therefore rebuild the borrower’s hurricane risk as an exponentially

decayed count, in which a storm passing within 100 miles of the county centroid contributes

weight 0.5(years before Harvey)/h rather than one, for half-lives h of 5, 10, 20, and 30 years. A

storm thirty years before Harvey enters with weight 1.6 percent under a five-year half-life

and 50 percent under a thirty-year half-life, so the four measures span a wide range of

assumptions about the memory lenders bring to the problem. We re-cut terciles on each

decayed measure and re-estimate the saturated three-group regression of equation (A17),

with the groups defined by terciles of the decayed count. Because each borrower belongs to

exactly one tercile and borrower fixed effects are absorbed within borrower, each group total

is identified only by the borrowers in that group.

Table A12 reports the results. The gradient is stable across every half-life. The upper

third contracts by 5.3 to 6.1 percent per standard deviation of exposure, significant at the five

percent level or better throughout, while the lower third stays between 1.3 and 2.3 percent

and is never distinguishable from zero. Discounting old storms neither creates nor destroys

the pattern of Table A10, so the risk gradient does not rest on how far back the hurricane

record is allowed to reach.

The two aggregate exercises were also repeated with the decayed measure, splitting coun-

ties at the median of the five-year half-life rather than at ten historical passages. The market-

share reallocation of Table 7 survives. A one standard deviation more exposed lender moved

1.8 percentage points of its portfolio out of risky counties, and ceded market share in risky

counties but not in safe ones. The exit gradient of Figure 5 does not survive as cleanly. Under

the median split both groups exit by the end of 2019, at 1.3 percentage points per standard
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deviation of exposure for high-risk borrowers and 1.0 for low-risk borrowers, counting rela-

tionships equally as in Figure 5. The median cut of the decayed measure places roughly half

of lending in the risky group, against the 56.5 percent portfolio share of the ten-passage cut

in the same sample, which excludes the affected counties, and assigns counties with modest

recent activity to the low-risk group, so the two groups are closer together than under the

baseline split. The extensive-margin gradient therefore rests on the ten-passage definition,

while the level of the exit response does not.

5.5.6 Placebo event dates

If Texas-concentrated lenders were simply on different lending trends, the design would

find effects at any date. Table A13 in Appendix E repeats the entire design, the same Harvey

counties, exposure measure, windows, distance buffers, and dollar weighting, around placebo

event dates in the third quarters of 2014, 2015, and 2016. The 2014 and 2015 windows end

before any Harvey-related activity. The 2016 post window runs through September 2017, so

it overlaps both the quarter of Harvey’s landfall and the recovery of the oil market, and we

discuss it separately below.

Neither clean placebo date produces a contraction. Every coefficient for 2014 and 2015

is small and statistically indistinguishable from zero in every distance sample and in both

weightings, with the unweighted version in Table A14. The 2016 placebo is informative for

a different reason. Its windows straddle the turnaround of the oil market. The pre window,

July 2015 through June 2016, covers the trough of the 2014 to 2016 oil price collapse, when

banks were writing down syndicated energy loans on a large scale, and the post window

opens with OPEC’s production cut of November 2016 and the price recovery that followed.18

Because the Harvey counties sit at the center of the U.S. oil and gas industry, lenders

concentrated there are plausibly also concentrated in energy lending, so an oil recovery

predicts an expansion by exposed lenders in the 2016 windows. That is what the table

shows. Dollar weighted, exposed lenders expand by 3.4 to 3.7 percent, the opposite sign

of a supply cut, while the unweighted estimate is flat, consistent with a rebound running

18West Texas Intermediate fell from above $100 per barrel in mid-2014 to a low of $26 in February 2016,
inside the placebo pre window. On November 30, 2016, at the start of the placebo post window, OPEC agreed
to its first production cut since 2008 and prices recovered into the $50s through 2017. In the interagency
Shared National Credit reviews of syndicated loans, classified oil and gas commitments rose from $6.9 billion
in 2014 to $77 billion in early 2016, 27 percent of all classified commitments.
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through large energy facilities. The dynamic version, Figure A5 in Appendix E, confirms the

timing. Traced quarter by quarter, the weighted 2016 path has no significant quarter before

the OPEC cut, builds to an expansion by the second quarter of 2017 as prices stabilized,

and is flat in the quarter of Harvey’s landfall itself. Pre-storm concentration in the Harvey

counties predicts lending cuts around Harvey and lending growth when oil recovers. The

contraction is a response to the event, not a stable trait of Texas-concentrated lenders.

5.6 Interpretation as climate-risk reallocation

Section 3 reduced the interpretation to a single coefficient. A capacity shock alone implies

δH = 0, a uniform contraction across borrowers. Belief updating implies δH < 0 with a low-

risk group total near zero. The estimates deliver the second pattern. Four further features of

the evidence discipline the reading. First, exposed lenders cut credit to unaffected borrowers

in quantities, not spreads. Second, what matters is not the borrower’s distance from Harvey

but the borrower’s own hurricane risk. The contraction is flat in distance buffers out to

700 miles, yet sorts on the county’s hurricane history and shows up in market shares only

in hurricane-risky counties. Third, the adjustment follows a sequence. Amounts are cut in

the first three quarters, and relationships with high-risk borrowers are allowed to lapse two

to four quarters later. Fourth, the placebo dates show no contraction, so the behavior is a

response to Harvey rather than a trait of Texas-concentrated lenders.

