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Abstract

This thesis consists of three essays examining key issues in empirical macroeconomics and
�nance, with particular focus on interest rate transmission, �nancial stability, and in�ation
expectations.

The �rst essay investigates the relationship between net interest margins (NIM) and
interest rates across the conditional distribution. Using Bayesian dynamic panel quantile
regression, I document increased sensitivity to interest rates in the tails of the conditional
NIM distribution during the post-2020 period, partly a result of bank interest expenses
constrained by the zero lower bound. These �ndings have implications for measurement of
interest rate risk and �nancial stability.

The second essay examines macroeconomic instability and credit risk transitions in auto
loans using a discrete-time Markov transition framework. Using loan-level data, we docu-
ment persistent declines in the sensitivity of default probabilities to unemployment shocks
during both the Global Financial Crisis and Covid recessions. The �ndings have important
implications for stress testing models and loss forecasting practices.

The third essay develops a probabilistic measure of in�ation expectations anchoring that
extends beyond testing whether mean expectations equal the target. Using risk-neutral
densities from in�ation options and Bayesian functional regression methods, we show that
anchoring across the probabilistic distribution deteriorated in two waves with fundamentally
di�erent characteristics. We �nd that the 2024-2025 wave, re�ecting elevated high-in�ation
tail probabilities, would be missed entirely by more traditional point-forecast methods.
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Chapter 2

Introduction

2.1 Motivation

The period from 2000 to 2025 has been marked by macroeconomic volatility and policy

interventions that have challenged assumptions around key relationships in �nancial markets

and the macroeconomy. The Global Financial Crisis of 2007-2009, the Covid-19 pandemic

of 2020-2021, and the subsequent in�ation surge of 2022-2024 have each tested the resilience

of �nancial institutions and the stability of �nancial forecasting models. A common thread

running through these essays is the question of structural stability�whether relationships

that appear stable during normal times remain reliable during periods of extreme stress and

policy intervention in aggregate or across the empirical distribution.

In the �rst chapter, understanding interest rate risk in bank pro�tability depends on

stable relationships between interest rates and interest-sensitive income and expenses. The

second chapter addresses stress testing models used by banking regulators that rely on stable

relationships between macroeconomic variables and loan performance. The �nal chapter

explores distributional anchoring of in�ation expectations, relaxing the common focus on

point estimates. If these relationships prove unstable in aggregate or across the empirical

distribution, then models and policy frameworks built upon them may provide misleading
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results.

The three essays in this thesis contribute to our understanding of these issues by applying

novel empirical methods to datasets spanning multiple business cycles and documenting how

traditional relationships have evolved over the past quarter century.

2.2 Overview of the Thesis

2.2.1 Chapter 1: Tail Sensitivity of US Bank Net Interest Margins

The �rst essay examines the relationship between banks' net interest margins (NIM) and

interest rates across the conditional distribution. Net interest margin�the di�erence between

interest income earned on assets and interest expense paid on liabilities, expressed as a

percentage of earning assets�is a primary determinant of bank pro�tability. Understanding

how interest rate movements a�ect aggregate and individual bank margins is crucial for

assessing the �nancial stability implications of policy changes.

This relationship has received renewed attention following the rapid decline in short-term

interest rates during the pandemic and the subsequent sharp increase during 2022-2023. The

conventional wisdom holds that, for example, falling rates can be costly for banks as assets

originate or reprice at relatively lower rates, leading to reduced cash �ows. The academic

literature has documented that banks can o�set this by decreasing deposit costs along with

market rates to maintain a comparable spread between asset and deposit interest rates

(Drechsler et al. (2021), Williams (2020)) However, the extent to which banks are able

to successfully decrease deposit costs depend on how close to the zero lower bound their

current deposit costs are. When banks lose the ability to reprice deposits further downward,

nonlinearities can occur in declines to net interest margins. Standard linear approaches to

estimate the impact of interest rate changes on margins in such cases can mask distributional

heterogeneity.

The chapter examines these issues empirically using bank-level panel data, documenting
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how net interest margins respond to interest rate changes and exploring heterogeneity across

banks and over time. Using the novel Bayesian panel quantile regression developed by

Aghamohammadi and Mohammadi (2017), I examine how changes in interest rates have

heterogeneous impacts on banks across the conditional distribution. The model deals with

the incidental parameter problem, allowing for estimation of both individual �xed e�ects

and covariates that vary across the conditional distribution. This allows me to highlight how

interest rate e�ects across the conditional margin distribution vary across banks and over

time.

I �nd increased sensitivity to interest rates in the tails of the conditional NIM distri-

bution during the post-2020 period, driven by increased interest rate sensitivities of bank

loans and deposits, and lower NIM tail outcomes that are partly a result of bank interest

expenses constrained by the zero lower bound. These e�ects di�er across bank sizes, where

larger banks explain more of the increased sensitivity to interest rates in the adverse tails

of the distribution. Density forecast evaluation shows that the model forecasts outperform

frequentist linear benchmark models, suggesting that modeling the conditional distribution

may become more useful after periods of interest rate volatility. These �ndings have im-

plications for understanding the di�erential impact of monetary policy across the banking

system and for assessing �nancial stability risks.

2.2.2 Chapter 2: Macroeconomic Instability and Credit Risk Tran-

sitions in Auto Loans

The second essay, coauthored with Edward S. Prescott, examines the stability of credit risk

models in the context of auto loans, the second-largest consumer credit market in the United

States with $1.56 trillion outstanding as of 2025. Using loan-level data from the FRBNY

Consumer Credit Panel covering 2000-2025, we estimate a discrete-time Markov transition

model that jointly accounts for movements through delinquency, default, prepayment, and

cure states. This approach represents a methodological contribution to the auto lending
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literature, which has typically focused on terminal default or prepayment probabilities while

ignoring the probabilistic dynamics of transitions across �nancial states of loan performance

(for example, Agarwal (2008); Heit�eld and Sabarwal (2004); Wu et al. (2018)).

We document that the sensitivity of default probabilities to unemployment shocks�a

key parameter in stress testing and loan loss forecasting models�has declined persistently

following both the Global Financial Crisis and the Covid recession. In 2006, a one percentage

point increase in unemployment was associated with a 16% increase in default risk. By

post-2020, this e�ect had fallen to just 3%. Using rolling pseudo out-of-sample forecasts, we

show that models estimated before the pandemic would have overstated two-year cumulative

defaults by 100 basis points (25%) during 2020-2021.

Importantly, this instability persists even after controlling for accounts observed to go into

forbearance and also pandemic-period dummy variables that correlate with other government

transfers. Using an Oaxaca-Blinder decomposition, we demonstrate that the forecast errors

are driven primarily by changes in the macroeconomic relationships themselves rather than

changes in borrower composition. The essay also documents signi�cant heterogeneity across

lender types, with loans originated by auto �nance companies, banks, and credit unions

exhibiting di�erent risk characteristics and di�erent sensitivities to macroeconomic shocks.

These �ndings have direct implications for the stress testing models used by banking

regulators as well as for the internal loss forecasting models used by auto lenders. The

persistent decline in unemployment sensitivity suggests that these models may systematically

overstate credit losses during future recessions, potentially leading to ine�ciently high capital

requirements or overly conservative lending standards.

2.2.3 Chapter 3: Probabilistic Anchoring of In�ation Expectations

The third essay, co-authored with James Mitchell, examines anchoring of in�ation expecta-

tions. Existing research typically focus on point expectations�testing whether the mean or

median forecast equals the 2% target or whether it responds to macroeconomic news. This
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approach misses a crucial dimension: the full probability distribution of in�ation expecta-

tions. Our framework generalizes an approach in the literature that measures deviation of

in�ation expectations from a target point or region (for example, Kumar et al., 2015, Gr-

ishchenko et al., 2019, Kitsul and Wright, 2013). Unlike these papers, we examine deviations

pointwise across the distribution, as well as deviations that are aggregated across regions of

the distribution.

We develop a probabilistic measure of in�ation expectations anchoring that extends tra-

ditional tests to the entire density. Using risk-neutral densities extracted from in�ation

options over 2012-2025, we apply Bayesian function-on-scalar regression in Bayes space with

centered log-ratio transformations to test whether densities are both unconditionally equal

to the target density and conditionally orthogonal to macroeconomic news. This functional

data analysis approach allows us to identify precisely where in the distribution�center versus

tails�macroeconomic surprises have their e�ects. Our analysis examines deviations from a

policy maker's "target density"�the complete probability distribution that re�ects not just

the central bank's in�ation target but also the tolerance for deviations around it. Central

banks universally recognize that in�ation will not remain exactly at target; the FOMC aims

for in�ation to �average 2 percent over time,� the Bank of Canada speci�es a �control range�

of 1-3%, and the ECB targets in�ation �close to 2 percent.� These statements implicitly

de�ne a target density, not merely a target point.

Given we focus on the full distribution, we de�ne regions of the densities such that

signi�cant movements over time could represent �good� or �bad� unanchoring, the distinction

lying in where along the support the probability mass is shifting. Our �ndings reveal that

anchoring deteriorated in two waves with fundamentally di�erent characteristics. The 2018-

2020 wave re�ected �good� regional anchoring, with excess probability mass concentrated

very close to target. In contrast, the 2024-2025 wave re�ects �bad� upper-tail unanchoring,

with elevated probabilities of high in�ation outcomes despite stable mean expectations. This

upper-tail unanchoring is correlated with labor market surprises and would be completely
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missed by traditional point-forecast metrics that focus only on the mean.

These �ndings have important implications for how central banks should monitor and

communicate about in�ation expectations. If markets assign signi�cant probability to in�a-

tion running persistently above target�even when mean expectations remain near 2%�then

expectations are not truly anchored in the sense that matters for welfare and policy. In such

cases, central banks should expand their monitoring frameworks to include distributional

measures of anchoring.

2.3 Contribution

These three essays make several contributions to the empirical banking and �nance liter-

ature. Methodologically, they demonstrate the value of moving beyond point estimates to

examine full distributions (Chapter 1 and 3) and full state-space dynamics (Chapter 2).

They highlight the importance of examining heterogeneity across institutions (Chapter 1

and 2) rather than assuming representative agents or representative banks. And they show

how microdata�whether bank-level panel data, consumer loan-level observations, or densi-

ties implied by traders in derivative markets�can reveal heterogeneity and dynamics that

are obscured in aggregate relationships.

The essays document signi�cant instability and heterogeneity in relationships that are

central to policy models and risk management practices. The heterogeneous response of bank

margins to interest rate changes (Chapter 1) has implications for understanding interest rate

risk for bank earnings and �nancial stability. The declining sensitivity of auto loan defaults to

unemployment (Chapter 2) challenges the assumptions underlying stress testing frameworks.

And the evidence of distributional unanchoring of in�ation expectations (Chapter 3) suggests

that point-forecast metrics provide an incomplete picture of expectation formation.

From a policy perspective, these �ndings suggest caution in relying heavily on reduced

form models estimated during historical periods. They also suggest that policymakers and
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risk managers should place greater weight on examining full distributions rather than condi-

tional means, should account for heterogeneity across institutions and borrowers, and should

regularly test for structural breaks and parameter instability. More broadly, they highlight

the challenges of conducting empirical �nance research and policy analysis in an environment

where the very relationships we seek to understand appear to be evolving over time.

2.4 Organization

The remainder of this thesis is organized as follows. Chapter 1 examines net interest margins

and monetary policy. Chapter 2 presents the analysis of auto loan credit risk transitions.

Chapter 3 develops and applies the probabilistic measure of in�ation expectations anchoring.

Chapter 4 concludes with a discussion of common themes, policy implications, and directions

for future research.
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Chapter 3

Tail Sensitivity of US Bank Net Interest

Margins

3.1 Introduction

Net interest margins (NIM) of US banks have been historically stable throughout economic

�uctuations, but this stability appears to have been broken in the post-pandemic period. In

the second quarter of 2021, the FDIC noted that average commercial bank NIM had reached

a record low as a result of declines in interest income outpacing declines in interest expenses.1

This has contributed to the increased attention to the interest rate risk of the US banking

sector for academics and bank regulators in the wake of the March 2023 US banking turmoil.

Historically, depressed bank NIMs have led to failures in the banking sector. For example,

during the US savings and loans (S&L) crisis in the 1980s, short-term interest rates rose

above long-term interest rates, resulting in interest expenses rising above interest incomes

for certain institutions, and ultimately a substantial amount of losses and bank failures in

the S&L banking sector. Recent history has also shown that individual outlier banks, such

as Silicon Valley Bank, can impose negative impacts on the banking sector without holding

1See https://www.fdic.gov/analysis/quarterly-banking-profile/qbp/2021jun/qbp.pdf.
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a disproportionately large amount of total assets.

There exist di�ering views in the academic literature on the ability of banks to hedge

macroeconomic interest rate impacts on bank NIMs. Past work has also documented the

importance of persistence and macroeconomic credit risk in explaining bank net interest

margins, which the above studies do not explicitly address in their empirical frameworks. I

ask the following questions: Is there meaningful di�erences in sensitivity to interest rates,

credit risk, and persistence across the conditional NIM distribution, which of these factors

helps to explain the recent break in NIM stability, and does estimation of heterogeneous

sensitivities improve predicted outcomes? It is useful for regulators and bank supervisors to

better understand and predict the conditional distribution of bank NIMs, particularly when

concerned about tail risks.

I contribute to this literature by documenting heterogeneity in sensitivities to macroeco-

nomic interest rates, credit risk factors, and persistence of bank-level NIMs using a Bayesian

dynamic panel quantile regression framework, and evaluating the resulting density forecasts

against benchmark models using proper scoring rules of the density predictions. Covas

et al. (2014) �nd that a dynamic panel quantile regression framework estimated on the

largest banks subject to US Dodd-Frank Act stress testing requirements outperforms more

commonly used linear models when forecasting components of bank capital conditional on

macroeconomic outcomes, including NIM, given the models' ability to capture nonlinearities.

The features of such a model may be useful when estimating NIM sensitivities to interest

rates and predicting NIM outcomes when interest rates are volatile. Unlike Covas et al.

(2014), I focus exclusively on bank NIMs and their underlying interest income and expense

components, I include a much larger sample of banks estimated over a relatively longer time

span, and I use a novel Bayesian approach to panel quantile regression.

I estimate the model on quarterly regulatory �ling data from a sample of 313 US bank

holding companies (BHC) during 1998-2022. I �nd that a 100 basis point increase in the

3-month Treasury bill (Treasury spread) is associated with 5, 3, and 8 (7, 5, and 9) basis
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point increases in NIM at the 5th, 50th and 95th conditional quantiles, respectively. A

100 basis point increase in the credit risk spread is associated with a 4 basis point decrease

in NIM at the 5th conditional quantile and a 4 basis point increase in NIM at the 95th

conditional quantile. Additional analysis �nds that banks' NIM sensitivity to interest rates

has increased since 2020 in the conditional tails of the distribution, driven by higher in-

terest rate sensitivities for loan interest income and demand deposit interest expense, and

is relatively more pronounced for the largest banks. These increased tail sensitivities are

economically meaningful for banks when interest rate or credit risk movements are large. I

also �nd evidence that interest expenses for banks in the lower tails of the conditional NIM

distribution were constrained when short-term interest rates were near the zero lower bound

during 2020-2021, exacerbating lower tail outcomes.

I use the conditional quantile estimates to produce full density forecasts for each bank in

the sample. I �nd that the Bayesian dynamic panel quantile regression framework statisti-

cally outperforms �xed-e�ect OLS, pooled quantile regression, and the �xed-e�ect quantile

autoregressive model framework of Covas et al. (2014) in forecasting pseudo out-of-sample

one-period ahead outcomes over the post-pandemic period. Of use to regulators and bank

examiners, the individual bank conditional density forecasts of NIMs allow for evaluations

of probabilistic risks. Examining the individual banks' density forecasts, outlier banks with

relatively larger probability mass at near-zero levels of NIM are observed in the 2020-2021

period, which subsequently improved by the end of 2022. The Bayesian framework that I

use also captures relatively larger upper and lower tail risks across aggregated NIM density

forecasts relative to competing model frameworks while still placing the highest probabilities

closest to the aggregated actual NIM outcomes. Expected shortfall estimations across the

individual bank NIM density forecasts show that the size of the downside risks are material

across the distribution relative to bottom-line bank pro�tability, return on assets (ROA),

where the shortfall is sizable enough to move a portion of the conditional distribution to

negative ROA levels.
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3.2 Literature

The �rst strand of relevant literature centers around bank net interest margin sensitivities

to macroeconomic interest rates, credit risk, and own persistence. Theoretical and empirical

work has found a positive relationship between bank NIM and interest rate factors that

summarize the yield curve, namely, factors that capture the level and slope (Abdymomunov

et al. (2023); Alessandri and Nelson (2015); Borio et al. (2017); Covas et al. (2014); English

et al. (2018); Hirtle et al. (2016)). The level of the yield curve, typically measured by

short-term risk-free interest rates, captures bank pro�ts from a larger increase in interest

income relative to interest expense if banks are able to price deposits below market rates

(Alessandri and Nelson (2015); Borio et al. (2017)). The slope of the yield curve captures

the returns to maturity transformation, so that an increase in the slope of the yield curve

is expected to increase bank net interest margins (Alessandri and Nelson (2015); Borio et

al. (2017), English et al. (2018), Samuelson (1945)). Theoretical and empirical work shows

that an additional concern is the impact of credit spreads, because increased credit risk

should create incentives for banks to increase loan risk pricing to o�set potential losses in

the long run, while banks shifting their lending toward less risky and lower-yielding assets

in the short-run (Angbazo (1997), Hanweck and Ryu (2005), Zarruk and Madura (1992)).

The academic literature has also documented the importance of own persistence of bank net

interest margins, partly a result of bank assets and liabilities that span multiple maturity

horizons, which presents di�culty in immediately repricing the balance sheet at prevailing

market rates (English (2002), Flannery (1981)).2

The second relevant strand of the literature is related to the ability of banks to successfully

hedge interest rate risk, and the extent to which interest rate risk is heterogeneous across

banks. Flannery (1981) �nds that large banks hedge interest rate risk by matching average

maturities in their asset and liability portfolios. English (2002) concludes that bank selection

2The importance of bank NIM persistence is also referenced by the Federal Reserve for its stress-testing
models of bank revenues which are speci�ed using four lags of the dependent variable.
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of assets, liabilities, deposit rates, and hedging activities explains in part the stability of

observable NIMs as part of an international study. Drechsler et al. (2021) examine banks'

ability to hedge interest rate risk arising from maturity transformation as a result of market

power over the deposit franchise, leading bank NIMs to be relatively stable during periods of

changing interest rates. Williams (2020) comes to conclusions similar to those of as Drechsler

et al. (2021) for the average bank but emphasizes that there is heterogeneity in the ability to

hedge interest rate risk in the cross section. Begenau and Sta�ord (2022) �nd that matching

interest income and expense sensitivities to interest rates are a consequence, but not the

causal mechanism, that leads to stable net interest margins. Abdymomunov et al. (2023)

conclude that banks, on average and in aggregate, had increased exposure to interest rate

risk in the 2020-2021 pandemic period, and that this exposure was greater for small banks

relative to large banks.

The third strand of the relevant literature is the stress testing literature that includes

models of bank net interest margins. Most related to this paper, Covas et al. (2014) use a

dynamic panel quantile regression framework estimated on a sample of the 15 largest US

banks that would be subject to the Federal Reserve's Dodd-Frank Act stress testing require-

ments (DFAST) over the period 1997-2011. They show that conditional density estimation

of the components of bank capital using a quantile regression framework o�ers improved

out-of-sample forecasting performance, owing to the ability of quantile regression to capture

nonlinearities present when observing losses in stressful environments. Giglio et al. (2021)

employ a similar quantile regression framework to examine forecasts of net trading income

for 54 European Union banks subject to EU stress testing requirements from 2016-2020 using

a method-of-moments panel data quantile regression framework, and adopt the approach of

Adrian et al. (2019) in constructing continuous density forecasts by �tting a parsimonious set

of quantile forecasts to a skewed t-distribution. Unlike these studies, I focus exclusively on

bank net interest margins for a large merger-adjusted sample of 313 US bank holding com-

panies over a relatively long time period spanning 1998-2022, and I use a Bayesian approach
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to panel data quantile regression to examine heterogeneity in the conditional distribution.

3.3 Bank Net Interest Margins

NIM is a measure of bank pro�ts that are a function of prevailing interest rates, capturing

pro�ts from the interest rate spread earned on the maturity transformation role that banks

play. NIM is de�ned as the di�erence between the interest income and interest expense

generated by an institution, normalized by it's interest-earning assets. For institution i at

time t, NIM is computed as

NIMit =
Net Interest Incomeit

Interest Earning Assetsit
=

Interest Incomeit − Interest Expenseit
Interest Earning Assetsit

NIM is an important source of revenue for banks, often representing a large share of gross

income. For example, the interest income component of NIM accounts for roughly 80 percent

of the total income, on average, for US bank holding companies since 1997 (henceforth

�banks�).

The stability of bank NIM is apparent when compared to �uctuations in macroeconomic

interest rates and credit risk. The left panel of Figure 3.1 shows average NIM for banks

plotted against the 3-month Treasury bill and 10-year Treasury rates from 1998-2022. A

long-term downward trend in NIM is visible over the period shown, explained in part by an

overall decrease in the level of interest rates (Di Lucido et al. (2017)). Notably, a break in

the historical stability is apparent beginning in 2020. From 2018 Q4 to 2022 Q1, average

NIM decreased from 3.54 to 2.85 percent of interest-earning assets, a 19 percent decline

and a historically low level of average NIM. Once the 2022 monetary policy tightening cycle

began, average NIM recovered quickly toward pre-pandemic levels, increasing to 3.48 percent

of interest earning assets by 2022 Q4. The right panel shows average NIM for banks plotted
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against the spread between a measure of macroeconomic credit risk, a BBB corporate bond

reference rate, and the 10-year Treasury bond rate, from 1998-2022. The volatility in the

credit spread is most pronounced during the 2007-2009 great �nancial crisis (GFC), yet bank

NIM declines by a relatively small amount during the same period.

Figure 3.2 shows the cross-sectional distribution of bank NIM in terms of the median,

interquartile range, and 5th-95th percentiles. There is evidence of some skewness in lower

adverse tails of the distribution. Lower tail skewness is pronounced beginning in 2019 Q2,

after which the distance between the median and lower 5th percentile reached a maximum of

of 89 basis points greater than the distance between the median and the upper 5th percentile

by 2022 Q2. Similarly in the GFC period, the distance between the median and lower 5th

percentile was 60 basis points greater than the distance between the median and the upper

5th percentile in 2009 Q4.

Decomposing bank NIM into interest income and interest expense shares of interest-

earning assets, Figure 3.3 plots the distributions for US banks. The �gure illustrates, im-

portantly, that the ability of banks to adjust interest expense downward is constrained in

periods when interest expenses are already near the zero-lower bound, and this appears to

correlate with periods where the lower tail of NIM becomes more pronounced. This is visible

in 2015, when a period of low interest rates caused the distribution of interest expenses to

compress to near zero while the interest income distribution has a relatively larger spread

about the median. This e�ect is even more pronounced 2021 Q4, when the lower 5th per-

centile of the bank interest income distribution dropped to a historical low of 1.39 percent of

interest-earning assets while interest expenses remained steady at nearly zero levels, having

not increased enough prior to the pandemic period to allow for further decreases.

Turning to the denominator of NIM, interest-earning assets represents roughly 90 percent

of total bank assets on average from 1998-2022.3 Figure 3.4 decomposes aggregate interest-

earning assets into these subcomponents as a share of aggregate interest-earning assets from

3I compute interest-earning assets as the sum of reported quarterly averages of bank securities, loans,
repos, and �other� interest-earning balances.
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2001-2022.4 Loans typically represent the largest share of banks' interest-earning assets, fol-

lowed by the securities portfolio. In the period following the pandemic, banks' loan balances

declined while strong deposit growth was invested into investment securities and cash reserve

balances, which o�er relatively low rates of return.5 Despite the reduction in loans as a share

of interest-earning assets after the onset of the pandemic period, commercial and industrial

loans did experience signi�cant but temporary growth beginning in 2020 Q1 from increased

drawdown of business lines of credit and the Paycheck Protection Program (PPP) lending

(Ennis and Jarque (2021)). The increase in C&I lending also o�ered relatively low rates of

return, as the PPP loans all carried an interest rate of 1 percent and the commercial and

industrial loan drawdowns would be priced during a period of falling interest rates.6 While

these portfolio changes occurred in aggregate, there exists large amount of cross-sectional

heterogeneity in bank loan and security portfolio concentrations over time, representing a

wide variety of business models and resulting sensitivities to interest rate changes.7

These summary statistics are suggestive of bank heterogeneity in the distribution of net

interest margins that may correlate with skewness observed in the tails of the distribution,

and this heterogeneity may be more pronounced during the post-pandemic period. Het-

erogeneity in sensitivities to interest rates and credit spreads speaks to variation in bank

sensitivity to macroeconomic risks, and heterogeneity in the persistence of bank NIM simi-

larly speaks to the degree to which past shocks to NIM in�uence future outcomes. Given (i)

bank NIM represents pro�ts related to macroeconomic interest rates and credit risk, (ii) the

importance of persistence in explaining bank pro�ts, and (iii) observable bank heterogeneity

across the NIM distribution, I ask the questions: is there heterogeneity in sensitivity to in-

terest rates, credit risk, and persistence across the conditional NIM distribution, and is this

4In the FR Y-9c reporting forms, the �other� category of interest-earning assets is not reported until 2001.
5As discussed in the April 2021 publication of the Federal Reserve Board's Super-

vision and Regulation Report. See https://www.federalreserve.gov/publications/

2021-april-supervision-and-regulation-report-banking-system-conditions.htm.
6PPP loan details are de�ned by the SBA here: https://www.sba.gov/funding-programs/loans/

covid-19-relief-options/paycheck-protection-program/first-draw-ppp-loan.
7For illustrative evidence of this, see Appendix Figure 3.17

https://www.federalreserve.gov/publications/2021-april-supervision-and-regulation-report-banking-system-conditions.htm
https://www.federalreserve.gov/publications/2021-april-supervision-and-regulation-report-banking-system-conditions.htm
https://www.sba.gov/funding-programs/loans/covid-19-relief-options/paycheck-protection-program/first-draw-ppp-loan
https://www.sba.gov/funding-programs/loans/covid-19-relief-options/paycheck-protection-program/first-draw-ppp-loan
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heterogeneity more pronounced in the post-pandemic period?

The theoretical and empirical banking literature suggests additional bank characteristics

that can a�ect NIM. In the micro literature, NIM of a pro�t-maximizing bank may be a

function of the bank's balance sheet exposure to credit and interest rate risk (for example, Ho

and Saunders (1981), Angbazo (1997)). Macro�nance literature notes maturity mismatch,

reliance on relatively cheap �core� deposits, and the use of interest rate derivatives as bank-

speci�c determinants of NIM (Drechsler et al. (2021), English et al. (2018)). I include a

set of controls to capture relevant observable characteristics for each bank including Tier

1 leverage ratio, log of real total assets, loan and security shares of interest-earning assets,

interest rate derivatives share of assets, net charge-o�s as a share of total loans, core deposits

as a share of liabilities, and the maturity gap proposed by English et al. (2018).8 Table 3.1

presents summary statistics for all of the variables used in the empirical analysis.

3.4 Econometric Framework

As a starting point, we can specify a linear model of bank NIM in a dynamic panel �xed-

e�ects OLS speci�cation. Recent publications of the Federal Reserve Supervisory Stress

Test methodology suggest that the FE-OLS model is in line with the general approach taken

by regulators when modeling components of bank revenues, and thus serves as a natural

benchmark.9 We can specify a linear dynamic panel model of bank NIM as

8See the appendix of English et al. (2018) that details construction of the maturity gap, https://

ars.els-cdn.com/content/image/1-s2.0-S0304393218302101-mmc1.pdf. For a sample of bank holding
companies, this requires aggregating Call Report data up to the top-holder bank holding company level. I
follow Drechsler et al. (2021) in assuming that (i) balance sheet items without maturity information and
extremely short-maturity items such as transaction and savings deposits, cash, fed funds bought or sold, and
repo have a maturity of zero, and (ii) subordinated debt has a repricing maturity of 5 years.

9For example, see the 2024 Supervisory Stress Test Methodology published by the Fed-
eral Reserve Board of Governors, https://www.federalreserve.gov/publications/files/

2024-march-supervisory-stress-test-methodology.pdf.

https://ars.els-cdn.com/content/image/1-s2.0-S0304393218302101-mmc1.pdf
https://ars.els-cdn.com/content/image/1-s2.0-S0304393218302101-mmc1.pdf
https://www.federalreserve.gov/publications/files/2024-march-supervisory-stress-test-methodology.pdf
https://www.federalreserve.gov/publications/files/2024-march-supervisory-stress-test-methodology.pdf
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yi,t = αi +
k∑

s=1

ζsyi,t−s +X ′
i,t−1β +Z ′

tγ + ϵi,t, i = 1, ..., n, t = 1, ..., T, N = n× T, (3.1)

where yi,t is NIM, or one of its components, realized for bank i at time t, αi is a vector

of individual intercepts meant to control for unobserved heterogeneity, Xi,t−1 is a vector of

balance sheet controls for time-varying heterogeneity across banks over time, and Zt is a

vector of macroeconomic interest rate and credit risk factors, including the level of short-

term interest rates, the slope of the yield curve, and the credit risk spread. Importantly, I

treat interest rates and credit risk as exogenous outcomes and the focus is on relationships

between observed macroeconomic �uctuations and bank NIMs.

Quantile regression provides a natural framework for examining conditional distributional

sensitivities and allows for heterogeneous impacts of covariates across the conditional dis-

tribution, and can be used to recover the entire conditional distribution. The conditional

quantile function of yi,t in Equation 3.1 is

Qyi,t(τk|yi,t−1, ..., yi,t−k,X
′
i,t−1,Z

′
t) = αi(τk) +

k∑
s=1

ζs(τk)yi,t−s + x′
i,t−1β(τk) +Z ′

tγ(τk) (3.2)

where τk is a quantile in (0, 1).

Estimation a large number of individual e�ects in quantile regression is complicated by

the fact that the use of the expectations operator is no longer valid, leading to the well-

known incidental parameters problem that can bias the remaining parameter estimates of

interest. Koenker (2004) proposes a LASSO penalized estimation approach to deal with the

incidental parameters problem associated with estimating many �xed e�ects in a nonlinear

framework. LASSO estimation penalizes parameter estimates by the sum of their absolute

magnitude, and results in some coe�cients being shrunk exactly to zero resulting in a sparse

solution (Tibshirani (1996)). In this framework, regression parameters are estimated as the
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solution to the problem

argmin
α, β, γ, ζ∈R

n∑
i=1

T∑
t=1

wτρτ (yit − αi −
k∑

s=1

ζsyi,t−s − x′
i,t−1β −Z ′

tγ)− λ
∑
i

|αi| (3.3)

where the weight wτ controls the relative in�uence of the τth quantile on estimation of αi,

ρτ (u) = u{τ − I(u < 0)} is the so-called �pinball loss� function used in quantile regression,

and the �nal term is the LASSO penalty with shrinkage parameter λ.

The standard approach to Bayesian quantile regression is based on the link between

minimizing the errors of the frequentist quantile regression model and maximizing the like-

lihood of the asymmetric Laplace distribution (ALD) written as a scale mixture of normal

distributions to leverage a simple and e�cient Gibbs sampling algorithm (Yu and Moyeed

(2001), Kozumi and Kobayashi (2011)). To augment the quantile regression model with

adaptive LASSO shrinkage, a modi�cation is made to the standard Bayesian implementa-

tion of LASSO shrinkage which places a Laplace prior on the parameter to be penalized

(Park and Casella (2008)). The adaptive LASSO allows the LASSO penalty term λi shown

in Equation (3.3) to vary across the individual e�ects. This allows larger estimated coef-

�cients to be shrunk relatively less than smaller coe�cients, so that the model can retain

the most important unobserved individual heterogeneity while reducing the bias that may

be imposed by selecting a single shrinkage parameter to be applied to each coe�cient (Zou

(2006)). Alhamzawi et al. (2012) and Aghamohammadi and Mohammadi (2017) implement

the adaptive LASSO in a Bayesian quantile regression model via a Laplace prior placed on

parameters to be penalized. In this case, the Laplace prior is placed on the individual e�ects

α = (α1, ..., αn), written as

π(αi|λ, σ) = (
λi

2
√
σ
)exp{− λi√

σ
|αi|}

,
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where the LASSO penalty term λi may vary across each individual e�ect αi. Then,

assuming νi = λi/
√
σ, i = 1, ..., n, the posterior distribution of α can written as

π(α|β,γ, ζ,y,X,Z, σ, λ) ∝ σ−Nνnexp{−
n∑

i=1

T∑
t=1

ρτ
(yit − αi −

∑k
s=1 ζsyi t−s − x′

i t−1β −Z ′
tγ)

σ
}

× exp{−ν
n∑

i=1

|αi|}.

