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Abstract

We examine the effect of undiagnosed memory disorders on credit outcomes using nationally
representative credit reporting data merged with Medicare data. Years prior to eventual diagnosis, average
credit scores begin to weaken and payment delinquency begins to increase, overall and for mortgage and
credit card accounts specifically. Credit outcomes consistently deteriorate over the quarters leading up to
diagnosis. The harmful financial effects of undiagnosed memory disorders exacerbate the already
substantial financial pressure households face upon diagnosis of a memory disorder. Our findings
substantiate the possible utility of credit reporting data for facilitating early identification of those at risk
for memory disorders.
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For households with older adults, financial decisions are imbued with particular consequence,
given increasing reliance with age on largely fixed assets (versus new income flows) and shifting
resource demands for health-related needs (Jacobson et al. 2021; Machlin and Carper 2018). Among
recent cohorts of older-adult households, declining defined retirement benefits, lengthening average
periods of retirement, and increasing expected health and long-term care costs (Agarwal et al. 2009)
have added to the consequential nature of financial decision-making.

The range and complexity of financial decisions in which households engage underscore the role
of cognitive function in financial behavior. These include balancing consumption and savings over
an uncertain time horizon, optimizing performance while mitigating risk in an asset investment
strategy, and determining whether to initiate debt and the structure of such debt (Gomes, Haliassos,
and Ramadorai 2021). Previous studies find cognitive ability is related to financial decisions
regarding assets, including wealth and wealth composition (McArdle, Smith, and Willis 2011);
investment performance (Kuo, Lin, and Zhao 2014); trading behavior and performance (Grinblatt,
Keloharju, and Linnainmaa 2012); and stockholding (Christelis, Jappelli, and Padula 2010). With
respect to liability, cognitive function has been linked to optimal credit card use (Agarwal and
Mazumder 2013), the probability of mortgage default (Gerardi, Goette, and Meier 2013), and
repayment behavior (Brown et al. 2016).

Despite the importance of financial decisions for older households and the importance of cog-
nitive function to those decisions, older households are those most vulnerable to memory disor-
ders such as Alzheimer’s disease and related disorders (ADRD) which impair cognitive function
(Alzheimer’s Association 2023). In more than 90 percent of Alzheimer’s disease cases, symptoms
first occur after age 65 (National Institute on Aging (NIA) 2019). ADRD has a substantial and
growing reach, affecting more than 11 percent of individuals age 65 and over in the U.S., and the
size of the population affected is projected to more than double by 2050 as a result of epidemiologic
and demographic trends (Alzheimer’s Association 2023). Certain sub-populations are particularly
at risk. For women, the estimated lifetime risk for Alzheimer’s disease at age 45 is double that
for men (Chéne et al. 2015), and the prevalence of ADRD is decidedly more pronounced among
Black and Hispanic populations (Chen and Zissimopoulos 2018; Lines, Sherif, and Wiener 2014)
and lower for Asian American populations compared to non-minority populations (Mayeda et al.
2017).

Previous studies suggest financial decision-making deficits are often among the first functional
changes attributable to early-stage cognitive impairment and that effects on financial behavior are
magnified as symptoms progress (Marson et al. 2000; Martin et al. 2008; Triebel et al. 2009). Cogni-

tive changes associated with early-stage disease, including episodic memory and perceptual speed,



may not only make individuals more susceptible to compromised financial decision-making on their
own (Han et al. 2015a), but also render individuals more susceptible to financial exploitation by
others (Han et al. 2015b; Wood and Lichtenberg 2017). The potential financial vulnerability cre-
ated by cognitive deficits associated with early-stage Alzheimer’s is compounded by the challenges
of detecting and diagnosing mild cognitive impairment (Sabbagh et al. 2020) and the years-long
time span of the prodomal stage (Vermunt et al. 2019). Moreover, some evidence points to person-
ality changes during early stages of Alzheimer’s disease, such as a reduction in conscientiousness
and increase in neuroticism (Robins Wahlin and Byrne 2011), and previous research finds such
traits are related to financial distress (Parise and Peijnenburg 2019).

Recent empirical studies have begun to examine the vulnerability of those in the early stages
of the disease to poor financial outcomes. Gresenz et al. (2019) find that early stage ADRD places
households at significant risk for large adverse changes in liquid assets, regardless of who in the
household is afflicted, and reduces net wealth, with a more pronounced effect when the financial
head of household is affected. In a study of seniors living alone, Nicholas et al (2021) find an
increased risk of missing bill payments and developing a subprime credit score in the several years
prior to ADRD diagnosis.

This paper extends research on ADRD and household financial behavior among older adults in
several key ways. First, we examine the effect of ADRD on credit outcomes in the years preceding
diagnosis using a very large, nationally representative, longitudinal data set. The data set includes
credit data from Equifax merged at the individual level using Social Security number (SSN) with
Medicare claims and enrollment data from the Center for Medicare and Medicaid Services (CMS).
Second, we investigate a broad range of outcomes, including credit score, payment delinquency,
and delinquency by credit type (mortgage and credit card). Third, we examine the effect of ADRD
prior to diagnosis on financial outcomes among seniors regardless of their household structure and
inclusive of those who live alone as well as those living with a spouse or partner or other household
members. This is important because only 27% of adults ages 60 and older live alone in the U.S.
(Ausubel 2020) and previous research shows effects of early stage ADRD on financial outcomes
across single- and multi-person households (Gresenz et al. 2019) as well as effects of cognitive
decline on financial wealth among two-person (coupled) households (Angrisani and Lee 2019).
Fourth, we implement a difference-in-differences event study model where we control for selection
effects by applying propensity score weighting (Abadie 2005; Hirano, Imbens, and Ridder 2003)
and including individual fixed effects. Fifth, we examine potential heterogeneity associated with
gender and race in the effect of ADRD prior to diagnosis on credit outcomes.