A pure balance-sheet impairment channel fits this pattern poorly. Lenders facing losses

cut credit broadly, wherever they can (Peek and Rosengren, 2000), whereas the contraction

we document is selective on the borrower’s hurricane risk and absent for low-risk borrowers.

A pure local-demand reallocation, in which lenders divert funds toward the disaster region

to meet recovery demand (Cortés and Strahan, 2017), would predict a cut that fades with

the lender’s need for funds and does not sort on the unaffected borrower’s own climate risk,

nor the severing of high-risk relationships two years later.

The pattern is instead consistent with belief updating about climate risk. Salient events

shift risk assessments even when fundamentals are unchanged (Dessaint and Matray, 2017),

and Correa et al. (2026) show that after climate-linked disasters lenders reprice loans to at-

risk but unaffected borrowers, a response they attribute to salience. Harvey was an extreme

and highly visible event, and it arrived at the moment climate risk entered the financial
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stability agenda. Google search interest in climate change around Harvey was roughly 2.5

times its level around Hurricane Sandy (Figure A6 in Appendix E). In this environment,

the lenders holding the most Harvey risk had the strongest reason to reassess the hurricane

exposure embedded in the rest of their portfolios, and the borrowers most affected by that

reassessment were the hurricane-risky ones.

Why quantities and not prices? In the syndicated market, spreads at origination are set

jointly for the syndicate, so an individual lender’s reassessment of hurricane risk is more

easily expressed by taking a smaller share, declining to participate, or not renewing, than by

moving the price of the deal. Managing exposure through participation is also the natural

instrument for a lender targeting portfolio concentration limits rather than marginal loan

returns. The market-share results show the aggregate footprint of this behavior. Exposed

lenders shrank precisely where the climate risk sits, and less-exposed lenders took their place.

Climate risk was not eliminated from the financial system. It was reallocated toward lenders

with less Harvey exposure, and the intensive and extensive margins together suggest the

reallocation was deliberate and persistent rather than a transitory liquidity response.

6 Conclusion

This paper asks whether a localized climate disaster changes the supply of credit to

borrowers the disaster never touched. Answering it requires separating supply from demand,

and our design does so within the borrower, following Khwaja and Mian (2008). We measure

each lender’s exposure to Hurricane Harvey as the share of its pre-storm syndicated portfolio

in the counties FEMA later declared disaster areas, and we compare lenders with different

exposure lending to the same unaffected firm. The borrower fixed effect absorbs everything

about the firm, including its demand for credit, so what remains is the difference in how its

lenders behaved.

Exposed lenders cut credit to unaffected borrowers by 4.0 to 4.8 percent of loan volume

per standard deviation of exposure when pairs are weighted by loan size, and by 2.4 to

3.4 percent when relationships count equally, with no adjustment in spreads or maturities.

The contraction is unchanged when every borrower within 700 miles of the impact zone is

excluded, concentrates in borrowers whose own counties carry the highest historical hurricane

risk, and aggregates to a two percentage point shift of exposed lenders’ portfolios out of
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hurricane-risky counties, where they ceded market share to less-exposed competitors. The

adjustment follows a sequence, amounts first and relationships later. By the end of 2019

exposed lenders had let high-risk relationships lapse at a rate of 1.4 percentage points per

standard deviation of exposure. Placebo event dates show no contraction.

These facts select an interpretation. A lender short of capacity lends less to everyone.

A lender that has revised its assessment of hurricane risk lends less to the borrowers it now

considers exposed. The cut we estimate is close to zero for low-risk borrowers, appears at

borrowers a thousand miles from the storm, and builds over two quarters rather than arriving

with the landfall. That is the signature of a portfolio being rebalanced, not of a balance

sheet running short. The timing tells us why the reassessment happened then. Harvey made

landfall two months after the Financial Stability Board’s Task Force on Climate-related

Financial Disclosures issued the first framework asking financial institutions to measure and

disclose their climate exposure (Task Force on Climate-related Financial Disclosures, 2017),

and the Network for Greening the Financial System was founded that December (Network

for Greening the Financial System, 2018). The storm was information about hurricane risk,

and the new supervisory environment raised the cost of holding exposure that would now

be visible. A lender with more Harvey-county loans both learned more from the storm and

had more to account for under the emerging disclosure regime, so both forces push the same

lenders in the same direction, and both are revisions of beliefs rather than losses of capacity.

Each piece of this reading has independent support. Salient events shift managers’ risk

assessments even when fundamentals are unchanged (Dessaint and Matray, 2017), and after

climate-linked disasters lenders raise spreads on at-risk but undamaged borrowers (Correa

et al., 2026), of which our quantity result is the counterpart. The magnitude matches the

roughly 3 percent contraction that Ivanov et al. (2022) estimate for distant borrowers using

within-county variation, and the sorting on the borrower’s own disaster risk echoes Rehbein

and Ongena (2022), who find that banks hit by a flood retrench most from the regions they

anticipate as future disaster risks. A reallocation driven by rebuilding demand instead draws

its map from the disaster region’s funding needs (Cortés and Strahan, 2017). The map here

is drawn by the destination’s hurricane risk.

The estimates come with a boundary. The within-borrower design needs firms that

borrow from several lenders at once, and the firms that identify our estimates average 6.1 of

them. Firms like these can replace a retreating lender, draw on an existing facility, or issue
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in the bond market, so for them the reallocation shuffles credit across lenders more than it

removes credit. Our estimates measure that reallocation. They do not measure the total

credit outcome for any firm, which depends on what its other lenders did, the component

the design nets out by construction.