(3.4)

Considering σ and λ as nuisance parameters equates maximization of Equation (3.4) with

respect to the model parameters to minimization of Equation (3.3). Also motivated by the

ability to simplify estimation using a Gibbs sampling algorithm, Alhamzawi et al. (2012)

implement the adaptive LASSO by writing the Laplace prior placed on the parameters to

be penalized as a scale mixture of normal distributions. I follow Aghamohammadi and

Mohammadi (2017), who propose a Bayesian hierarchical framework for panel data quantile

regression with adaptive LASSO shrinkage that estimates Equation (3.3) via a tractable

Gibbs sampling algorithm for posterior inference. Rewriting both the Laplace prior placed

on the individual e�ects and the ALD placed on the likelihood function as scale mixtures of

normal distributions suggests the following hierarchical model,
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yit|eit, αi, β, ζ, γ, σ ∼ N(αi +
k∑

s=1

ζsyi t−s + x′
i t−1β + z′tγ + (1− 2τ)eit, 2σeit),

eit|σ ∼ Exp(
τ(1− τ)

σ
),

β|b0,B0 ∼ Nj(b0,B0),

γ|g0,G0 ∼ Nk(g0,G0),

ζ|q0,Q0 ∼ Nm(q0,Q0),

αi|si ∼ N(αi, si), si|v2i ∼ Exp(
ν2
i

2
), ν2|ϕ ∼ Exp(ϕ), π(ϕ) ∝ 1

ϕ
,

σ|c0, d0 ∼ IG(co, d0),

(3.5)

where N(·) represents a Normal distribution, Exp(·) represents an exponential distribu-

tion, and IG(·) represents the Inverse Gamma distribution.10 This results in a tractable

Gibbs sampling algorithm that relies on closed-form full conditional distributions.

Henceforth, I refer to the model as Bayesian panel quantile regression with adaptive

LASSO (BPQR-AL). In each set of results, I take 30,000 draws from the Gibbs sampler

and discard the �rst 10,000 as the burn-in samples. While the prior distributions of e, α, s,

ν2, and ϕ are speci�cally motivated by implementing the Bayesian quantile regression with

adaptive LASSO shrinkage in the hierarchical framework, I impose the following weak priors

on the remaining parameters,

β ∼ Nj(0, 100I), γ ∼ Nk(0, 100I), ζ ∼ Nm(0, 100I), σ ∼ IG(0.01, 0.01).

10See Aghamohammadi and Mohammadi (2017) for a full derivation of the model.
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3.5 Data

To examine sensitivities of bank NIM to interest rates, I collect quarterly data on bank

holding companies balance sheet regulatory �lings from 1998-2022 contained in form FR Y-

9c that have been adjusted for mergers. The merger-adjustment is common in the literature

used to forecast NIM, and necessary because bank mergers may change the way that income

is reported in regulatory �lings. The merger-adjusted data deal with this by accounting for

mergers in the acquiring institution occurring during the calendar year prior to the actual

merger taking place. These adjustments deal with reporting issues that may result in income

data ultimately not being reported for calendar years in which banks become involved in a

merger, which could bias estimates of income correlations with other covariates.11

Using these data, I construct an unbalanced panel of top-holder US bank holding com-

panies (banks) from 1998-2022 having an average of at least $500 million in real total assets

over the entirety of the the sample period. I choose this asset threshold for two reasons.

First, $500 million was the relevant asset threshold for banks that would become subject

to the US implementation of the Basel III regulatory standards in the post-GFC period.12

Second, this asset threshold partly deals with population changes due to bank asset growth

and consolidation, as well as secular trends associated with in�ation.

In addition to the issue of incidental parameters in the dynamic panel quantile regression

model, there is also a problem of bias in parameter estimates that arise from inclusion of

lagged dependent variables in linear and quantile regression frameworks using �big N, small

T� panel data (Nickell (1981); Galvao (2011)). Similar to Covas et al. (2014), I estimate

the model on a relatively long time series for the panel of banks in the sample such that

each bank must be observable for at least 10 years to be included in the sample; therefore

11The bank �ling data are merger-adjusted in accordance with methods described in the appendix of
William B. English and William R. Nelson (1998), �Pro�ts and Balance Sheet Developments at U.S. Com-
mercial Banks in 1997,� Federal Reserve Bulletin, vol. 84 (June), p. 408.

12The US implementation of the Basel III regulatory standards applied to banks with at least $500 million
in total assets, with additional enhanced prudential regulations for the largest institutions. See https:

//www.govinfo.gov/content/pkg/FR-2013-10-11/pdf/2013-21653.pdf

https://www.govinfo.gov/content/pkg/FR-2013-10-11/pdf/2013-21653.pdf
https://www.govinfo.gov/content/pkg/FR-2013-10-11/pdf/2013-21653.pdf
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the e�ect of the bias is insigni�cant, since the initial conditions will have little impact on

parameter estimates.13

The remaining bank sample selection and data cleaning criteria are as follows. I remove

any observations with values equal to zero for total assets or interest-earning assets. I also

remove any observations in the data that have missing values for variables included in the

empirical model. The described data cleaning results in an unbalanced panel of 313 unique

bank holding companies and 24,326 bank-quarter observations spanning 1998-2022. This

sample, on average, represents 85 percent of total assets across all bank holding companies

in the merger-adjusted data.

I focus on the yield curve factors (level and slope) and a credit spread as the relevant

macroeconomic variables. I use the market yield on Treasury securities at 3-month constant

maturity to measure the level of the yield curve, and the di�erence between the market

yields on 10-year and 3-month Treasury securities at constant maturity to measure the slope

of the yield curve. These data are collected from the H.15 interest rate data published by

the Federal Reserve Board of Governors. To construct a credit spread, I use the di�erence

between the ICE 7-10 year US corporate index e�ective �eld and the 10-year Treasury

constant maturity rates. Table 3.1 presents summary statistics for all of the variables used

in the empirical analysis.

3.6 Estimation Results

3.6.1 Full Sample Results

As a �rst point of comparison, I estimate �xed-e�ects OLS (FE-OLS) parameters of model

3.1 in addition to the BPQR-AL parameter estimates. Table 3.2 shows the FE-OLS and

BPQR-AL results, estimated across all banks in the sample over the period from 1998 Q1-

13In fact, imposing this �lter on my sample results in the average bank being observed for roughly 20
years.
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2022 Q4. All the estimates shown include individual bank e�ects and the set of balance

sheet controls described previously.

Column 1 shows the FE-OLS model parameter estimates and 95 percent con�dence in-

tervals. The sum of the autoregressive terms in the model is roughly 0.81 and statistically

signi�cant, suggesting a high level of persistence in bank NIM. The results imply that there

is a positive and statistically signi�cant correlation between the level and slope of the yield

curve factors and bank NIM, consistent with �ndings in the previous literature. These es-

timates suggest that 100 basis point increases in the 3-month Treasury bill and Treasury

spread rates result in bank NIMs increasing by roughly 7 and 9 basis points on average,

respectively. There is a negative correlation of the credit spread with NIM, although the

e�ect is close to zero in size and is not statistically signi�cant.

Columns 2-6 show the posterior means and 95 percent credible intervals of the BPQR-AL

model parameters at the 5th, 25th, 50th, 75th and 95th conditional quantiles.14 The sum of

autoregressive terms in the model show that, while persistence is high across all quantiles, it

is relatively lower at the 5th and 95th quantiles and higher near the median so that shocks

to NIM that move banks toward the tails of the distribution tend to be less persistent.

Sensitivity to the yield curve factors is both relatively highest at the 5th and 95th quantiles,

and relatively lower near the median. A 100 basis point increase in the 3-month Treasury

Bill is associated with roughly 5, 3, and 8 basis point increases in NIM at the 5th, 50th and

95th conditional quantiles, respectively. A 100 basis point increase in the Treasury spread is

associated with roughly 7, 5, and 9 basis point increases in NIM at the 5th, 50th and 95th

conditional quantiles, respectively. Sensitivity to the credit risk spread moves from negative

to positive across the conditional quantiles, so that a 100 basis point increase in the credit

risk spread is associated with a 4 basis point decrease in NIM at the 5th conditional quantile

and a 4 basis point increase in NIM at the 95th conditional quantile. These results suggest

that interest rate and credit risk factors have relatively more in�uence at the conditional

14Trace and ACF plots were used to monitor the convergence of the Gibbs sampling algorithm, and suggest
satisfactory convergence of the model.
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tails of the distribution, while the conditional median of the distribution is more strongly

in�uenced by past realizations.

Figure 3.5 provides a graphical comparison of the BPQR-AL and FE-OLS estimates for

the interest rate and autoregressive variables. The �gure shows that the FE-OLS estimates

generally appear to do a poor job of �tting the estimated median of the conditional distri-

bution, often �tting closer to the tails. As a result, the FE-OLS estimates may overstate the

impact of the interest rate factors across the central tendency of the conditional distribution,

while impact of the sum of autoregressive terms (and, to a lesser extent, the tail e�ects of the

credit risk factor) is understated. This would cause conditional mean forecasts to be more

responsive to contemporaneous interest rate shocks relative to conditional median forecasts.

Seemingly small, the BPQR-AL parameter estimates in the tails of the conditional distri-

bution can be economically meaningful when interest rate movements are large, as they were

during 2020-2022. For example, from 2021 Q4 to 2022 Q4, the quarterly average 3-month

Treasury bill rate increased by roughly 400 basis points as monetary policy rates reacted to

rising in�ation. Over this period, the aggregate impact of the 3-month Treasury rate increase

would sum to an additional 5.6 basis point increase in NIM at the 5th conditional quantile

relative to the median, and a 20 basis point increase at the 95th conditional quantile rela-

tive to the median. In 2021 Q4, the unconditional lower 5th percentile of the realized NIM

distribution was 1.17 percent of interest-earning assets, and for these banks an additional

5.6 basis points is approximately 5 percent of total NIM. The magnitude of this di�erence

is similar for the top 95th percentile.

3.6.2 Time Subsample Results

The literature on bank NIMs documents increased and heterogeneous sensitivity to interest

rate risk in the post-2020 period as a result of increases in the share of long-term securities

held by banks, increased non-deposit funding costs during the monetary policy tightening

period beginning in 2022, and di�erences in bank size (Abdymomunov et al. (2023), Laliberte
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and Sengupta (2024), Sengupta and Xue (2022)). To examine changes in sensitivities in the

pre-2020 and post-2020 periods, I estimate the BPQR-AL model on banks in the sample

spanning 1998-2019 for comparison to the estimates previously shown for the full 1998-2022

sample. Figure 3.6 plots the BPQR-AL posterior estimates for the autoregressive, interest

rate, and credit risk variables by the time period included in the estimation sample. Most

notably, the results show that inclusion of the 2020-2022 period in the estimation sample

results in increased sensitivity to both of the interest rate factors across the conditional

quantiles, and the increase is relatively more pronounced at both tails of the conditional

distribution for the 3-month Treasury bill and the lower tails for the Treasury spread. The

top-right plot shows that estimated 3-month Treasury sensitivities at the lower 5th quantile

and median were roughly equivalent in the 1998-2019 sample. In the 1998-2022 sample,

sensitivity at the lower 5th quantile increased by 2 basis points, while the median sensitivity

increased by less than 1 basis point. This result suggests that bank NIMs in the conditional

tails of the distribution became relative more exposed to interest rates in the post-2020

period.

The remaining coe�cients show relatively more stability across the conditional quantiles

in the subsample time periods. The top-left plot shows that the posterior mean estimates

for persistence decreased slightly at the upper tail of the conditional distribution; however,

there is large overlap in credible intervals of posterior mean persistence estimates in the

time subsamples. The bottom-right plot shows increased sensitivity to the credit spread

at the upper conditional quantiles, while the estimated sensitivities remain similar across

the median and lower quantiles. Given the smaller amount of variation in the credit spread

relative to the interest rate factors, particularly the 3-month Treasury bill rate, this increased

sensitivity may have a smaller impact on the overall quantile forecasts of NIM.
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3.6.3 Income and Expense Decomposition

The time variation of interest rate sensitivities may in part re�ect changes to income and

expenses resulting from balance sheet dynamics that occurred during the post-2020 period,

as described in Section 3. To further examine the source of time variation in sensitivities to

interest rate factors, I decompose the numerator of net interest margin into the constituents

of interest income and interest expense. Interest income is decomposed into income earned on

loans, securities, and all other sources of interest income. Interest expense is decomposed into

expenses paid on demand deposits, time deposits, trading expenses, and all other sources of

interest expense.15 For the components of interest income and interest expense, I construct a

ratio using interest-earning assets as the denominator so that di�erences in the composition

of bank's balance sheets do not impact the results. I then estimate the BPQR-AL model over

the two time period subsamples, replacing the dependent variable with each component's

share of interest-earning assets, maintaining an AR(4) speci�cation along with the same set

of lagged balance sheet characteristics and contemporaneous interest rate and credit risk

factors.

Because the quantile regression estimates are nonlinear in nature, a net e�ect of the time

variation observed in the decomposition results is not straightforward to infer. However,

a reasonable approach is to assume that the time variation of sensitivity to interest rates

observed in the lower tail of the interest income components and the upper tail of the

interest expense components may correlate with the time variation observed in the lower tail

sensitivities of bank NIM.

Figure 3.7 shows interest rate factor estimates from the interest income decomposition.

Dependent variables as a share of interest-earning assets are in the columns, and the asso-

ciated interest rate factor estimates are in the rows. Within the plots, each line shows the

15In the FR Y-9c form, expenses on deposits are broken into (i) time deposits, and (ii) other deposits.
This captures interest expenses on all non-time interest-bearing deposits, according to the form instructions.
I assume these are primarily expenses on interest-bearing demand deposits. I do not include expenses paid
on foreign deposits in any categories.
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quantile-speci�c estimates for the component of interest income in the two subsample time

periods.16 The �gure shows that interest income on loans as a share of interest-earning assets

explains the largest increase in sensitivity to the 3-month Treasury and slope of the yield

curve compared to securities and other interest income. Sensitivities are increased for loan

income across the conditional quantiles, and increase by relatively more at the lowest condi-

tional quantile estimates. In terms of magnitudes, the tail sensitivities of the loan portfolio

are larger for the short-term rate when compared to the Treasury spread.

Figure 3.8 shows the decomposition for interest expense components, which suggests that

demand deposits explain most of the increase in interest expense sensitivity. This increase is

particularly pronounced for the 3-month Treasury rate at the upper tails of the conditional

distribution, in line with the general view in the academic literature that demand deposit

expenses are priced with consideration to short-term interest rates. Sensitivities for time

deposits show the opposite pattern, decreasing in the subsample that includes the post-2020

period, although the size of the decrease is relatively small across all of the conditional

quantiles. In all cases, quantile sensitivities to the Treasury spread are relatively low, as

expected for relatively short-term bank liabilities.

The level of demand deposits' sensitivities to the 3-month Treasury rate is notably smaller

than those observed for loan income. While the smaller level may be driven in part by banks

ability to reprice deposits less than changes in market interest rates, the time variation in

deposit sensitivities may also be constrained when interest expenses approach the zero lower

bound. Figure 3.9 shows the model results for loans and demand deposits, with the inclusion

of an additional time subsample spanning 1998-2021, prior to the Fed Funds rate increase

beginning in 2022. This �gure shows that the increased lower tail interest rate sensitivities

associated with loans had already occurred by 2021 while the increased upper tails interest

rate sensitivities for demand deposits did not occur until 2022, after short-term interest rates

increased. This �nding suggests that, during the low interest rate period between 2020-2021,

16Given the focus on time variation in interest rate parameter estimates, I do not show the credit risk or
bank balance sheet parameter estimates, although these covariates were included in the estimations.
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increased loan sensitivities to interest rates drove lower conditional tails of NIM while banks

deposit expenses may have already been constrained at near minimum levels.

3.6.4 Results by Bank Size

Studies have documented NIM di�erentials in terms of bank size (Abdymomunov et al.

(2023), Sengupta and Xue (2022)). I segment the sample of banks into three size groups

based on average real total assets over the sample period to remove any noise due to banks

moving between thresholds during the sample period. The size groups include banks less

than $10 billion, $10 billion to $100 billion, and greater than $100 billion in real total assets.

These categories are related to common US de�nitions of community, regional, and large

banks. Figure 3.10 shows that the largest (smaller) banks tend to have relatively lower

(higher) NIM, sometimes by as much as roughly 1 percentage point. One explanation for

this is that larger commercial banks tend to have relatively higher proportions of non interest

income, which could o�set lower net interest incomes (Haubrich and Young (2019)).

Given the time variation found in interest rate sensitivities and the heterogeneity in NIM

across the bank size groups, it is useful to examine how the time variation changes across the

size distribution. Figure 3.11 shows the BPQR-AL posterior estimates for the interest rate

factors by time period subsample and bank size groups. Two interesting �ndings emerge from

these results. First, regardless of time period, one primary di�erence in the sensitivities of

the interest rate factor lies in the upper tails of the conditional distribution where the larger

banks generally exhibit a higher level of sensitivity relative to the smallest banks. Second,

the increase in lower tail sensitivities in the 1998-2022 subsample is relatively largest for the

largest banks. For banks greater than $100 billion in total assets, sensitivity to a 100basis

point increase in the 3-month Treasury bill increased from 0.04 to 0.09 basis points between

the subsamples ending in 2019 and 2022, respectively, and sensitivity to a 100 basis point

increase in the Treasury spread increased from 0.03 to 0.11 basis points. These changes are

roughly 4-5 times greater than the sensitivity changes for the smallest banks. This suggests
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that the largest banks that drove the overall increase in tail sensitivity across the conditional

distribution in the post-2020 period.

3.7 Density Forecasting

When examining bank NIM exposure to interest rate risk, it is desirable for regulators to

select a model that most accurately describes conditional outcomes. Given the relative

complexity of the BPRQ-AL model to a simpler alternative such as a linear model, it is

worth understanding if there are bene�ts given the costs of model implementation. In this

section, I compare density forecasts across competing models to test if the features of the

BPQR-AL model meaningfully improve the model predictions relative to simpler model

approaches. The variation in tail sensitivities over time and across banks suggests that a bank

NIM model speci�cation that allows for heterogeneous parameter estimates, quantile-varying

individual e�ects and adaptive LASSO shrinkage may be better suited to capturing the tails

of the conditional distribution relative to the conditional mean estimation, or variants of

the BPQR-AL model that do not deal with the incidental parameters issue or impose more

strict assumptions on the LASSO shrinkage.

I evaluate the density forecast performance of the BPQR-AL model relative to several

benchmark models that capture various aspects of the BPQR-AL model. To capture individ-

ual e�ects and heterogeneous sensitivities, I include �xed-e�ect OLS (FE-OLS) and pooled

quantile regression (QR) benchmark speci�cations of equation (3.1). Similar to Covas et al.

(2014), I also estimate a frequentist �xed-e�ects quantile autoregressive model (FE-QAR)

speci�cation based on equation (3.3), which imposes a single LASSO shrinkage parameter

across quantile-invariant individual e�ects.17 In each case, I use the same set of model covari-

ates reported in the previous estimation results. If heterogeneous sensitivities and individual

e�ects in the tails of the conditional distribution matter, and if adaptive LASSO shrinkage

17In the FE-QAR model estimation, I follow Covas et al. (2014) in setting the single shrinkage parameter
λ equal to 1.
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on the individual e�ects improves issues of biased parameter estimates and the incidental

parameter problem relative to the regular LASSO, then forecasts of the BPQR-AL model

should outperform FE-OLS, QR, and FE-QAR methods.

3.7.1 Density Forecast Construction

I evaluate in-sample and pseudo out-of-sample forecasts for competing model speci�cations.

First, I estimate each model over the period 1998-2019, which I treat as the in-sample period.

Next, I produce pseudo out-of-sample one-quarter-ahead quantile forecasts for each bank

by updating the lagged bank characteristics and contemporaneous interest rate and credit

risk factors with data from the subsequent quarter, where the �rst out-of-sample quantile

forecast for each bank is computed from the existing set of in-sample model parameters.18

Then the model parameters are updated by estimating the updated set of dependent variable

realizations on the updated covariate data, after which the data are again updated, and the

subsequent out-of-sample quantile forecasts for each bank are produced. This process repeats

until the �nal forecast is produced in 2022 Q4.

Once the quantile forecasts are obtained, there are several possible approaches to con-

structing density forecasts in the academic literature. For the BPQR-AL, QR, and FE-QAR

models, I follow the approach of Adrian et al. (2019) and Giglio et al. (2021) in �tting the

estimated conditional quantile forecasts produced to the skewed t-distribution proposed by

Azzalini and Capitanio (2003). This approach is attractive because it allows for an estimate

of the full conditional density using a parsimonious set of estimated conditional quantiles.

The form of the skewed t-distribution is,

fy(µ, σ, α, ν) =
2

σ
t(
y − µ

σ
; ν) T

(
α
y − µ

σ

√
ν + 1

ν + (y−µ
σ
)2

)
, (3.6)

where t(·) and T (·) represent the probability density and cumulative distribution func-

18While the model covariates include contemporaneous time (t) macroeconomic variables, this forecasting
framework treats those as known values at time (t − 1). Given that the bank data are quarterly and not
made available until multiple weeks after each quarter-end, this forecasting framework is practical in design.
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tions of the Student t-distribution, respectively. The skewed t-distribution is an extension

of the Student t-distribution, where the parameter α regulates the skewness. The remaining

distributional parameters µ, σ and ν represent the location, scale, and fatness, respectively.

I estimate one-quarter-ahead density forecasts for each bank in the sample over the in-

sample and out-of-sample periods 1998-2019 and 2020-2022, respectively. For every bank in

every time period in the sample, the four parameters µ, σ, α, and ν are chosen to minimize

the squared distance between the estimated 5th, 25th, 75th and 95th conditional quantiles

produced by the BPQR-AL model and the same quantiles of the skewed t-distribution. As

noted by Adrian et al. (2019), this is equivalent to an exactly identi�ed nonlinear cross-

sectional regression of the predicted quantiles on the quantiles of the skewed t-distribution.

The FE-OLS model imposes normal distribution assumptions on the conditional density

forecasts given an estimated mean and variance. Using the FE-OLS model, the one-quarter-

ahead prediction for each bank is set as the mean of the forecast distribution at each point

in time. One standard assumption of OLS with homoscedastic errors is that unobserved

variance is assumed to be constant across observations, and is estimated from in-sample

residuals resulting from each regression. The density forecasts for each bank during the in-

sample period are produced using the estimated mean and variance from the in-sample OLS

results. In the pseudo out-of-sample period, a density forecast for each bank is produced

using the estimated mean and variance that are iteratively updated at each new estimation

as the covariate data are updated.

3.7.2 Density Forecast Evaluation

To evaluate the performance of the density forecasts across the two models, I use the continu-

ous ranked probability score (Gneiting and Raftery (2007)). A continuous ranked probability

score (CRPS) that is closer to zero indicates a more accurate forecast density. The CRPS

is computed by �rst computing the quantile score (QS), based on the pinball loss function

that is fundamental to quantile regression. Assuming τp is a set of estimated quantiles p in
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{1, 2, ..., P}, given a quantile forecast f at time t for bank i, the QS is de�ned as

QSit(τp) =


(1− τp)(fit(τp)− yit) if yit < fit(τp)

τ(yit − fit(τp)) if yit ≥ fit(τp)

(3.7)

Then, for a set of evenly spaced quantile estimates Q, the CRPS is computed as twice

the average of the quantile scores,

CRPSit =
2

P

P∑
p=1

QSit(τp) (3.8)

Gneiting and Ranjan (2011) propose a CRPS that places additional weight on particu-

lar regions of the density forecast to evaluate density forecasts with a focus on the tails or

central region of the density forecast. They de�ne the quantile-weighted continuous ranked

probability score (qwCRPS) as

qwCRPSit =
2

P

P∑
p=1

γ(τp)QSit(τp), (3.9)

where the weighting function γ(τq) is de�ned to emphasize particular areas of the density

forecast. To place more weight on the left tail of the density forecast, γ(τp) is set equal to

(1− τp)
2, and to place more weight on the right tail of the density forecast, γ(τp) is set equal

to (τp)
2. Finally, placing more weight on the center of the density forecast, γ(τp) is set equal

to τp(1− τp).

I extract 199 evenly spaced quantiles from the FE-OLS, QR, and BPQR-AL density

forecasts of {0.005, 0.01, 0.015, ..., 0.995} to compute the CRPS. To compare across models,

I examine ratios of the average in-sample and out-of-sample scores across all banks and time

periods for the alternative modeling frameworks using the density forecasts and actual out-

comes for each individual bank. Ratios are computed as the average BPQR-AL score divided

by the average score of a competing model, so that a number less (greater) than 1 indicates
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that the BPQR-AL model produces a more (less) accurate density forecast relative to the

competing model in the given period. Assuming uncorrelated error terms across banks and

time, one can use the Diebold-Mariano (DM) t-test of average loss equality across forecasts

to statistically evaluate the di�erences in the CRPS metrics across model speci�cations for

each bank in each time period (Gneiting and Katzfuss (2014); Granger and Huang (1997)).

I use a one-sided Diebold-Mariano test as a formal test of relative model accuracy, where the

alternative hypothesis is that the BPQR-AL model is more accurate than a competing model.

In all DM test results, the model forecasts are treated as primitives, and heteroskedasticity

and autocorrelation (HAC) robust standard errors are used for inference.19

Table 3.3 reports ratios of the average score metrics, which include the average overall

CRPS, and the average left, right, and center-weighted CRPS denoted as CRPS-L, CRPS-

R, and CRPS-C, respectively. The table includes results of a one-sided DM test where the

alternative hypothesis is that the BPQR-AL model is statistically more accurate than the

competing model. During the in-sample period, the BPQR-AL has statistically signi�cant

lower scores across all metrics when compared to the FE-OLS model, and all but the CRPS-

L metric for the FE-QAR model. The QR model appears to have an improved CRPS point

estimate than the BPQR-AL model during the in-sample period; however, the DM test does

not suggest any statistical improvements relative to the BPQR-AL model. In the out-of-

sample period, the BPQR-AL model outperforms all competing model speci�cations across

all score metrics, and in each case the DM test suggests that the BPQR-AL forecasts are

statistically more accurate than those of the competing models. These results suggest that

the BPQR-AL model provides a statistically more accurate density forecast during the out-

of-sample period overall, and also in the tails and center region of the density forecasts for

the individual banks.

19Despite the relatively short number of periods in the out-of-sample period, the panel data allow for
greater statistical power in conducting this test.
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3.8 Measures of Risk

At a micro prudential level, probabilistic measures of risk can be useful to banking supervisors

for identifying individual banks that may be exposed to more adverse tail risks. Figure 3.12

plots the estimated individual bank skewed-t density forecasts from BPQR-AL pseudo out-of-

sample year-end estimations from 2019 Q4-2022 Q4, representing the �nal in-sample forecast

and the subsequent year-end pseudo out-of-sample forecasts. From 2019 Q4-2021 Q4, many

of the bank-level density forecasts show a leftward location shift and increased dispersion,

while some banks show increasing uncertainty as interest rates changed and banks adjusted

their balance sheets. By 2022 Q4, bank density forecasts moved rightward as short-term

interest rates increased rapidly. These plots suggest that density forecasts of the BPQR-AL

model produce variation over time and across banks for the predicted location, scale and

shape of the densities.

Aggregating across the individual bank density forecasts may also be useful in a macro

prudential setting where regulatory concerns may lie around aggregate risks rather than

bank-speci�c risks. I follow Giglio et al. (2021) in applying Vincentization to the individual

bank quantile forecasts to arrive at a distributional forecast of aggregate outcomes. Vin-

centization is a method of combining distributions by computing a weighted average across

the quantiles of each individual distribution (Busetti (2017)). Speci�cally, assume fit(yt) is

the NIM density forecast of a given bank i at time t, and Fit(yt) is the cumulative distri-

bution function for each bank i, i = 1, ..., n. Given a non-negative set of weights ωi, where∑n
i=1 ωi = 1, the combination of the conditional quantiles estimated is given by

n∑
i=1

ωiF
−1
it (τ), 0 < τ ≤ 1

where F−1(τ) represents the quantile functions of the individual banks in the sample. For

simplicity, I set the ωi such that the conditional quantiles are equally weighted.

Figure 3.13 shows the aggregated density forecasts along with the average realization



48

of NIM across all banks in the sample at each time period across the FE-OLS, QR, and

FE-QAR models for comparison. The aggregate BPQR-AL density forecasts have relatively

larger tails compared to the QR model but place lower probability mass on the tails relative

to the FE-OLS model, suggesting more forecast uncertainty relative to the QR model but

lower probabilities of tail events relative to the FE-OLS model. Relative to the FE-QAR

model, the BPQR-AL approach has larger tails at both ends of the aggregate distribution,

likely driven by the adaptive LASSO shrinkage that places less shrinkage on unobserved

individual heterogeneity, which explains more variation near the tails of the individual bank

distributions. In the post-2020 period, the aggregate BPQR-AL density forecasts do a better

job of capturing risks associated with the more extreme tail movements of NIM relative to

the FE-OLS, QR, and FE-QAR models.

Finally, one bene�t of a model framework that recovers the conditional distribution is

the ability to construct measures of tail risk, also useful to banking regulators. One way to

measure tail risks associated with the conditional density forecasts produced by the BPQR-

AL model is the expected shortfall approach. For a chosen probability π, the expected NIM

shortfall SF for bank i at forecast horizon t+ 1 is de�ned as

SFNIM
i, t+1 =

1

π

∫ π

0

F̂−1
yi, t+1| Xt, Zt+1

(τ |Xt, Zt+1)dτ

where F̂−1
yi, t+1| Xt, Zt+1

is the inverse conditional CDF forecast obtained for bank i from

�tting the BPQR-AL quantile forecasts to the skewed-t distribution.

I follow Giglio et al. (2021) in computing the cross-sectional dispersion of expected short-

fall across banks and over time at the 5 percent level, setting π = 0.05. To place economic

context on the shortfall measure, I compute the shortfall in terms of bank bottom-line prof-

itability, return on average assets (ROA). ROA is de�ned as the total net income of a bank

divided by its average total assets, and bank NIM is typically an important component of
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bank net income.20 Net income is important for bank regulatory capital because retained

earnings is a primary way that banks can build loss-absorbing regulatory capital, suggesting

that it is important for �nancial stability. I estimate ROA conditional on the expected NIM

shortfall measure by multiplying the expected shortfall by interest-earning assets to estimate

the shortfall in dollars, and then subtract the di�erence between the realized dollar value

and the shortfall dollar value from bank total net income.

The left panel of Figure 3.14 shows shows the distribution of ROA for bank holding

companies in the sample from 1998-2022 for the 5th, 25th, 50th, 75th, and 95th percentiles

of the distribution. In benign periods the average ROA is roughly 1.5 percent of average

total assets, however the extreme tails extended to less than negative 8 percent of total assets

during the GFC period. In the more recent post-2020 period, bank ROA shows the largest

decline in the extreme tails of the distribution since the GFC period as a result of decreased

bank NIM and increased provision expenses.21 The right panel shows the same percentiles for

the cross-sectional distribution of ROA that now including the 5 percent expected shortfall

change in NIM for all banks in the sample. The magnitude of ROA downside risks suggested

by the expected shortfall measure peaks in the GFC period and declines afterward until a

sharp increase in downside risk beginning in 2020. The shortfall is sizable enough during

the GFC and post-2020 periods such that banks within the interquartile range extend near

or into negative ROA levels, suggesting that tail risks to bank NIM are material to overall

bank pro�tability.