We find, on average, deterioration in credit scores and a heightened probability of payment



delinquency in the five years prior to an eventual diagnosis of ADRD. Considering the typical
progression of the disease, these findings point to financial consequences of the disease in its earliest
stages, when symptoms are typically mild and not widely apparent. The financial consequences of
ADRD prior to diagnosis steadily increase over time. Credit scores weaken and the probability of
delinquency rises as individuals approach diagnosis. These patterns correspond to the increasing
symptomatology that is typical with the disease given its progressive nature. We also find effects
of ADRD prior to diagnosis on payment delinquency associated specifically with mortgages and
credit card accounts which are the largest components of debt for older adults. The probability
of delinquency among credit card account holders is consistently worse in the five years prior to
diagnosis and for mortgage borrowers is worse in the three years prior to diagnosis. The magnitude
of payment delinquency is particularly concerning: Two years prior to diagnosis, the probability of
credit card delinquency among account holders is 21 percent higher and the probability of mortgage
delinquency among mortgage borrowers is 11 percent higher compared to baseline. Black adults
are particularly susceptible to poor financial outcomes from early stage ADRD compared to White
adults. For women, the effects of ADRD prior to diagnosis are similar to those among men,
but the effects after diagnosis are more pronounced for some financial outcomes. Our findings
are important because the adverse effects of undiagnosed ADRD on credit scores and payment
delinquency increase immediate pecuniary costs such as late fees and interest charges. These
changes also reduce access to credit and affect credit limits and interest rates on credit cards and
personal loans—all at a time when the demand for household financial resources is likely to increase
to pay for the substantial caregiving and related costs associated with later stages of memory
disorders (Hurd et al. 2013). Further, our findings substantiate the possible utility of credit data
for facilitating early identification of those at risk for ADRD. Additional work is required to explore

the application of machine learning to credit reporting data in support of algorithm development.

1 Data and Methods

1.1 Data Sources

We use data from the Federal Reserve Bank of New York’s (FRBNY) Consumer Credit Panel
(CCP) spanning 2000-2017 merged at the individual level using a unique common identifier (Social
Security number) with data from the Base, Cost & Use, and Chronic Conditions segments of the
Medicare Beneficiary Summary File (Centers for Medicare & Medicaid Services 2023a) covering
the same time period.

The CCP was designed to provide an anonymized, nationally representative sample of U.S.



residents with a credit history and an SSN associated with their credit file (Lee and Klaauw
2010). The CCP derives from credit data collected and stored by Equifax, one of three primary
credit bureaus to collect such information in the U.S. These agencies compile and maintain credit
histories for all U.S. residents who have applied for or taken out a loan—an estimated 89 percent
of all U.S. adults (Brevoort, Grimm, and Kambara 2016; Lee and Klaauw 2010). The credit data
are highly granular, including an overall derived credit score as well as detailed information on loan
origination, amount, balance, term, credit limit and payment status/delinquencies for, separately,
mortgages, home equity loans and revolving accounts, auto loans, credit card accounts, consumer
finance and retail loans, and other loan accounts. These variables are updated continuously, and,
for most adults, over the time span from early adulthood forward. Avery et al. (2003) provide a
comprehensive overview and additional detail on consumer credit reports content. A key advantage
of the CCP for this research is that it tracks financial outcomes from administrative as opposed
to self-reported data. This feature of the data is important because the primary population of
interest in the research includes individuals with increasing cognitive impairments whose ability to
self-report outcomes may be compromised.

To create the CCP, a first stage random sample of 5 percent of all individuals with a credit his-
tory and SSN was selected, based on the last four (random) digits of SSN. For each primary sample
member in the CCP, information is then collected on other individuals living at the exact same
address (secondary sample members). The first stage 5 percent sample includes approximately 12
million individuals. The total sample, after second stage sampling, includes approximately 38.1
million individuals representing 11.2 million households. The sampling scheme was repeated for
every quarter beginning with quarter 1 of 1999 through the present day in order to create a longi-
tudinal panel. New individuals are added (e.g., adults who establish a credit history for the first
time) and others are dropped (e.g., deaths) in each quarter so that the sample is representative of
the target population in each quarter, while at the same time comprising a representative panel
over time. Our data comprise 72 quarters (18 years) of CCP panel data (2000-2017). More details
regarding the CCP sample design can be found in Lee and van der Klaauw (2010).

We use multiple segments of the Master Beneficiary Summary File (MBSF) from 2000-2017,
which contain data on all Medicare enrollees for a given calendar year (Centers for Medicare &
Medicaid Services 2023b). The MBSF Base Segment contains socio-demographic and enrollment
data for all enrollees, including state/county/zip code of residence; date of birth; date of death (if
applicable); gender; race/ethnicity; dual Medicaid-Medicare enrollment status; and plan enrollment
type (traditional Medicare vs. Medicare Advantage). The MBSF Chronic Conditions and Cost &

Use segments are based on claims data and are for traditional Medicare enrollees only, as health



care utilization among managed care (known as Medicare Advantage) enrollees does not generate
claims. The MBSF Chronic Conditions segment, known as the Chronic Conditions Warehouse,
includes indicators of the presence or absence of various clinical conditions and the date of diagnosis
of each. The MBSF Cost & Use segment contains a measure of out-of-pocket health care spending.