The firms outside our sample are the ones for which the same lender behavior would

bite hardest. A small firm in a hurricane-prone county typically borrows from one or two

local banks, has no bond market to fall back on, and holds a relationship whose value is the

lender’s accumulated private information about it. For such a firm a severed relationship

is not a reshuffling of credit but a loss of access, which is why lender health passed into

employment for small and medium firms in Chodorow-Reich (2014) while large firms were

insulated. Our extensive-margin result is the one that matters most for them. Exposed

lenders did not only shave amounts, they let hurricane-risky relationships lapse, and they

did so at the smallest relationships first. Read against a bank-dependent borrower base,

what looks like a modest portfolio tilt in the syndicated market is a withdrawal of credit

from firms with nowhere else to go, accumulating in precisely the counties where climate risk

is highest.

The findings carry two implications for how climate risk in credit markets is measured.

First, aggregate credit in a risky region can look stable while changing hands. The realloca-

tion moves hurricane exposure toward lenders the storm did not reach, and whether those

lenders are better placed to bear it is the question a stress test should ask, rather than

whether regional credit volumes hold up. Second, pricing-based evidence understates the

adjustment. Spreads and maturities do not move at all in our setting, so a study reading

only the price of credit would conclude that nothing happened.

The question that remains for future research is whether the same reallocation removes

credit from borrowers who cannot substitute across lenders. The firms in our sample replace

a retreating lender with another. Smaller firms cannot, since they depend on one or two

relationships, and those relationships are often with smaller local banks whose own portfolios

are concentrated in the same hurricane-risky regions, so both sides of that market are more

exposed to the reallocation we document. Small commercial loans in Community Reinvest-

ment Act data make the question answerable, and the real cost of a withdrawn relationship

should be visible there.
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Schüwer, Ulrich, Claudia Lambert, and Felix Noth, 2019, How do banks react to catastrophic

events? evidence from hurricane katrina, Review of Finance 23, 75–116.

Task Force on Climate-related Financial Disclosures, 2017, Recommendations of the task

force on climate-related financial disclosures: Final report, Technical report, Financial

Stability Board.

Appendix

This appendix collects the supporting material. Appendix A reports descriptive statis-

tics, Appendix B derives the portfolio model’s first-order condition, Appendix C shows the

distribution of lender exposure to Harvey, Appendix D collects the unweighted counterparts

of the main exhibits together with additional results, and Appendix E contains the robustness

and interpretation material.

A Descriptive statistics

Table A1: Historical Hurricane Exposure of U.S. Counties

Mean 25th Median 75th Max

Panel A. All counties (N = 3,233)

Hurricane passages within 100 miles 19.1 1 13 28 107

Hurricane passages within 50 miles 7.3 0 4 11 50

Panel B. Counties of sample borrowers (N = 4,118 borrowers)

Hurricane passages within 100 miles 22.9 5 18 35 103

Notes: County-level exposure computed from NOAA HURDAT2 storm tracks, 1851 to the

day before Harvey’s landfall, for the continental United States. A passage is a storm at

hurricane intensity within the stated distance of the county centroid. Panel B repeats the first

row across the 4,118 borrowers in the sample, so counties enter once per borrower.
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Table A2: Lender–Borrower Relationships by Margin

All pairs Drop Harvey Drop Harvey+Irma

N Share N Share N Share

Both pre and post (intensive margin) 5,512 0.21 4,815 0.21 4,351 0.21
Pre only (relationship ends) 12,785 0.48 11,302 0.48 10,147 0.49
Post only (new relationship) 8,322 0.31 7,286 0.31 6,415 0.31

Total 26,619 1.00 23,403 1.00 20,913 1.00

Notes: Pairs built from the tranche-level panel before the intensive-margin restriction. A pair is a lender parent ×
borrower with at least one active tranche in the stated window. “Drop Harvey” and “Drop Harvey+Irma” remove

pairs whose borrower is located in a Harvey (or Harvey or Irma) FEMA county.

Table A3: Sample Composition by Lender Type and Borrower Group

Entity level (unique) Tranche–lender level

Count (%) Count (%)

Panel A. Lender type

US bank 467 40.8 30,059 58.3
Foreign bank 321 28.1 14,469 28.1
Finance company 154 13.5 2,262 4.4
Investment bank 28 2.4 2,560 5.0
Other 174 15.2 2,204 4.3

Total lenders (banks) 1,144 (788) 100 (68.9) 51,554 (44,528) 100 (86.4)

Panel B. Broad borrower group

Corporates 3,373 81.9 42,144 81.7
Non-bank financials 363 8.8 3,664 7.1
Utilities 220 5.3 3,133 6.1
Media/communications 144 3.5 2,469 4.8
Other 18 0.4 144 0.3

Panel C. Borrower industry (largest groups)

Financial services 371 9.0 3,735 7.2
General manufacturing 324 7.9 3,872 7.5
Healthcare 274 6.7 3,552 6.9
Technology 259 6.3 4,375 8.5
Oil and gas 251 6.1 2,887 5.6
Other industries 2,639 64.1 33,133 64.3

Total borrowers 4,118 100 51,554 100

Notes: Whole sample, hurricane quarter excluded. In Panel A the entity level counts the
1,144 unique lenders; in Panels B and C it counts the 4,118 unique borrowers, and the two
panels partition the same totals. Lender types come from DealScan’s institution classifi-

cation, with US bank including thrifts and each parent classified by the modal type of its
entities. “Other” in Panel A aggregates direct lenders, investment funds, insurance compa-

nies, nonfinancial corporates, and unclassified lenders. “Other” in Panel B includes banks
and government entities. “Other industries” in Panel C aggregates all industries with under
six percent of borrowers. Where DealScan revises a tranche’s terms the earliest record is
kept, so a tranche already active enters with its pre-Harvey terms.
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Table A4: Sample Composition by Loan Type and Purpose