3.9 Conclusion

Bank net interest margins are an important component of bank pro�ts, which have been

historically stable, on average, and are used to build bank capital so that they matter for

20Other components of ROA include noninterest income and expenses, provisions, realized gains and losses,
taxes, and other adjustments.

21See https://www.federalreserve.gov/publications/2020-november-supervision-and-regulation-report-banking-system-conditions.
htm.

https://www.federalreserve.gov/publications/2020-november-supervision-and-regulation-report-banking-system-conditions.htm
https://www.federalreserve.gov/publications/2020-november-supervision-and-regulation-report-banking-system-conditions.htm
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overall �nancial stability. The post-2020 period has shown a break in the historical stability

of bank net interest margins against the backdrop of relatively large changes in interest rates,

and the cross-sectional distribution suggests the possibility of increased tail risks. Increased

volatility in the tails of the bank NIM distribution suggests that distributional heterogeneity

is important to consider when attempting to predict bank net interest margins, and tail risks

are increasingly important for regulators and policymakers.

I quantify di�erential tail sensitivities of bank net interest margins to interest rates,

credit risk and own persistence. The analysis examines a relatively large sample of US bank

holding companies with at least $500 million in total assets from 1998-2022, and utilizes a

novel Bayesian dynamic panel quantile regression that deals with the problem of incidental

parameter bias present in nonlinear estimation of panel data. I �nd evidence that banks

NIM sensitivity to interest rates has increased since 2020, and show that these increased

sensitivities are driven by higher interest rate sensitivities for loan interest income and de-

mand deposit interest expense, with zero lower bound constraints impacting tail outcomes

for bank NIMs by constraining pass-though of short term interest rate changes to deposits.

My results suggest that sensitivity to interest rates increased by a relatively larger margin at

the conditional tails of the distribution relative to the median, and speci�cally for relatively

larger banks. The interest rate tail sensitivities that I estimate, relative to the median esti-

mates, are economically meaningful for bank NIM when interest rate movements are large,

such as those observed in the post-2020 period.

Lastly, I compare density forecasts implied by the BPQR-AL model against �xed-e�ect

OLS, pooled quantile regression, and the FE-QAR model framework used by Covas et al.

(2014). I show that the forecasts produced by the BPQR-AL framework statistically outper-

form the competitor models in a pseudo out-of-sample framework by incorporating quantile-

varying individual e�ects with adaptive LASSO shrinkage and quantile-varying sensitivities

to covariates. These results suggest that observed and unobserved heterogeneity at the bank

level estimated by quantile regressions with individual e�ects o�er a more accurate picture of
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potential outcomes relative to conditional mean speci�cations. Density forecasts also allow

for computation of expected shortfall measures, and these measures show that tail behavior

of bank NIM has material implications for risk to bottom-line pro�tability of banks.

While suggestive, the results in this paper are not meant to be interpreted as causal

given the reduced-form approach of the model speci�cation. Future research could extend

this analysis by o�ering a more complete analysis of the balance sheet channels that drive

heterogeneity across the conditional distribution in a quantile regression context. A struc-

tural approach to describing sources of increased heterogeneity in bank NIM in the post-2020

period would be a useful avenue in future work for generating testable model predictions.
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3.10 Tables
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Table 3.1: Estimation Sample Summary Statistics, 1998-2022.
This table shows summary statistics for data used in the model estimation. The sample
includes BHCs with at least $500 million in real total assets from 1998 Q1-2022 Q4. Number
of unique BHCs in data: 313. Maturity gap calculation based on English et al. (2018).
Source: US FRY9-c and Call Report Filings, H.15 interest rate data, ICE Data Indices, LLC

Dependent Variable

Variable n Mean SD Min P25 P50 P75 Max

Financial Variables

NIM 24326 3.60 0.93 -12.85 3.13 3.60 4.09 10.35

3m Tbill 24326 1.82 1.93 0.01 0.11 1.10 3.44 6.20

10y-3m Treasury Spread 24326 1.64 1.14 -0.63 0.68 1.71 2.63 3.61

Bank Balance Sheet Variables

BBB-10y Spread 24326 1.59 0.83 0.72 1.10 1.42 1.81 5.80

Core Deposits % of Liabilities 24326 69.92 18.04 0.00 62.79 73.85 81.95 98.80

Interest Rate Derivatives % of Assets 24326 5.72 16.60 0.00 0.00 0.87 5.75 760.95

Loans % of IE Assets 24326 70.86 15.65 3.24 64.36 73.69 80.79 175.62

Maturity Gap (years) 24326 4.57 2.17 -2.03 3.01 4.29 5.88 16.31

NCO % of Loans 24326 0.47 1.06 -4.30 0.04 0.19 0.46 25.94

Real Total Assets (USD Billions, 1998=100) 24326 36.07 166.70 0.41 1.22 2.60 7.92 2266.74

Securities % of IE Assets 24326 24.84 13.10 0.00 16.00 22.72 30.95 123.65

Tier 1 Leverage Ratio 24326 9.60 3.89 -2.80 8.01 9.11 10.38 76.26
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Table 3.2: FE-OLS and BPQR-AL Model Parameter Estimates, 1998-2022.
The dependent variable is the level of NIM for bank holding company i at time t. BQRAL
posterior means represent the point estimates, and BPQR-AL standard errors are based on
30,000 total draws, of which 10,000 are burn-in draws. FE-OLS (BPQR-AL) 95 percent
con�dence (credible) intervals in parentheses. FE-OLS standard errors are double-clustered
by bank and time. Bank controls include Tier 1 leverage ratio, log of real total assets,
loans as a share of interest-earning assets, securities as a share of interest-earning assets,
gross notional interest rate derivatives share of assets, net charge-o�s as a share of total
loans, core deposits as a share of liabilities, and the maturity gap proposed by English et al.
(2018).

BPQR-AL Quantiles

FE-OLS 0.05 0.25 0.5 0.75 0.95

NIM (4 Lags) 0.812 0.786 0.878 0.901 0.903 0.835

[0.482,1.141] [0.749,0.825] [0.849,0.907] [0.87,0.933] [0.875,0.93] [0.8,0.867]

3m Tbill 0.069 0.048 0.031 0.034 0.046 0.084

[0.052,0.085] [0.046,0.05] [0.029,0.033] [0.032,0.035] [0.045,0.048] [0.081,0.086]

10y-3m Treasury Spread 0.093 0.069 0.043 0.047 0.062 0.094

[0.07,0.116] [0.065,0.072] [0.041,0.046] [0.045,0.05] [0.059,0.064] [0.09,0.098]

BBB-10y Spread -0.006 -0.04 -0.017 -0.002 0.011 0.043

[-0.02,0.007] [-0.043,-0.037] [-0.019,-0.014] [-0.005,0] [0.009,0.013] [0.039,0.046]

Bank E�ects Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes
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Table 3.3: CRPS Ratio of BPQR-AL Density Forecasts to Alternative Models.
This table shows ratios of average continuous ranked probability score (CRPS) and quantile-
weighted CRPS of the BPQR-AL model relative to alternative model speci�cations. Values
less (greater) than 1 indicate the BPQR-AL model produces a smaller (larger) CRPS relative
to the comparison model. Model CRPS comparisons against the Bayesian panel quantile
regression with adaptive LASSO (BPQR-AL) include (i) �xed-e�ects OLS (FE-OLS), (ii)
pooled quantile regression (QR), and (iii) �xed-e�ects quantile autoregressive model (FE-
QAR). Left tail, center, and right tail-weighted CRPS are denoted as CRPS-L, CRPS-C,
and CRPS-R, respectively. In-sample period from 1998-2019, pseudo out-of-sample period
from 2020-2022. Inference from Diebold�Mariano tests use HAC robust standard errors.

Ratio Sample CRPS CRPS-L CRPS-C CRPS-R

BPQR-AL/FE-OLS In-Sample (1998-2019) 0.86*** 0.86*** 0.87*** 0.85***

BPQR-AL/QR In-Sample (1998-2019) 1.04 1.05 1.04 1.05

BPQR-AL/FE-QAR In-Sample (1998-2019) 0.89*** 1.02 0.93*** 0.75***

BPQR-AL/FE-OLS Pseudo Out-of-Sample (2020-2022) 0.81*** 0.89*** 0.8*** 0.75***

BPQR-AL/QR Pseudo Out-of-Sample (2020-2022) 0.9*** 0.93*** 0.92*** 0.84***

BPQR-AL/FE-QAR Pseudo Out-of-Sample (2020-2022) 0.87*** 0.93*** 0.92*** 0.75***

* denotes statistical signi�cance at the 10% level based on one-sided Diebold�Mariano tests.

** denotes statistical signi�cance at the 5% level based on one-sided Diebold�Mariano tests.

*** denotes statistical signi�cance at the 1% level based on one-sided Diebold�Mariano tests.
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3.11 Figures
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Figure 3.1: Average Annualized Bank Net Interest Margin, Selected Interest
Rates and BBB-10y Spread, 1998-2022.
Vertical grey areas represent NBER-de�ned US recessions. Sample excludes bank hold-
ing companies with zero balances of total assets, interest-earning assets, or loans. Vertical
grey areas represent NBER-de�ned US recessions. Source: Merger-Adjusted FRY9-c Data
(MAY9c), H.15 Selected Interest Rates, ICE Data Indices, LLC.
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Figure 3.2: Distribution of Annualized NIM, 1998-2022.
Shaded areas represent 5th, 25th, 75th, and 95th percentile cross-sectional outcomes, and
the solid black line represents median cross-sectional outcome. Sample excludes bank hold-
ing companies with zero balances of total assets, interest-earning assets, or loans. Source:
Merger-Adjusted FRY9-c Data (MAY9c). Vertical grey areas represent NBER-de�ned US
recessions. Source: US FRY9-c Filings.
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Figure 3.3: Distribution of Interest Income and Interest Expense as a Percent
of Interest-Earning Assets, 1998-2022.
Shaded areas represent 5th, 25th, 75th, and 95th percentile cross-sectional outcomes, and
solid linen indicates cross-sectional medians. Sample excludes bank holding companies with
zero balances of total assets, interest-earning assets, or loans. Vertical grey areas represent
NBER-de�ned US recessions. Source: Merger-Adjusted Y-9c (MAY9c).
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Figure 3.4: Aggregate Components of Interest-Earning Assets as a Percent of
Total Interest-Earning Assets, 2001-2022.
Data from the period 1998-2000 are excluded from the plot because the "other" category of
interest-earning assets was not reported until 2001. Sample excludes bank holding companies
with zero balances of total assets, interest-earning assets, or loans. Vertical grey areas
represent NBER-de�ned US recessions. Source: Merger-Adjusted FRY9-c Data (MAY9c)
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Figure 3.5: BPQR-AL Quantile Parameter Estimates, 1998-2022. BPQR-AL
model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles.
35,000 total draws taken from MCMC Gibbs sampling algorithm with 25,000 burn-in draws.
Solid black lines represent posterior mean estimates, and shaded areas represent 95% credible
intervals. Dashed red line represents FE-OLS estimates. 3m Tbill Rate refers to the 3-month
Treasury bill rate. BBB-10y Spread refers to the BBB spread relative to the 10-year Treasury
rate. Bank controls in the estimated model include Tier 1 leverage ratio, log of real total
assets, loans as a share of interest-earning assets, securities as a share of interest-earning
assets, gross notional interest rate derivatives as a share of assets, net charge-o�s as a share
of total loans, core deposits as a share of liabilities, and the maturity gap proposed by English
et al. (2018).
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Figure 3.6: BPQR-AL Quantile Parameter Estimates by Time Period Subsam-
ples Spanning 1998-2019 and 1998-2022.
BPQR-AL model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles. 35,000
total draws taken from MCMC Gibbs sampling algorithm with 25,000 burn-in draws. Solid
lines represent posterior mean estimates, and shaded areas represent 95% credible intervals.
3m Tbill Rate refers to the 3-month Treasury bill rate. BBB-10y Spread refers to the BBB
spread relative to the 10-year Treasury rate.
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Figure 3.7: BPQR-AL Quantile Parameter Estimates by Time Period subsam-
ples Spanning 1998-2019 and 1998-2022.
The 'other' category sources of interest income includes trading, balances due from deposi-
tory institutions, fed funds and repo, and other. BPQR-AL model estimated at 5th, 25th,
50th, 75th and 95th conditional quantiles. 30,000 total draws taken from MCMC Gibbs sam-
pling algorithm with 10,000 burn-in draws. Solid lines represent posterior mean estimates,
and shaded areas represent 95% credible intervals. 3m Tbill Rate refers to the 3-month Trea-
sury bill rate. BBB-10y Spread refers to the BBB spread relative to the 10-year Treasury
rate.
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Figure 3.8: BPQR-AL Quantile Parameter Estimates by Time Period Subsam-
ples Spanning 1998-2019, and 1998-2022.
The 'other' category of interest expenses includes subordinated notes and debentures, fed
funds and repo, and other. BPQR-AL model estimated at 5th, 25th, 50th, 75th and 95th
conditional quantiles. 30,000 total draws taken from MCMC Gibbs sampling algorithm with
10,000 burn-in draws. Solid lines represent posterior mean estimates, and shaded areas
represent 95% credible intervals. 3m Tbill Rate refers to the 3-month Treasury bill rate.
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Figure 3.9: BPQR-AL Quantile Parameter Estimates for Demand Deposits and
Loans by Time Period Subsamples Spanning 1998-2019, 1998-2021, and 1998-
2022.
BPQR-AL model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles. 30,000
total draws taken from MCMC Gibbs sampling algorithm with 10,000 burn-in draws. Solid
lines represent posterior mean estimates, and shaded areas represent 95% credible intervals.
3m Tbill Rate refers to the 3-month Treasury bill rate.
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Figure 3.10: Average Annualized Net Interest Margin, by Size, 1998-2022.
Vertical grey areas represent NBER-de�ned US recessions. Source: Merger-Adjusted FRY9-c
Data (MAY9c)
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Figure 3.11: BPQR-AL Interest rate factor quantile parameter estimates by
bank size group and time period.
Bank size grouping de�ned by average total assets over the entire sample period. BPQR-
AL model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles. 30,000 total
draws taken from MCMC Gibbs sampling algorithm with 10,000 burn-in draws. Solid lines
represent posterior mean estimates, and shaded areas represent 95% credible intervals. 3m
Tbill Rate refers to the 3-month Treasury bill rate. BBB-10y Spread refers to the BBB
spread relative to the 10-year Treasury rate.
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Figure 3.12: Individual bank density forecasts based on BPQR-AL pseudo out-
of-sample estimations
Density forecasts are estimated from the BPQR-AL quantile forecasts �tted to the skewed-t
distribution proposed by Azzalini and Capitanio (2003).
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Figure 3.13: Aggregate NIM density forecasts by model.
Plot includes �xed-e�ects OLS (FE-OLS), pooled quantile regression (QR), �xed-e�ects
quantile autoregression (FE-QAR) and Bayesian panel quantile regression with adaptive
LASSO (BPQR-AL). Density forecasts for the QR and BPQR-AL models are estimated
from the model-speci�c quantile forecasts �tted to the skewed-t distribution proposed by
Azzalini and Capitanio (2003). Density forecasts aggregated across banks in each period
using Vincentization. Shaded areas represent 1st, 5th, 25th, 75th, 95th, and 99th percentiles
predictions, solid black line represents average actual NIM outcome. Dashed vertical line
represents �nal in-sample prediction; one-quarter-ahead pseudo out-of-sample predictions
begin in 2020 Q1. Vertical grey areas represent NBER-de�ned US recessions.
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Figure 3.14: Actual Return on Assets (left panel) and Return on Assets Under
5 Percent Expected NIM Shortfall (right panel).
The expected shortfall is computed from BPQR-AL forecasts (right panel) across bank hold-
ing companies, 1998-2022. In-sample one-quarter-ahead predictions from 1998-2019, pseudo
out-of-sample one-quarter-ahead predictions begin in 2020 Q1 and end in 2022 Q4. Shaded
areas represent 5th, 25th, 75th, 95th percentiles, solid black line represents the median.
Density forecasts are estimated from the BPQR-AL quantile forecasts �tted to the skewed-t
distribution proposed by Azzalini and Capitanio (2003)
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3.12 Internet Appendix

3.12.1 Sample Attrition

The data used in this paper rely on US bank holding company �lings of form FR Y-9c. Reg-

ulatory �ling requirement changes that occurred during the sample period result in sample

attrition, causing some banks to exit the sample as a result. Prior to March 2006, banks

with at least $150 million in total assets were required to �le the FR Y-9c form. This

changed three times over the sample period: �rst from $150 million to $500 million in March

2006, next from $500 million to $1 billion in March 2015, then from $1 billion to $3 bil-

lion in September 2018. These changes were driven by in�ation, consolidation, growth of

asset balances, and reduction of bank burden.22 Despite these changing requirements, some

banks below the asset thresholds continued to �le the FR Y-9c form after the threshold

changes occurred. During the 2015 threshold change, the sample size decreased by 8 banks

between December 2014 and March 2015. During the 2018 threshold change, the sample

size decreased by 47 banks between June 2018 and September 2018. I treat these population

changes as exogenous and do not make further sample selection adjustments since they do

not impact the primary point of comparison in parameter estimates between the pre-2020

and post-2020 periods. I do, however, examine results based on bank size subsamples that

would exclude impacts of the changing reporting thresholds for the relatively larger banks.

3.12.2 Adaptive LASSO

To demonstrate the impact of the adaptive LASSO in the BPQR-AL, Figure 3.15 shows the

posterior mean estimates of the individual bank random e�ects αi relative to the posterior

mean estimate of the shrinkage parameter νi at each estimated quantile. The pattern that

is exhibited in each plot resembles a Laplace distribution, re�ecting the Bayesian imple-

mentation of the LASSO shrinkage placed on the individual e�ects. Because the amount of

22See https://www.federalreserve.gov/apps/reportingforms/Report/Index/FR_Y-9C.

https://www.federalreserve.gov/apps/reportingforms/Report/Index/FR_Y-9C
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Figure 3.15: BPQR-AL Individual E�ects Relative to Shrinkage Parameter (nu),
1998-2022.
BPQR-AL model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles. 35,000
total draws taken from MCMC Gibbs sampling algorithm with 25,000 burn-in draws.

shrinkage is allowed to vary across each bank, the prior assumptions placed on the individual

e�ects in conjunction with the data cause estimated e�ects that are relatively small (large)

to have a higher (lower) amount of shrinkage placed on them, so that larger values of νi

are associated with values of αi that are closer to zero and thus could be discarded by the

econometrician.23 As the model allows for individual e�ects that vary across the conditional

distribution, these plots suggest that some individual e�ects become relatively large in ab-

solute magnitude in the tails so that unobserved heterogeneity can be important for certain

banks that experience tail outcomes.

23There exist rules of thumb for choosing which e�ects to discard in a Bayesian LASSO setting in order
to achieve a more parsimonious speci�cation. One approach is to use credible intervals to guide variable
selection, see Park and Casella (2008).
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Figure 3.16: Income and Expense decomposition of Cross-Sectional Net Interest
Margins, 1998-2022.
Solid line indicates cross-sectional median, dark shaded areas indicate interquartile range,
and light shaded areas indicate 5th-95th percentiles. Vertical grey areas represent NBER-
de�ned US recessions. Source: Merger-Adjusted Y-9c (MAY9c).

3.12.3 NIM Numerator Decomposition

Figure 3.16 further decomposes interest income and expense as a percent of interest-earning

assets into their primary constituents. On the income side, I decompose interest income into

cash �ows from loans, securities, and all other sources of interest income. On the liability side,

I decompose interest expenses into demand deposits, time deposits, and all other sources of

interest expense. These plots demonstrate that the primary sources of income and expenses

historically have been loans, securities, and deposits. However, in the post-GFC period,

income from securities and expenses for deposits have migrated to historically low levels,

often near the zero lower bound.
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Figure 3.17: Distribution of Loan and Security Portfolios as a Percent of Interest-
Earning Assets, 1998-2022.
Solid line indicates cross-sectional median, dark shaded areas indicate interquartile range,
and light shaded areas indicate 5th-95th percentiles. Sample excludes bank holding compa-
nies with zero balances of total assets, interest-earning assets, or loans. Vertical grey areas
represent NBER-de�ned US recessions. Source: Merger-Adjusted Y-9c (MAY9c).

3.12.4 Loan and Security Concentrations in the Cross-Section

Figure 3.17 shows that there is a large amount of cross-sectional heterogeneity in the per-

centage of interest-earning assets represented by the loan and security portfolios across banks

over time, suggesting a wide variety of business models. By 2021 Q1, loans ranged from 31

to 87 percent of interest-earning assets between the top and bottom 5th percentiles, and

securities ranged from 5 to 41 percent of interest-earning assets between the top and bottom

5th percentiles.
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3.12.5 Bank Size Results

I estimate the BPQR-AL model on persistence, interest rate, and credit risk factors, and the

balance sheet controls described in Section 4 across the conditional distribution of NIM for

banks of di�erent size groupings. I segment the sample of banks into three size groups based

on average real total assets over the sample period to remove any noise due to banks moving

between thresholds during the sample period. The size groups include banks less than $10

billion, $10 billion to $100 billion, and greater than $100 billion in real total assets. Figure

3.18 shows the BPQR-AL posterior estimates for the autoregressive interest rate and credit

risk variables by bank size grouping.

The posterior mean estimates of the sum of autoregressive terms for the larger banks

are relatively higher at the lower tail of the distribution and lower at the higher tail of

the distribution. This being said, the 95 percent credible interval around estimates for

the largest banks are relatively wide for the sum of autoregressive terms, likely a result of

the small number of banks in the largest size group. Larger banks tend to be slightly more

sensitive to the level of the yield curve in the conditional tails of the distribution, and slightly

more sensitive to the Treasury spread at the highest tail of the conditional distribution. A

100 basis point increase in both the 3-month Treasury bill rate and the Treasury spread is

associated with an additional 4 basis point (5 basis point) increase in NIM for the largest

banks relative to the smallest banks at the 5th (95th) conditional quantile. Finally, the

largest banks appear to be relatively more sensitive to the credit risk spread at the median

and higher tail of the conditional distribution, and the relationship is positive, which suggests

that these banks may be relatively more willing and able to fund riskier projects. A 100

basis point increase in the credit risk spread, slightly larger than a one standard deviation

movement, is associated with a roughly 6 basis point increase in NIM for the largest banks

relative to the smallest banks at the 95th conditional quantile.
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Figure 3.18: BPQR-AL Parameter Estimates by Bank Size Group, 1998-2022.
Bank size groupings are de�ned by average total assets over the entire sample period. BPQR-
AL model estimated at 5th, 25th, 50th, 75th and 95th conditional quantiles. 30,000 total
draws taken from MCMC Gibbs sampling algorithm with 10,000 burn-in draws. Solid lines
represent posterior mean estimates, and shaded areas represent 95% credible intervals.
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3.12.6 Robustness Checks

I perform additional robustness checks on the BPQR-AL model speci�cation and resulting

forecasts. First, I examine the sensitivity of the BPQR-AL model results when excluding

macroeconomic variables from the set of covariates. Next, I examine the sensitivity of the

forecast results to a speci�cation that uses an informative Minnesota-style prior speci�cation.

Last, I compare forecast accuracy using a speci�cation that allows for greater �exibility based

on the size subsample results shown in Section 3.12.5. In each case, I compare results using

the a ratio of the CRPS and quantile-weighted CRPS of competing models, and also include

a one-sided Diebold-Mariano test to quantify the accuracy of the density forecasts and the

statistical improvement relative to alternative BPQR-AL speci�cations.

Importance of Macroeconomic Factors

The individual density forecasts produced by the BPQR-AL model are conditioned on four

autoregressive terms, macroeconomic factors, and a set of controls to deal with observable

and unobservable individual heterogeneity. It is useful to understand the importance of

including the macroeconomic interest rate and credit risk factors in the model, given the

relative magnitude of the summed autoregressive terms. If the macroeconomic factors are

not economically signi�cant for model predictions, then a model design that excludes the

covariate vector Z in equation (3.1) may show similar or perhaps improved forecast perfor-

mance. For comparison, I estimate the BPQR-AL model of bank NIM on a set of covariates

that excludes macroeconomic interest rate and credit risk factors but retains the remaining

balance sheet and persistence covariates for comparison against the full model.

Table 3.4 reports ratios of the CRPS and quantile-weighted CRPS results averaged across

banks and time during the in-sample and pseudo out-of-sample periods across model spec-

i�cations, and includes results of a one-sided DM test where the alternative hypothesis is

that the BPQR-AL model that includes macroeconomic factors is statistically more accu-

rate than the model that excludes them. The results show that a model that includes the
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macroeconomic factors, both in-sample and out-of-sample, outperforms a model that ex-

cludes those factors across all score metrics. The DM test results also show that the models

with macroeconomic factors are statistically more accurate than the model without macroe-

conomic factors. Given that credit spreads remained relatively benign during the post-2020

period while interest rate movements were relatively large, this o�ers additional evidence

that distributional sensitivity to interest rates matters for bank NIMs.

Table 3.4: CRPS Tests of Macroeconomic Factor Importance.
This table shows ratios of average continuous ranked probability Score comparisons for
BPQR-AL model speci�cations that either include or exclude macroeconomic interest rate
and credit risk factors during the in-sample and pseudo out-of-sample periods. Left tail,
center, and right tail-weighted CRPS are denoted as CRPS-L, CRPS-C, and CRPS-R, re-
spectively. Values less (greater) than 1 indicate the BPQR-AL model produces a smaller
(larger) CRPS relative to the comparison model. In-sample period from 1998-2019, pseudo
out-of-sample period from 2020-2022. Inference from Diebold�Mariano tests use HAC robust
standard errors.

BPQR-AL CRPS Measures by Inclusion of Macroeconomic Factors

Ratio Sample CRPS CRPS-L CRPS-C CRPS-R

BPQR-AL with/without Macros In-Sample (1998-2019) 0.95*** 0.96*** 0.95*** 0.93***

BPQR-AL with/without Macros Pseudo Out-of-Sample (2020-2022) 0.9*** 0.92*** 0.91*** 0.88***

* denotes statistical signi�cance at the 10% level based on one-sided Diebold�Mariano tests.

** denotes statistical signi�cance at the 5% level based on one-sided Diebold�Mariano tests.

*** denotes statistical signi�cance at the 1% level based on one-sided Diebold�Mariano tests.

Prior Sensitivity

Another dependency of the individual bank density forecasts produced by the model are the

prior speci�cations necessitated by the Bayesian framework, which were set to be uninfor-

mative for the covariate parameter vectors β and γ, and scale parameter σ given the the

relatively large dimension of panel data available. Carriero, Clark, and Marcellino (2024)

show that Bayesian shrinkage can improve forecast accuracy in quantile regression estimation

of tail risks in cases where sample size may be small. Despite my large sample size a�orded

by the panel setting, I check the sensitivity of the results to specifying an informative prior
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speci�cation on the vectors β and γ in the hierarchical speci�cation of (3.5). To quantify

the sensitivity, I compare the density forecast performance of the model with uninforma-

tive priors relative to a model with informative Minnesota-style priors. I follow Carriero

et al. (2024) and Carriero et al. (2020) in specifying a Minnesota-style prior speci�cation

for the BPQR-AL model, which shrinks the lagged dependent variable coe�cients by less

than the other variable coe�cients while accounting for the relative standard deviations of

independent variable j and the dependent variable, σj and σnim, respectively.

In all cases, the prior mean vectors b0 and g0 remain at zero. For the intercept, the prior

standard deviation remains uninformative, set to

Bintercept
0 = 1000σnim

For each variable j in vectors xit and zit, prior speci�cations are set to

Bj
0 = λ1λ2

σnim

σj

For each lag l of the dependent variable, prior speci�cations are set to

B l
0 =

λ1

l

I estimate σnim and σj using the sample variances in the data as of each forecast date.24

The hyperparameters λ1 and λ2 are set equal to 0.2, following Carriero et al. (2020).

Table 3.5 reports the ratios of the CRPS and quantile-weighted CRPS results averaged

across banks and time during the in-sample and pseudo out-of-sample periods for BPQR-

AL model speci�cations with uninformative priors relative to the Minnesota-style priors.

The table includes results of a one-sided DM test where the alternative hypothesis is that

the BPQR-AL model with uninformative priors is statistically less accurate than the model

24For the in-sample period, the standard deviation is based on the entire in-sample period. Each subsequent
standard deviation in the pseudo out-of-sample period is based on each successive update of the model
covariates.
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with informative priors. The results show that a model with uninformative priors is not

meaningfully or statistically less accurate than the Minnesota-style prior model across the

in-sample and out-of-sample periods.

Table 3.5: CRPS Tests of Prior Sensitivity.
This table shows ratios of average continuous ranked probability score comparisons for
BPQR-AL model speci�cations that use uninformative or Minnesota-style priors during the
in-sample and pseudo out-of-sample periods. Left tail, center, and right tail-weighted CRPS
are denoted as CRPS-L, CRPS-C, and CRPS-R, respectively. Values less (greater) than 1
indicate the BPQR-AL model produces a smaller (larger) CRPS relative to the comparison
model. In-sample period from 1998-2019, pseudo out-of-sample period from 2020-2022. In-
ference from Diebold�Mariano tests use HAC robust standard errors.

BPQR-AL CRPS Measures by Covariate Prior Speci�cation

Ratio Sample CRPS CRPS-L CRPS-C CRPS-R

Uninformative/Minnesota Priors In-Sample (1998-2019) 1.00 1.00 1.00 1.00

Uninformative/Minnesota Priors Pseudo Out-of-Sample (2020-2022) 0.99 1.00 0.99 0.99

* denotes statistical signi�cance at the 10% level based on one-sided Diebold�Mariano tests.

** denotes statistical signi�cance at the 5% level based on one-sided Diebold�Mariano tests.

*** denotes statistical signi�cance at the 1% level based on one-sided Diebold�Mariano tests.

Bank Size Subsample Models

Parameter results shown in Section 3.12.5 suggest the possibility of parameter estimate

heterogeneity across the interest rate factors included in the model. Results shown for density

forecasts thus far have relied on estimation across the full sample of banks, but additional

�exibility could be added to the BPQR-AL model forecasts when estimating parameters by

the bank size groupings previously used, which group banks into size categories of less than

$10 billion, $10 billion to $100 billion, and greater than $100 billion in real total assets,

and then comparing the forecast accuracy across the size-subsample models to the pooled

model to examine if there are improvements in forecast accuracy. If parameter heterogeneity

across bank size groups is important, then the additional parameter �exibility of using the

size-subsample models could result in more accurate forecasts relative to the full sample
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approach.

Table 3.6 reports ratios of the CRPS and quantile-weighted CRPS results averaged across

banks and time during the in-sample and pseudo out-of-sample periods for BPQR-AL model

estimations based on the full sample estimation relative to the size subsample estimations.

The table includes results of a one-sided DM test where the alternative hypothesis is that

the BPQR-AL model based on size subsamples is statistically more accurate than the model

based on the full sample. The CRPS results suggest that the size subsample model density

forecasts are statistically more accurate during the in-sample period. Perhaps unexpectedly,

these results do not hold during the pseudo out-of-sample period, where the size subsample

model is statistically equivalent to the full sample model. This could be a result of the full

sample BPQR-AL approach su�ciently capturing the size-based heterogeneity, given that a

measure of bank size is already included as a control variable in the model.

Table 3.6: CRPS Tests of Bank Size-Speci�c Models.
This table shows ratios of average continuous ranked probability score comparisons for full
and size-subsample BPQR-AL model speci�cations during the in-sample and pseudo out-of-
sample periods. Size subsamples group banks less than $10 billion, $10 billion to $100 billion,
and greater than $100 billion for the average of the banks real total assets over the sample
period. Left tail, center, and right tail-weighted CRPS are denoted as CRPS-L, CRPS-
C, and CRPS-R, respectively. Values less (greater) than 1 indicate the BPQR-AL model
produces a smaller (larger) CRPS relative to the comparison model. In-sample period from
1998-2019, pseudo out-of-sample period from 2020-2022. Inference from Diebold�Mariano
tests use HAC robust standard errors.