Clinical indicators in the Chronic Conditions Warehouse are based on algorithms CMS has
established for each chronic condition (Chronic Conditions Data Warchouse 2023). Conditions
identified in the Chronic Conditions segment include Alzheimer’s Disease, ADRD and 25 other
chronic conditions.! For each condition, the date of first occurrence is measured, and flags earmark
mid- and end-of year presence of the condition.? Previous research has employed a claims-based
approach to identifying ADRD (Mucha et al. 2008; Joyce et al. 2007; Gresenz et al. 2019) and
examined the sensitivity and specificity of claims data for identifying ADRD (Taylor et al. 2009).
Sensitivity represents the probability that a person who has ADRD is identified as having ADRD
from claims data whereas specificity represents the probability that a person who does not have
ADRD is accurately identified as cognitively healthy. Thus, a high sensitivity rate indicates few
false negatives and a high specificity rate indicates few false positives. Taylor et al. (2009) report
sensitivity and specificity of 0.85 and 0.89, respectively, for identifying ADRD using claims data

and Grodstein et al. (2022) report sensitivity and specificity of 0.79 and 0.88.

1.2 Data Construction

We select a target sample from the CCP that includes individuals age 65 or over during the 2000-
2017 timeframe. This sample comprises a “finder file” for searching MBSF data for SSN matches.
Figure 1 profiles information on the data construction process.

The CCP finder file, prepared by Equifax, consists of 12,456,009 SSNs. 91.8% of SSNs
(n=11,436,425) in the finder file uniquely match to an SSN in the MBSF Base file. A non-match
may occur if the individual is not eligible for or not enrolled in Medicare or if the SSN is not
legitimate (6.9% of individuals in the finder file, n=860,101). Additionally, 1.3% of SSNs in the
finder file (n=159,483) have a non-unique match, which may occur when multiple individuals claim

Medicare benefits under the same SSN or an individual changes the SSN under which they claim

1We use the 27 CCW Chronic Conditions version of the file that spans 1999-2021. The conditions include acute
myocardial infarction; cataract; rheumatoid/osteoarthritis; chronic obstructive pulmonary disease (COPD); atrial
fibrillation; heart failure; diabetes; depression; glaucoma; osteoporosis; stroke/transient ischemic attack; chronic
kidney disease; hip/pelvic fracture; ischemic heart disease; various cancers (breast, colorectal, endometrial, lung,
prostate); anemia; asthma; hyperplasia (benign prostatic), hyperlipidemia; hypertension; and hyperthyroidism (ac-
quired).

2The ICD9-CM diagnosis codes for ADRD are: 331.0, 331.11, 331.19, 331.2, 331.7, 290.0, 290.10, 290.12, 290.13,
290.20, 290.21, 290.3, 290.4, 290.41, 290.42, 290.43, 294.0, 294.10, 294.11, 294.8, and 797. Beneficiaries must have
at least one inpatient, skilled nursing facility, home health, Part B institutional, or Part B non-institutional claim
with specified diagnosis code in any position.
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Figure 1: Construction of Data and Development of Analytic Sample

benefits (Virnig 2023).

We obtained Medicare Chronic Conditions and Cost & Use data for enrollees in the matched
sample who were ever diagnosed with ADRD or any of the other 25 chronic conditions tracked
in the Chronic Conditions Warehouse. Because diagnoses are based on fee-for-service claims,
they are available only for individuals enrolled in traditional Medicare, and not for individuals
enrolled in Medicare Advantage (MA). During the time frame of our data, between 65 and 83
percent of Medicare enrollees were enrolled in traditional Medicare each year (Freed et al. 2021).
Correspondingly, we are able to merge Chronic Conditions and Cost & Use data to 69 percent of

the enrollees in our matched sample of 11.4M (n=7,912,464).3

1.3 Analytic Sample

Our sample includes primary sample members in the CCP (n=2,732,984). These individuals are
consistently tracked over time in the CCP, whereas secondary sample members enter or leave the
sample depending on whether they remain in the same household as the primary sample member.

However, we use information on secondary sample members to characterize the household structure

3Those not matched to claims data also include some individuals enrolled in fee-for-service who were never
diagnosed with one of the 27 chronic conditions in the Chronic Conditions Warehouse. However, the vast majority
of individuals 65 and over have at least one chronic condition, as (85.6%) have one or more of six chronic conditions
(diabetes, asthma, COPD, cancer, arthritis, or cardiovascular disease) (National Center for Health Statistics 2015).