Tranche level (unique) Tranche–lender level

Count (%) Count (%)

Panel A. Loan type

Term loan 4,562 51.8 22,999 44.6

Revolver 3,810 43.3 26,224 50.9

Other types 428 4.9 2,331 4.5

Panel B. Loan purpose

General purpose 5,554 63.1 36,608 71.0

Acquisition 791 9.0 3,117 6.0

Leveraged buyout 681 7.7 2,363 4.6

Takeover 423 4.8 2,655 5.1

Dividend recapitalization 302 3.4 1,126 2.2

Real estate loan 221 2.5 828 1.6

Sponsored buyout 220 2.5 748 1.5

Working capital 162 1.8 1,254 2.4

Merger 60 0.7 397 0.8

Other purposes 386 4.4 2,458 4.8

Total 8,800 100 51,554 100

Panel C. Activity records (tranche–lender–quarter)

Originations 17,761 27.1

Amendments 47,710 72.9

Total 65,471 100

Notes: Whole sample, pre- and post-years, hurricane quarter excluded. The tranche-

lender level counts each lender’s participation in a tranche once. Panels A and B

partition the same 8,800 tranches and 51,554 tranche-lender observations. “Other

types” includes bridge loans, letters of credit, and minor facilities. “Other purposes”

aggregates project finance, spinoffs, recapitalizations, exit and debtor-in-possession

financing, and residual categories. Panel C counts quarterly activity records before

collapsing to tranche-lender pairs. Where DealScan revises a tranche’s terms the

earliest record is kept, so a tranche already active enters with its pre-Harvey terms.
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Table A5: Descriptive Statistics. Pre- and Post-Harvey Windows

Pre-year Post-year

(Jul 2016–Jun 2017) (Oct 2017–Sep 2018)

Panel A. Scale

Tranches active 6,074 4,435

Total volume (USD bn) 2,358 1,855

Borrowers 3,008 2,111

Lender parents 564 455

Lender–borrower pairs 18,297 13,834

Panel B. Credit conditions (tranche level)

Tranche amount, mean (USD mn) 388 418

Tranche amount, median (USD mn) 140 150

Margin over LIBOR, mean (bps) 334 319

Margin over LIBOR, median (bps) 300 275

Tenor, mean (months) 54.4 53.0

Tenor, median (months) 60 59

Lenders per tranche, median 4 4

Multi-lender tranches (%) 92 89

Panel C. Loan type and purpose (% of tranches)

Term loans 52 52

Revolvers 43 44

General purpose 64 70

Acquisition-related 24 21

Panel D. Lender type (% of lender appearances)

US banks 55 55

Foreign banks 32 32

Nonbanks 11 12

Panel E. Borrowers in Harvey FEMA counties

Share of tranches (%) 9.9 10.5

Share of volume (%) 12.5 12.4

Notes: DealScan syndicated loan sample, whole sample before any intensive-margin restriction. Pre-

year July 2016 through June 2017; post-year October 2017 through September 2018; the hurricane

quarter (2017Q3) is excluded. A tranche with lending activity in both windows appears in both

columns. Lenders are aggregated to the parent institution; missing syndicate shares are imputed

following Chodorow-Reich (2014). Acquisition-related combines acquisition, takeover, merger, and

buyout purposes. DealScan records revised terms under the same tranche identifier. Each column is

deduplicated on its own, so where a tranche appears in more than one quarter of a window the earliest

record in that window is kept and the post-year column reports post-storm terms.
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Table A6: Pre- Versus Post-Harvey Loan Conditions by Borrower Hurricane Risk

Hurricane-prone counties Less-prone counties

Pre Post Pre Post

Tranches 3,963 2,917 2,111 1,518

Borrowers 1,960 1,385 1,050 726

Total volume (USD bn) 1,587 1,241 771 614

Median tranche amount (USD mn) 140 150 135 154

Median margin (bps) 300 275 300 275

Median tenor (months) 60 60 60 58

Notes: Whole sample; windows and tranche-level deduplication as in Table A5. Hurricane-prone: the

borrower’s county records at least 10 hurricane passages within 100 miles between 1851 and Harvey

(NOAA HURDAT2); counties with no recorded passage information are classified as less prone. Volume

and medians are computed over unique tranches.

B Derivation of the lender’s first-order condition

This section derives equation (3) from the problem stated in equation (2), then derives

the prediction in equation (5) by differencing the two periods, and closes by mapping it to

the estimating equation (13).

Portfolio moments. Start from the return in equation (1) and add up the lender’s posi-

tions, ∑
i

LijRi =
∑
i

Lijri − λx
∑
i

Lijhi +
∑
i

Lij εi. (A1)

The middle term collapses to a single scalar, Hj ≡
∑

i Lijhi, the lender’s aggregate climate

exposure. This is the step that gives the model its structure. Each borrower’s climate loading

reaches the portfolio only through this one number, so the lender’s whole hurricane position

can be summarized by it.

Take moments under the lender’s own beliefs, with Ej[x] = θj and Varj(x) = σ2, and
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with the εi independent of x and of each other with common variance s2,

Ej

[∑
i LijRi

]
=

∑
i

Lijri − λ θjHj, (A2)

Varj

(∑
i LijRi

)
= λ2σ2H2

j + s2
∑
i

L2
ij. (A3)

The variance splits into two pieces. The first is systematic and grows with the square of

the lender’s total climate exposure, so it is the part that holding many hurricane-prone

loans cannot diversify away. The second is idiosyncratic and depends only on how large the

individual positions are.