BPQR-AL CRPS Measures for Full Sample Versus Size-Based Subsamples

Ratio Sample CRPS CRPS-L CRPS-C CRPS-R

Full Sample/Size Subsamples In-Sample (1998-2019) 1.04*** 1.05*** 1.03*** 1.04***

Full Sample/Size Subsamples Pseudo Out-of-Sample (2020-2022) 0.99 1.00 0.99 0.98

* denotes statistical signi�cance at the 10% level based on one-sided Diebold�Mariano tests.

** denotes statistical signi�cance at the 5% level based on one-sided Diebold�Mariano tests.

*** denotes statistical signi�cance at the 1% level based on one-sided Diebold�Mariano tests.
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Figure 3.19: Pseudo Out-of-Sample CRPS by Time Period Across Alternative
Models.
The set of models includes �xed-e�ects OLS (FE-OLS), pooled quantile regression (QR),
Fixed-E�ects Quantile Autoregressive model (FE-QAR) and Bayesian panel quantile regres-
sion with adaptive LASSO (BPQR-AL). Pseudo out-of-sample period spans 2020-2022.

3.12.7 Alternative Model Forecast Performance Over Time

Figure 3.19 plots the CRPS across each model during each time period to examine where

the accuracy gains occur for the BPQR-AL model relative to the alternative models. The

BPQR-AL model outperforms the FE-OLS model in most time periods. The BPQR-AL and

QR models perform similarly except in periods where the CRPS increases for all models,

in 2020 Q2 and in all quarters during 2022, all periods of relatively large movements of the

quarterly average 3-month Treasury rates included in the model. This suggests that the

additional forecast uncertainty provided by the individual e�ects in the BPQR-AL model

improves the forecast accuracy.



Chapter 4

Macroeconomic Parameter Instability in

Auto Loan Loss Models

4.1 Introduction

This paper estimates a discrete-time Markov transition model of auto loan performance

using multinomial logistic regressions. The model is estimated over the 2000-2025 period,

which includes the global �nancial crisis (GFC), and the Covid shock. The �rst purpose

of this paper is to evaluate the stability of estimated coe�cients on macroeconomic shocks

like unemployment. These coe�cients matter for the stress testing models that banking

regulatory agencies run to evaluate bank capital and they matter for loss forecasting by auto

lenders. Using rolling regressions we demonstrate that these coe�cients change signi�cantly

in response to the large aggregate shocks of the GFC and the Covid periods and the e�ect

on these estimates is persistent.

Figure 4.1 shows the instability of the coe�cient on our unemployment variable for rolling

regression estimates of the relative risks of a current loans going into default. The e�ects are

particularly evident for the Covid period, when despite large spikes in unemployment, auto

lending default rates declined. While not necessarily surprising due to the large government

83
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interventions in this period, these e�ects are also evident during the 2007-2009 recession as

well. These �ndings are quantitatively signi�cant. For example, our model produces forecast

errors of up to 100 basis points in cumulative default rates over a two-year horizon during

the Covid period, representing approximately a 25 percent overstatement relative to actual

outcomes.

The second purpose of this paper is to apply discrete-time Markov transition methods

to modeling auto default. This technique has been used in the mortgage lending literature,

but less so in the auto lending literature. In auto lending, many loans become delinquent

before going into default, but a signi�cant fraction either exit for non-default reasons such

as prepayment or return to being current after becoming delinquent. Both prepayment and

default should be jointly accounted for to avoid potentially large errors in estimating transi-

tion probabilities (Deng et al., 2000). The Markov transition framework jointly estimates the

transition probabilities between all the states and uses the information in these transition

estimates to forecast defaults several periods ahead.

The �nal purpose of this paper is to add to the auto lending literature by demonstrating

the importance of di�erent lending channels for default, that is, whether a loan is made by

a credit union, bank, or auto �nance company. We document signi�cant segmentation in

auto lending by lender type with subprime lending concentrated in the auto �nance sector.

Furthermore, even when observables are accounted for, loan performance di�ers by lender

type. For example, subprime loans originated by auto �nance lenders are signi�cantly riskier

than subprime loans originated by other channels. The safest loans are those originated by

credit unions and banks. We are aware of only two other papers that document heterogeneity

in auto loan performance between banks, credit unions, and auto �nance lenders.1

1A few papers in the literature have focused on lender e�ects, including An et al. (2020), Heit�eld and
Sabarwal (2004), and Katcher et al. (2024). However, these papers either did not identify the lender as a
bank, credit union, or auto �nance lender, or were focused on loan pricing rather than loan performance.
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4.2 Background on the Auto Loan Market

The auto loan market is the second largest consumer credit market in the United States. In

the fourth quarter of 2025 there was $1.56 trillion of outstanding auto loans.2

Most auto loans are made through car dealers. A person buying a car goes to a dealer,

and after the person decides to purchase a car, the dealer will present the buyer with some

auto loan options. Dealers work with a variety of lenders. However, there are signi�cant

di�erences in auto loans by type of lender. The left panel of Figure 4.2 shows the percent of

loans originated by lender types in our data, including auto �nance companies, banks, and

credit unions. Since 2000, banks' market share of the auto loan market has declined, while

credit unions' market share has increased steadily. Prior work has documented that auto

�nance companies specializing in lending to the subprime segment of the market played an

increasing role in �nancing that borrower segment during the pandemic (Canals-Cerda and

Lee, 2021). The right panel of Figure 4.2 shows that auto �nance companies originate the

largest share of subprime auto loans.

Not only has the composition of lenders changed over time, but so has the distribution of

auto loan origination credit risk. Figure 4.3 plots the Equifax Risk Score (henceforth �risk

score�) in our data from 2000-2025. Over that period, the aggregate share of loans in higher

risk score groups has increased. Roughly 20 percent of loans were above a risk score of 760

in 2000, but this increased to roughly 40 percent of loans by 2025.

Historically, auto performance has followed the economy. Figure 4.4 shows the actual

transition rates over 2000-2025. This period covers three recessions. The mild 2001 recession,

the deep recession of 2007-2009, and the short Covid recession in 2020.3 Unlike in the

other two recessions, auto defaults did not increase in 2020 and 2021; instead, default rates

decreased. The decoupling of unemployment and auto loan risk outcomes in 2020 has been

attributed to large government transfers and lender forbearance policies that appeared to

2Z.1 Financial Accounts of the United States.
3Transition rates for the �rst few periods in our sample are distorted due to censoring in the �rst few

years of our dataset.
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mitigate credit risks (for example, Bakshi, Tanya and Rose, Jonathan (2021); Dettling and

Lambie-Hanson (2021)). Forbearance usage, in particular, rose to historically high levels

in 2020 (Figure 4.5). These policies appeared to have distorted the traditional relationship

between auto loan performance and unemployment. Some of this was due to forbearance,

but as we will discuss, most of the better performance was not.

4.3 Literature

The literature on auto loan default probabilities is small, in part due to the lack of loan-level

auto data that have been historically available to researchers. The earliest papers include

Agarwal and Ambrose (2007), Agarwal (2008), and Heit�eld and Sabarwal (2004), who model

auto default and prepayment as a function of loan age, loan and borrower characteristics,

and macroeconomic variables.4

Broadly, the literature on loan loss forecasting and stress testing �nd that unemployment

and other macroeconomic variables are important for modeling consumer loan default.5 Most

auto lending models include macroeconomic shocks. For example, Agarwal (2008) and Heit-

�eld and Sabarwal (2004) found that default rates are sensitive to unemployment shocks,

but prepayment rates are less so. Heit�eld and Sabarwal (2004) also found that auto loan

prepayment rates are insensitive to market interest rates. The Federal Reserve auto lending

stress test includes unemployment and house price changes in its model.6

One challenge with modeling the e�ects of macroeconomic variables is the potential in-

stability of estimates. Gross and Población (2019) and Guerrieri and Welch (2012) document

that macroeconomic variables can lead to large amounts of uncertainty in reduced form sta-

tistical models of credit risk and bank performance, so should be used with caution. The

4Motivated by the recent increase in the length of auto loan terms, several recent studies �nd that loan
age is important in explaining default risk, with loans of greater than �ve years having worse outcomes
(Katcher et al. (2024), Guo et al. (2022); Wu et al. (2018)). We do not analyze this loan characteristic due
to data limitations in our dataset.

5See, for example, Covas et al. (2014) and Hirtle et al. (2016).
6See https://www.federalreserve.gov/supervisionreg/�les/credit-risk-models.pdf.
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study of auto lending stress tests by Wu et al. (2018) shows signi�cant di�erences in esti-

mates of coe�cients on macro variables in pre-GFC and post-GFC samples, though they use

a di�erence dataset for each period. They speculate that this is because they have only one

recession in their sample. Unlike Wu et al. (2018) we use a single dataset and show that this

result is not due to di�erent data sources. Furthermore, we use rolling regressions that show

how the estimate changes over time and why it changes. Finally, since our analysis covers

two recessions, it shows that this instability is not unique to one recession.7

Much of the auto lending literature estimates discrete-time models that focus only on the

exit states, such as conditional probability of default (PD) or competing risks models (An

et al. (2020); Agarwal (2008); Heit�eld and Sabarwal (2004); Guo et al. (2022); Wu et al.

(2018)). The literature that applies Markov transition matrices to loan-level data typically

does so on mortgage data (Douglas Smith and Lawrence (1995) and Smith et al. (1996),

Chen et al. (2020)). One exception in the auto lending literature is Smith and Jin (2007).

While that paper estimates Markov transition matrices, it does so on auto lease data and

does not examine the e�ect of macroeconomic variables.

The last strand of the literature related to our work covers risk from di�erent lender chan-

nels in auto lending. An et al. (2020) �nd that the lender channel is important in explaining

default probabilities, with credit unions and banks facing relatively less risk of default when

compared to auto �nance companies. While nearly all studies establish a link between

borrower credit quality and default probability, Heit�eld and Sabarwal (2004) discuss the

heterogeneous risks that exist for lenders who target di�erent segments of the subprime mar-

ket. Katcher et al. (2024) document di�erential prepayment rates and relationships between

maturity and interest rates across lender types against a backdrop of increasing auto loan

maturities over time. Our analysis builds on this analysis by further analyzing the e�ect of

the lender channel.

7The earliest part of the sample also covers the 2000-2001 recession, but we start our rolling regressions
in 2006 so that we have at least one recesssion in the �rst rolling estimation. This produces a single set of
coe�cients for the period covering 2000-2006, so we do not examine potential instability after the 2000-2001
recession.
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4.4 Data

We use loan-level data on automobile loans from the FRBNY Consumer Credit Panel /

Equifax Data (CCP) from June 2000-June 2025. This panel is an anonymized 5 percent

national sample of all consumers who have a credit history reported to Equifax. The data

contain auto loan and borrower characteristics over the life of the loan.

The data are semi-annual prior to 2017, quarterly over 2017-2019, and monthly beginning

in 2020. We use semi-annual samples of the data for our analysis to be consistent throughout

our sample period. The semi-annual samples in the CCP are as of June 1 and December

1 in each year. Furthermore, prior to 2015, the dataset only reports three broad types of

lenders: auto �nance companies, banks, and credit unions, so we use this classi�cation of

lender type.

We take several steps to clean the data prior to model estimation. First, the consumers

the CCP follows are called primary borrowers. Some households include other people who

also borrow. These other borrowers are not necessarily followed over time, so we drop them

from our sample. Second, we drop loans from US territories, because these areas have few

observations in the data. Third, we remove observations with missing or zero values for

borrower age, Equifax Risk Score, or outstanding balances. Fourth, we remove leases, loans

observed for greater than 9 years, loans where the borrower died during the life of the loan,

loans with duplicated identi�ers in a given time period, and a small number of loans with

original balances of less than $5,000 or more than $100,000.8

We categorize a loan as being in one of four possible states. A loan is current if the

payment is less than 30 days overdue. A loan is delinquent if the loan payment is 30 - 89

days late. A loan is in default if it is at least 90 days delinquent, repossessed, bankrupt, or

charged o�. Finally, a loan is a non-default exit if it exits and did not default. Non-default

exit may include loans in which the balance is fully paid at term, is prepaid or re�nanced,

the borrower died, or the loan was sold by the lender. The reason for a non-default exit

8For example, the largest 0.001 percent of loans in the data carried balances greater than $90,000.



89

is usually unobservable in our data.9 Furthermore, it is possible that some of these non-

default exits are really defaults due to a loan going delinquent and exiting between periods

of observation. To account for this possibility, we follow the procedure used by the Federal

Reserve stress test, which is to make assumptions based on the size and status of the loan

in the previous period along with the borrower's credit score.10 Once a loan has exited the

sample for default or non-default reasons, it exits our dataset.

We use borrower characteristics, loan features, and state-level macroeconomic variables

in our estimation. The borrower characteristics are age, Equifax Risk Score, and whether

the borrower has a mortgage. The loan features are the age of the loan, the outstanding

loan balance, whether the loan is held jointly with someone else, and the type of lender.

Outstanding loan balances are de�ated by the consumer price index (CPI) using June 1999

as the base period. Other than the lender type, these variables are similar to the variables

used in the literature (Agarwal (2008); An et al. (2020); Guo et al. (2022); Heit�eld and

Sabarwal (2004); Wu et al. (2018)). The loan and borrower age, mortgage status, and loan

balance for each loan are allowed to vary over time for each loan in our model. We use the

loan origination risk score of the borrower because movements in risk score may correlate

with changes in other model variables, such as macroeconomic outcomes. We categorize the

origination risk score into groups that broadly correspond to credit risk groupings typically

used by lenders, spanning from super prime (an Equifax Risk Score greater than 760) to deep

subprime (an Equifax Risk Score less than 560).11 All other loan and borrower characteristics

in the model are constant over the life of the loan.

The state-level macroeconomic variables we use are seasonally adjusted unemployment

data from the Bureau of Labor Statistics (BLS) and the all-transactions house price index

9The CCP does not always report if a borrower dies. When it is reported, we drop the loan.
10For the details of the Federal Reserve's process, see documentation from Board of Governors of the

Federal Reserve System https://www.federalreserve.gov/supervisionreg/�les/credit-risk-models.pdf.
11Because the Equifax risk score is based on an internal model used by Equifax, we consider the possibility

that the groupings we use may not match the credit score ranges commonly used. For robustness, we also
categorize borrowers based on the origination quintiles of their Equifax Risk Score. Our results do not change
using either approach.
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(HPI) from the Federal Housing Finance Agency. We follow Wu et al. (2018) and measure

these variables in terms of year-over-year changes. The Federal Reserve's stress test also

uses year-over-year changes in these two variables in its stress testing model, but their model

also includes the level of unemployment as well as interactions of these variables with credit

scores.12 In our model, we �nd a negative coe�cient on the level of unemployment associated

with transitions to default, so we drop it from our model. Furthermore, given the number

of other variables in our model, we do not interact unemployment change with credit score

groups. We also exclude state �xed e�ects from our model because we �nd that these

impair the accuracy of model predictions, and are likely highly correlated with the state-level

macroeconomic variables. Finally, we tried several other potentially relevant macroeconomic

variables such as Treasury rates, the prime rate, and used car price indices, but these were

not statistically signi�cant or meaningful in our estimation results, so we leave them out.

After cleaning and data construction, we have 296,388 unique loans and 1,668,736 total

observations. Table 4.1 describes the variables used in our empirical model. Table 4.2

provides summary statistics for the transition rates and variables used in the regression

analysis over the full sample from 2000-2025.

4.5 Empirical Framework

We use a discrete-time Markov transition framework where conditional probabilities of tran-

sition are estimated using a multinomial logit model. As discussed above, this approach has

been used in the mortage literature, but less so in the auto lending literature.

The bene�t of the transition matrix framework is that it takes into account movement

through the delinquency state and into the non-default exit state. Default modeling is often

used to construct a measure of cumulative default over a longer horizon in order to assess

the need for additional loss-absorbing capital. Multi-period-ahead forecasting using the

transition matrix approach takes into account the probabilistic movements between states

12See https://www.federalreserve.gov/supervisionreg/�les/credit-risk-models.pdf.
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when constructing a cumulative default probability.

The Markov approach uses a recursive structure for forecasting the likelihood of tran-

sitioning between states. For each set of possible borrowers, lenders, and macroeconomic

shocks let xit be a vector of characteristics for loan i and let zt be a vector of macroeco-

nomic shocks, at time t. Let yt be the vector of possible states for a loan. Conditioning the

state transitions on x and z, the Markov property assumes that

prob(yit+1 = k|yit = j,yit−1 = jt−1, ...,yit−k = jt−k;xit, zt)

= prob(yit+1 = k|yit = j;xit, zt) = pjk(xit, zt).

We let P (xit, zt) be the matrix of transition probabilities as a function of loan and borrower

characteristics and macroeconomic shocks at time t.

In our analysis, there are four states. A loan can be current (c), delinquent (dq), default

(df), or a non-default exit (e). The default and non-default exit states are absorbing states.

The transition matrix P (xit, zt) contains elements pjk(xit, zt) that describe each of the

possible transition probabilities at time t,

P(xit, zt) =



pc,c(xit, zt) pc,dq(xit, zt) pc,df (xit, zt) pc,e(xit, zt)

pdq,c(xit, zt) pdq,dq(xit, zt) pdq,df (xit, zt) pdq,e(xit, zt)

0 0 1 0

0 0 0 1


(4.1)

At this stage, the problem is to estimate the transition matrices P(xit, zt). Given the

need to estimate probabilities across states and the fact that the data represent semiannual

observations, we estimate conditional transition probabilities via maximum likelihood using

a discrete time multinomial logit model. Pooling the observations, the likelihood function of
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the multiomial logistic regression is

L =
N∏
i=1

T∏
t=1

P (yit = j | xit, zt)
1(yit=j)

=
N∏
i=1

T∏
t=1

4∏
j=1

[
exp(x′

itβj + z′
tγj)∑4

k=1 exp(x
′
itβk + z′

tγk)

]
1(yit=j)

The model assumes that the conditional log odds of transitioning to state k depend

linearly on a vector of loan and borrower characteristics xit for loan i and a vector of

macroeconomic variables zt with corresponding coe�cient vectors β and γ. Let pi,jk(xit, zt)

be the probability that loan i will transition from state j to state k at time t given xit and

zt. The model estimates

ln(
pi,jk(xit, zt)

pi,jj(xit, zt)
) = xitβjk + ztγjk for k ̸= j, (4.2)

which gives

pi,jk(xit, zt)

pi,jj(xit, zt)
= exp(xitβjk)exp(ztγjk) for k ̸= j

Exponentiation of the dependent variable is the probability of transition to state k relative

to the probability of staying in the baseline state j. This relative risk (RR) is an intuitive

way to interpret the coe�cient estimates of the multinomial logit. A coe�cient greater than

1 means that the relative probability of transitioning to a state increased more than the

probability of staying in the same state, holding other covariates �xed. We de�ne it as

RRi,k(xit, zt) =
pi,jk(xit, zt)

pi,jj(xit, zt)
for k ̸= j.
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The e�ect of a 1-unit change in xit on RR is

RRi,k(xit + 1, zt)

RRi,k(xit, zt)
=

exp(βik(xit + 1))

exp(βikxit)
= exp(βik)

with a similar equation for the e�ect of a 1-unit change in z.

Finally, solving for the conditional transition probabilities that enter into P (t),

pi,jk(xit, zt) =
exp(xitβjk)exp(ztγjk)

1 +
∑

k ̸=j exp(xi,t−1βjk)exp(ztγjk)
(4.3)

pi,jj(xit, zt) =
1

1 +
∑

k ̸=j exp(xitβjk)exp(ztγjk)
(4.4)

The multinomial logit model jointly estimates parameters of each transition equation

such that the estimated probabilities are constrained to be between 0 and 1 and sum to 1.

Because we are modeling the entire state space, we estimate a separate multinomial logistic

regression for the two starting states, current and delinquent. The estimated probabilities

correspond to the �rst two rows of (4.1). In all estimations, we cluster standard errors at

the loan level.

Our multinomial logit framework estimates discrete-time hazard functions for transitions

to the absorbing states of default and exit. In the discrete-time hazard literature, the hazard

is de�ned as the conditional probability of experiencing an event in period t, given survival

to period t. In our competing risks framework with multiple transient states (current and

delinquent), the cause-speci�c hazard functions are simply the transition probabilities to the

absorbing states:

hi,j→k(t|xit, zt) = pi,jk(xit, zt) for j ∈ {c, dq}, k ∈ {df, e}.

The baseline hazard is captured through loan age, which enters the linear predictor in

equation (4.2). We use a quadratic speci�cation of loan age (in months) to �exibly model
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duration dependence. As Lancaster (1990) demonstrates, misspeci�cation of the baseline

hazard can lead to biased parameter estimates. We compared several functional forms and

found the quadratic speci�cation provided the best �t in terms of the root mean squared

error, McFadden's pseudo-R2, and the Bayesian information criteria (see Appendix 4.12.1).

4.5.1 Multi-Period-Ahead Forecasts of Default

Estimating a cumulative probability of default or non-default exit over multiple periods is

commonly used by lenders for loss forecasting and by regulators for stress testing. This exer-

cise is straightforward in the Markov transition matrix framework, but requires assumptions

on the data given that the probabilities are conditional on changing loan and macroeconomic

variables. One method is to assume a path of macroeconomic variables while holding other

non-deterministic variables constant. In this setting, lenders and regulators can assess the

sensitivity of existing loan portfolios to macroeconomic shocks.

To estimate a cumulative probability of default and non-default exit, we need the initial

distribution of states that loans are in, π0; the initial distribution of loan and borrower

characteristics, (xi0, z0); how the deterministic characteristics change over time, e.g., loans

age deterministically, which we call x̃il to re�ect that only certain characteristics change over

time; the time path of the macro shocks z̃l; and the transition matrix P . The h-period-ahead

cumulative forecast of the distribution of states, π0+h is calculated by

π0+h = π0P(xi0, z0)P(x̃i1, z̃1) · · ·P(x̃ih, z̃h) (4.5)

4.6 Model Estimation

Using our chosen hazard speci�cation, we �rst estimate the full model speci�cation from

2000-2019 in order to understand relationships between model covariates and transitions

prior to potential distortions from the pandemic period. Tables 4.3 and 4.4 show the results
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of our estimation. In each table the coe�cients represent the marginal e�ects on the relative

risk of transition to a particular state compared with staying in the current state. For the

categorical variables that we include in the model that have more than two levels, credit

unions and origination risk scores greater than 760 are the reference groups for lender type

and origination risk score, respectively.

4.6.1 Transitions from the Current State

We �rst focus on the estimates of the transition from the current state. The loan and bor-

rower characteristics included in the model are almost all statistically signi�cant at the 1

percent level. Borrowers who are younger, in lower risk score groups, non-mortgage hold-

ers, further from origination, and do not have a joint account have higher relative risks of

transition into delinquency or default relative to remaining current. The impacts of low

risk scores are particularly pronounced. For example, the odds of a deep subprime borrower

transitioning from current to delinquency (default) relative to a transition to current for bor-

rowers with a risk score of at least 760 increase by a factor of 7000 percent (2200 percent).

The lender channel also shows meaningful e�ects, particularly for loans originated by auto

�nance companies. The odds of an auto �nance loan transitioning to delinquency (default)

relative to staying current and originating from a credit union are 70 percent (55 percent)

higher.

Borrowers with the highest origination risk scores, mortgage holders, and borrowers with

lower balances have relatively higher odds of transitioning to non-default exit. The absolute

magnitude of estimated e�ects for risk score and lender type on the relative risk of transi-

tioning to the non-default exit state is smaller than that those for transitioning to default.

The odds of a deep subprime (<560) borrower transitioning to exit relative to a transition

to current for borrowers with a risk score of at least 760 decrease by 17 percent. The relative

risks of exit for loans that originate from auto �nance lenders are 3 percent lower relative to

staying current and originating from a credit union.
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Unlike the coe�cients on risk score and lender type, the coe�cients on macroeconomic

variables are not always statistically signi�cant. A 1 percentage point increase in the year-

over-year change in the unemployment rate is associated with a 9 percent increase in the

relative risk of transitioning to default, but the other states do not show statistical signi�-

cance. A 1 percentage point increase in the annual HPI slightly decreases the relative risk

of transitioning to delinquency, and slightly increases the relative risk of transitioning to

non-default exit. While these e�ects seem small compared to credit score or lender e�ects,

large macroeconomic shocks during economic downturns can have larger e�ects on the rel-

ative risks. Indeed, this is the primary role for these variable in stress testing models that

condition on tail macroeconomic outcomes.

4.6.2 Transitions from the Delinquent State

For transitions from the delinquent state, estimated relative risk coe�cients on the bor-

rower and loan characteristics are again generally statistically signi�cant and intuitive. The

patterns in the current state model are similar to those in the delinquent state model, but

borrower age no longer matters statistically or in a meaningful way. Also, unlike starting

in the current state, an increase in the loan age results in a decrease in the relative risk of

transitioning into default for borrowers in the delinquent state. A loan originated from auto

�nance lenders increases the relative risks of transitioning to delinquency and default by 9

and 10 percent, respectively, relative to transitions into current by borrowers from credit

unions. The relative risks of transitions into delinquency and default for loans originated

with a risk score of less than 560 increase by 284 and 254 percent, respectively, relative to

transitions into current by borrowers with an origination credit score higher than 760. For

transitions into non-default exit, the results reverse such that the relative risks of exit are

decreased for loans originated from auto �nance companies and for borrowers with lower

credit risk scores.

The estimated e�ects of macroeconomic variables are not always signi�cant or intuitive.
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For the year-over-year change in unemployment, the e�ect is only statistically signi�cant

for transitions to the exit state, but the e�ect suggests that an increase in unemployment

increases the relative risks of non-default exit. As discussed earlier, it is possible that our

data-cleaning procedure for identifying defaults from transitions to non-default exit misses

some defaults. If that is the case, this measurement error could account for this �nding. The

estimated e�ects of a 1 percentage point increase in the annual HPI is statistically signi�cant

for the exit and default states, and suggests a slight increase in the relative risk of transition

to exit and a slight decrease in the relative risk of transition to default.

4.7 Rolling Regressions, Predicted Transition Probabili-

ties, and Coe�cient Instability

We now run rolling regressions to estimate period-by-period aggregate transition probabilities

and forecasted losses and then compare them to actual outcomes. We also examine how

estimated coe�cients and forecasted losses change as new data arrive and the model is

re-estimated with the new data.

We use the period from 2000-2006 as the initial in-sample period. In our rolling predic-

tions, we predict time t + 1 outcomes on the parameter estimates estimated on all data up

to time t. We then re-estimate the model parameters through all data as of t+1 and predict

outcomes at t+2, and so on. This process continues until the last data point in our sample,

ending in 2025.

Figure 4.6 plots the pseudo out-of-sample one-period-ahead forecasts (henceforth out-of-

sample) compared with actual outcomes. The rows of the plots correspond to the �rst two

rows of equation (4.1), summed over all loans at each time t. The red line in the �rst row

plots the transition probability for current loans, given the characteristics of current loans

at time t, and the red line in the second row plots the transition probabliity for delinquent

loans, given the characteristics of delinquent loans at time t. Red shaded areas represent 95
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percent con�dence intervals around each prediction. The solid black line is the fraction of

current or delinquent loans that actually transitioned to each new state from time t to time

t+1. The dashed vertical line is December 2006, which is where the out-of-sample forecasts

begin. (Forecasts in the plots prior to December 2006 are in-sample forecasts.)

The multinomial logit generally captures the patterns in the actual transition frequencies

during the in-sample period and the out-of-sample rolling forecasts. After 2006, the model

slightly underpredicts the transition from current to current in several periods, while it

overpredicts the transitions from current to non-default exit. Similarly, the model slighly

underpredicts transitions from delinquent to default, while it overpredicts from delinquent

to exit.

The most notable forecast errors occur in the �rst semiannual period of 2020 for tran-

sitions from current to default and delinquent to exit. In this period, actual default rates

declined, while the model predicted sharp increases in the transition probabilities. The next

largest forecast errors occur during the GFC. Unlike during the GFC, the default and exit

outcomes generally move in the same direction as the model predictions despite the model

overpredicting the outcomes.

Forecast errors can arise when conditional relationships between the transitions and co-

variates fundamentally change. Given the size and scope of the federal government's response

to Covid, this is a period where one would expect changes in these relationships. Our rolling

coe�cients allow us to examine how large these e�ects are on the estimated relationships.

We focus on the coe�cients in the current to default transition because current loans are a

much larger share of loans than delinquent loans and for one-period-ahead forecasts it will

have the largest impact on defaults.

We �rst examine the rolling standard deviation of the semiannual change in standardized

rolling relative risk coe�cients to look for evidence of coe�cient volatility. Figure 4.7 shows

the rolling standard deviations for transitions from current to default. With the exception

of the model intercept, all of the loan and borrower covariates typically have a semiannual
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change of less than 1 standard deviation in 2020. The highest volatility in the �rst semi-

nannual period of 2020 is in the seasonal �xed e�ect; presumably this rolling seasonal e�ect

is picking up some of the pandemic-related changes during this period. The next highest

volatility is in the unemployment coe�cient, which changes by 1.3 standard deviations in

June 2020 and the HPI change coe�cient is similar. The volatility of both macro coe�cients

is usually small except during the GFC and Covid shocks. Figure 4.8 shows the rolling

standard deviations for transitions from delinquent to exit. The coe�cient instability for

unemployment (nearly 3 standard deviations) was larger than for HPI.

While the coe�cients for unemployment and HPI show volatility spikes in June 2020, we

focus on unemployment for two reasons. First, unemployment experienced a much larger

shock in 2020 (Figure 4.9) compared to the relatively stable HPI (Figure 4.10), which did not

increase sharply until 2021. Second, the volatility of the unemployment coe�cient is larger

than that of the HPI coe�cient when looking across both the GFC and Covid recessions,

suggesting a more substantial change in default risk in response to unemployment shocks.

This suggests unemployment as the primary driver of forecast errors during the two recessions

in the rolling results.

Figure 4.11 reports the estimates of the unemployment coe�cients through time in the

rolling regressions. There is a large decline in this coe�cient for the current-exit and current-

default transitions during the GFC, and another sharp decline across four of the transition

probabilities in 2020. (This drop explains the increase in volatility of the unemployment

coe�cient in Figures 4.7 and 4.8.) Given the large forecast errors associated with transitions

from current-default in those two periods, we focus on the coe�cient associated with that

transition. At the beginning of the rolling estimation in December 2006, the marginal e�ect

of a 1 percentage point increase in unemployment was associated with an increase in the

relative risks of roughly 16 percent. After the GFC and before the pandemic, this e�ect

drops to slightly less than 10 percent, which then declines again to about 3 percent in the

post-pandemic period. Furthermore, the level of the e�ect after each decline is persistent, es-
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pecially in the post-2020 period. After 2020, the coe�cient stays low in the rolling regression

through the end of our sample in 2025.

It is instructive to understand how these coe�cients may have impacted the riskiest

segments of the borrower population. We compute the marginal e�ects for a representa-

tive subprime borrower across a grid of values for annual unemployment changes to further

illustrate the impact of an unemployment shock. We de�ne a representative subprime bor-

rower where the loan is originated by a bank and has an origination credit score of less than

560 while all other variables are held at their respective mean value across all borrowers.

Figure 4.12 plots the increase in probability of transition from current to default for given

year-over-year changes in US state unemployment. The x-axis represents a range of potential

year-over-year changes in US state unemployment, the y-axis represents the marginal e�ect

of a given change on the probability of transition from current to default.

In 2006, positive changes in unemployment of 10 percentage points (roughly the magni-

tude of the average unemployment change during the GFC) were associated with roughly a

1 percent increase in the probability of default. The size of the e�ect continues to increase

as unemployment increases. Comparing this to the marginal e�ects generated across the

same grid of annual unemployment increases in 2019 and 2021, it is only in 2006 that un-

employment has a meaningful e�ect on default probabilities at relatively large shocks to the

level of unemployment. There is a very small positive e�ect in 2019 between unemployment

changes between 10 to 20 percent, but the e�ect is small relative to 2006. By 2021, the e�ect

is e�ectively �at across the potential changes in annual unemployment.

These �gures provide evidence of instability, namely, a decline in the relationship between

unemployment and transitions to default after a large shock. The drop after 2020 should

not be surprising. During Covid, there were two signi�cant changes in the auto lending

environment. First, there was a large spike in the use of forbearance by auto lenders. Second,

the federal government made enormous transfers to households to o�set the macroeconomic

e�ects of Covid. These actions prevented many defaults, breaking down the traditional
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relationship between unemployment and transitions to default. Nevertheless, as we will see,

these two factors do not change the underlying �nding about instability.