of the primary sample member. We exclude primary sample members who have no credit report
data during the study time period or if they only have credit data following their death; individuals
who reside in U.S. territories; individuals who are never observed in a household setting (defined
as always living in a setting with 100 or more individuals); individuals diagnosed with ADRD prior
to age 65, and individuals with ADRD who have an observed date of diagnosis that is immediately
preceded by either ineligibility for Medicare due to age or MA enrollment, to avoid potential
measurement error in date of diagnosis (specifically, a measured date of onset that is later than
in actuality). Our resulting analytic sample includes 2,437,143 individuals. Of these, 478,098 are
diagnosed with ADRD during the study time frame (2000-2017) and the remainder have one or
more of the other 25 chronic conditions measured in the Chronic Conditions segment, but are never
observed with a diagnosis of ADRD. For each sample member, the observation window spans at
most 72 quarters (from 2000-2017), but some individuals have shorter windows of observation.
We exclude from analysis quarters after death and, for individuals who switch from traditional
Medicare to MA, quarters after that transition because we do not observe whether individuals are

diagnosed with ADRD while enrolled in MA.4

1.4 Owutcome Variables

We examine an individual’s credit score and the existence of any payment delinquency for all types
of debt as well variables capturing any delinquency and delinquent balance for mortgages and credit
card debt specifically. The credit score measure, Equifax Risk Score 3.0, was developed by Equifax
and assesses the likelihood of a consumer becoming seriously delinquent (904 days past due) over
the next 12 months. It is a multi-dimensional construct that can be viewed as important indicator
of an individual’s overall creditworthiness. The score not only captures behavior regarding paying
bills (including whether any payment is delinquent as well as the number, length and amount of
delinquencies), but also reflects new account origination, debt balance relative to credit available
(credit utilization ratio), and credit mix (type of accounts). The score ranges from 280-850, with
higher scores representing better credit risk. Generally, credit scores are classified as super-prime
(above 720), prime (660-719), near-prime (620-659) and subprime (below 620).

We measure delinquency status according to whether the individual is current (paid as agreed)
on all accounts or has at least one account that is at least 30 or more days late. Additionally,

we analyze two specific types of delinquency—mortgage and credit card—with a measure of any

4Individuals who transition from MA to traditional Medicare during the observation window are included in
analysis unless they have a diagnosis of ADRD in their first quarter in traditional Medicare (because their true
date of diagnosis may have been earlier). We incorporate a flag signifying an MA quarter to account for incomplete
information on the presence or absence of other chronic conditions during these time periods.



delinquency and a measure of the dollar amount of the delinquent balance. For these analyses, we
limit the sample to individuals who hold such an account. We choose these account types because
they represent the two largest components of debt among individuals 70 and over (Federal Reserve

Bank of New York 2022).

1.5 Empirical Strategy

We implement a difference-in-differences event study model with individual and time fixed effects

following Equation 1.

ti+J
Fiu=7Xi+ Y  ADRD; - 1(t=7)8: + A + 0s + €3 (1)
r=t;—J

Where F}; represents financial outcomes for individual ¢ in time period t. X;; includes time-
varying demographic and health variables. These include a set of indicator variables capturing age
at each observation as well as indicators for household size and probable spouse constructed from
information on secondary CCP sample members. We base the presence or absence of a probable
spouse on whether there is another adult in the household aged within + /- 15 years of the primary
sample member for households in which there are fewer than 9 members. In addition, we include
a set of indicators for each of the chronic conditions measured along with a count of total chronic
conditions for each individual in each time period.

ADRD; is an indicator of whether an individual is ever diagnosed with ADRD, while ¢; rep-
resents the date of this diagnosis. The specification includes a set of indicators, representing
time-distance from the date of ADRD diagnosis, capturing lead and lag effects on the financial
outcome. For example, S_; represents the change in outcome the quarter prior to diagnosis, while
Bs captures the change in the outcome 8 quarters after diagnosis. The non-parametric event study
specification allows the coefficients on each of the lag/lead indicators to vary freely, providing for
flexibility in the pattern of outcomes over time relative to diagnosis (Clarke and Tapia-Schythe
2021). We set the maximum J to 28, thus allowing for estimation of the potential effects of early
stage ADRD up to 7 years prior to diagnosis. We set the maximum number of lag effects simi-
larly. The effects of early stage ADRD on financial outcomes §,,7 = —1,---,—J are identified
from individual-specific changes over time among those ever diagnosed with ADRD, relative to
individual-specific changes over time among those never diagnosed with ADRD. These coefficients
are the key coefficients of interest. \; represent individual fixed effects, and 6 is a vector of

state-time fixed effects that account for within-state macroeconomic trends.



1.6 Estimation

We employ propensity score weighting to account for the non-random selection of individuals
afflicted by ADRD. We develop a propensity score model that includes variables that in theory are
likely to influence the probability of ADRD and financial outcomes (Caliendo and Kopeinig 2008).
Specifically, we account for gender, race/ethnicity, time period of observation, household structure,
and state of residence. We also include a lagged financial measure—credit score at age 65—in
the propensity score model to control for fixed but unobserved differences in initial conditions
across individuals. We ensure common support by comparing the minimum and maximum of the
propensity score distribution for the two groups (those ever diagnosed with ADRD and those never
diagnosed with ADRD) and setting the propensity score to missing if it is lower than the minimum
or higher than the maximum of the propensity score distribution of the alternative group (2008).
We trim extreme tails of the distribution of the predicted propensity scores (less than .0001 and
higher than .999) and weight our analyses on the (inverse of the) propensity score to obtain a
balanced sample of treated and untreated individuals (Abadie 2005; Imbens 2004; Wooldridge
2010).