The optimum. Attach a multiplier µj ≥ 0 to the capacity constraint and write the La-

grangian for the problem in equation (2),

Lj =
∑
i

Lij

(
ri − λθjhi

)
− γ

2

[
λ2σ2H2

j + s2
∑
i

L2
ij

]
− µj

(∑
i

Lij −Kj

)
. (A4)

Now differentiate with respect to one position Lij. The only subtlety is that Lij enters the

systematic variance through Hj, and ∂Hj/∂Lij = hi, so that term contributes γλ2σ2Hjhi

after the factor of two from the square cancels the one-half in the objective. This is why the

covariance charge carries no fraction. The condition is

ri − λθjhi︸ ︷︷ ︸
expected return

− γλ2σ2Hjhi︸ ︷︷ ︸
covariance charge

− γs2Lij︸ ︷︷ ︸
own variance

− µj︸︷︷︸
capacity

= 0, (A5)

and solving it for Lij gives equation (3).

Equation (A5) characterizes the optimum and not merely a stationary point. Collect

the loadings in the vector h = (hi)i. The Hessian of the objective is −γ
(
s2I + λ2σ2hh′

)
,

which is negative definite whenever s2 > 0, so the objective is strictly concave and the

solution is unique. The constraint is linear, so the Kuhn–Tucker conditions µj ≥ 0 and

µj

(∑
i Lij − Kj

)
= 0 complete the characterization. We work at an interior optimum

throughout and do not impose Lij ≥ 0.
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Solving out the aggregate exposure. Equation (3) is implicit, because Hj is itself built

from the positions it determines. It can be solved in closed form. Multiply equation (A5)

by hi, sum over borrowers, and write S1 ≡
∑

i hi, S2 ≡
∑

i h
2
i and Sr ≡

∑
i hiri. Collecting

the Hj terms gives

Hj =
Sr − µjS1 − λθjS2

γ
(
s2 + λ2σ2S2

) . (A6)

The denominator is strictly positive, so the fixed point exists and is unique. Equation (A6)

also makes the feedback explicit. A lender that turns more pessimistic, raising θj, lowers

its own Hj, which lowers the covariance charge on every hurricane-prone loan and so damps

the very tilt that the pessimism set off. Holding Hj fixed, as the main text does, therefore

overstates the tilt that a given belief revision produces. The equilibrium feedback damps it,

so the tilt we estimate is if anything an understatement of the belief channel.

From the first-order condition to equation (5). The prediction follows from writing

equation (3) once for each period and subtracting. In period 0 every lender holds the common

prior θ0 and has shadow cost µ0
j , so its position in borrower i is

L0
ij =

ri − µ0
j − λθ0hi − γλ2σ2Hjhi

γs2
. (A7)

In period 1 Harvey has changed the two state variables. Beliefs are now θ1j and the shadow

cost is µ1
j , so

L1
ij =

ri − µ1
j − λθ1jhi − γλ2σ2Hjhi

γs2
. (A8)

Subtract the first from the second. The spread ri cancels because it did not change, and

the covariance term cancels because we hold Hj fixed, the second approximation discussed

in the footnote to equation (5). Only the two changes survive,

∆Lij = L1
ij − L0

ij = −
µ1
j − µ0

j

γs2
−

λ
(
θ1j − θ0

)
γs2

hi. (A9)

The updating rule in equation (4) sets θ1j − θ0 = κ(ej)∆. Substituting it and naming the

two pieces

ϕ(ej) ≡
µ1
j − µ0

j

γs2
, ψ(ej) ≡ λκ(ej)∆

γs2
, (A10)

57



gives ∆Lij = −ϕ(ej)− ψ(ej)hi in dollars.

The signs of the two slopes carry the content of the model. The storm destroyed more

capital at lenders with more of their book in the damaged counties, so the constraint tight-

ened more and µj rose more for them, which gives ϕ′ > 0. Exposed lenders also put more

weight on the news, κ′ > 0, and the news was bad, ∆ > 0, which gives ψ′ > 0. The same

separation can be read directly from equation (3) by differentiating it holding Hj fixed,

∂Lij

∂µj

= − 1

γs2
,

∂Lij

∂θj
= − λhi

γs2
. (A11)

A tighter capacity constraint cuts every position by the same number of dollars and makes

no reference to hi at all. A pessimistic revision cuts positions in proportion to hi and leaves

a borrower with hi = 0 untouched.

Two final steps bridge the dollar difference in equation (A9) to the estimating equation.

The outcome in the data is a log change, which relates to the dollar change through

∆ lnLij = ln
(
1 +

∆Lij

L0
ij

)
≈ ∆Lij

L0
ij

, (A12)

the first-order Taylor expansion of ln(1+z) around z = 0, accurate when the change is small

relative to the pre-period position. This is the first approximation discussed in the footnote

to equation (5), and its substantive content is that the conversion is not innocuous for the

capacity channel. The model says a capacity shock cuts every borrower by the same number

of dollars, but the same dollar cut is a larger proportional cut at a smaller position, so in

logs the capacity channel is flat across borrowers only up to variation in L0
ij. It could leak

into δH only if hurricane-prone borrowers held systematically smaller pre-storm positions.