4.7.1 Forbearance

Forbearance agreements between a borrower and lender allow for temporary reduction or

suspension of loan repayment, often requested by borrowers during periods of economic

hardships. One concern with our errors in forecasting default in 2020 is that they may be

driven by borrowers who entered into forbearance, so that the borrowers would have defaulted

had the contractual obligations of their loan not been changed by lenders. If characteristics of

the borrower or loan are correlated with forbearance usage, or if forbearance usage occurred

disproportionately in US states with larger spikes in unemployment, then some portion of

our 2020 forecast errors could be a result of forbearance. As previously shown, forbearance

increased to historically high levels in the same period of our default forecast errors.

To assess the degree to which loans that entered into forbearance change the forecast

results, we compare the out-of-sample predicted probabilities between the full set of loans

in our data and the set of loans that never enter into forbearance. Figure 4.13 shows the

results. The red line indicates the average predictions from the rolling regressions on the full

sample of loans; the blue line shows the average predictions for non-forbearance loans. The

two forecasts almost perfectly overlap, including the period of the large current-default and

delinquent-exit forecast errors in 2020. This suggests that forbearance does not explain our

�ndings.

4.7.2 Controlling for 2020 Interventions

As we discussed, federal government interventions were enormous during Covid and far ex-

ceeded any other peacetime period in US history, which should alter the relationship between

unemployment increases and defaults. To the extent that the pandemic represents an id-

iosyncratic period not representative of other recessionary periods, a simple way to control
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for this period is to include a dummy variable in the model for the pandemic period. We re-

estimate (4.2) for the current and delinquent starting states, but now add a dummy variable

equal to 1 during the semiannual periods from 2020 through 2021. If the dummy variable

absorbs pandemic-speci�c factors that temporarily altered the unemployment-transition re-

lationship, then the unemployment coe�cients should better re�ect the stable structural

relationship that holds in normal periods.

Figure 4.14 shows the rolling coe�cient estimates on the unemployment variable in the

model that includes dummy variables for the pandemic period. We still �nd evidence of

a declining relationship between unemployment and transitions to default. Relative to our

prior results, the unemployment coe�cient for the current-to-default transition declines more

slowly over the 2020-2021 period and settles at a slightly higher level, but qualitatively the

e�ect remains. We take this as evidence that the e�ects of the pandemic intervention are

persistent on auto lending default performance, so a pandemic period dummy does not fully

account for these e�ects.

4.8 Cumulative Forecasts

Lenders and regulators often construct cumulative forecasts of payo�s and default over time

in order to project future revenues and the amount of loss-absorbing funds needed over

a longer horizon. A two-year cumulative default rate is typically used in stress testing

applications. For these types of exercises, our Markov structure is valuable. We assess the

impact of the structural break in the relationship between unemployment and transitions to

absorbing states on two-year cumulative forecasts. As we showed in Figure 4.6, forecasted

transitions from current to delinquent were much higher than actual transitions. In this

section, we break down the e�ect on forecasts from the structural break in the unemployment

coe�cient versus other coe�cients.

In the predictions, we assume that the future path of macroeconomic variables is known,
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so that we are able to directly compare the model predictions to actual outcomes. For this

exercise, additional assumptions are needed around the future path of the remaining model

covariates. For borrower and loan characteristics that are deterministic (such as loan age

and borrower age) we allow them to vary as time progresses in the forecast period, but non-

deterministic variables that vary over time (such as outstanding loan balance and mortgage

status) are held constant as of the latest observed data. Using these assumptions on the path

of future data, (4.3) can be used to construct the time-varying predicted transition matrices

and (4.5) can be used to construct a cumulative forecast based on those matrices.

We decompose the impact of the changing relationships between unemployment and

transitions to default and exit by varying the parameters used to produce the cumulative

forecasts. We use three sets of model parameters that we refer to as pre-date, post-date, and

hybrid. The pre-date model coe�cients are estimated as of December 2019. The post-date

model uses the estimated coe�cients as of June 2020. The hybrid model uses all of the

post-date model parameters except for unemployment, and instead uses the unemployment

coe�cient as of December 2019. A comparison of these cumulative forecasts allows us to

estimate how much of the variation in cumulative forecasts comes from revised relationships

between unemployment versus the other model parameters.

Figure 4.15 shows the results of the default (left panel) and exit (right panel) forecasts

as they accumulate from the �rst forecast period of June 2020 through December 2021, and

Figure 4.16 plots the di�erences in the forecasts relative to actual outcomes at the end of the

two-year period. The default predictions for the pre-date model simulates what was possible

to forecast as of December 2019 if the path of unemployment and the HPI were known.

The divergence between the pre-date model and actual outcomes by the end of the two-year

cumulative forecast is roughly 100 basis points. As shown by Figure 4.16, this di�erence is

economically signi�cant and represents roughly a 25 percent overstatement in the predicted

cumulative default relative to actual outcomes.

The predictions from the post-date model still produce a cumulative forecast higher than
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the actual outcome, but the di�erential is reduced by roughly two-thirds. Di�erences between

the pre-date and post-date models point to the changes in coe�cients as explaining much of

the di�erence. The hybrid model breaks down the e�ect of changes in di�erent coe�cients.

The hybrid model predictions are roughly halfway between the pre-date and post-date model

predictions, which suggests that the change in the unemployment coe�cient accounts for half

of the di�erence in predictions and the other coe�cients account for the other half.

4.8.1 Borrower Risk Score and Lender Channels

Our model controls for borrower risk score and origination lender type, so we use that to

further examine how the cumulative forecasts di�er across these sources of loan heterogeneity.

Results along these dimensions will be correlated because banks and credit unions generally

originate loans to higher quality borrowers relative to auto �nance companies. Figure 4.17

plots default rates in our data by the origination risk score categories we use, ranging from the

least risky (760+) to the riskiest deep subprime borrowers (< 560). While default rates are

generally near zero for the least risky borrowers, they often increase more than 5 percentage

points for the riskiest borrowers. Figure 4.18 plots default rates for loans originated by the

lender categories that we observe in our data. Auto �nance loans typically have default rates

above 1.5 percent, and their default rates are usually at least a full percentage point higher

than those of banks or credit unions.

To highlight where the default forecast errors are largest using the model coe�cients as of

December 2019, we examine forecast errors in both absolute di�erences and as a percent of

the actual default rate. Figure 4.19 plots the cumulative default transition forecast di�erences

relative to actual outcomes by original risk score groupings. In absolute terms, the forecast

errors are largest for the riskiest borrowers, but in percent terms the forecast errors are largest

for the least risky borrowers. The absolute di�erence is re�ective of the higher default rates

for low-quality borrowers. Small errors, however, can be large in percentage terms for the

highest quality borrowers because they have very low default rates.
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Figure 4.20 plots the same analysis of cumulative forecast di�erences for origination

lender types. Similar to the risk score results, the absolute errors are largest for auto �nance

lenders, which originate loans to a larger share of risky borrowers. The percentage di�erence

is relatively higher for banks and credit unions, which hold less risk in their auto loan

portfolios and face lower default rates.

Stress testing is concerned with forecasted losses in levels so inaccuracies in level forecasts

can be economically meaningful for lenders or regulators in terms of capital levels. Alterna-

tively, percentage forecast errors relative to realized default rates highlight model calibration

issues in the statistical sense, that is, whether predicted probabilities match actual default

frequencies across the risk distribution. For example, because default rates among the safest

borrowers are low, small deviations can lead to large percentage errors, mischaracterizing

the macroeconomic sensitivity of safer borrowers and distorting risk di�erentiation across

the credit risk distribution. The percentage forecast errors we �nd are notable because the

majority of auto lending is made to higher quality borrowers, so that small absolute errors

can aggregate to large errors for an overall portfolio of loans. This can have large economic

implications for loss planning for lenders in addition to the large absolute errors for the

riskiest segments of the loan population.

4.8.2 Oaxaca-Blinder Decomposition

While we �nd evidence that the statistical relationship between unemployment and default

changed in 2020 and that this change explains the large forecast error, it is possible that the

forecast error is also due to changes in borrower and loan characteristics. To evaluate this

possibility, we follow Fairlie (2005) and use a nonlinear Oaxaca-Blinder decomposition on our

data and rolling coe�cient estimates. This procedure involves computing average predicted

probabilities from the data and model coe�cients in two di�erent periods, a baseline period

and an alternative period. The total di�erence in the average predicted probabilities over

the two periods is then decomposed into components explained by the changes in loan data,
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macroeconomic data, and the estimated coe�cients.

We set December 2019 as the baseline period and December 2021 as the alternative

period. The predictions use various combinations of the borrower and loan characteristics

x, macroeconomic variables z and the estimated borrower and loan coe�cients β̂ and the

estimated macro shock coe�cients γ̂ from each of the two time periods. Taking our model's

average predicted probabilities for transitions from state j to state k as pjk, de�ne the total

change in average predicted probabilities between the baseline 2019 period b and alternative

2021 period a

∆Total = pjk(xa, za; β̂a, γ̂a)− pjk(xb, zb; β̂b, γ̂b) (4.6)

∆Borrower = pjk(xa, zb; β̂a, γ̂a)− pjk(xb, zb; β̂a, γ̂a) (4.7)

∆Macro = pjk(xa, za; β̂a, γ̂a)− pjk(xa, zb; β̂a, γ̂a) (4.8)

∆Coefficient = pjk(xb, zb; β̂a, γ̂a)− pjk(xb, zb; β̂b, γ̂b) (4.9)

This speci�cation examines what explains the di�erence between predictions for 2021

made in 2019 and the in-sample prediction for 2021 made using the rolling regression esti-

mated through 2021. The coe�cient e�ect measures how much the model change matters

when applied to 2019 conditions, while the borrower and macro e�ects measure how much

data changes matter when evaluated with the new model. In this decomposition, coe�-

cients are updated holding the data �xed at the baseline. Then, holding coe�cients �xed

at the alternative levels, borrower composition is updated holding macro variables �xed at

baseline levels and macro variables are updated holding borrower characteristics �xed at

alternative levels. This allows the total predicted change to be decomposed as the sum of

the components,

∆Total = ∆Borrower +∆Macro +∆Coefficient (4.10)
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To examine the relative contributions to the total e�ects, Figure 4.21 plots the percent of

the total e�ect explained by each component for the two absorbing states. The results show

that macroeconomic changes dominate (60-70 percent), re�ecting the massive unemployment

spike from 3 to 13 percent. Even with the weakened unemployment sensitivity captured by

2021 coe�cients, this shock is so large it overwhelms other factors. The coe�cient e�ect

(20-30 percent) captures the model change, but is smaller because it is evaluated on 2019

data when unemployment is low. The borrower composition e�ect is much smaller than the

macroeconomic e�ect (18 percent), ruling out composition changes as the primary driver of

the forecast errors.13

The decomposition results are consistent with a large macroeconomic shock that generates

a large forecast error rather than the error being meaningfully impacted by changes in

borrower composition. Taken together, our results show that the resulting forecast errors

are generated by a large change in the macroeconomic data rather than a large change in

the underlying population of borrowers.

4.8.3 Comparison to Binomial Discrete-Time Hazard Model

A simpler approach to estimating probabilities of default for discrete-time survival analysis

or hazard modeling is to use a single binary outcome regression. Indeed, papers in the aca-

demic literature as well as regulatory stress testing models rely on this approach rather than

constructing an entire transition matrix. The binomial discrete-time hazard model estimates

the probability of default without taking into account probabilistic movement throughout

the state space and the competing risk of non-default exit. The binomial approach may

be appropriate when loan dynamics are relatively simple�for instance, when exit rates are

low, cure rates are minimal, and state transitions are rare. However, when these simplifying

assumptions are violated, the binomial model can produce biased forecasts.

Our historical transition rates across states motivate why we might care about the tran-

13Given that the e�ects are nonlinear, Fairlie (2005) notes that the ordering of the e�ects matters. An
alternative ordering of the e�ects produces nearly identical results.
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sition approach. On average, there is a 40 percent probability that loans in our sample

that start as delinquent will �cure" to current, and more than a 12 percent probability that

loans starting as current will exit without default. Failing to take these probabilities into

account when estimating a cumulative probability can impact the accuracy of the estimates,

especially in multi-period-ahead forecasts.

For comparison, we estimate a binomial discrete-time hazard model. The binomial model

takes the form

ln

(
pi,df (t)

1− pi,df (t)

)
= xitβ + ztγ (4.11)

where pi,df (t) represents the 1-period-ahead probability of default for loan i at time t. Solv-

ing for pi,df , the h-period-ahead cumulative probability of default P h
it , accounting for the

probability of surviving each previous period, can be recursively constructed as

P 1
it = pi,df (t)

P 2
it = P 1

it + (1− P 1
it) · pi,df (t+ 1)

...

P h
it = P h−1

it + (1− P h−1
it ) · pi,df (t+ h− 1)

Note that this speci�cation accounts for survival (non-default) but not for exits or state

transitions. A loan that exits in period t = 2 continues to enter the survival probabil-

ity calculation in subsequent periods, and a delinquent loan that cures continues to face

delinquent-state default probabilities. This contrasts with the transition matrix approach,

where the state vector P (xit, zt) dynamically adjusts to re�ect exits, cures, and risk transi-

tions.

We estimate (4.11) using our data from 2000-2019 and use it to produce two-year cu-

mulative forecasts over the period 2020-2021. As previously shown in Figure 4.4, actual
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transitions to default declined during that period, but transitions from current to exit and

from delinquent to current both increased. Figure 4.22 plots the path of the cumulative

default predictions implied by the binomial logit model and the Markov transition and the

actual cumulative default outcomes over the 2020-2021 period. The initial forecast in June

2020 is roughly equivalent between the two models. However, by the end of the forecast

period, the binomial model produces a cumulative forecast error that is 34 percent higher

than the actual cumulative outcome while the Markov transition matrix is 24 percent higher.

While the Markov model produces lower cumulative forecast errors during the 2020-

2021 period, it is instructive to better understand if the Markov transition model may be

more accurate in capturing the dynamics of borrower transitions across other periods in our

sample. We use both models to produce a two-year cumulative forecast at each semiannual

period in our sample, allowing the macroeconomic variables to evolve as they actually did

and treating the loan characteristics as previously described. Table 4.5 shows the total

cumulative forecast error comparison between the Markov transition matrix and the binomial

model across all time periods. The Markov transition model has lower cumulative forecast

errors across standard measures that include the mean absolute error (MAE), the mean

absolute percentage error (MAPE), and root mean squared error (RMSE). Figure 4.23 plots

the rolling two-year cumulative default forecast errors for the Markov transition matrix and

binomial logit model at each date in our sample. The Markov transition model produces

lower cumulative forecast errors in almost all periods, with the exception of several years

from 2015-2017 when the exit transition forecasts deteriorated and in 2025.

These results imply that the Markov transition model's estimated overprediction of cu-

mulative default rates using estimated model parameters as of 2019 are conservative relative

to simpler modeling approaches that may be used by lenders and regulators. It also implies

that the forecast errors in the binomial model will be driven not only by the unstable sensi-

tivity of default rates to unemployment, but also by the fact that the binomial model does

not account for all of the dynamic transitions across the state space.
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4.9 Conclusion

We estimate a Markov transition model of auto loan performance over the period from 2000-

2025 using a panel of semiannual loan-level data. The pandemic period was characterized by

large changes in macroeconomic variables typically used to model loan performance under

stress, but loan performance did not deteriorate in 2020-2021 in part due to large government

transfers that o�set the shocks. We examined the implications for loss forecasting using our

model to produce forecasts in a rolling pseudo out-of-sample framework. We also document

a lender channel of loan performance risk, where the riskiest loans are originated by the auto

�nance industry.

Using the Markov transition framework, we produce multi-period-ahead forecasts that

take into account the probabilistic movements between states of loan performance. We �nd

large single and multi-period-ahead default forecast errors during the pandemic period and in-

stability in the estimated parameters on unemployment. The forecast errors are attributable

the instability of the unemployment coe�cient in the model that occurs after large aggre-

gate shocks, �rst during the 2007-2009 recession and again during the 2020 Covid recession.

Moreover we showed that the instability leads to persistently lower levels of sensitivity to

unemployment shocks for loans that transition to default rather than eventually returning

to prior levels. Counterfactual forecasts and Oaxaca-Blinder decompositions showed that

the forecast errors and coe�cient instability were primarily driven by the model learning

the revised relationships between unemployment and loan performance outcomes. We show

that forbearance does not appear to explain the unstable relationship during Covid, and

robustness tests that attempt to control for the 2020-2021 period using dummy variables do

not improve the forecast errors or parameter instability.

The results suggest that the relationship between unemployment and auto loan default is

declining to a point where it is nearly meaningless for loan default predictions. If our model

were used to evaluate policies around auto loan defaults, there are obvious connections to

the Lucas critique (Lucas (1976)) given the reduced-form relationships used to model the
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impact of macroeconomic outcomes on aggregate loan performance. Given how common un-

employment is in reduced-form models of consumer loan loss forecasting, these �ndings are

concerning for lenders and regulators that rely on these estimated relationships to correctly

forecast future losses. Future work could examine how structural approaches to loan loss

modeling may improve on forecasts of loan performance in periods where government inter-

ventions or changes in lending practices due to a recession change statistical relationships.
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Table 4.1: Analysis variables used in multinomial logit.

Variable Description Source

Loan Age Loan age in months. FRBNY Consumer Credit
Panel / Equifax Data

Loan Age (squared) Loan age in months
(squared).

FRBNY Consumer Credit
Panel / Equifax Data

Risk Score Equifax risk score group at
origination. One of <560,
560-619, 620-659, 660-719,
720-760, 760+

FRBNY Consumer Credit
Panel / Equifax Data

Lender Lender type. One of auto
�nance, bank, or credit
union.

FRBNY Consumer Credit
Panel / Equifax Data

Borrower Age Borrower age (years). FRBNY Consumer Credit
Panel / Equifax Data

Joint Account Equal to 1 if tradeline is a
joint account, 0 otherwise.

FRBNY Consumer Credit
Panel / Equifax Data

First Mortgage Flag (t-1) Equal to 1 if borrower is a
�rst mortgage holder as of
the prior period, 0 other-
wise.

FRBNY Consumer Credit
Panel / Equifax Data

Ln(Balance) (t-1) Natural log of outstanding
balance in the prior period.

FRBNY Consumer Credit
Panel / Equifax Data

Annual Unemployment
Change

Annual change in US state
unemployment.

BLS

Annual HPI Change Annual change in US state
House Price Index

FHFA

Seasonal Flag Equal to 1 if period is in
December-May, 0 otherwise.

FRBNY Consumer Credit
Panel / Equifax Data
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Table 4.2: Summary statistics of analysis variables, biannual observations from 2000�2025.

Variable N Mean SD Min P50 Max

Current 1668736.00 0.82 0.38 0.00 1.00 1.00

30-89 DPD 1668736.00 0.03 0.16 0.00 0.00 1.00

90+ DPD 1668736.00 0.01 0.11 0.00 0.00 1.00

Non-Default Exit 1668736.00 0.14 0.34 0.00 0.00 1.00

Loan Age (months) 1668736.00 24.51 17.49 0.00 21.00 108.00

Equifax Risk Score 1668736.00 690.69 104.37 280.00 710.00 841.00

Borrower Age 1668736.00 45.97 14.34 17.00 45.00 99.00

Joint Account 1668736.00 0.43 0.50 0.00 0.00 1.00

Remaining Balance 1668736.00 11005.85 7234.20 0.52 9704.76 129598.15

First Mortgage Flag 1668736.00 0.31 0.46 0.00 0.00 1.00

Annual Change in State Unemployment (p.p.) 1668736.00 -0.04 2.26 -17.47 -0.27 20.63

Annual State House Price Index Change (p.p.) 1668736.00 4.65 6.65 -30.16 4.68 30.54

Source: FRBNY Consumer Credit Panel / Equifax Data, FHFA, BLS, Authors' calculations.
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Table 4.3: Current State Multinomial Logit Results

y = Transitions from Current State

Current-Delinquent Current-Exit Current-Default

Intercept 0.000*** 306.610*** 0.032***

[0.000, 0.000] [306.531, 306.689] [0.032, 0.032]

Lender: Auto Finance 1.705*** 0.967*** 1.551***

[1.694, 1.716] [0.954, 0.980] [1.550, 1.553]

Lender: Banks 1.037*** 1.016** 0.886***

[1.033, 1.041] [1.001, 1.032] [0.885, 0.886]

Loan Age (months) 1.041*** 1.004*** 1.037***

[1.038, 1.044] [1.003, 1.005] [1.033, 1.041]

Loan Age 2 1.000*** 1.000*** 1.000***

[1.000, 1.000] [1.000, 1.000] [1.000, 1.000]

Equifax Risk Score: 720-759 3.003*** 0.951*** 1.553***

[3.002, 3.004] [0.938, 0.964] [1.553, 1.553]

Equifax Risk Score: 660-719 7.572*** 0.940*** 2.735***

[7.559, 7.585] [0.929, 0.951] [2.735, 2.736]

Equifax Risk Score: 620-659 17.505*** 0.953*** 4.905***

[17.464, 17.546] [0.940, 0.966] [4.904, 4.907]

Equifax Risk Score: <560 69.243*** 0.827*** 22.227***

[68.077, 70.429] [0.815, 0.839] [22.188, 22.265]

Borrower Age 0.995*** 0.997*** 0.993***

[0.994, 0.996] [0.996, 0.997] [0.992, 0.995]

First Mortgage Flag (t-1) 0.845*** 1.070*** 0.687***

[0.843, 0.846] [1.058, 1.083] [0.687, 0.687]

Ln(Balance) (t-1) 1.277*** 0.438*** 0.721***

[1.269, 1.284] [0.437, 0.439] [0.715, 0.727]

Joint Account 0.917*** 0.961*** 0.868***

[0.916, 0.917] [0.950, 0.972] [0.868, 0.868]

Annual Unemployment Change 1.008 0.998 1.089***

[0.995, 1.021] [0.993, 1.003] [1.070, 1.109]

Annual HPI Change 0.990*** 1.012*** 1.003**

[0.988, 0.992] [1.011, 1.013] [1.000, 1.007]

Seasonal E�ect (Jan-June = 1) 0.821*** 1.011** 0.788***

[0.821, 0.822] [1.001, 1.022] [0.788, 0.789]

Num.Obs. 1181077

R2 0.110

R2 Adj. 0.110

Pseudo-R2 0.11

AUC 0.71

Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations. Model es-
timated on sample data from 2000-2019. Coe�cients represent relative risks. *, **, ***
represent statistical signi�cance at 0.1, 0.05, and 0.01 levels, respectively. 95 percent con�-
dence intervals shown in brackets. Standard errors are clustered at the tradeline level.
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Table 4.4: Delinquent State Multinomial Logit Results

y = Transitions from Delinquent State

Delinquent-Delinquent Delinquent-Exit Delinquent-Default

Intercept 0.263*** 379.628*** 133.403***

[0.262, 0.263] [378.849, 380.410] [133.181, 133.627]

Lender: Auto Finance 1.086*** 0.818*** 1.096***

[1.045, 1.129] [0.789, 0.847] [1.050, 1.144]

Lender: Banks 0.866*** 1.113*** 0.929***

[0.842, 0.891] [1.083, 1.144] [0.901, 0.957]

Loan Age (months) 0.996 0.987*** 0.942***

[0.989, 1.003] [0.977, 0.996] [0.935, 0.949]

Loan Age 2 1.000*** 1.000*** 1.001***

[1.000, 1.000] [1.000, 1.001] [1.001, 1.001]

Equifax Risk Score: 720-759 1.565*** 0.757*** 1.170***

[1.560, 1.569] [0.755, 0.758] [1.168, 1.172]

Equifax Risk Score: 660-719 1.559*** 0.889*** 1.298***

[1.467, 1.658] [0.873, 0.905] [1.269, 1.329]

Equifax Risk Score: 620-659 2.080*** 0.912*** 1.634***

[1.977, 2.190] [0.882, 0.943] [1.561, 1.711]

Equifax Risk Score: <560 2.843*** 0.862*** 2.542***

[2.722, 2.969] [0.816, 0.912] [2.428, 2.662]

Borrower Age 1.002** 1.000 0.998

[1.000, 1.005] [0.997, 1.004] [0.996, 1.001]

First Mortgage Flag (t-1) 0.875*** 0.991 0.541***

[0.822, 0.930] [0.975, 1.008] [0.528, 0.555]

Ln(Balance) (t-1) 1.013 0.453*** 0.601***

[0.997, 1.030] [0.442, 0.464] [0.590, 0.611]

Joint Account 0.958* 0.925*** 0.925***

[0.914, 1.004] [0.896, 0.956] [0.878, 0.975]

Annual Unemployment Change 1.008 1.057*** 0.994

[0.982, 1.034] [1.017, 1.099] [0.964, 1.023]

Annual HPI Change 1.001 1.021*** 0.989***

[0.996, 1.006] [1.013, 1.029] [0.984, 0.995]

Seasonal E�ect (Jan-June = 1) 0.860*** 0.882*** 0.753***

[0.821, 0.900] [0.854, 0.910] [0.715, 0.793]

Num.Obs. 29835

R2 0.048

R2 Adj. 0.048

Pseudo-R2 0.05

AUC 0.65

Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations. Model estimated
on sample data from 2000-2019. Coe�cients represent relative risks. *, **, *** represent statistical
signi�cance at 0.1, 0.05, and 0.01 levels, respectively. 95 percent con�dence intervals shown in
brackets. Standard errors are clustered at the tradeline level.
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Table 4.5: Comparison of pseudo out-of-sam-
ple 2-year cumulative forecast errors
across 2007-2025.

Model MAE MAPE RMSE

Binomial Logit 0.79 18 1

Markov Transition 0.44 9.9 0.5
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4.11 Figures
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Figure 4.1: Multinomial logit estimates of US state unemployment coe�cients for auto
loan transitions from current to default in pseudo out-of-sample estimations, 2007-2025.
Estimation variables include loan age, lender type, loan characteristics, and year-over-year
changes in US state unemployment and HPI. Shaded areas represent 95 percent con�dence
intervals, where standard errors are clustered at the loan level. Source: FRBNY Consumer
Credit Panel / Equifax Data, Authors' calculations
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Figure 4.2: Lender types as a percent of total outstanding loans. Source: FRBNY Con-
sumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.3: Origination Equifax Risk Scores as a percent of total outstanding loans. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.4: Actual transition rates by starting state, December 2000-June 2025. Note:
transition rates for �rst few periods are distorted due to censoring at the beginning of the
dataset. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.5: Auto loan forbearance usage, semiannual data from 2000-June 2025. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.6: Time path of current and delinquent-state transition probabilities from pseudo
out-of-sample estimation. Estimation variables include loan age, lender type, loan character-
istics, and year-over-year changes in US state unemployment and HPI. The red line represents
pseudo out-of-sample forecasts and the black line represents actual outcomes. Red shaded
areas represent 95 percent con�dence intervals, where standard errors are clustered at the
loan level. Dashed line indicates December 2006, when the rolling regressions start. Pre-
December 2006 estimates are in sample. Source: FRBNY Consumer Credit Panel / Equifax
Data, Authors' calculations
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Figure 4.7: Rolling standard deviations of semiannual change in estimated relative risk
coe�cients for transitions from current to default. Note: Risk Score refers to the Equifax
Risk Score. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.8: Rolling standard deviations of semiannual change in estimated relative risk
coe�cients for transitions from delinquent to exit. Note: Risk Score refers to the Equifax
Risk Score. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.9: US state unemployment; semiannual data from 2000-June 2025. The solid line
represents the average; the shaded area represents the 5th-95th percentiles. Source: BLS
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Figure 4.10: US state house price index; semiannual data from 2000-June 2025. The solid
line represents the average; the shaded area represents the 5th-95th percentiles. Source:
FHFA
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Figure 4.11: Multinomial logit estimates of US state unemployment coe�cients during
pseudo out-of-sample estimations, 2007-2025. Estimation variables include loan age, lender
type, loan characteristics, and year-over-year changes in US state unemployment and HPI.
Shaded areas represent 95 percent con�dence intervals, where standard errors are clustered
at the loan level. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calcu-
lations
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Figure 4.12: For a representative subprime borrower, the increase in the probability of
transition from current to default for given year-over-year changes US state unemployment
during December 2006, December 2019, and December 2021. Shaded areas represent 95
percent con�dence intervals, where standard errors are clustered at the loan level. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations



145

Figure 4.13: Estimated rolling regression transition probabilities on the full sample com-
pared to the same estimation on on a sample that excludes loans that enter into forbearance.
The red line represents pseudo out-of-sample predictions from the full sample and the blue
dashed line represents pseudo out-of-sample predictions from a sample excluding loans in
forbearance. Estimation variables include loan age, lender type, loan characteristics, and
year-over-year changes in US state unemployment and HPI. Dashed line indicates December
2006, when rolling regressions start. Source: FRBNY Consumer Credit Panel / Equifax
Data, Authors' calculations
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Figure 4.14: Covid Dummy Variable Results: Multinomial logit estimates of US state
unemployment coe�cients during pseudo out-of-sample estimations, 2012-2025. Estimation
variables include loan age, lender type, loan characteristics, year-over-year changes in US
state unemployment and HPI, and a dummy variable for 2000 and 2001. Shaded areas
represent 95 percent con�dence intervals, where standard errors are clustered at the loan
level. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.15: Cumulative 2-year forecasts from 2020-2021. Source: FRBNY Consumer
Credit Panel / Equifax Data, Authors' calculations
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Figure 4.16: Cumulative 2-year forecast di�erences relative to actual outcomes. Cumula-
tive forecasts over the period 2020-2021, di�erences computed as of December 2021. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.17: Default rates by original risk score group, December 2016-2025. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations



150

Figure 4.18: Default rates by lender type, December 2016-2025. Source: FRBNY Con-
sumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.19: Cumulative 2-year forecast di�erences relative to actual outcomes, by original
risk score groups. Cumulative forecasts over the period 2020-2021, di�erences computed
as of December 2021. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors'
calculations
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Figure 4.20: Cumulative 2-year forecast di�erences relative to actual outcomes, by lender.
Cumulative forecasts over the period 2020-2021, di�erences computed as of December 2021.
Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.21: Oaxaca-Blinder decomposition on transition probabilities using the methods
of Fairlie (2005). Baseline period is December 2019, alternative period is December 2021.
Borrower and macro decompositions evaluated using alternative period coe�cients. Source:
FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.22: Comparison of Markov transition model and binomial logistic discrete-time
hazard model cumulative 2-year forecasts from 2020-2021. Source: FRBNY Consumer Credit
Panel / Equifax Data, Authors' calculations
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Figure 4.23: Comparison of rolling cumulative two-year default forecast errors between
Markov transition model and binomial logistic discrete-time hazard model. Source: FRBNY
Consumer Credit Panel / Equifax Data, Authors' calculations
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4.12 Appendix

4.12.1 Hazard Speci�cation

Prior to estimating our full model, we examine how loan age may explain transition proba-

bilities so that we can specify the functional form to use for age in the main model. Di�erent

choices in modeling the hazard function (such as exponential, Gompertz, Weibull or non-

parametric) embed assumptions about how risk evolves over time. An incorrectly speci�ed

hazard can lead to biased estimates of covariate e�ects, misleading predictions about survival

probabilities, and erroneous conclusions about duration dependence. For instance, impos-

ing a monotonically increasing hazard function when the true hazard is non-monotonic can

mask critical periods of heightened or reduced risk. As Lancaster (1990) demonstrates, these

speci�cation errors can fundamentally alter conclusions derived from the estimated model.

We begin by estimating a model that conditions transitions only on various transforma-

tions of loan age and excludes other covariates. We estimate the model over 2000-2019 to

remove e�ects from the pandemic period. Following Wu et al. (2018), we compare the fol-

lowing speci�cations: Exponential, Gompertz, quadratic, Weibull, and nonparametric. The

exponential form assumes a constant hazard; thus, the loan age drops out of the model alto-

gether. The Gompertz assumes a log-linear relationship between the log odds of default and

the hazard, and the quadratic o�ers more �exibility by allowing for non-monotonicity. The

Weibull speci�cation results in a log transformation to be placed on the loan age. Finally,

we specify a nonparametric hazard by creating indicator variables for each year of the loan's

life, grouping all loans greater than 5 years old into one �nal category due to a relatively

small number of observations in that grouping.