We estimate fixed-effect, propensity score weighted linear regression models for continuous
outcomes (credit score, delinquent balances). For dichotomous outcomes (delinquency flags), we
use fixed-effect, propensity-score weighted linear probability models (Konetzka, Stuart, and Werner
2018; Marton, Yelowitz, and Talbert 2014). We choose this estimation approach over alternatives
(e.g., fixed effect logit or conditional logit models) to avoid issues associated with the incidental
parameter problem and facilitate estimation of marginal effects (Angrist and Pischke 2009; Greene
2004; Neyman and Scott 1948). We cluster the standard errors at the individual level in all
analyses.

In additional analyses, we examine whether the effect of ADRD prior to diagnosis varies across
demographic groups by estimating separate regressions stratified by race and gender. We also
test the sensitivity of our results by estimating unweighted fixed-effect models and conducting
analyses in which we include a control for out-of-pocket health care spending. Our main analyses
omit this variable because redundant or otherwise unnecessary health care spending represents
one channel through which impaired cognitive function from ADRD prior to diagnosis may affect
credit outcomes. Nonetheless, we control for out-of-pocket health care spending in a supplemental
analysis to account for possible additional health care costs that may be associated with obtaining
an ADRD diagnosis or for unusual cases in which treatment is prescribed prior to diagnosis. Lastly,

recognizing the possibility that individuals in the control group may be diagnosed with ADRD



immediately or shortly after the endpoint of the observation window (2017), we also re-estimate
our models using only observations through 2013, although the control group remains identified

using information on health status through 2017.

2 Results

Tables 1 and 2 provide descriptive results. Our main analytic sample includes 2,437,143 individuals,
478,098 (19.6 percent) of whom are ever diagnosed with ADRD and 1,956,045 never been diagnosed
with ADRD. On average, individuals are observed for 56.3 quarters (approximately 14 years),
yielding 137.3 million person-quarter observations in total. The percentage of our sample ever
diagnosed with ADRD is 19.6 percent. We use annual ADRD incidence ratios to benchmark our
sample. Our estimated ADRD incidence ratios among individuals ages 65-74 (0.9%), 75-84 (2.8%)
and 85 and over (6.2%) align with published estimates for AD (Rajan et al. 2019) and for dementia
(Olfson et al. 2021).°

Race and gender differences are apparent between the ADRD and the non-ADRD sample,
underscoring the importance of propensity score weighting. A higher percentage of the ADRD
sample is female (59.1 vs 52.9 percent) and Black (8.9 vs 8.2 percent) and a lower percentage of
the ADRD sample is Asian (1.2 vs 2.1 percent). Observed race and gender differences are consistent
with well-established patterns of prevalence of ADRD (Alzheimer’s Association 2023). Household
structure also varies across individuals in the ever ADRD and no ADRD samples. Individuals in
the ever ADRD sample are observed in single person households in 21.3 percent of the quarters they
are observed, compared to 17.7 percent of quarters among individuals in the non-ADRD sample.
Likewise, in 50.8 percent of observed quarters individuals in the ADRD sample have a probable
spouse vs 61.2 percent among the non-ADRD sample. The presence of other health conditions
also varies across the ADRD and non-ADRD samples. With few exceptions, the percentage of
observations in which other chronic conditions are present is higher among the ADRD sample.
For example, depression is present in 15.8 percent of observations in the ADRD sample, compared
to 6.8 percent in the non-ADRD sample. Our analyses control for the presence of each of these
chronic conditions in each quarter.

Table 2 provides person-quarter level descriptive statistics for outcomes. The mean credit score

among the full sample is 745.8.5 A 30 day or more delinquency is recorded in 8.1 percent of

5Rajan et al. (2019) report standardized incidence rates for AD of 0.4%, 3.2%, and 7.5% for the age groups 65-74,
75-84, 85 or over, respectively. using 1994 to 2012 data from 2,794 individuals in the Chicago Health and Aging
Population study. Olfson et al. (2021) report incidence rates of dementia for 60 year old men and women (0.8%,
0.7%), 80 year old men and women (3.4%, 3.6%) and 90 year old men and women (8.8%, 9.6%) using Medicare data
from 2007-2017.

6The mean credit score in the entire CCP population is 715. Average credit scores increase with age: the average