Table A15 shows they hold larger ones, so the leak biases δH toward zero. The borrower fixed

effect αi absorbs anything that moves borrower i’s credit at all of its lenders at once, demand

after the storm for example, about which the model is silent. The result is equation (5),

∆ lnLij ≈ αi − ϕ(ej)− ψ(ej)hi.

From equation (5) to the estimating equation. Equation (5) contains two unknown

increasing functions and a continuous risk measure, while a regression estimates numbers

multiplying variables, so two further approximations turn one into the other. First, approxi-
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mate each function by its tangent line at zero exposure, again a first-order Taylor expansion,

ϕ(ej) ≈ ϕ0 + ϕ′ ej, ψ(ej) ≈ ψ0 + ψ′ ej. (A13)

Second, replace each borrower’s hi with the average of its risk group, which the group

indicator writes in one line,

hi ≈ h̄L + (h̄H − h̄L)Highi, (A14)

so a borrower with Highi = 0 carries h̄L and a borrower with Highi = 1 carries h̄H . Substitute

both into equation (5) and multiply out,

∆ lnLij ≈ αi − ϕ0 − ψ0 h̄L − ψ0 (h̄H − h̄L)Highi

−
[
ϕ′ + ψ′ h̄L

]
ej − ψ′ (h̄H − h̄L) ej × Highi. (A15)

The first line varies only across borrowers. The constants are common to everyone and

Highi is a fixed characteristic of borrower i, so the borrower fixed effect absorbs the entire

line, which is why the estimating equation carries no separate Highi term. The second line

contains exactly the two regressors of equation (13), so the regression coefficients equal the

expressions multiplying them,

β = −
[
ϕ′ + ψ′ h̄L

]
, δH = −ψ′ (h̄H − h̄L), (A16)

which is equation (6) in the text. Two readings follow. The capacity slope ϕ′ cancels from

δH because a capacity cut hits both risk groups identically, so the interaction responds to

beliefs and only to beliefs. And β mixes the capacity slope with the belief tilt on the low-risk

group’s own h̄L, which is why belief updating predicts a β that is small and negative rather

than exactly zero.
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C Lender exposure to Harvey

Figure A1: Distribution of Harvey Exposure Across Lenders
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Notes: Left panel: one observation per lender parent (mean 10.9%). Right panel: weighted by lender-borrower pairs

in the estimation sample, the distribution the regressions use (mean 13.4%, SD 6.5 pp). Most lenders hold under

20% of their portfolio in Harvey counties, with a long right tail of locally concentrated lenders.

D Additional results

Table A7: Distance Buffers, Unweighted

Outcome: ∆ ln(amount) Pooled >300 mi >700 mi

Panel A: Drop Harvey borrowers (main)

Harvey exposure (SD) −0.034∗∗∗ −0.033∗∗ −0.035∗∗

(0.013) (0.013) (0.014)

N 4,727 4,493 3,809

Panel B: Drop Harvey and Irma borrowers

Harvey + Irma exposure (SD) −0.025∗ −0.022∗ −0.026∗

(0.013) (0.013) (0.013)

N 4,273 4,039 3,545

Borrower FE Yes Yes Yes

Notes: Unweighted version of Table 4: each pair receives equal weight and the samples, buffers,

and specification are identical. The buffers are cumulative exclusions, not mutually exclusive

rings. In Panel B the exposure measure is the lender’s pre-storm portfolio share in Harvey

and Irma counties combined, standardized on the full sample. Borrower fixed effects included;

standard errors clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A8: Risk Thresholds, Unweighted

Low risk High risk

Outcome: ∆ln(amount) <3 <5 <10 ≥3 ≥5 ≥10

Harvey exposure (SD) −0.015 −0.018 −0.013 −0.038∗∗∗ −0.041∗∗∗ −0.053∗∗∗

(0.030) (0.026) (0.019) (0.014) (0.012) (0.014)

Borrower FE Yes Yes Yes Yes Yes Yes

N (pairs) 784 1,173 1,871 3,943 3,554 2,856

Lender parents 100 133 167 217 205 182

Notes: Unweighted version of Table 5: each pair receives equal weight and the subsamples, risk thresholds,

and specification are identical. Borrower hurricane risk is the number of hurricanes passing within 100 miles of

the borrower’s headquarters county between 1851 and Harvey, from NOAA’s HURDAT2 storm-track database.

Borrower fixed effects included; standard errors clustered by lender parent in parentheses. * p < 0.10, **

p < 0.05, *** p < 0.01.

Table A9: Risk Split at the Ten-Hurricane Threshold, Unweighted

Outcome: ∆ ln(amount) Low risk, <10 (base) High risk, ≥10 Difference δH

Harvey exposure (SD) −0.013 −0.053∗∗∗ −0.040∗

(0.019) (0.014) (0.023)

N (pairs) 1,871 2,856

Notes: Unweighted version of Table 6: each pair receives equal weight and the sample, ten-hurricane

cut, and specification are identical. The low-risk group is the omitted reference; the high-risk total

is computed by linear combination and coincides with the ten-hurricane column of Table A8. The

difference between the two groups is −0.040 (p = 0.09). Borrower fixed effects included; standard

errors clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A10 reports the risk-band variant of equation (13). With three groups the regres-

sion is estimated in its saturated form,

∆ ln(amount)ij = αi + βL (Harvey exposurej × Lowi) + βM (Harvey exposurej ×Middlei)

+ βH (Harvey exposurej × Highi) + εij,

(A17)

where Harvey exposurej is standardized to unit variance and Lowi, Middlei, and Highi mark

the borrower’s hurricane-risk band, counties with 0 to 6, 7 to 15, and 16 or more historical
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hurricanes. Because every borrower belongs to exactly one band, each coefficient is the

total effect for that group rather than a difference relative to an omitted reference, and the

borrower fixed effect continues to absorb demand within every group. Differences across

groups are tested by linear combinations of the three coefficients. The pairwise p-values are

reported in the table notes.