We assess the in-sample �t of these competing speci�cations so that the data inform

our choice of a hazard function for the main model. Our ideal speci�cation will balance

model �t and predictive accuracy with a parsimonious speci�cation to avoid over-�tting. We

evaluate model speci�cation along these criteria using the root mean squared error (RMSE),
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McFadden's pseudo-R2, and the Bayesian information criteria (BIC). Given that much of

our focus is on aggregate outcomes, we compute the RMSE as the di�erence between the

average predicted probabilities and actual relative frequency of outcomes. The pseudo-R2

and BIC are computed normally using all of the observations.

Tables 4.A1 and 4.A2 show the model selection statistics for the current and delinquent

models. Across both models the quadratic and nonparametric approaches generally have the

best results. For the current state, the nonparametric speci�cation has the smallest RMSE,

while the quadratic has the largest pseudo-R2 and smallest BIC. In the delinquent model, the

quadratic has the lowest RMSE and BIC, and a pseudo-R2 comparable to the nonparametric

speci�cation. Given these results, we choose the quadratic speci�cation in our analysis for

its simplicity and parsimonious speci�cation relative to the nonparametric approach.

4.12.2 Regression Results: 2000-2006

To examine estimated relationships prior to the GFC, we produce tables of our multinomial

logit regression results estimated over the 2000-2006 period. Tables 4.A3 and 4.A4 show the

results of our estimation for transitions from current and delinquent, respectively. As before,

the coe�cients represent the marginal e�ects on the relative risk of transition to a particular

state compared with staying in the current state. Credit unions and origination risk scores

greater than 760 are the reference groups for lender type and origination risk score.

Although the magnitudes of various parameter estimates di�er in magnitude compared

to the 2000-2019 sample period, the estimated relationships for lender type and loan chac-

teristics that are statistically signi�cant generally hold. For the macroeconomic variables,

unemployment has a larger e�ect on the relative risk of transitioning from current-default

in the 2000-2006 sample. Unemployment also has a counterintuitive e�ect on transitioning

from both current-exit and delinquent-exit in the earlier sample, so that an increase in un-

employment is associated with a higher relative risk of transition to that state. This could

again be a result of measurement error from loans that were classi�ed as exiting the sample
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but that actually defaulted. The estimates for HPI generally agree with the longer sample

period except for the current-default state, where there is a small but positive relationshio

between an increase in HPI and transitions from current-default. Across the macroeconomic

variables, the absolute change in the unemployment coe�cient for transitions from current-

default between the 2000-2006 and 2000-2019 sample periods is relatively the largest.

4.12.3 Forecasts and Parameter Instability by Lender Type

We use the lender types associated with each loan in our data to examine if the relationship

between unemployment and transitions to default and exit states changes di�erently in 2020

by lender type. To do this, we re-estimate the rolling out-of-sample framework on loans

strati�ed by lender type so that we have lender-speci�c models and predictions. For statistical

power, we focus on the broader lender types that we observe for our full sample period.

Figures 4.A1, 4.A2, and 4.A3 show these results for auto �nance, bank, and credit union

loans, respectively.

Focusing on transitions to default, loans originated from auto �nance companies generally

have more frequent occurrences of default relative to other lender types. The absolute

forecast error for transitions from current to default is lowest for the auto �nance loans,

suggesting the relationship between unemployment and default transitions may have been

more stable. For banks and credit unions, the absolute forecast errors for transitions from

current to default in 2020 are larger, both more than 1 percentage point higher than for

auto �nance loans. The other notable source of forecast error in 2020 is transitions from

delinquent to exit. This discrete jump in predicted exits during 2020 occurs primarily for

auto �nance companies.14 We are cautious not to over-interpret those errors due to the

potential for measurement error in that state.

Figures 4.A4, 4.A5, and 4.A6 con�rm the coe�cient instability on the unemployment

variable is associated with the size of the forecast errors by lender. The largest amount of

14A discrete jump in the transitions from delinqeient to exit also occurs for credit union loans, but not
until 2021 when the underlying HPI data began to spike.
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instability for transitions from current to default is observed for banks and credit unions.

In both cases, the marginal e�ect of the year-over-year change in unemployment decreases

by roughly 15 percentage points in 2020. After 2020, the estimated e�ect of unemployment

is statistically zero for banks and credit unions, and remains that way until the end of the

sample period. The rolling coe�cients for unemployment on delinquent to exit transitions

are statistically signi�cant only for auto �nance loans prior to 2020, and drop by roughly

10 percentage points to statistically zero levels after 2020. Despite some volatility in 2020,

these coe�cients are statistically zero for other lender types for most of the out-of-sample

period.

4.12.4 Forecasts and Parameter Instability with Alternative Macroe-

conomic Speci�cations

Model without macroeconomic variables

Given the instability in the unemployment coe�cients and the resulting forecast errors, it

is instructive to understand how a model that excludes these variables might perform. We

re-estimate the rolling regression model excluding macroeconomic variables, again treating

June 2000-December 2006 as the initial in-sample period.

Figure 4.A7 plots the resulting semiannual out-of-sample forecasts. Not surprisingly, fore-

cast errors for transition to default decline during the GFC and Covid recessions. However,

forecast errors worsen for transitions to the exit state. This is reinforced by the two-year

cumulative forecast from 2019-2021 using this model, as shown in Figure 4.A8. Relative to

the model that includes macroeconomic variables, the cumulative forecast errors are smaller

across models that use parameters from before or after 2020, but all of the parameter choices

perform worse for the exit state. This suggests that a model without macro variables may

improve forecasts for certain absorbing state transitions, but at the expense of others.
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Model with additional macroeconomic variables

As an alternative to excluding macroeconomic variables, we consider additional macroeco-

nomic variables beyond just year-over-year changes in unemployment and HPI to examine

if the additional macroeconomic dynamics improve forecast accuracy. Following Heit�eld

and Sabarwal (2004), we include the annual di�erence in one-year Treasury rates to capture

incentives to re�nance during periods of low interest rates. While our data do not include

information on loan-to-value ratios, we attempt to capture changes in the market value of

auto loans by including the annual percentage change in the consumer price index for used

vehicles obtained from the Bureau of Labor Statistics.15 We also control for the level of un-

employment as opposed to only the year-over-year change in order to capture both observable

deterioration and severity of unemployment at a given time. Figure 4.A9 plots the resulting

semiannual out-of-sample forecasts. The forecasts are nearly identical to the forecasts that

include only unemployment and HPI. This o�ers some evidence that the forecast errors and

parameter instability are not a result of additional macroeconomic dynamics missing from

the model.

4.13 Appendix Tables and Figures

15Speci�cally, we use the consumer price index for all urban consumers based on average prices of used
cars and trucks in US cities.
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Table 4.A1: Current State Model Hazard Fit
Comparison.

Model RMSE Pseudo-R2 BIC

Exponential 17.3 0 1292080

Gompertz 6.2 0.048 1230154

Quadratic 7.4 0.051 1226555

Weibull 11.7 0.034 1248651

Nonparametric 6 0.048 1230430

Fit statistics for various speci�cations of the haz-
ard function in the model of transitions from the
current state. All speci�cations estimated only
with a hazard function and no other covariates
to determine best �t.

Table 4.A2: Delinquent State Model Hazard Fit
Comparison.

Model RMSE Pseudo-R2 BIC

Exponential 12.5 0 76895

Gompertz 7.5 0.021 75304

Quadratic 6.5 0.025 75062

Weibull 8.8 0.019 75448

Nonparametric 7.1 0.025 75188

Fit statistics for various speci�cations of the
hazard function in the model of transitions
from the delinquent state. All speci�cations
estimated only with a hazard function and no
other covariates to determine best �t.
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Table 4.A3: Current State Multinomial Logit Results (2000-2006)

y = Transitions from Current State

Current-Delinquent Current-Exit Current-Default

Intercept 0.000*** 74.180*** 0.044***

[0.000, 0.000] [73.993, 74.368] [0.044, 0.044]

Lender: Auto Finance 1.487*** 0.905*** 1.290***

[1.425, 1.551] [0.880, 0.931] [1.253, 1.329]

Lender: Banks 1.098*** 0.951*** 0.748***

[1.061, 1.136] [0.923, 0.981] [0.733, 0.763]

Loan Age (months) 1.057*** 1.006*** 1.083***

[1.050, 1.064] [1.003, 1.008] [1.073, 1.093]

Loan Age 2 0.999*** 1.000*** 0.999***

[0.999, 1.000] [1.000, 1.000] [0.999, 0.999]

Equifax Risk Score: 720-759 2.377*** 1.015 0.943***

[2.371, 2.383] [0.981, 1.050] [0.939, 0.947]

Equifax Risk Score: 660-719 6.693*** 1.022 1.253***

[6.602, 6.784] [0.990, 1.055] [1.242, 1.265]

Equifax Risk Score: 620-659 16.983*** 1.054*** 1.975***

[16.323, 17.670] [1.016, 1.095] [1.960, 1.989]

Equifax Risk Score: <560 84.648*** 0.943*** 8.319***

[81.225, 88.215] [0.904, 0.984] [7.970, 8.683]

Borrower Age 0.993*** 0.996*** 0.991***

[0.990, 0.995] [0.995, 0.997] [0.988, 0.994]

First Mortgage Flag (t-1) 0.891*** 1.079*** 0.739***

[0.860, 0.924] [1.054, 1.105] [0.731, 0.746]

Ln(Balance) (t-1) 1.140*** 0.512*** 0.763***

[1.125, 1.155] [0.509, 0.515] [0.750, 0.776]

Joint Account 0.889*** 0.939*** 0.870***

[0.842, 0.940] [0.919, 0.960] [0.864, 0.876]

Annual Unemployment Change 1.020 1.051*** 1.158***

[0.983, 1.059] [1.035, 1.067] [1.105, 1.213]

Annual HPI Change 0.987*** 1.009*** 0.993**

[0.982, 0.993] [1.007, 1.011] [0.986, 1.000]

Seasonal E�ect (Jan-June = 1) 0.828*** 1.044*** 0.814***

[0.783, 0.877] [1.022, 1.066] [0.810, 0.818]

Num.Obs. 305003

R2 0.081

R2 Adj. 0.081

Pseudo-R2 0.08

AUC 0.69

Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations. Model
estimated on sample data from 2000-2006. Coe�cients represent relative risks. *, **,
*** represent statistical signi�cance at 0.1, 0.05, and 0.01 levels, respectively. 95 percent
con�dence intervals shown in brackets. Standard errors are clustered at the tradeline level.
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Table 4.A4: Delinquent State Multinomial Logit Results (2000-2006)

y = Transitions from Delinquent State

Delinquent-Delinquent Delinquent-Exit Delinquent-Default

Intercept 0.277*** 17.602*** 19.453***

[0.276, 0.278] [17.509, 17.695] [19.349, 19.556]

Lender: Auto Finance 1.221*** 0.847*** 0.938

[1.104, 1.349] [0.753, 0.954] [0.829, 1.061]

Lender: Banks 1.010 1.115** 0.768***

[0.933, 1.094] [1.004, 1.239] [0.701, 0.842]

Loan Age (months) 0.982* 0.985 0.951***

[0.963, 1.002] [0.960, 1.011] [0.930, 0.973]

Loan Age 2 1.000*** 1.001*** 1.001***

[1.000, 1.001] [1.000, 1.001] [1.000, 1.001]

Equifax Risk Score: 720-759 1.428*** 0.522*** 2.044***

[1.414, 1.442] [0.518, 0.526] [2.023, 2.066]

Equifax Risk Score: 660-719 1.151* 0.535*** 1.428***

[0.983, 1.349] [0.452, 0.633] [1.235, 1.651]

Equifax Risk Score: 620-659 1.759*** 0.652*** 1.695***

[1.526, 2.028] [0.546, 0.779] [1.427, 2.014]

Equifax Risk Score: <560 2.306*** 0.683*** 3.173***

[2.075, 2.564] [0.594, 0.785] [2.798, 3.598]

Borrower Age 1.001 0.999 0.989***

[0.996, 1.006] [0.992, 1.006] [0.982, 0.995]

First Mortgage Flag (t-1) 0.850** 0.952 0.647***

[0.726, 0.996] [0.769, 1.178] [0.526, 0.796]

Ln(Balance) (t-1) 1.039* 0.671*** 0.726***

[0.998, 1.081] [0.635, 0.709] [0.694, 0.759]

Joint Account 0.932 0.953 0.780***

[0.820, 1.059] [0.799, 1.137] [0.669, 0.910]

Annual Unemployment Change 1.007 1.061 0.989

[0.922, 1.099] [0.939, 1.200] [0.893, 1.096]

Annual HPI Change 0.996 0.994 0.981***

[0.985, 1.008] [0.979, 1.010] [0.967, 0.994]

Seasonal E�ect (Jan-June = 1) 0.886* 0.941 0.801***

[0.783, 1.003] [0.793, 1.117] [0.693, 0.927]

Num.Obs. 5992

R2 0.030

R2 Adj. 0.030

Pseudo-R2 0.03

AUC 0.61

Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations. Model estimated
on sample data from 2000-2006. Coe�cients represent relative risks. *, **, *** represent statistical
signi�cance at 0.1, 0.05, and 0.01 levels, respectively. 95 percent con�dence intervals shown in
brackets. Standard errors are clustered at the tradeline level.
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Figure 4.A1: Auto �nance loans: Time path of current and delinquent-state transition
probabilities from pseudo out-of-sample estimation. Estimation variables include loan age,
lender type, loan characteristics, and year-over-year changes in US state unemployment and
HPI. The red line represents pseudo out-of-sample forecasts and the black line represents
actual outcomes. Red shaded areas represent 95 percent con�dence intervals, where stan-
dard errors are clustered at the loan level. Dashed line indicates �nal in-sample forecast
as of December 2006. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors'
calculations
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Figure 4.A2: Bank loans: Time path of current and delinquent-state transition probabil-
ities from pseudo out-of-sample estimation. Estimation variables include loan age, lender
type, loan characteristics, and year-over-year changes in US state unemployment and HPI.
The red line represents pseudo out-of-sample forecasts and the black line represents actual
outcomes. Red shaded areas represent 95 percent con�dence intervals, where standard errors
are clustered at the loan level. Dashed line indicates �nal in-sample forecast as of December
2006. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors' calculations
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Figure 4.A3: Credit union loans: Time path of current and delinquent-state transition
probabilities from pseudo out-of-sample estimation. Estimation variables include loan age,
lender type, loan characteristics, and year-over-year changes in US state unemployment and
HPI. The red line represents pseudo out-of-sample forecasts and the black line represents
actual outcomes. Red shaded areas represent 95 percent con�dence intervals, where stan-
dard errors are clustered at the loan level. Dashed line indicates �nal in-sample forecast
as of December 2006. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors'
calculations



167

Figure 4.A4: Auto �nance loans: Multinomial logit estimates of US state unemployment
coe�cients during pseudo out-of-sample estimations, 2006-2025. Estimation variables in-
clude loan age, lender type, loan characteristics, and year-over-year changes in US state
unemployment and HPI. Shaded areas represent 95 percent con�dence intervals, where stan-
dard errors are clustered at the loan level. Source: FRBNY Consumer Credit Panel / Equifax
Data, Authors' calculations
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Figure 4.A5: Bank loans: Multinomial logit estimates of US state unemployment coe�-
cients during pseudo out-of-sample estimations by model, 2006-2025. Estimation variables
include loan age, lender type, loan characteristics, and year-over-year changes in US state
unemployment and HPI. Shaded areas represent 95 percent con�dence intervals, where stan-
dard errors are clustered at the loan level. Source: FRBNY Consumer Credit Panel / Equifax
Data, Authors' calculations
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Figure 4.A6: Credit union loans: Multinomial logit estimates of US state unemployment
coe�cients during pseudo out-of-sample estimations, 2006-2025. Estimation variables in-
clude loan age, lender type, loan characteristics, and year-over-year changes in US state
unemployment and HPI. Shaded areas represent 95 percent con�dence intervals, where stan-
dard errors are clustered at the loan level. Source: FRBNY Consumer Credit Panel / Equifax
Data, Authors' calculations
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Figure 4.A7: Model without macroeconomic variables: Time path of current and
delinquent-state transition probabilities from pseudo out-of-sample estimation. Estimation
variables include loan age, lender type, loan characteristics, but excludes any macroeconomic
variables. The red line represents pseudo out-of-sample forecasts and the black line repre-
sents actual outcomes. Red shaded areas represent 95 percent con�dence intervals, where
standard errors are clustered at the loan level. Dashed line indicates �nal in-sample forecast
as of December 2006. Source: FRBNY Consumer Credit Panel / Equifax Data, Authors'
calculations
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Figure 4.A8: Model without macroeconomic variables: Cumulative 2-year forecast di�er-
ences relative to actual outcomes. Cumulative forecasts over the period 2020-2021, di�erences
computed as of December 2021. Source: FRBNY Consumer Credit Panel / Equifax Data,
Authors' calculations
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Figure 4.A9: Model without additional variables: Time path of current and delinquent-
state transition probabilities from pseudo out-of-sample estimation. Loan-level estimation
variables include loan age, lender type, loan characteristics. Macroeconomic variables include
the level of unemployment, the absolute year-over-year change in US state unemployment,
the 1-year Treasury rate, the annual percentage change in HPI, and the consumer price
index for used vehicles. The red line represents pseudo out-of-sample forecasts and the black
line represents actual outcomes. Red shaded areas represent 95 percent con�dence intervals,
where standard errors are clustered at the loan level. Dashed line indicates �nal in-sample
forecast as of December 2006. Source: FRBNY Consumer Credit Panel / Equifax Data,
Authors' calculations



Chapter 5

Probabilistic Anchoring of In�ation

Expectations

5.1 Introduction

Economists agree that �anchored� in�ation expectations are a sine qua non for successful

and credible monetary policy. This consensus re�ects both theoretical insights and practical

experience. In workhorse New Keynesian models, anchored expectations mean that tempo-

rary shocks to the economy will have less persistent e�ects on both actual in�ation and real

economic activity (Woodford, 2003; Galí, 2008). When households and �rms believe in�ation

will return to target following a shock, they are less likely to adjust wages and prices in ways

that propagate the shock. Empirically, central banks with credible in�ation targets have

achieved both lower average in�ation and less output volatility�the �Great Moderation�

prior to 2007 is often attributed in part to better-anchored expectations (Bernanke, 2004;

Clarida et al., 2000). In the United States, the FOMC formalized its in�ation target at 2

percent in January 2012, and maintaining well-anchored expectations around this target has

been a central policy objective since.

While the FOMC's stated target is 2 percent, central banks universally recognize that

173
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in�ation will not remain at exactly this level at all times. Rather, policymakers tolerate

deviations within some acceptable range. The FOMC most recently formalized this tolerance

in its June 2025 �Statement on Longer Run Goals,� stating that: �[in] order to anchor longer-

term in�ation expectations at this level [2 percent], the Committee seeks to achieve in�ation

that averages 2 percent over time, and therefore judges that, following periods when in�ation

has been running persistently below 2 percent, appropriate monetary policy will likely aim to

achieve in�ation moderately above 2 percent for some time.� Other central banks similarly

tolerate deviations within some range deemed acceptable. The Bank of Canada formalizes

a �control range� of 1�3 percent, the ECB communicates its in�ation target as �close to 2

percent,� and if they miss their 2 percent target by more than 1 percent on either side, the

Bank of England Governor is obliged to publish a letter explaining why.

These statements and monetary policy frameworks, in their di�erent ways, all recognize

the inherent uncertainty in in�ation dynamics, the recurrence of shocks, and the practical

limits of monetary policy control given �long and variable lags.� Indeed, standard New

Keynesian models show that even under optimal monetary policy, in�ation deviates from

target with variance proportional to the variance of (unavoidable) cost-push and other real

shocks (cf. Galí (2008), equations (6)-(7), page 99). The optimal variance re�ects the

policymaker's tradeo� between in�ation and output stabilization: eliminating all in�ation

volatility would require unacceptably large output �uctuations. This provides a theoretical

foundation for specifying the policymaker's target density for in�ation as a distribution

centered at 2% rather than a point target. The question of whether in�ation expectations

are anchored therefore involves not just whether agents' mean expectations equal 2 percent,

but whether their distribution of beliefs is consistent with the policymaker's tolerance for

deviations. As Reis (2021) emphasizes, a well-anchored expectations distribution should

have most probability mass concentrated near the target, with limited probability assigned

to extreme outcomes�what he terms �in�ation disasters.�

Despite this unanimity on the importance of having anchored expectations, there is less
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agreement about how to measure whether in�ation expectations are anchored; see Bems et al.

(2021) and Kumar et al. (2015). The metrics proposed in the literature can be broadly viewed

as falling into two camps, what Cline and Rich (2026) call �level� and �shock� anchoring.1

First, expectations are deemed level-anchored when economic agents' mean (or median)

expectations are aligned with the in�ation target�that is, when deviations from 2 percent

are �small,� ideally mean zero when the policymaker's loss function is quadratic.2 Second,

shock-anchoring means that long-run in�ation expectations should not respond to short-run

shocks. That is, agents should not revise their long-run in�ation expectations with incoming

macroeconomic news. Bernanke (2007) captured this second perspective in a speech: �I use

the term `anchored' to mean relatively insensitive to incoming data. So, for example, if the

public experiences a spell of in�ation higher than their long-run expectation, but their long-

run expectation of in�ation changes little as a result, then in�ation expectations are well

anchored.� Following this logic, papers such as Jochmann et al. (2010), Nautz and Strohsal

(2015), and Kumar et al. (2015) test for anchoring by examining whether long-run in�ation

expectations respond to short-run expectations or macroeconomic surprises.

An important limitation of this literature is its almost exclusive focus on point expectations�

the mean or median of agents' in�ation forecasts. Yet economic agents form subjective den-

sity forecasts for future in�ation that capture not just their central expectation, but also

the risks and uncertainties they perceive (Boero et al., 2008; Clements, 2014). These un-

derlying density forecasts may be tight or dispersed, symmetric or skewed. Moreover, they

may well change over time, for example if in�ation uncertainty is not constant over time.

From a risk-management perspective, it is the probability of extreme in�ation realizations

that may matter most for welfare and policy (Reis, 2021). It is perfectly possible that point

1An important third metric used to assess anchoring is to examine individual-level expectations of in�ation
and assess their dispersion. In�ation anchoring is taken to require low dispersion or disagreement across
di�erent agents' expectations; e.g., see Capistrán and Ramos-Francia (2010), Kumar et al. (2015), and
Naggert et al. (2023). Our empirical focus in this paper, however, is testing probabilistic anchoring of
market or aggregated expectations.

2Under an asymmetric loss function in in�ation deviations (errors), it can be optimal for such deviations
to be biased; e.g., see Capistrán (2008).
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in�ation expectations appear well-anchored according to existing metrics, while this masks

probabilistic unanchoring. For example, the mean expectation might remain near 2 percent,

but the probability mass in the tails could increase substantially�agents might assign high

probability to �in�ation disasters� (persistent high in�ation) or de�ation.3 Alternatively,

incoming macroeconomic news might not move the mean expectation, but could a�ect the

tails or skewness of the distribution, thereby changing the perceived probability of extreme

outcomes.

Our contribution. In this paper, we propose a generalization of existing measures

of anchoring that extends the literature in two main directions. First, we unify the two

traditional camps�testing for unbiasedness and insensitivity to news�into a single frame-

work that reinterprets both as a Mincer-Zarnowitz-type e�ciency regression (cf. Mincer

and Zarnowitz (1969)), but applied to densities rather than point forecasts. A key concep-

tual contribution is formalizing what we call the policymaker's target density�the complete

probability distribution that re�ects not just the 2 percent in�ation target but also the

policymaker's tolerance for deviations around it. In�ation expectations are then deemed

probabilistically anchored when, on average over a given sample period, the entire density

of expectations is both unbiased�equal to this target density µ∗(s)�and orthogonal to

information known when the expectation was formed.

Second, and more substantively, we extend measures of in�ation anchoring designed for

point expectations to propose a probabilistic analogue of anchored in�ation expectations.

Re�ecting the growing availability of density forecast data from both surveys and �nancial

markets (Kitsul and Wright, 2013; Grishchenko et al., 2019), we de�ne in�ation expectations

to be probabilistically anchored when two conditions hold:

1. Unconditional anchoring: Agents' density expectations of long-run in�ation should

be consistent with the policymaker's target density, µ∗(s), which embeds both the

3As already intimated, there can also, when agents' underlying subjective density functions for future
in�ation are asymmetric and/or when their loss function is not quadratic, be important di�erences between
the mean in�ation expectation and the �optimal� point expectation; e.g., see Gneiting (2011).
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target level of in�ation (2 percent) and the policymaker's perceived degree of tolerance

for deviations around this target. This generalizes the traditional condition that the

mean in�ation expectation equals the target level � E[πe
t ] = π∗ = 2% � by requiring

that the entire distribution of in�ation expectations equals the policymaker's target

distribution.

2. Conditional anchoring: Long-run density expectations should be unrelated to incom-

ing macroeconomic surprises across the full support of the expectations distribution.

This extends Bernanke (2007)'s condition that mean expectations should be insensi-

tive to news, to require that every point on the density�including the tails�should

be insensitive to news. We show how functional coe�cients reveal not just whether

macro surprises a�ect expectations, but where on the density they matter. Do macro

surprises move the center or the tails of the in�ation expectations density?

Our framework nests and generalizes several existing concepts that, like us, accommodate

some form of deviation of in�ation expectations from target. Kumar et al. (2015)'s notion of

�ε-anchored� expectations asks whether the mean expectation falls within a tolerance band

[π∗ − ε, π∗ + ε]. Our �regional probabilistic anchoring� asks instead whether the expected

probability mass within this band matches the target probability. Similarly, Grishchenko

et al. (2019) propose measuring anchoring through the probability of in�ation falling within

speci�c ranges around the target. We extend their approach by testing whether movements

in these probabilities can be explained by macroeconomic surprises and by examining the

full distributional response rather than selected regions or discrete event-probabilities. Kitsul

and Wright (2013) also focus on speci�c regions, examining whether their RND-based prob-

abilities of de�ation or in�ation exceeding 4% respond to macroeconomic surprises, though

they do not explicitly frame this as a test of anchoring.

We develop methods to test probabilistic anchoring using function-on-scalar regression

techniques borrowed from the functional data analysis (FDA) literature. In so-doing, we

follow a small but growing literature in economics and econometrics (Meeks and Monti,
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2023; Chang et al., 2024; Clements and Wang, 2024; Huber et al., 2024a) in using func-

tional regression methods. Our contribution econometrically is to focus on inference and

interpretation of the functional regression coe�cients � so that we can test probabilistic an-

choring. Our dependent variable is a time-varying probability density function�speci�cally,

the risk-neutral density of long-run in�ation implied by in�ation options markets. Because

probability densities are compositional data (constrained to be non-negative and integrate

to one), linear operations require careful treatment. We work in the Bayes space B2 using

the centered log-ratio (CLR) transformation (Van den Boogaart et al., 2014; Hron et al.,

2016; Talská et al., 2018), which allows us to perform standard regression while ensuring our

predictions remain valid densities. The functional coe�cients reveal not just whether macro

surprises a�ect expectations (as in point regressions), but where on the density they matter

� center, tails, or speci�c in�ation levels.

Following the application in Kitsul and Wright (2013), we apply our new anchoring

framework to weekly options-implied in�ation probability density forecasts extracted from

in�ation caps and �oors from 2012 through 2025. These in�ation derivatives o�er information

about the complete expected probability density for in�ation �ve-years-ahead, including tail

risks and uncertainty. They allow us to assess not just whether longer-run mean expectations

are anchored, but whether the full distribution�including tail probabilities�aligns with the

policymaker's target. An advantage of using market-based estimates of in�ation probability

density functions is that they are directly observable at high frequency from traded securities,

providing incentive-compatible measures of beliefs (plus risk premia). They allow precise

identi�cation of how expectations respond to macroeconomic surprises. In contrast, survey-

based measures of households' or �rms' subjective probability distributions of future in�ation

are typically available at a lower frequency and involve no �nancial consequences and may

re�ect strategic considerations.4

4An ideal approach would combine our analysis of market-based densities with parallel analysis of survey-
based distributions where available (e.g., SPF density forecasts). We leave this complementary analysis to
future work, noting that survey-based densities are often available only at quarterly frequency and with
coarse binning, limiting the power to detect the tail movements we document at weekly frequency.



179

The plan of the remainder of this paper is as follows. Section 2 presents our data on risk-

neutral densities and macroeconomic surprises. Section 3 sets out our conceptual framework,

de�ning probabilistic anchoring and its relationship to existing concepts of anchoring. Sec-

tion 4 develops the econometric methodology, explaining the Bayes space framework, CLR

transformation, and function-on-scalar regression. Section 5 presents our empirical results,

including rolling regressions, functional coe�cients, and regional tests for anchoring. Section

6 concludes.

5.2 Data

5.2.1 Option-Implied Risk-Neutral In�ation Densities

Risk-neutral densities (RND) provide information on the distribution of investors' expecta-

tion of market prices under risk-neutral preferences. Breeden and Litzenberger (1978) show

that the entire RND of the future value of an asset can be extracted using options traded

on the underlying asset. They show that, under no-arbitrage conditions and a dense set of

traded options with evenly-spaced strike prices and the same expiration date, the second

derivative of the call option value with respect to the exercise price approximates the proba-

bility density function of the future asset price. Various empirical techniques exist to extract

RNDs from the option data based on these results.

A key limitation when interpreting the results presented throughout this paper is that

risk-neutral densities (RNDs, or Q-distributions) di�er systematically from real-world prob-

ability distributions (P-distributions). RNDs would equal real-world densities only if all

investors were risk-neutral, meaning asset prices would re�ect expected future payo�s dis-

counted at the risk-free rate. In reality, however, investors are typically risk-averse and

demand compensation for bearing risk. Consequently, asset prices incorporate risk premia

in addition to risk-free discounting. This risk premium, the di�erence between the required

return on a risky asset and the risk-free rate, is what drives the wedge between the Q-
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distribution and the P-distribution. Given this, our results do not disaggregate changes in

real world probabilities versus changes in risk premia over time.

Despite this limitation, RNDs are an appropriate object of study for several reasons.

First, from a policy perspective, central banks care about market- based measures because

they a�ect asset prices, �nancing costs, and the transmission of monetary policy�regardless

of whether movements re�ect belief changes or risk premia shifts. If markets price elevated

tail probabilities of high in�ation, this matters for bond yields, corporate investment de-

cisions, and �nancial stability whether due to increased subjective probabilities or higher

risk compensation. Second, elevated in�ation risk premia themselves signal concerns about

in�ation outcomes severe enough that investors demand compensation, indicating a form of

distributional unanchoring in market con�dence even if subjective point expectations remain

stable.

We use weekly 5-year ahead in�ation option-implied RND data over the period from

July 2012 to May 2025. Due to data limitations on cap and �oor data, we collect data that

summarize estimated RNDs made available by the Federal Reserve Bank of Minneapolis

(FRB Minneapolis) rather than construct it ourselves. These densities are constructed using

US in�ation caps and �oors collected from Bloomberg that have the US consumer price

index (CPI) as the underlying index. While granular data on the �tted densities are not

made public, FRB Minneapolis makes publicly available selected quantiles and the �rst four

moments of the weekly estimated RNDs. Each set of parameters are mapped to a particular

date and observed at a weekly frequency. Documentation on construction of the RNDs note

that the method used is a variant of Kitsul and Wright (2013), who use local polynomial

regression to construct their RNDs.5

We use the moments provided by FRB Minneapolis to reconstruct continuous density

functions. Given that nonparametric regression methods may be used to construct the

5See the RND data and additional documentation on the FRB Minneapolis website for the
methodology used to construct the densities here: https://www.minneapolisfed.org/banking/

current-and-historical-market--based-probabilities.

https://www.minneapolisfed.org/banking/current-and-historical-market--based-probabilities
https://www.minneapolisfed.org/banking/current-and-historical-market--based-probabilities
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densities, we reconstruct continuous density functions using the published moments of the

RNDs �tted to a Pearson distribution. The Pearson distribution takes the mean, standard

deviation, skewness, and kurtosis as its parameters, and o�ers a relatively �exible approach

to constructing the RNDs while nesting potentially simpler distributional forms that may be

suggested by the parameters. We create a matrix containing a set of discrete density vectors

over a common support grid, where each row is a density for a given time period, and each

column is a discrete support point. Our support grid spans the space implied by available

market strike prices on the US in�ation cap and �oor data, ranging from -2 percent in�ation

to 6 percent in�ation. We discretize the support grid in increments of 1 basis point.