10



Table 1: Descriptive Statistics

Full Sample Ever ADRD No ADRD

Mean (std dev) | Mean (std dev) | Mean (std dev)
DEMOGRAPHICS
Female 0.541 0.498 | 0.591 0.492 | 0.529 0.499
White 0.861 0.346 | 0.874 0.332 | 0.858 0.349
Black 0.084 0.277 | 0.089 0.285 | 0.082 0.275
Hispanic 0.047 0.211 | 0.039 0.193 | 0.048 0.215
Asian 0.020 0.139 | 0.012 0.111 | 0.021 0.145
Other 0.020 0.139 | 0.009 0.096 | 0.022 0.147
HOUSEHOLD STRUCTURE
Household size=1 0.184 0.387 | 0.213 0.409 | 0.177 0.382
Household size=2 0.397 0.489 | 0.383 0.486 | 0.400 0.490
Household size=3 0.205 0.404 | 0.192 0.393 | 0.208 0.406
Household size=4 0.097 0.296 | 0.091 0.288 | 0.098 0.297
Household size=5 0.043 0.203 | 0.042 0.200 | 0.043 0.203
Household size=6 or more 0.075 0.263 | 0.080 0.271 | 0.074 0.261
Probable spouse 0.593 0.491 | 0.508 0.500 | 0.612 0.487
CONDITIONS
Acute myocardial infarction (AMI) | 0.006 0.080 | 0.009 0.095 | 0.006 0.074
Anemia 0.173 0.379 | 0.261 0.439 | 0.145 0.352
Asthma 0.034 0.182 | 0.041 0.198 | 0.032 0.177
Atrial fibrillation 0.068 0.252 | 0.103 0.304 | 0.057 0.232
Breast cancer 0.027 0.162 | 0.031 0.173 | 0.026 0.158
Colorectal cancer 0.012 0.107 | 0.014 0.119 | 0.011 0.103
Endometrial cancer 0.002 0.048 | 0.002 0.048 | 0.002 0.048
Lung cancer 0.008 0.088 | 0.007 0.084 | 0.008 0.089
Prostate cancer 0.032 0.176 | 0.037 0.188 | 0.030 0.171
Cataracts 0.202 0.402 | 0.237 0.425 | 0.191 0.393
Chronic heart failure (CHF) 0.119 0.324 | 0.194 0.396 | 0.095 0.293
Chronic kidney disease 0.101 0.302 | 0.141 0.348 | 0.089 0.284
Chronic obstructive pulmonary
disorder (COPD) 0.088 0.284 | 0.120 0.325 | 0.078 0.268
Depression 0.090 0.286 | 0.158 0.364 | 0.068 0.251
Diabetes 0.216 0.411 | 0.260 0.439 | 0.201 0.401
Glaucoma 0.092 0.290 | 0.114 0.317 | 0.086 0.280
Hip or pelvis fracture 0.005 0.073 | 0.013 0.113 | 0.003 0.054
Hyperlipidemia 0.384 0.486 | 0.420 0.494 | 0.372 0.483
Hyperplasia (benign prostatic) 0.054 0.226 | 0.067 0.249 | 0.050 0.218
Hypertension 0.481 0.5 | 0.594 0.491 | 0.445 0.497
Hyperthyroidism (acquired) 0.109 0.312 | 0.145 0.352 | 0.097 0.297
Ischemic heart disease 0.268 0.443 | 0.367 0.482 | 0.235 0.424
Osteoporosis 0.054 0.227 | 0.085 0.279 | 0.044 0.206
Rheumatoid/osteoarthritis 0.244 0.430 | 0.327 0.469 | 0.218 0.413
Stroke/transient ischemic
attack (TIA) 0.031 0.174 | 0.065 0.247 | 0.020 0.140
Count of chronic conditions 1.992 2.584 | 3.707 3.023 | 1.615 2.313

Notes: Summary statistics are calculated using person-quarters except for demographic
characteristics which are calculated for individuals. Chronic conditions indicate the presence of
a condition in the quarter. Full sample includes 2,437,143 individuals (137,252,639 person-
quarter observations). 478,098 individuals (24,704,856 person-quarters) are in the ever
diagnosed with ADRD group. 1,956,045 individuals (112,547,783 person-quarters) are in the
never diagnosed with ADRD group. Differences in means across the ever/no ADRD subgroups
are all statistically significant (p<.01).
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Table 2: Descriptive Statistics: Financial Outcomes

Full Sample Ever ADRD No ADRD

Mean  Std Dev Mean  Std Dev Mean  Std Dev
Credit score 745.8 86.29 749.4 83.98 745.0 86.77
Any delinquency 0.081 0.272 0.082 0.274 0.080 0.272
Credit card holder 0.811 0.391 0.746 0.436 0.826 0.379
Any credit card 0.055 0.228 |  0.063 0.243 | 0.053 0.225
delinquency*
Delinquent balance 341.05  3,076.14 | 383.602  3,110.90 | 332.54  3,069.08
credit card
Mortgage borrower 0.305 0.46 0.177 0.382 0.333 0.471
Any mortgage delinquency** 0.023 0.149 0.028 0.165 0.022 0.147
Delinquent balance 2,722.24  33,860.52 | 2,910.00 30,936.20 | 2,700.55 34,182.16
mortgage
*Among credit card holders
** Among mortgage borrowers
Notes: Calculated using person-quarter observations. The full sample includes 137,252,639
observations. The ADRD sample includes 24,704,856 and the non ADRD sample 112,547,783
observations.

observations. Credit card delinquency (5.5 percent) is more common than mortgage delinquency
(2.3 percent) among account holders of each type although the average balance in delinquency
(among delinquent and non-delinquent account holders combined) is larger for mortgages ($2722)
vs. credit cards ($341). Rates of mortgage and credit card delinquency are higher in the ever
ADRD compared to the non-ADRD sample.

Figure 2 provides results for the analyses of credit score and any payment delinquency. Tables
with coefficient estimates from these models are provided in Appendix A, along with estimates of
the propensity score models. In Figure 2 and other figures, the x axis measures the number of
quarters from diagnosis, where t=0 indicates quarter of diagnosis. Although our primary interest
is the time period prior to ADRD diagnosis, we also provide post-diagnosis findings. We evaluate
the magnitude of effect sizes using baseline averages measured 6 years prior to ADRD diagnosis.