Table A10: Supply Contraction by Hurricane-Risk Band

Outcome: ∆ln(amount) Low risk Middle risk High risk

Harvey exposure (SD), dollar weighted −0.027 −0.061∗ −0.054∗∗

(0.029) (0.034) (0.022)

N (pairs) 1,467 840 2,420

Notes: One regression of equation (A17) on all non-Harvey borrowers (4,727 pairs), grouped

by the county’s historical hurricane count: 0 to 6, 7 to 15, and 16 or more hurricanes within

100 miles of the centroid since 1851 (NOAA HURDAT2). Each cell is the total effect for that

band. Each pair is weighted by its pre-storm loan amount as in the headline rows of Table 3.

Pairwise differences across bands are not statistically significant (all p ≥ 0.41). Borrower

fixed effects included, standard errors clustered by lender parent in parentheses. * p < 0.10,

** p < 0.05, *** p < 0.01.

Figure A2: Event Study Split by Borrower Hurricane Risk, Dollar Weighted
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Notes: Equation (11) estimated separately for borrowers above and below 10 historical hurricanes, each pair

weighted by its mean quarterly pre-storm loan amount and exposure standardized before the split. High risk shows

flat pre-trends (joint p = 0.98) and a trough of −0.116 in 2018Q1. Low risk dips noisily in the storm quarter and

stays shallow afterwards. Vertical bars denote 95% confidence intervals, standard errors clustered by lender parent.
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E Robustness and interpretation

Figure A3: Event Study Excluding Irma Borrowers, Dollar Weighted

2016
Q3

2016
Q4

2017
Q1

2017Q2
(ref)

2017
Q3

2017
Q4

2018
Q1

2018
Q2

2018
Q3

Event time (quarters relative to Harvey)

0.20

0.15

0.10

0.05

0.00

0.05

0.10

0.15

0.20

k

Excluding Harvey- and Irma-affected borrowers, weighted by pre-storm loan amounts

Harvey (2017Q3)
Reference (2017Q2)
Pre-event
Post-event

Notes: Equation (11) re-estimated dropping borrowers in Harvey and Irma counties, with each pair weighted by its

mean quarterly pre-storm loan amount as in Figure 3. Flat pre-trends (joint p = 0.69); the contraction troughs at

−0.109 in 2018Q1 (p < 0.01). Vertical bars denote 95% confidence intervals; standard errors clustered by lender

parent.

Figure A4: Event Study Excluding Financial Borrowers, Dollar Weighted
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Notes: Equation (11) re-estimated dropping financial borrowers (modal SIC 6000–6999), with each pair weighted by

its mean quarterly pre-storm loan amount as in Figure 3. Flat pre-trends (joint p = 0.83); the contraction troughs

at −0.094 in 2018Q1 (p = 0.01). Vertical bars denote 95% confidence intervals; standard errors clustered by lender

parent.
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Table A11: Robustness to the Lending-Share Imputation Rule

Imputation of missing syndicate shares β̂ s.e. p-value Pairs

Chodorow–Reich role × structure averages (baseline) −0.034 (0.013) 0.008 4,727

Equal split among non-reporting lenders −0.030 (0.014) 0.037 4,727

Split by lender size in the pre-storm market −0.025 (0.017) 0.137 4,727

Notes: Each row estimates equation (10) on the sample of Table 3, column (1): Harvey borrowers dropped,

borrower fixed effects, standard errors clustered at the lender parent (242 clusters). All three rules keep the

reported syndicate shares and differ only in the imputation of the missing shares. The baseline applies the

Chodorow-Reich (2014) averages of reported shares by syndicate role and structure. The equal split divides the

unreported residual of each tranche equally among its non-reporting lenders. The size-weighted split divides it

in proportion to each non-reporting lender’s number of pre-storm syndicated loan participations, a size proxy

that does not use the imputed shares themselves. Lender exposure and loan amounts are both rebuilt under

each rule.

Table A12: Robustness to a Recency-Weighted Measure of Hurricane Risk

Outcome: ∆ln(amount) Lower third Middle third Upper third

Half-life 5 years −0.022 −0.034∗ −0.053∗∗∗

(0.020) (0.020) (0.019)

Half-life 10 years −0.023 −0.032 −0.054∗∗∗

(0.020) (0.022) (0.019)

Half-life 20 years −0.014 −0.034∗ −0.061∗∗

(0.020) (0.020) (0.025)

Half-life 30 years −0.014 −0.036∗ −0.058∗∗

(0.020) (0.021) (0.024)

Raw count (baseline) −0.013 −0.042∗∗ −0.055∗∗

(0.021) (0.021) (0.023)

Pairs / lender parents 4,727 / 242

Notes: Each row is one unweighted regression of the tercile variant of equation (13)

on all non-Harvey borrowers, with terciles cut on a decayed hurricane count in which

a storm y years before Harvey contributes weight 0.5y/h instead of one. The raw

count is the baseline measure of Section 2.1, equivalent to an infinite half-life. Every

row cuts terciles by plain quantiles of its own measure. The middle third is the

omitted reference and the lower and upper totals are computed by linear combina-

tion. Borrower fixed effects included, standard errors clustered by lender parent in

parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A13: Placebo Event Dates. Q3 2014, Q3 2015, and Q3 2016