Some data cleaning on the RNDs is required. First, while our data begin in July 2012,

FRB Minneapolis makes available 5-year ahead in�ation RND data going back to 2009. We

wish to maintain a weekly frequency of RND data, and in any cases where a week's data is

missing we hold the previous week's density constant. There are a relatively large number

of missing weeks between 2009 and July 2012, and only a small number of missing weeks

after, so we drop observations before July 2012 in order to make fewer assumptions on the

data. Second, there is one density on July 28, 2021 that is extremely concentrated in its

center mass with very narrow tails. This is due to the kurtosis parameter obtained in the

underlying FRB Minneapolis data increasing to a relatively large value on that date. To deal

with this, we winsorize the density data at the top 2 percent of the data and renormalize the

densities to integrate to one. This choice is primarily cosmetic for visualization purposes,

and our main results are not a�ected by this choice relative to other options such as leaving

the outlier density as it is or removing that density altogether.

Figure 5.1 plots the surface implied by our RND distributions. We can begin to see

considerable variation in location, scale, and skewness over time. Speci�cally, we observe

a rightward location drift of the densities from 2020-2021 and a consistently long right tail

appearing in the distributions afterward. We also see considerable volatility, with occasional

spikes, in the in�ation densities through 2020. To facilitate further interpretation, Figure 5.2
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Figure 5.1: Fitted option-implied 5-year ahead risk neutral densities: weekly from July 5,
2012 through May 21, 2025

Source: Federal Reserve Bank of Minneapolis; Authors' calculations

extracts from these RNDs the probability of in�ation being greater than or equal to selected

levels of in�ation over time. We now see more clearly that from 2020 the probability of

in�ation being greater than 4 percent increased and has remained elevated through 2025,

even though the probability of in�ation being greater than 2 percent fell back to its pre-

pandemic values by October 2022.
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Figure 5.2: Probability of �ve-years-ahead in�ation being greater than selected levels based
on the �tted option-implied risk neutral densities: weekly from July 5, 2012 through May
21, 2025

Source: Federal Reserve Bank of Minneapolis; authors' calculations

5.2.2 Macroeconomic surprises

We construct data on macroeconomic surprises computed as the di�erence between actual

macroeconomic outcomes and expert forecasts, collected from Action Economics, LLC. This
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results in the interpretation of a positive �surprise� as a case where the actual outcome was

greater than expert forecaster expectations, and the opposite for a negative surprise. Our

choice of macroeconomic surprises to include in our empirical analysis follows Kitsul and

Wright (2013), which we then use a point of comparison to examine if the results of the

functional analysis may di�er than that of the simpler speci�cation that they take.

These surprise data are mapped to the densities such that the surprise was observed in

a short window prior to the release of the density in order to avoid endogeneity issues.6 In

cases where no surprise data are mapped to a given density-week, the surprise data are set

to zero.

Table 5.1 describes the nine macroeconomic surprise data series included in our anal-

ysis.7 Units of measurement for the macroeconomic surprises vary, which can complicate

interpretation of our empirical results. To deal with this we standardize each series by de-

meaning and scaling by the standard deviation. Figure 5.3 plots the resulting time series of

standardized macroeconomic surprises.

Large surprises relative to the series' own history occurred for several series between

2020-2022, namely in nonfarm payrolls, retail sales, the fed funds rate, PPI, and CPI. Given

the overlap with a period of changes in the location, scale, and skewness of the RNDs, we

evaluate the extent to which these surprises have explanatory power associated with RND

deviations from µ∗.

5.3 Probabilistic Anchoring of In�ation Expectations

Let πe
t (s) denote the probability density function characterizing market beliefs about long-

run in�ation, where s represents possible in�ation outcomes. We observe πe
t (s) directly from

our option-implied risk-neutral densities. We develop concepts to formalize what it means

for πe
t (s) to be anchored, beginning with the policymaker's �target density� for in�ation.

6Speci�cally, we map a surprise to a given RND if it occurred at least 1 day prior to the publication date
of the latest RND but not before the publication date of the previous RND.

7We provide summary statistics of the macroeconomic surpise data in Table 5.A.
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Figure 5.3: Time series of macroeconomic surprises: weekly from from July 5, 2012 through
May 21, 2025.

Source: Action Economics LLC, BEA, BLS, NAR, Federal Reserve Board of Governors, US Census,
Authors' calculations. Each series is standardized to have mean 0 and standard deviation 1.

De�nition 5.3.1 (Target Density). The policymaker has a target density µ∗(s) for long-run

in�ation, where:

µ∗(s) : S → R+,

∫
S
µ∗(s), ds = 1,

∫
S
s · µ∗(s), ds = π∗. (5.1)

This density re�ects not just the central bank's adopted target level π∗ = 2%, but the
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Table 5.1: Description of macroeconomic surprises, observations from July 2012-May 2025. Source: Action Eco-
nomics, Authors' calculations.

Indicator Name Actual Source Frequency Units

CPI BLS Monthly MoM percentage change

Existing Home Sales NAR Monthly Millions of units

Fed Funds Rate (next FOMC meeting) Federal Reserve Eight per year Percentage points (range midpoint)

GDP Advance Report BEA Quarterly Annualized QoQ percentage change

Housing Starts Census Monthly Millions of units

New Home Sales Census Monthly Millions of units

Nonfarm Payrolls BLS Monthly Thousands of USD

PPI BLS Monthly MoM percentage change

Retail Sales Census Monthly MoM percentage change

policymaker's tolerance for deviations around this value. While the Federal Reserve does not

explicitly publish µ∗(s), we can infer it from policy communications and historical practice.

To estimate µ∗(s), we compute the average risk-neutral density over July 2012�July 2017,

a period of broad consensus that expectations were well-anchored (Bundick and Smith, 2025).

In the rolling regression framework that we use for analysis, this choice is also consistent

with de�ning the initial condition with the target density. Because µ∗(s) is based on the risk-

neutral densities, we assume that the policymaker's target density includes the risk-premium

present in our risk-neutral densities. This is reasonable if we assume that policymakers care

about both real-world beliefs and risk-premia present in �nancial markets when making

policy decisions. This revealed-preference approach assumes that if expectations were an-

chored during this period, the average distribution re�ects the market's understanding of

the policymaker's acceptable tolerance for deviations.

Figure 5.4 shows the estimated µ∗(s): speci�cally, the inferred policymaker's target den-

sity has a mean of 2.0%, a standard deviation of 1.2%, skewness of 0.15, and kurtosis of 3.5.8

The fact that the density is centered at 2 percent con�rms that agents did believe expecta-

tions were anchored around the FOMC's target. Then, the additional fact that the skewness

and kurtosis estimates are close to the values implied by a Gaussian density, con�rms that

µ∗(s) is close to symmetric. This is consistent with the FOMC's 2017 �Statement on Longer-

8This implies that the policymaker is attributing a 66% probability to in�ation between 1% and 3%, and
a 92% probability to in�ation between 0% and 4%.
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Run Goals and Monetary Policy Strategy,� which emphasized �symmetric� concern about

deviations of in�ation from target.9

Figure 5.4: Policy mean function, derived from the empirical mean function over the period
July 2012-July 2017.

Empirical estimates from structural models, such as DSGE models, suggest that during

the Great Moderation period (1984-2004) � characterized by well-anchored expectations � US

in�ation also exhibited a standard deviation of approximately 1 percent on an annualized

basis (Smets and Wouters 2007, Table 6). Reduced-form estimates (cf. the unobserved

components model of Stock and Watson 2007) also put the standard deviation of in�ation

in this period at a similar value, re�ecting transitory shocks with a SD of 0.6 and by 2004

a reduced SD of around 0.3 for the permanent component of in�ation. These independent

estimates of in�ation uncertainty, over a period when in�ation was deemed �anchored,� lend

9See https://www.federalreserve.gov/monetarypolicy/files/FOMC_LongerRunGoals_201701.pdf.
It is also noteworthy that, even though realized in�ation undershot the 2 percent target for much of 2012�
2017, longer-run market expectations continued to average close to 2 percent.

https://www.federalreserve.gov/monetarypolicy/files/FOMC_LongerRunGoals_201701.pdf
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additional support to our use of the density in Figure 5.4 as an estimate of the policymaker's

target density.

5.3.1 Two Dimensions of Probabilistic Anchoring

We extend traditional point-forecast anchoring tests to densities along two dimensions:

whether expectations align with the target on average (unconditional), and whether they

respond to incoming news (conditional).

De�nition 5.3.2 (Unconditional Anchoring). In�ation expectations are unconditionally an-

chored if, on average, the expectations density equals the target density at each point on the

support:

E[πe
t (s)] = µ∗(s), ∀s ∈ S. (5.2)

This requires no persistent deviations from µ∗(s) at any in�ation level. Temporary �uc-

tuations around µ∗(s) are permitted, but systematic over- or under-estimation at speci�c

in�ation levels violates unconditional anchoring. Equation (5.2) generalizes the traditional

test E[πe] = π∗ (Kumar et al., 2015) from the mean to the entire distribution.

De�nition 5.3.3 (Conditional Anchoring). In�ation expectations are conditionally anchored

if, given macroeconomic information Gt, the density remains equal to the target:

E[πe
t (s)|Gt] = µ∗(s), ∀s ∈ S. (5.3)

This generalizes Bernanke (2007)'s condition that mean expectations should be �insen-

sitive to incoming data� to require orthogonality to news across the entire support. In

news regressions (Gürkaynak et al., 2010; Kitsul and Wright, 2013; Nautz and Strohsal,

2015), Gt comprises macroeconomic surprises�the di�erence between actual data releases

and prior forecasts. When combined with unconditional anchoring, conditional anchoring

implies πe
t (s) = µ∗(s) + εt(s) where εt(s) is purely idiosyncratic.
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De�nition 5.3.4 (Perfect Probabilistic Anchoring). In�ation expectations exhibit perfect

probabilistic anchoring when both unconditional anchoring (De�nition 5.3.2) and conditional

anchoring (De�nition 5.3.3) hold. In this case, the entire distribution of beliefs matches the

policymaker's target and does not respond to macroeconomic news.

We refer to violations of perfect probabilistic anchoring as �unanchoring,� which our

empirical framework decomposes into unconditional versus conditional sources.

5.3.2 Regional Anchoring: A Policy-Relevant Relaxation

Perfect anchoring as de�ned in De�nition 5.3.4 is demanding�it requires expectations to

match the target probabilistically at every in�ation level. But, as discussed in the introduc-

tion, central banks often adopt tolerance ranges, recognizing that perfect control is neither

feasible nor necessary. Adding to this, the FOMC's September 2019 minutes discussed

whether �a target range for in�ation could be helpful in achieving the Committee's objec-

tive of 2 percent in�ation.�10 Research has also shown that asymmetric tolerance ranges

can be optimal in the presence of constraints like the zero lower bound (Bianchi et al.,

2021). We therefore introduce a weaker notion of probabilistic anchoring focusing only on

policy-relevant regions.

De�nition 5.3.5 (Tolerance Region). De�ne the tolerance region around the target as:

Rε := [π∗ − εL, π
∗ + εU ] = [sL, sU ]. (5.4)

The choice of this region should re�ect the speci�c (albeit perhaps assumed, if not stated

publicly) preferences of the policymaker. In our empirical work, we consider a symmetric

target, wherein εL = εU = 2%, so Rε = [0%, 4%].

10See https://www.federalreserve.gov/monetarypolicy/fomcminutes20190918.htm.

https://www.federalreserve.gov/monetarypolicy/fomcminutes20190918.htm
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De�nition 5.3.6 (Regional Anchoring). In�ation expectations exhibit regional anchoring

in Rε if the probability mass in this region matches the target:

Unconditional: E

[∫
Rε

πe
t (s) ds

]
=

∫
Rε

µ∗(s) ds =: α∗

Conditional: E

[∫
Rε

πe
t (s) ds

∣∣∣∣Gt

]
= α∗.

(5.5)

De�ning the coverage probability αt :=
∫
Rε

πe
t (s), ds, regional anchoring requires E[αt|Gt] =

α∗ (conditional) or E[αt] = α∗ (unconditional). Regional anchoring is less demanding than

perfect anchoring: probability mass may shift within Rε without violating regional anchoring,

provided the total mass in Rε matches α∗.

Interpreting violations of regional anchoring. When regional anchoring fails, not

all deviations may be equally concerning from a policy perspective. If E[αt] > α∗, the

market concentrates more probability near the target than µ∗(s) prescribes�what we term

�good regional anchoring.� This requires withdrawing probability from both tails, indicating

lower disaster risk than the policymaker's benchmark. While this violates perfect anchoring

(De�nition 5.3.4), it may be seen as benign from a policy perspective.

Conversely, if E[αt] < α∗, excess probability mass resides in the tails. We distinguish:

� Bad upper-tail anchoring: E
[∫∞

sU
πe
t (s), ds

]
>
∫∞
sU

µ∗(s), ds�heightened risk of

persistent high in�ation.

� Bad lower-tail anchoring: E
[∫ sL

−∞ πe
t (s), ds

]
>
∫ sL
−∞ µ∗(s), ds�heightened de�ation

risk.

These concepts guide our interpretation of empirical results in Section 5.5: which re-

gions of the distribution exhibit unanchoring, and whether violations represent heightened

or diminished disaster risk relative to the policymaker's tolerance.
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5.4 Econometric Framework

To test probabilistic anchoring of in�ation expectations as measured using the various de�-

nitions above, we use functional regression techniques discussed in the FDA literature. The

functional component of this regression is the probability density function (PDF) capturing

expected deviations of in�ation from target:

π̃e
t (s) = πe

t (s)− µ∗(s) = β1(s) +

p∑
j=2

xtjβj(s) + εt(s) ∀s ∈ S (5.6)

where xtj are standardized macroeconomic surprises (the di�erence between actual releases

and forecasts), and βj(s) are functional coe�cients. The functional intercept β1(s) captures

persistent deviations from µ∗(s) (unconditional unanchoring), while the slope coe�cients

βj(s) capture the response to macro news (conditional unanchoring).

Our use of macroeconomic surprises rather than levels to model the expected in�ation

density relative to its steady-state value addresses potential simultaneity bias. Structural

models (Carvalho et al., 2023; Gáti, 2023) feature two-way causality between current in�ation

and long-run expectations: short-term surprises a�ect long-run beliefs, which then feed back

into current in�ation via the expectations-augmented Phillips curve.

While current in�ation may depend on long-run expectations via the expectations-augmented

Phillips curve and long-run expectations can exhibit endogenous sensitivity to short-term

in�ation surprises, surprises are by de�nition orthogonal to agents' expectations formed prior

to the data release. Moreover, by specifying our regression as deviations from the target den-

sity µ∗(s), we e�ectively control for the steady-state level, similar to how �rst-di�erencing

removes a unit root, while preserving information about persistent deviations captured by

β1(s).

PDFs are subject to non-negativity and unit integral constraints, all of which must be

carefully treated when using traditional FDA methods to retain the properties of the PDF.

Relative to our analysis, linear operations on density objects require transformation to a
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Hilbert space in order for the result to be a valid density. Petersen and Müller (2016) suggest

a general framework for FDA on PDFs by choosing a suitable transformation method that

allows for linear operations and back-transformation to the original density space.

Recent papers in the economic literature have used the log quantile density (LQD) trans-

formation (Clements and Wang (2024); Huber et al. (2024b)). We use an alternative trans-

formation based on results from Hron et al. (2016) and Talská et al. (2018), who perform

linear operations in the Bayes Space using the centered log ratio (CLR) transformation.

Given our interests in this analysis, we choose the CLR transformation because it allows for

straightforward back-transformation of the densities we work with and for the coe�cients

that we estimate in our functional regressions, as shown in Talská et al. (2018).

Our econometric methods utilizes multiple linear operations on density objects. First,

we subtract the policy maker's time-invariant prior µ∗(s) from the densities so that we

explain deviations from this prior. Next, we apply the Karhunen-Loéve expansion to reduce

the in�nite-dimensional densities to a �nite number of functional scores and eigenfunctions

that explain the majority of the total variation in the deviations. We then regress the

functional scores on a vector of scalar macroeconomic surprises using a Bayesian linear

regression. Finally we construct functional coe�cients and predicted densities from the

estimated coe�cients and predicted scores. The following section describes how we achieve

these aims.

5.4.1 Bayes Space and Centered Log Ratio Transformation

We utilize the geometry of the Bayes space B2 to perform linear operations on PDFs. This

approach is motivated by the idea that densities contain relative information and thus rep-

resent compositional data, that is, the unit integral constraint suggests that an increase in

probability mass in one are of the density requires a decrease in probability mass somewhere

else. As a result, the absolute di�erence between two densities will generally not result in a

valid density. A more appropriate transformation is multiplicative, so that probability mass
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is redistributed across the support via pointwise ratios.

The Bayes space B2 provides a geometry for multiplicative operations on compositional

data under an appropriate transformation of the data, and probability density functions can

be considered as in�nite-dimensional compositional data (Egozcue et al. (2006); Van den

Boogaart et al. (2014)). Multiplicative operations on densities in the Bayes space result in

valid densities, and include perturbation and powering. These operations motivate the name

of the Bayes space because they mimic Bayesian updating. For f and g in B2, s ∈ I = [a, b],

perturbation is the analogue of addition in the Bayes space, de�ned as

f ⊕ g =
f(s) g(s)∫
f(u) g(u) du

(5.7)

For c ∈ R, powering is the Bayes space analogue of multiplication, de�ned as

f ⊙ c =
f(s)c∫
f(u)c du

(5.8)

The inner product in B2 is

⟨f, g⟩B2 =
1

2(b− a)

∫ b

a

∫ b

a

ln
f(s)

f(u)
· ln g(s)

g(u)
ds du (5.9)

and the norm and distance measures are

||f ||B2 =
√
⟨f, f⟩B2 (5.10)

dB2(f, g) = ||f ⊖ g||B2 (5.11)

with (f ⊖ g)(t) = [f ⊕ (−1)⊙ g](t) representing perturbation-subtraction.

In both cases, the renormalization term in each expression returns a valid density so that

probability mass is redistributed across the support as a result of the operations. Importantly,

the identity element e of perturbation that satis�es f ⊕ e = f is the uniform density e(s) =
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1
b−a

.11. This holds because

f ⊕ e =
ef(s)∫
ef(u) du

=
f(s)∫
f(u) du

= f(s) (5.12)

since f(u) already integrates to 1.

To perform operations in B2, we transform the densities using the centered log ratio

(CLR) transform (Van den Boogaart et al. (2014)). The CLR transformation is an isometric

isomorphism between B2 and the space L2 of square-integrable real measurable functions,

meaning inner products and distances are preserved when transforming between spaces. This

transformation allows us to perform linear operations such as functional principal component

analysis (FPCA) and linear regression. In doing so, we combine the FPCA and functional

regression analysis methods of Huber et al. (2024a) with the CLR-based functional regression

methods of Talská et al. (2018).

Denoting clr[·] as a functional object transformed to the CLR space, the CLR is de�ned

for a functional composition f as

clr[f ](s) = ln f(s)− 1

b− a

∫
ln f(u) du (5.13)

Densities that result from the CLR transformation have a zero integral constraint on the

support I, so that
∫
I
clr[f ](s)ds = 0. A CLR density object can be inverted back to the

density space,

f(s) = clr−1[f ](s) = exp(clr[f ](s)) (5.14)

The CLR transformation linearizes the perturbation and powering operations in the Bayes

Space so that they can be represented as addition and multiplcation. Perturbation under a

11In L2 space, the analogue of this statement would state that the identity element of addition is e = 0.
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CLR transformation becomes

clr[f ⊕ g] = clr[f(s)] + clr[g(s)] (5.15)

Powering under a CLR transformation becomes

clr[f ⊙ g] = α · clr[f(s)] (5.16)

5.4.2 Testing Probabilistic Anchoring via Functional Regression

Having established the CLR transformation framework, we now develop our empirical strat-

egy for testing probabilistic anchoring. Our approach centers on decomposing deviations

from the target density into systematic versus idiosyncratic components, with the system-

atic component further split into unconditional and conditional sources.

The Core Decomposition

Following Talská et al. (2018), we write the function-on-scalar regression (FoSR) in Bayes

space using perturbation (⊕) and powering (⊙) as:

π̃e
t (s) =

p⊕
j=1

(xtj ⊙ βj)(s)⊕ εt(s) (5.17)

where
⊕

is the B2 analogue of
∑

in L2, π̃e
t (s) = πe

t (s)⊖ µ∗(s) represents the perturbation-

di�erence between the observed density and the target density, xtj are macroeconomic sur-

prises (with xt1 = 1 for the intercept), βj(s) are functional coe�cients in density space, and

εt(s) is the error density.

Applying the CLR transformation to this equation linearizes the Bayes space operations,

yielding our core decomposition in L2 space:



196

clr[π̃t](s) = clr[β1](s)︸ ︷︷ ︸
Unconditional

+

p∑
j=2

xtjclr[βj](s)︸ ︷︷ ︸
Conditional

+ clr[εt](s)︸ ︷︷ ︸
Idiosyncratic

(5.18)

This decomposition maps directly to our anchoring concepts from Section 5.3.1:

� clr[β1](s) captures unconditional unanchoring (De�nition 5.3.2): time-invariant devi-

ations from µ∗(s) at in�ation level s. When clr[β1](s) ̸= 0, expectations persistently

deviate from target.12

�

∑p
j=2 xtjclr[βj](s) captures conditional unanchoring (De�nition 5.3.3): sensitivity to

macroeconomic surprises at in�ation level s. When clr[βj](s) ̸= 0 for j ≥ 2, news

a�ects the distribution.

� clr[εt](s) represents purely idiosyncratic variation consistent with perfect probabilistic

anchoring (De�nition 5.3.4).

Quantifying Unanchoring: Functional R2 Decomposition

We quantify the importance of unanchoring using functional R2 measures that partition

explained variation at each in�ation level s:

R2(s) =
SSY(s)− SSE(s)

SSY(s)
(5.19)

where the functional sum of squared errors (SSE) and total sum of squares (SSY) are de-

�ned as SSY(s) =
∑

t clr[π̃t](s)
2 and SSE(s) =

∑
t(clr[π̃t](s) − ĉlr[π̃t](s))

2. Under perfect

probabilistic anchoring (De�nition 5.3.4), R2(s) = 0 everywhere�the target density µ∗(s)

fully explains observed expectations.

We decompose R2(s) into components corresponding to equation (5.18):

12Because µ∗(s) is estimated from a �xed period (2012�2017), the intercept β1 re�ects deviations from this
benchmark. Alternative speci�cations of µ∗(s) would shift β1 but not a�ect the slope coe�cients β2, . . . , βp.
We assess robustness to alternative target densities in Section 5.5.4.
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Unconditional R2(s): Variation explained by persistent deviations (β1 alone), computed

by setting βj = 0 for j ≥ 2. This quanti�es violations of unconditional anchoring (De�-

nition 5.3.2) at in�ation level s: when R2
uncond(s) > 0, expectations systematically deviate

from µ∗(s) independent of incoming news.

Conditional R2(s): Variation explained by macro surprises (β2, . . . , βp), computed by

setting β1 = 0. This quanti�es violations of conditional anchoring (De�nition 5.3.3) at

in�ation level s: when R2
cond(s) > 0, expectations respond to news at that in�ation level.

Partial R2
j (s): Variation uniquely explained by surprise j, computed via standard par-

tial regression formulas. This identi�es which macroeconomic indicators drive conditional

unanchoring at each in�ation level.

Conversely, R2(s) > 0 indicates deviations from anchoring, with the decomposition into

unconditional and conditional components revealing why anchoring fails: persistent shifts in

beliefs (β1) versus sensitivity to incoming data (β2, . . . , βp).

The global R2 summarizes total unanchoring across the entire distribution, averaging

across the support and weighting by each in�ation level's share of total variation:

R2 =

∫
S [SSY(s)− SSE(s)]ds∫

S SSY(s)ds
=

∫
S
R2(s) · w(s)ds (5.20)

where w(s) = SSY(s)/
∫
S SSY(s)ds weights each in�ation level by its share of total variation.

Regions of the distribution with more variation in deviations from µ∗(s) receive proportion-

ally more weight in the global measure. This measures violations of perfect probabilistic

anchoring (De�nition 5.3.4) pooling both unconditional and conditional sources�what we

term �total unanchoring.�13

13We can also compute functional F-statistics to test if the intercept β1 and macroeconomic surprise coe�-
cients β2, . . . , βp jointly explain variation across the entire distribution. Under the null hypothesis of perfect
probabilistic anchoring (De�nition 5.3.4), the test statistic is F = MSR/MSE ∼ F (p,N − p), where MSR =∫
S [SSY(s)−SSE(s)]ds/dfmodel is the mean square for regression and MSE =

∫
S SSE(s)ds/dferror is the mean

square for error, with dfmodel = p and dferror = N − p. Pointwise F-statistics F (s) = MSR(s)/MSE(s) can
also be computed to explore local e�ects at each in�ation level s, though these are subject to multiple testing
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The functional R2 framework has two key advantages for our purposes. First, it directly

quanti�es the economic importance of unanchoring�what fraction of distributional varia-

tion is systematic rather than noise? Second, the decomposition into unconditional versus

conditional components reveals why anchoring fails at each point on the distribution.

Locating Unanchoring: Functional Coe�cients

While R2(s) quanti�es how much unanchoring occurs at each in�ation level, the functional

coe�cients βj(s) reveal how macroeconomic surprises redistribute probability mass. We

interpret coe�cients in density space by back-transforming via:

βj(s) = clr−1[βj](s) =
exp(clr[βj](s))∫

I
exp(clr[β](u))du

(5.21)

The back-transformed coe�cient βj(s) represents a multiplicative reweighting kernel

showing how probability mass is redistributed in response to surprise j:

� When clr[βj](s) = 0 ⇒ βj(s) = e(s) = 1
b−a

(the neutral density): no reweighting of

probability mass at s.

� When clr[βj](s) > 0 ⇒ βj(s) > e(s): probability mass is pulled toward in�ation level

s.

� When clr[βj](s) < 0 ⇒ βj(s) < e(s): probability mass is pushed away from in�ation

level s.

Because densities integrate to one, βj(s) describes a zero-sum redistribution: regions

where βj(s) > e(s) gain probability mass at the expense of regions where βj(s) < e(s).

The functional coe�cients thus reveal not just whether macro surprises a�ect expecta-

tions (as in point regressions), but where on the distribution they matter�center versus tails

versus speci�c in�ation levels.

concerns and should be interpreted as exploratory.



199

Regional Tests

The functional R2 measures and coe�cient plots assess anchoring pointwise at each in�ation

level s. However, as discussed in Section 5.3.2, central banks may tolerate deviations from the

target at speci�c in�ation levels provided the total probability mass within a tolerance region

matches the target. We therefore test regional anchoring (De�nition 5.3.6) by computing

credible intervals for the integrated coe�cients within Rε = [0%, 4%]:

Unconditional:

∫
Rε

clr[β1](s) ds (5.22)

Conditional:

∫
Rε

clr[βj](s) ds, j = 2, . . . , p (5.23)

The unconditional test (5.22) asks whether there are persistent shifts in probability mass

within Rε relative to the target µ
∗(s)�that is, violations of unconditional anchoring (De�ni-

tion 5.3.2) aggregated over this region. The conditional tests (5.23) ask whether macroeco-

nomic surprises systematically shift probability mass into or out of Rε�that is, violations of

conditional anchoring (De�nition 5.3.3) aggregated over this region. When credible intervals

exclude zero, we reject regional anchoring in that dimension.

These regional tests are less demanding than pointwise tests: probability mass may shift

within Rε (e.g., from 1.5% to 2.5%) without violating regional anchoring, provided the total

mass in the region matches the target. Combined with analogous tests on the tail regions

(s < 0% and s > 4%), they reveal whether violations represent good regional anchoring

(excess mass concentrated near the target) or bad tail anchoring (excess mass in disaster

regions).

5.4.3 Functional Principal Components Analysis

The appeal of FoSR for our study is the ability to regress an in�nite-dimensional functional

object on a vector of covariates to examine marginal e�ects and the proportion of varia-
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tion explained across the support of the function. Functional principal component analysis

(FPCA) o�ers a computationally e�cient way to reduce the in�nite-dimensional densities to

a �nite number of basis functions and scores that explain most of the variation.

The results of Hron et al. (2016) show that performing FPCA on CLR-transformed den-

sities allows for use of standard FPCA methods. We apply the Karhunen-Loève expansion,

but substitute the policymaker's target density µ∗(s) for the empirical mean typically used

in FPCA methods, so that

clr[πe
t ](s) = clr[µ∗](s) +

∞∑
k=1

ξktϕk(s) (5.24)

where ξkt are the functional principal component scores and ϕk(s) are the eigenfunctions.

We choose the number of components K to explain 95 percent of the total variation in the

CLR-transformed densities.14 This gives a �nite approximation:

clr[πe
t ](s) = clr[µ∗](s) +

K∑
k=1

ξktϕk(s) + et(s) (5.25)

Given this �nite representation, FPCA o�ers a parsimonious way to estimate the FoSR.

To model the marginal impacts of the macroeconomic surprises on the densities πe
t (s), we

regress each of the K scores ξ on the design matrix X, collapsing the estimation to a simple

linear regression:

ξkt = β1k +

p∑
j=2

clr[βjk]xjt + εkt (5.26)

The eigenfunctions ϕk(s) allow us to expand the estimations across the functional support.

To construct the functional coe�cient for covariate j, we aggregate across components:

clr[β̂j](s) =
K∑
k=1

ĉlr[βjk]ϕk(s) (5.27)

14We also examined using 99 percent as the threshold. This did not materially a�ect our results, as the
majority of variation is typically captured by the �rst three components.
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Similarly, the predicted scores yield predicted densities:

ξ̂kt =

p∑
j=1

ĉlr[βjk]xjt (5.28)

ĉlr[π̃e
t ](s) =

K∑
k=1

ξ̂ktϕk(s) (5.29)

This ties our empirical model back to the decomposition in equation (5.18).

Bayesian Estimation

We estimate (5.26) using standard Bayesian normal linear regression with independent

normal-gamma priors. We sample from the conditional posteriors using the following Gibbs

sampling algorithm:

1. Set initial values for β and h = 1/σ2.

2. Draw β|ξ, h ∼ N(β̄, V̄ ).

3. Draw h|ξ, β ∼ G(s̄−2, ν̄).

4. Repeat steps 2�3.

The posterior parameters are:

V̄ = (V −1 + hX ′X)−1, (5.30)

β̄ = V̄ (V −1β + hX ′ξ), (5.31)

ν̄ = N + ν, (5.32)

s̄2 =
(ξ −Xβ)′(ξ −Xβ) + νs2

ν̄
. (5.33)

We assume a �at prior on p(β) and the Je�reys prior p(h) ∝ h−1. For numerical imple-

mentation, the �at prior on β is approximated using β = 0 and V = 100I. The Je�reys

prior on p(h) takes ν → 0, so that h|ξ, β ∼ G(N, (ξ −Xβ)′(ξ −Xβ)).



202

For point estimates of βj(s), we apply equation (5.21) to the draws retained after burn-in

and compute the posterior means of the back-transformed estimates. Inference on clr[βj](s)

requires adjustment for serial correlation in the residuals, which would otherwise produce

credible intervals that are too narrow. Following Müller (2013), we adjust the posterior

covariance matrix using the HAC estimator V̂HAC of Newey and West (1987), so that clr[β] ∼

N(β̂, V̂HAC). To construct credible intervals for βj(s), we replace the posterior covariance

with the sandwich covariance and then apply equation (5.21) to the adjusted draws.15

Our Gibbs sampling algorithm takes 50,000 draws and discards the �rst 10,000 as burn-in

to construct posterior mean point estimates and 95 percent credible intervals. Trace plots

for each regression on score k (not reported) con�rm good convergence of the sampler.