Credit scores consistently decline leading up to ADRD diagnosis (Figure 2). We observe statis-
tically significant effects even in the disease’s early stage. In the three to five years before diagnosis
(quarters -11 to -20 in Figure 2), credit scores are on average 1 to 2 points lower than baseline. The
magnitude of the effect increases with proximity to diagnosis. In the second year prior to diagnosis
(quarters -5 to -8 in Figure 2), credit scores are on average 2.7 to 3.7 points lower than baseline
and are on average 4 to nearly 6 points lower during the year (quarters -1 to -4 in Figure 2) just
preceding ADRD diagnosis. The spread between the thresholds for super-prime and sub-prime
credit scores is 100 points, and between prime and sub-prime is 40 points, which point to the

practical significance of the 4 point drop in credit score prior to diagnosis. A 4 point reduction in

is 766 for those 65 and older, and 773 for those 75 and older at the end of 2023.
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credit score represents an 0.05 standard deviation decrease in credit score. After diagnosis, credit
scores further descend and remain more than 9 points (0.1 standard deviation decrease) below

baseline levels during the seven years following diagnosis.

Effect of Time from ADRD Diagnosis on Credit Score
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Figure 2: Effect of Time from ADRD Diagnosis on Credit Score and Share of Individuals with Any
Delinquency

The probability of any payment delinquency increases leading up to ADRD diagnosis (Figure
2), and, as with credit scores, we find evidence of an effect in the disease’s very early stage. The
probability of delinquency is 0.25 percentage points higher five years prior to diagnosis compared
to baseline, for example. The magnitude of the effect increases for time periods closer to diagnosis.
The probability of delinquency is 0.37 percentage points higher three years before diagnosis, 0.61
percentage points higher two years prior to diagnosis, and is between 0.99 and 1.8 percentage points
higher during the year just prior to diagnosis. A 1 percentage point change in the probability
of delinquency represents a 13.2 percent increase, evaluated at the mean baseline probability of
delinquency among individuals with ADRD (7.6 percent). In the six months after diagnosis, the
probability of delinquency reaches its highest level, 2.58 percentage points (34 percent) higher

than baseline. The probability of delinquency remains more than 2 percentage points higher than
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baseline during the subsequent two years and then declines but remains elevated compared to

baseline levels in the years thereafter.

Effect of Time from ADRD Diagnosis on Share of Credit Card Holders with Any Credit Card
Delinquency
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Effect of Time from ADRD Diagnosis on Average Credit Card Balance in Delinquency Among
Credit Card Holders
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Figure 3: Effect of Time from ADRD Diagnosis on Share of Credit Card Account Holders with
Any Credit Card Delinquency and Average Credit Card Balance in Delinquency Among Credit
Card Account Holders

Figure 3 provides results for the probability of credit card delinquency and average credit card
balance in delinquency. Among those with a credit card account we find a higher probability
of credit card delinquency during the 21 quarters (5.25 years) prior to diagnosis, with larger
probabilities as diagnosis nears. In terms of magnitude, the probability of credit card delinquency
is approximately 0.75 percentage points higher than baseline three years prior to diagnosis. This
represents a 13.9 percent increase over the mean baseline probability of credit card delinquency
among those with ADRD (5.4 percent). The probability of credit card delinquency is 1.2 percentage

points higher two years prior to diagnosis, and in the year prior to diagnosis is 1.9 to 2.8 percentage
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Effect of Time from ADRD Diagnosis on Share of Mortgage Borrowers with Any Mortgage
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Figure 4: Effect of Time from ADRD Diagnosis on Share of Mortgage Borrowers with Any Mortgage
Delinquency and Average Mortgage Balance in Delinquency Among Mortgage Borrowers

points (34 to 52 percent) higher than baseline.

Average credit card balances in delinquency, which reflect both the probability of delinquency
and the amount delinquent, follow a similar pattern. Balances in delinquency are higher during
the 21 quarters prior to diagnosis compared to baseline, and increase with proximity to diagnosis.
Three years prior to diagnosis, for example, average credit card balances in delinquency are $80
(25 percent) higher compared to baseline ($327) and are $101 (31 percent) higher two years prior
to diagnosis. A year prior to diagnosis, average credit card balances in delinquency are $153 (more
than 50 percent) higher.

The probability of credit card delinquency among credit card holders increases immediately
after diagnosis, and remains more than 4 percentage points higher than baseline thereafter. Average

credit card balances in delinquency also remain elevated post-diagnosis, at or above $300 higher
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per credit card account holder in most quarters compared to baseline.

Figure 4 provides results for the probability of mortgage delinquency and the average mort-
gage balance in delinquency. The probability of mortgage delinquency is also heightened during
early stage ADRD, with effects up to 13 quarters (3.25 years) prior to diagnosis. Effects increase
with proximity to diagnosis. Roughly three years prior to diagnosis, the probability of mortgage
delinquency is 0.2 percentage points higher than baseline, representing an 8.1 percent increase
in the mortgage delinquency rate (evaluated at the baseline of 2.5 percent). One year prior to
diagnosis, the probability of a mortgage delinquency is 0.4 percentage points (17.2 percent) higher
than baseline. Average mortgage balances in delinquency (which are the product of the probability
of delinquency and the amount delinquent) among individuals with a mortgage are higher than
baseline during the year prior to diagnosis. They are $345 (11 percent) higher one year prior to
diagnosis, for example, compared to baseline ($3,008). Both the probability of mortgage delin-
quency and average balance in delinquency for mortgages remain elevated in the years following
diagnosis. For instance, five years following diagnosis, average mortgage balances in delinquency
are on average $813 (27 percent) higher compared to baseline.