Outcome: ∆ln(amount) Pooled >300 mi >700 mi

Harvey 2017 (real) −0.048∗∗∗ −0.047∗∗∗ −0.043∗∗

(0.017) (0.018) (0.019)
N 4,727 4,493 3,809

Placebo 2016 0.034∗∗ 0.035∗∗ 0.037∗∗

(0.015) (0.016) (0.018)
N 4,781 4,582 3,716

Placebo 2015 0.010 0.011 0.016
(0.019) (0.020) (0.017)

N 4,282 4,104 3,447

Placebo 2014 −0.000 0.000 −0.005
(0.015) (0.015) (0.018)

N 4,168 3,985 3,220

Borrower FE Yes Yes Yes

Notes: The full design of Tables 3 and 4 re-run with the event date
moved to Q3 2014, Q3 2015, and Q3 2016, keeping the same Harvey
counties and exposure definition. Each pair is weighted by its pre-storm
loan amount as in Table 3, and the unweighted version is Table A14.
The 2016 post window contains Harvey’s landfall and the oil-market
recovery, so it is not a clean falsification test. Borrower fixed effects
included, standard errors clustered by lender parent in parentheses. *
p < 0.10, ** p < 0.05, *** p < 0.01.

Table A14: Placebo Event Dates, Unweighted

Outcome: ∆ln(amount) Pooled >300 mi >700 mi

Harvey 2017 (real) −0.034∗∗∗ −0.033∗∗ −0.035∗∗

(0.013) (0.013) (0.014)
N 4,727 4,493 3,809

Placebo 2016 0.009 0.010 0.007
(0.014) (0.015) (0.014)

N 4,781 4,582 3,716

Placebo 2015 0.007 0.008 0.015
(0.012) (0.013) (0.011)

N 4,282 4,104 3,447

Placebo 2014 −0.009 −0.009 −0.007
(0.010) (0.011) (0.013)

N 4,168 3,985 3,220

Borrower FE Yes Yes Yes

Notes: Unweighted version of Table A13, with identical samples, expo-
sure definition, windows, and specification. Every unweighted placebo
coefficient, including 2016, is small and indistinguishable from zero in
every distance sample. Borrower fixed effects included, standard errors
clustered by lender parent in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Figure A5: Dynamic 2016 Placebo. The Oil Recovery, Not a Lender Trait
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Notes: Quarter-by-quarter version of the 2016 placebo in Table A13, dollar weighted, with the placebo event at

2016Q3 and 2016Q2 as the reference period. Exposure is the lender’s August 2016 loan share in the future Harvey

counties. No quarter before the OPEC production cut of November 30, 2016 is statistically distinguishable from

zero (pre-trend joint p = 0.21); the path then builds to +0.075 in 2017Q2 (p = 0.03) as oil prices stabilized and is

flat in the quarter of Harvey’s landfall (+0.010). The unweighted path is flat throughout (pre-trend p = 0.34).

Vertical bars denote 95% confidence intervals; standard errors clustered by lender parent.

Figure A6: Salience. Climate Risk Was New in 2017
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Notes: Google search interest in “climate change” in the United States, 2010 to 2020. Search interest around

Harvey (August 2017) was roughly 2.5 times its level around Hurricane Sandy (October 2012). The TCFD

recommendations were published in June 2017 and the NGFS was founded in December 2017.
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Table A15: Pre-Period Relationship Size and the Risk Tilt

Panel A. Pre-period size across risk groups

Low risk, <10 High risk, ≥10 Difference

Pair amount, median ($m) 89.2 115.2

Pair amount, mean ($m) 201.3 248.7

ln(pair amount) 4.598 4.757 0.159∗∗∗

(0.036)

ln(borrower total credit) 6.295 6.331 0.036

(0.100)

Lenders per borrower 6.07 6.05 −0.024

(0.319)

N (pairs) 1,871 2,856

N (borrowers) 308 472

Panel B. The risk tilt controlling for relationship size

Dollar weighted Unweighted

Outcome: ∆ln(amount) (1) (2) (3) (4)

Harvey exposure (SD) −0.011 0.007 −0.013 0.015

(0.023) (0.022) (0.019) (0.027)

× High risk (δH) −0.064∗∗ −0.058∗∗ −0.040∗ −0.049∗∗

(0.030) (0.029) (0.023) (0.025)

× ln(pair amount) −0.030∗∗ 0.036

(0.014) (0.028)

High-risk total −0.074∗∗∗ −0.050∗∗ −0.053∗∗∗ −0.034∗

(0.022) (0.019) (0.014) (0.019)

N (pairs) 4,727 4,727 4,727 4,727

Notes: Sample and specification of Table 6, in other words all non-Harvey borrowers with

borrowers split at ten historical hurricanes in their county. Panel A compares pre-period

size across the two risk groups. Pair amount is the lender’s pre-storm loan amount to that

borrower, borrower total credit sums it across the borrower’s lenders, and the difference

column reports the gap in the stated units with the standard error of a two-sample t test

below. Panel B adds to equation (13) the interaction of standardized Harvey exposure

with the log of the pair’s pre-period amount, centered on the estimation-sample mean so

that the exposure coefficient is evaluated at the average relationship. Columns (1) and

(3) reproduce Tables 6 and A9. The high-risk total is computed by linear combination.

Borrower fixed effects included; standard errors clustered by lender parent in parentheses.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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