Implementation Details

For computational purposes, we discretize the support S = [−0.02, 0.06] at N = 801 evenly-

spaced grid points {s1, s2, . . . , sN} in increments of 1 basis point. This yields in�ation levels

ranging from −2% to 6%, matching the range of available strike prices in the in�ation options

data. The neutral density for this support is e(s) = 1/(0.06− (−0.02)) = 12.5, which serves

as the benchmark when interpreting back-transformed coe�cients βj(s) (see (5.21)).

In matrix form, the CLR-transformed densities clr[π̃e
t ] form a T × N matrix, where T

is the number of time periods in the estimation window and each row represents a density

evaluated at the N grid points. The coe�cient functions clr[β](·) form a p×N matrix, where

p is the number of regression parameters (one intercept plus p − 1 macroeconomic surprise

variables). The error function clr[ε](·) is similarly a T ×N matrix with clr[ε](·) ∼ (0,Σ).

We estimate equation (5.26) separately for each of the K functional principal component

scores using the Bayesian linear regression described above. For each score k, we obtain pos-

terior distributions for the coe�cients {clr[βjk]}pj=1, which we aggregate across components

15We construct V̂HAC using standard methods. The long-run variance of the moment contributions gt =
xtût is estimated as Ŝ = Γ̂0 +

∑L
ℓ=1 wℓ(Γ̂ℓ + Γ̂′

ℓ), where Γ̂ℓ =
1
T

∑T
t=ℓ+1 gtg

′
t−ℓ. We use a Bartlett kernel for

wℓ and automatic bandwidth selection for L. Then Q̂ = 1
T X

′X, and V̂HAC = 1
T Q̂

−1ŜQ̂−1.
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via equation (5.27) to obtain the functional coe�cients clr[βj](s). Back-transformation to

density space via equation (5.21) yields the interpretable coe�cients βj(s). Credible inter-

vals for hypothesis tests and regional tests are constructed using the HAC-adjusted posterior

covariance matrix V̂HAC.

5.5 Empirical Results: Three Findings About Probabilis-

tic Anchoring

We estimate the functional regression (5.6) over rolling �ve-year windows, advancing one

month at a time. Our �rst estimation window spans July 2012�July 2017; we then roll

forward maintaining a �ve-year window length through May 2025. In each window, we select

the number of functional principal components K to explain 95% of the variation in CLR-

transformed densities (see ).16 This rolling approach allows us to trace how the degree and

nature of probabilistic anchoring evolved over time, rather than imposing a single estimate

over the full sample period.

Our analysis reveals three key �ndings that traditional point-forecast metrics would miss.

5.5.1 Fact 1: Total Anchoring Deteriorated in Two Waves

Figure 5.5 plots the global R2 from equation (5.20), which measures total unanchoring�

violations of perfect probabilistic anchoring (De�nition 5.3.4) pooling both unconditional

and conditional sources. Three distinct periods emerge:

2017�2018: Strong anchoring. The global R2, (5.20), remains near zero through late-

2017, indicating the entire distribution of expectations matches the target density µ∗(s).

Deviations from µ∗(s) are largely idiosyncratic�neither the residual intercept β1 nor macroe-

16This typically yields K = 3�6 components. Using 99% as the threshold does not materially a�ect our
results, as most variation is captured by the �rst three components.



204

Figure 5.5: Rolling estimates of total unanchoring: the global R2, (5.20)

Notes: Underlying functional regressions are estimated at monthly frequency over rolling 5-year windows.
The x-axis represents the end-date of each rolling estimation window.

conomic surprises explain systematic variation. In the language of De�nition 5.3.4, expecta-

tions exhibit perfect probabilistic anchoring during this period.

2018�2020: First wave of unanchoring. The global R2 rises sharply from near zero

in late-2017 to peak around 0.27 in mid-2020. During this period, over one-quarter of the

variation in deviations from µ∗(s) can be explained by our model, indicating systematic

(rather than idiosyncratic) departures from the target density. We reject the null hypothesis
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of perfect probabilistic anchoring from 2018 onward (see Figure 5.B in the online appendix

for the global functional F-test results).

2021�2025: Brief re-anchoring then second wave. Anchoring improves through 2021�

2023 as the global R2 declines, before unanchoring resurges from 2024. By the �nal window

ending May 2025, the global R2 exceeds 0.30�the highest level in our sample�indicating

that nearly one-third of distributional deviations from target are now systematic.

While Figure 5.5 documents when anchoring deteriorated, it does not reveal why�

whether due to persistent shifts in beliefs (unconditional unanchoring) or sensitivity to news

(conditional unanchoring)�nor where on the distribution these failures occur. We address

these questions in the next two subsections.

5.5.2 Fact 2: The Nature of Unanchoring Changed from Good to

Bad

The two waves of unanchoring in Figure 5.5 re�ect fundamentally di�erent phenomena. We

demonstrate this by decomposing total unanchoring into: (i) which regions of the distribution

exhibit systematic deviations from anchoring (Figure 5.6), (ii) whether this re�ects uncondi-

tional shifts versus news sensitivity (Figure 5.7), and (iii) whether violations represent good

or bad anchoring (Figure 5.8).

Where unanchoring occurs: Center versus tails

Figure 5.6 plots the functional R2(s) from equation (5.19) across the support of the in�ation

expectations density. The �gure reveals a striking shift in where deviations from µ∗(s) are

concentrated:

2018�2020: Center unanchoring. The evidence of unanchoring around 2020 occurred

primarily in the central region of the densities. Systematic deviations from µ∗(s) are concen-
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Figure 5.6: Functional R2(s) from rolling regressions. Darker shading indicates higher
explained variation at in�ation level s.

trated when in�ation expectations are between 1 and 3 percent, with R2(s) values exceeding

0.4 near the 2% target. This means our model�the intercept β1 and macro surprises�

explains over 40% of the variation in how the expectations density deviates from the poli-

cymaker's target at these in�ation levels. In contrast, the tails (below 0% and above 4%)

exhibit low R2 values, indicating these regions remained well-anchored.17

17We can again supplement inspection of the functional R2s with functional F-tests. Figure 5.C shows
the global p-values associated with each of the pointwise F-tests over the rolling results, respectively. These
F-tests are based on the full model, which includes both tests of conditional and unconditional unanchoring.
For the pointwise results, the p-values are relatively high initially but declining sharply across most of the
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2024�2025: Tail unanchoring. While the center region generally dominates the high R2

values prior to 2021, there is a rightward migration of relatively higher R2 values beginning

in 2021. From 2024, the rising global R2 values are instead driven by the upper and lower tail

regions, with very little explanatory power in the central region. The R2(s) surface shows

high values for s < 0% and s > 4%, while the center near 2% exhibits R2(s) ≈ 0.

Unconditional versus conditional sources

Figure 5.7 decomposes the functional R2 into the component explained by macroeconomic

surprises alone (excluding the intercept β1), revealing the role of conditional unanchoring.

The conditional R2 values are substantially smaller than the total R2 in Figure 5.6,

indicating that macroeconomic news explains little of the deanchoring. Two features stand

out:

Unconditional unanchoring dominates. Comparing Figures 5.6 and 5.7, the vast ma-

jority of explained variation comes from the intercept β1, not macro surprises. That is,

the unconditional R2�persistent deviations from µ∗(s)�dominates the conditional R2 from

news sensitivity. This means violations of unconditional anchoring (De�nition 5.3.2)�

persistent shifts in the expectations density away from µ∗(s)�drive the patterns in Fig-

ure 5.6, especially around 2020. The expectations density and the policymaker's target

density are not well-aligned unconditionally.

Modest conditional unanchoring during pandemic. There is, however, evidence that

for roughly one year during the pandemic 2020�2021, macroeconomic news variables pro-

vide some explanatory power in both the left and right tails, with conditional R2 values

reaching 0.10�0.15. This indicates temporary violations of conditional anchoring (De�ni-

tion 5.3.3) during the pandemic period, though the e�ect is smaller and more transient than

the unconditional shifts.

support as the end of the 5-year windows approach 2018.
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Figure 5.7: Conditional functional R2(s) excluding the intercept � to isolate the variation
explained by the macroeconomic surprises (De�nition 5.3.3).

Good versus bad regional anchoring

Figures 5.6 and 5.7 show that expectations deviated from target and where on the distribu-

tion, but do not reveal whether these deviations represent heightened or diminished disaster

risk. Figure 5.8 addresses this by testing regional anchoring (De�nition 5.3.6) across three

regions: the tolerance region Rε = [0%, 4%], the lower tail (s < 0%), and the upper tail

(s > 4%). In this test, we compute the cumulative di�erences in probability mass within

each region between our predicted densities and the µ∗, and we also produce 95 percent
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credible intervals around our predicted densities. The credible intervals allow us to formally

test for statistical di�erences between the predicted densities and µ∗, so that if the credible

interval includes zero then we reject regional anchoring.

Figure 5.8: Testing unconditional regional anchoring across three regions: left tail, center,
upper tail.

Notes: Regional di�erences in cumulative probabilities between predicted densities and the policy mean

function. Shaded bands are 95% credible intervals implied by the functional coe�cients. When the interval
excludes zero, we reject regional anchoring. Credible intervals computed using HAC-adjusted posterior
covariance.

2018�2020: Good regional anchoring. The rise in global R2 through late-2020 re�ects

good regional anchoring. The top panel shows the expected probability of in�ation being less

than 0% is statistically signi�cantly lower than the policymaker's target α∗ =
∫
Rε

µ∗(s)ds.
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The bottom panel tells a similar story for the expected probability of in�ation being greater

than 4%. These results suggest that the market concentrated less probability below 0%

and above 4% than µ∗(s) prescribes. This withdrawal of probability from disaster regions

indicates lower tail risk than the policymaker's benchmark�a benign violation of perfect

anchoring (De�nition 5.3.4).

2021�2025: Bad upper-tail anchoring. From late-2021, we observe a marked increase

in uncertainty (widening credible intervals). This coincides with the start of the post-

pandemic in�ation surge. But despite monetary policy being tightened in response through

2022 and 2023, by late-2024, we �nd statistically signi�cant evidence of bad upper-tail an-

choring : excess probability mass resides in the region s > 4%, indicating heightened risk of

persistent high in�ation. The probability of in�ation exceeding 4% rose from approximately

5% (consistent with µ∗(s)) to 12% by 2025. Critically, this upper-tail unanchoring occurred

even as mean expectations remained near 2%�a pattern that would be invisible to tradi-

tional point-forecast metrics like those of Kumar et al. (2015) or Gürkaynak et al. (2010).

Bad upper-tail anchoring explains the rise in global R2 seen in Figure 5.5 from 2024.

Several interpretations are consistent with persistent bad upper-tail anchoring despite

disin�ation from late-2023. First, it may re�ect genuine uncertainty from �nancial market

participants about whether disin�ation will persist or prove temporary. The post-pandemic

in�ation surge may have durably raised perceived tail risks, even if central expectations

recovered. Second, it could re�ect elevated in�ation risk premia: investors may demand

greater compensation for in�ation risk following the 2021-2022 experience, shifting the RND

(Q-distribution) away from real-world beliefs (P-distribution). Our data do not allow us to

separate these interpretations, as RNDs con�ate probability beliefs and risk premia.
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5.5.3 Labor Market E�ects on Upper-Tail Unanchoring

Having established when (Fact 1) and where (Fact 2) probabilistic anchoring failed, we now

examine which macroeconomic surprises drive these patterns. We do this by inspecting the

back-transformed functional coe�cients βj(s) from equation (5.21) over two speci�c windows:

2016�2020 (good regional anchoring) and 2021�2025 (bad upper-tail anchoring).18

2016�2020: Good anchoring driven by unconditional shift

Figure 5.9 plots the density-space coe�cient functions for the 2016�2020 period. The in-

tercept β1(s) is the only consistently statistically signi�cant coe�cient. Its functional form

shows how probability mass was reallocated away from both tails and toward the center of

the distribution: β1(s) > e(s) = 12.5 (the uniform density) for s ∈ [1%, 3%], and β1(s) < 12.5

in both tails. This con�rms the good central-region probabilistic anchoring documented in

Figure 5.8.

In contrast, the coe�cients on macroeconomic news variables show relatively smaller

deviations from the uniform distribution. Because surprise measures are standardized, we

can compare magnitudes directly. The fed funds rate coe�cient shows the largest condi-

tional e�ect: a positive surprise (actual rate exceeds forecasts) reallocates probability mass

away from the left side of the distribution toward the right tail. This pattern is consistent

with market participants viewing unexpected FOMC tightening as signaling higher future

in�ation, or with changes in in�ation risk premia demanded by investors hedging policy

uncertainty. Similar patterns at smaller magnitudes appear for GDP and PPI surprises.

Notably, nonfarm payrolls shows the opposite pattern: positive employment surprises

shift mass slightly toward the left tail. This likely re�ects a singular outlier�a 20-standard-

deviation surprise in early 2020 (see Figure 5.3) coinciding with pandemic-related leftward

shifts in the RNDs. This highlights the reduced-form nature of our analysis and the need

18Given the reduced form nature of our analysis, we do not claim these e�ects to be causal. That being
said, we do mitigate any impacts of endogeneity bias by the lagged structure of our macroeconomic surprises
relative to the risk-neutral densities in our data.
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for caution in any causal interpretation.19

2021�2025: Nonfarm payrolls drives conditional unanchoring

Figure 5.10 shows the functional coe�cients for 2021�2025. The pattern di�ers starkly from

2016�2020:

19Partial R2 decompositions in Figure 5.E con�rm the intercept dominates, explaining nearly 70% of total
variation near 2% in�ation. Among macro surprises, the fed funds rate explains the most (5�6.5% of variation
in the [3%, 5.5%] region), while other surprises explain negligible variation.... Figure 5.F zooms in on the
partial R2 of the macroeconomic surprises.
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Figure 5.9: Functional coe�cients βj(s) for 2016�2020, back-transformed to density space

Notes: Shaded regions are 95% credible intervals constructed using HAC-adjusted posterior covariance.

Macroeconomic surprises are standardized, so magnitudes are directly comparable. Dashed line represents
the neutral density e(s) = 12.5. Coe�cients above (below) this line indicate reallocation of probability
mass toward (away from) in�ation level s.
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Figure 5.10: Functional coe�cients βj(s) for 2021�2025, back-transformed to density space

Notes: Shaded regions are 95% credible intervals constructed using HAC-adjusted posterior covariance.
Macroeconomic surprises are standardized, so magnitudes are directly comparable. Dashed line represents
the neutral density e(s) = 12.5. Coe�cients above (below) this line indicate reallocation of probability
mass toward (away from) in�ation level s.
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Unconditional rightward shift. The most notable feature is the residual intercept β1(s),

which now shows a reallocation of probability mass away from the left tail and toward the

right tail�consistent with the bad upper-tail anchoring documented in Figure 5.8. Speci�-

cally, β1(s) < 12.5 for s < 1% and β1(s) > 12.5 for s > 3%, indicating systematic withdrawal

of probability from de�ation scenarios and accumulation in high-in�ation scenarios. This un-

conditional shift explains why the probability of in�ation exceeding 4% rose from 5% to 12%

even as mean expectations remained near 2%.

Nonfarm payrolls drives conditional unanchoring. The next largest functional coe�-

cient in terms of both magnitude and statistical signi�cance is nonfarm payrolls. Intriguingly,

the coe�cient appears counter-intuitive: positive employment surprises (actual > forecast)

reallocate probability mass away from the region above 2% toward the region below. This

pattern�where strong labor market news appears to lower in�ation expectations�likely

re�ects the speci�c macroeconomic context of 2021�2025. During this period, unexpect-

edly strong employment growth may have signaled either: (i) greater economic resilience

reducing stag�ation fears, or (ii) increased Federal Reserve credibility in achieving a �soft

landing� without persistent in�ation. Other surprises show similar patterns but are smaller

in magnitude or lack statistical signi�cance.

Partial R2 decompositions (Figure 5.H in the appendix) con�rm these interpretations.

The residual intercept has the largest explanatory power in the far tails, particularly for s >

4% where it explains 25�35% of total variation. Among macroeconomic surprises, nonfarm

payrolls is the dominant driver, explaining 5�10% of variation in the [0%, 4%] region�nearly

an order of magnitude larger than other surprises (Figure 5.I).

Implications. The prominence of labor market surprises in explaining conditional unan-

choring has two implications. First, it suggests that the market's in�ation expectations are

sensitive to employment news in ways that may re�ect beliefs about the Phillips curve trade-

o� or the Fed's dual mandate. When labor markets surprise to the upside, agents apparently
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revise downward their probability of extreme in�ation outcomes, perhaps interpreting strong

employment as signaling policy credibility. Second, this sensitivity indicates that Federal Re-

serve communication about the employment-in�ation nexus may be crucial for maintaining

probabilistic anchoring. If the public systematically misinterprets labor market strength as

in�ationary (or disin�ationary), communication clarifying the policy reaction function could

help re-anchor tail probabilities.

5.5.4 Comparison to Traditional Metrics

We end by comparing our probabilistic tests to traditional anchoring tests. We estimate two

benchmark speci�cations on the same rolling windows as used for the functional regressions:

1. Mean regression (Kumar et al. variant): OLS regression of (π̄e
t − 2) on an

intercept and macro surprises, where π̄e
t =

∫
s · πe

t (s) ds is the mean expectation.

2. Regional probability regression (Grishchenko et al. variant): OLS regression

of [αt − α∗] on an intercept and macro surprises, where αt = Pr(πe
t ∈ [0%, 4%]).

Figure 5.11 plots the rolling R2 from these speci�cations alongside our global R2 from

Figure 5.5.



217

Figure 5.11: Comparison of rolling R2 across three approaches: our distributional method
(top panel), regional probability regression (middle panel), and mean regression (bottom
panel).

These comparisons demonstrate that traditional point-forecast metrics can mask substan-

tial distributional unanchoring. Our global R2 peaks at 0.30 in 2025, capturing the full extent
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of distributional shifts that expected value and regional probability metrics understate. For

example, during late 2025 when the RNDs had begun to place increasing tail mass at higher

levels of in�ation, our functional global R2 suggests that the functional approach is able to

capture the tail migration while the regional and expected value R2 metrics suggest largely

declining variation explained during that time. Moreover, only our functional coe�cients

reveal where on the distribution news matters (center versus tails) and which surprises drive

unanchoring. By contrast, Table 5.B shows that the non-zero e�ects of the macroeconomic

surprises on the expectations density would be missed if one simply regressed them on the

probability of in�ation being less than zero, between zero and four, and greater than four.

5.6 Conclusions

We develop and implement a probabilistic measure of in�ation expectations anchoring that

extends traditional point-based metrics to assess whether the entire distribution of beliefs

aligns with policymakers' targets. Using Bayesian function-on-scalar regression in Bayes

space, we test whether risk-neutral densities from in�ation options markets are uncondition-

ally consistent with a target density and conditionally orthogonal to macroeconomic surprises

across the full support.

Our empirical �ndings reveal three key �ndings about probabilistic anchoring over 2012-

2025. First, total anchoring deteriorated in two distinct waves (2018-2020 and 2024-2025),

with the global R2 rising from near zero to 0.30. Second, the nature of unanchoring funda-

mentally changed: the 2018-2020 wave re�ected good regional anchoring (excess concentra-

tion near 2%), while the 2024-2025 wave re�ects bad upper-tail anchoring (12% probability

of in�ation exceeding 4%, up from 5%). Third, labor market surprises, particularly nonfarm

payrolls, drive upper-tail unanchoring in the recent period�a �nding invisible to traditional

point-forecast metrics that focus solely on mean expectations.

These �ndings have important implications for monetary policy. First, they demonstrate
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that distributional anchoring can fail even when point expectations appear well-behaved,

suggesting that central banks should always monitor the full distribution of in�ation expec-

tations, not just mean or median forecasts. Second, the persistence of bad upper-tail an-

choring through 2025�despite aggressive policy tightening and actual disin�ation�suggests

distributional anchoring exhibits hysteresis. Once tail beliefs become unanchored, restor-

ing con�dence may require sustained periods of low in�ation, not just immediate policy

responses. Third, the sensitivity of tail probabilities to labor market news indicates that

communication about the Fed's employment mandate and the Phillips curve trade-o� may

a�ect perceived in�ation risks. Finally, our framework provides policymakers with tools to

assess not just whether expectations are anchored on average, but where on the distribu-

tion anchoring may be weakening�enabling more targeted policy responses. Future work

could combine our analysis of market-based risk-neutral densities with survey-based density

forecasts from �rms, professional forecasters, and households. Examining heterogeneity in

probabilistic anchoring across di�erent types of agents�e.g., comparing market-based mea-

sures (re�ecting sophisticated investors) with household survey expectations�could reveal

whether distributional unanchoring occurs di�erentially across the population.
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Table 5.A: Summary statistics of macroeconomic surprises, observations from July 2012-May
2025. Source: Action Economics, Authors' calculations.

Variable N Mean SD Min Median Max

CPI 675 0.000 0.001 -0.003 0.000 0.005

Existing Home Sales 675 0.000 0.078 -0.640 0.000 0.660

Fed Funds Rate (Next FOMC Meeting) 675 0.000 0.000 -0.005 0.000 0.002

GDP Advance Report 675 0.000 0.002 -0.019 0.000 0.015

Housing Starts 675 0.000 0.038 -0.187 0.000 0.248

New Home Sales 675 0.001 0.024 -0.169 0.000 0.191

Nonfarm Payrolls 675 8.009 209.197 -837.000 0.000 4509.000

PPI 675 0.000 0.001 -0.008 0.000 0.012

Retail Sales 675 0.000 0.004 -0.029 0.000 0.082

Online Appendix for Chapter 5

Additional Tables
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Table 5.B: Regional Anchoring Regressions.

p(< 0) p(0-4) p(> 4)

(Intercept) -0.011*** -0.001 0.012

(0.001) (0.007) (0.007)

Surprise CPI 0.000 0.005 -0.006

(0.001) (0.003) (0.004)

Surprise Existing Home Sales -0.000 -0.003 0.004

(0.000) (0.002) (0.003)

Surprise Housing Starts 0.001 -0.000 -0.001

(0.001) (0.003) (0.003)

Surprise New Home Sales 0.000 0.000 -0.001

(0.000) (0.002) (0.002)

Surprise Nonfarm Payrolls -0.001 -0.013 0.014

(0.002) (0.008) (0.009)

Surprise PPI 0.000 0.003 -0.003*

(0.000) (0.002) (0.002)

Surprise Retail Sales 0.000 0.004 -0.004

(0.001) (0.004) (0.005)

Surprise GDP Advance Report -0.001 -0.003 0.003

(0.000) (0.002) (0.002)

Surprise Fed Funds Rate (Next FOMC Meeting) 0.001 0.002 -0.002

(0.001) (0.002) (0.003)

Num.Obs. 104 104 104

R2 0.056 0.069 0.074

RMSE 0.01 0.03 0.03

* p < 0.1, ** p < 0.05, *** p < 0.01
Dependent variable is the di�erence between the cumulative probaility implied
by the RNDs and the policy mean function at selected intervals of in�ation.
Newey-West correction used for standard errors.
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5.7 Additional Figures

Figure 5.A: Rolling R2 heatmap, excluding macroeconomic surprises. Functional regres-
sions are estimated at a monthly frequency over a rolling 5-year window of data beginning
in the period from July 2012-July 2017.
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Figure 5.B: Rolling global F-test p-values. Functional regressions are estimated at a
monthly frequency over a rolling 5-year window of data beginning in the period from July
2012-July 2017.
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Figure 5.C: Rolling F-test p-value heatmap. Functional regressions are estimated at a
monthly frequency over a rolling 5-year window of data beginning in the period from July
2012-July 2017.
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Figure 5.D: Share of total variation explained by functional principal components in CLR
space over the period from 2016-2020.
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Figure 5.E: Density space partial-R2 functions using density and macro surprise data from
2016-2020.
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Figure 5.F: Density space partial-R2 functions, excluding the intercept, using density and
macro surprise data from 2016-2020.
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Figure 5.G: Share of total variation explained by functional principal components in CLR
space over the period from 2021-2025.



229

Figure 5.H: Density space partial-R2 functions using density and macro surprise data from
2021-2025.
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Figure 5.I: Density space partial-R2 functions, excluding the intercept, using density and
macro surprise data from 2021-2025.



Chapter 6

Conclusion

6.1 Summary of Findings

This thesis has examined three questions in the areas of empirical banking and �nance: the

transmission of interest rate risk through bank pro�tability, the stability of credit risk models

in consumer lending, and measurement of anchoring of in�ation expectations. Each essay

has documented evidence of signi�cant instability or heterogeneity in relationships that are

commonly assumed to be stable in both academic research and policy applications.

Chapter 1 examined the relationship between net interest margins and interest rates,

documenting heterogeneity in how banks' pro�tability responds to interest rate changes.

The analysis showed increased sensitivity to interest rates in the tails of the conditional NIM

distribution during and after the pandemic period, with nonlinearities resulting from bank

interest expenses constrained by the zero lower bound. I document additional heterogeneity

by bank size, as smaller community banks experienced di�erent margin dynamics than larger

banks that did not reprice deposits upward as quickly prior to the pandemic. These �ndings

have implications for �nancial stability given banks rely on earnings to build loss-absorbing

capital during periods of stress.

Chapter 2 demonstrated that the sensitivity of auto loan default probabilities to unem-

231
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ployment shocks has declined persistently following both the Global Financial Crisis and the

Covid recession. The estimated e�ect of a one percentage point increase in unemployment

on default risk fell from 16% in 2006 to just 3% in the post-2020 period. This decline per-

sists even after controlling for forbearance programs and pandemic-speci�c factors, and is

driven primarily by changes in macroeconomic relationships rather than changes in borrower

composition. Models estimated just before the pandemic would have overstated two-year cu-

mulative defaults by 100 basis points (25%) during 2020-2021, with implications for stress

testing practices and loss forecasting by lenders and regulators.

Chapter 3 developed a probabilistic measure of in�ation expectations anchoring and ap-

plied it to risk-neutral densities from in�ation options over 2012-2025. The analysis revealed

that anchoring deteriorated in two waves with fundamentally di�erent characteristics. The

2018-2020 wave re�ected excess concentration of probability mass very close to the 2% target

(�good� regional anchoring), while the 2024-2025 wave re�ected elevated probabilities in the

upper tail of the distribution (�bad� tail unanchoring). This upper-tail unanchoring is cor-

related with labor market surprises and would be completely missed by traditional metrics

that focus only on point expectations.

6.2 Common Themes

Two notable common themes emerge across these three essays that have broader implications

for empirical research and policy analysis.

6.2.1 Empirical Instability

A central �nding is that relationships which appear stable during normal times can break

down during periods of extreme stress or large policy interventions. Bank margins responded

di�erently to the rapid tightening of 2022-2023 than to previous periods in the tails of the

distributions. The unemployment-default relationship weakened dramatically after both the
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GFC and Covid recessions. In�ation expectations became unanchored in their distributional

characteristics during and after the pandemic period of 2020.

This evidence of empirical instability poses challenges for risk management and policy

models that are based on reduced form approaches. Interest rate transmission through the

banking system depends on stable margin responses to rate changes, yet these responses vary

across time and institutions. Stress testing models, by their nature, aim to predict outcomes

during tail events�precisely when historical relationships may no longer hold. Monetary

policy rules and forecasting models assume stable expectation formation processes�yet the

anchoring of in�ation expectations appears to vary over time and across the distribution.

The Lucas Critique has association with these �ndings. If economic relationships depend

on the policy regime, then using reduced-form statistical models estimated under one regime

to evaluate policies in another regime is fundamentally problematic. The massive �scal and

monetary interventions during Covid, the rapid tightening of 2022-2023, and the various

forbearance programs implemented during the pandemic all represent regime changes that

altered the structural relationships underlying our empirical models.

6.2.2 The Importance of Distributional Analysis

A second theme is the value of examining full distributions rather than focusing exclusively on

conditional means or point forecasts. Chapter 1's examination of heterogeneity across bank

types reveals that aggregate margin responses mask important di�erences in how monetary

policy a�ects di�erent segments of the banking system. Chapter 2's Markov transition

framework captures the full dynamics of loan performance�delinquency, cure, prepayment,

and default�rather than just terminal default rates. This approach allows for more accurate

multi-period projections.

Chapter 3's distributional approach to in�ation expectations reveals unanchoring in the

tails of the distribution that is invisible in mean expectations. If central banks monitor only

whether mean �ve-year in�ation expectations remain near 2%, they will miss important
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changes in perceived tail risks. Yet it is precisely these tail risks�the probability of in�ation

running persistently above target or falling into de�ation�that matter most for policy.

This emphasis on distributions connects to a broader trend in macroeconomics and �-

nance toward examining risk, uncertainty, and higher moments of distributions rather than

just central tendencies. The Global Financial Crisis highlighted the importance of tail risks

that appeared small in normal times. The growing availability of density forecast data from

both surveys and �nancial markets has enabled researchers to move beyond point expecta-

tions.

6.3 Policy Implications

The �ndings in this thesis suggest several implications for policy and risk management prac-

tice.

The evidence of heterogeneous net interest margin responses to interest rate changes

has important implications for understanding interest rate transmission through the bank-

ing system. Loss-absorbing bank capital is built from retained earnings, so it is crucial for

policymakers to understand how changes in both policy rates and the broader yield curve

may impact the tails of the bank margin distribution when measuring risks to bank solvency,

a core component of �nancial stability. If bank earnings and resulting solvency are nega-

tively impacted by interest rate changes during a crisis then banks could reduce lending to

businesses and households, leading to broad e�ects on the real economy.

The evidence of declining unemployment sensitivity in auto loan defaults raises questions

about the stability of the macroeconomic relationships embedded in stress testing models.

If models calibrated during earlier periods systematically overstate credit losses during re-

cessions, this could lead to ine�ciently high capital requirements. Banks may be required to

hold excess capital to guard against losses that are less likely to materialize than historical

relationships suggest. One possible solution is to update model parameters more frequently
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to re�ect recent data. An alternative is to simply acknowledge this uncertainty explicitly by

incorporating sensitivity analysis around key parameters when forecasting losses.

The �nding that in�ation expectations can become unanchored in their distributional

characteristics while mean expectations remain stable has important implications for how

central banks monitor and communicate about expectations. It is common for central banks

to focus heavily on whether mean long-run in�ation expectations remain near 2%. Our

results suggest that central banks should expand their monitoring frameworks to include

distributional measures of anchoring, utilizing statistical tests for distributional anchoring.

When distributional anchoring deteriorates�as it did in 2024-2025�policymakers should

recognize this as a warning sign even if mean expectations appear stable.

6.4 Concluding Remarks

This thesis has examined three important questions in empirical banking, risk management

and in�ation expectations, documenting evidence of signi�cant instability and heterogene-

ity in relationships that are central to policy models and risk management frameworks.

Bank margins respond heterogeneously to monetary policy changes. The sensitivity of auto

loan defaults to unemployment has declined persistently. In�ation expectations can become

unanchored in their distributional characteristics while mean expectations remain stable.

These �ndings highlight challenges and opportunities facing empirical researchers and

policymakers. The challenge is that relationships we thought we understood appear to be

changing, making prediction and policy design more di�cult. But the opportunity is to

develop richer empirical approaches�examining full distributions, testing for heterogeneity,

and explicitly modeling instability�that provide a more complete picture of economic re-

lationships and their evolution over time. Econometric methods already exist to deal with

these issues, but it is not clear that they are fully utilized in current policy frameworks. This

thesis has augmented an existing literature highlighting the need for greater use of these
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techniques.

The period from 2000 to 2025 has been extraordinary in terms of macroeconomic volatility

and policy experimentation. The Global Financial Crisis, the Covid pandemic and policy

response, and the subsequent in�ation surge and rapid tightening have each represented

natural experiments that have revealed the limits of models estimated during more stable

periods. As we move forward, the lessons from this period should inform how we build and

evaluate empirical models, conduct policy analysis, and manage risk. In addition, it could

be that appropriately calibrated structural models would o�er more stability in their ability

to predict across structural changes in the economy. Future research could explore how

structural models may outperform the reduced form models typically used in the empirical

banking, stress testing, and in�ation literature while continuing to focus on heterogeneity

and distributional analysis as opposed to more common representative agent assumptions.
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