Figure 5 and 6 provides results for analyses of the effect of time to ADRD diagnosis on credit
score and the probability of any delinquency stratified by race. We focus on results for White,
Black, and Hispanic subgroups as limited sample sizes for other racial subgroups (e.g., Asian, other)
preclude precise estimation. Because sample sizes are relatively limited in the analyses of Black
and Hispanic subpopulations, we limit our focus to the effect of ADRD during the 20 quarters
before and after diagnosis.

The pattern of effects are similar for White and Black subgroups, but the magnitude of the
effect of ADRD prior to diagnosis is larger among Black individuals. Three years (12 quarters)
prior to diagnosis, for example, the effect of early stage ADRD among Black individuals is more
than double that among White individuals (3.5 vs 1.7 point reduction in credit score compared
to baseline). One year prior to diagnosis, credit scores are 7.8 points and 3.8 points lower among
Black and White individuals, respectively, compared to baseline. Following diagnosis, credit scores
drop to more than 16 points lower than baseline among Blacks individuals compared to a maximum
drop of just under 10 points from baseline among White individuals.

Similarly, the effects on the probability of any delinquency are on average larger among Black
compared to White individuals in quarters prior to diagnosis. Three years prior to diagnosis, early
stage ADRD increases the probability of any delinquency 1.4 and 0.3 percentage points among
Black and White individuals, respectively. The probability of delinquency is highest for both

groups in the few quarters just following diagnosis, but the maximum increase in the probability of
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Effect of Time from ADRD Diagnosis on Credit Score and Share of Individuals with

Any Delinquency by Race: Non-Hispanic Black vs. Non-Hispanic White

delinquency is 4.9 percentage points among Black individuals whereas it is 2.4 percentage points

among White individuals.

consistently so.

By contrast, the pattern of effects of ADRD prior to diagnosis on credit scores among Hispanic
and non-Hispanic White individuals are similar. FEffects in most years after diagnosis are also
indistinguishable among these subgroups, as shown by the overlapping confidence intervals in
most years. Results are also similar with respect to the probability of delinquency. The effect of

ADRD is somewhat greater among Hispanics in a few quarters before and after diagnosis, but not

Figure 7 provides results for analyses stratified by gender. The patterns of effects on credit

scores are essentially identical for men and women prior to diagnosis. Notably, however, credit

scores recover more quickly among men compared to women post-diagnosis.
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Figure 6: Effect of Time from ADRD Diagnosis on Credit Score and Share of Individuals with
Any Delinquency by Race: Hispanic vs. Non-Hispanic White

ADRD diagnosis, credit scores are 8.5 points lower than baseline among men and 10.1 points lower
than baseline among women, for example. We also find no gender differences in the effects of
ADRD prior to diagnosis on the probability of any delinquency. In the years just after diagnosis,
the point estimates of the effects of ADRD appear greater among women compared to men but

the confidence intervals overlap.

2.1 Sensitivity analyses

The results are robust in specifications that are unweighted, include out-of-pocket costs, and limit
the endpoint of the data to 2013. The magnitude of the effects are slightly attenuated, as expected,
in analyses that control for out of pocket costs and are slightly larger in analyses that limit the

time frame of the data. Appendix A provides results.
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3 Discussion

Our results can be viewed as an extension of the literature examining the effect of health shocks
(such as cancer) on financial well-being (Pak, Kim, and Kim 2020; Richard et al. 2021). Distinc-
tively, however, we study the effect of an undiagnosed condition (memory disorder) for which the
primary mechanism of effect is through impaired cognitive function. By contrast, the financial

effects of other health shocks often occur after diagnosis from changes in health care spending for

Our findings improve upon and extend the incipient research on the influence of ADRD on
household financial behavior. We capitalize on the power offered by the large, nationally rep-

resentative, longitudinal dataset with individually-matched health and financial debt and debt
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repayment information. These unique data permit identification of the effect of early stage ADRD
from individual-specific changes over time in financial outcomes. Additionally, our analyses include
individuals in both single- and multi-person households, which is important in light of the variety
of arrangements that characterize senior living and the potential for early stage ADRD to affect
financial outcomes among those who are married, partnered or live with others (Gresenz et al.
2019). We also examine potential heterogeneity in treatment effects by gender and race.

Average credit scores begin to deteriorate during early stage ADRD, five years prior to diagnosis,
and steadily weaken leading up to diagnosis. A decline in credit scores can follow from the inception
of a delinquency, an increase in the number of accounts delinquent, growth in the amount of
delinquency, the origination of one or more new credit accounts, an increase in credit utilization
rates and/or disproportionate growth in a particular type of credit account (e.g. a surge in credit
card accounts as a share of all accounts). The predisposition of individuals with undiagnosed
ADRD to these and related behaviors represent a serious potential threat to their financial well-
being. This is especially concerning given the substantial financial demands imposed by the disease
in its later stages (Hurd et al. 2013). Notably, however, credit scores among those with ADRD
do not recover even years after diagnosis, suggesting an element of permanency in the impacts of
pre-diagnosis financial behavior. The continued suppression of credit scores post-diagnosis may
also reflect the negative impact of new resource demands associated with the disease, such as costs
of caregiving or supportive living arrangements, on financial solvency.

We also find effects of ADRD prior to diagnosis on payment delinquency, overall and for mort-
gages and credit accounts, which are the largest components of debt for older adults. The propen-
sity towards delinquency rises the nearer an individual is to diagnosis. These increases in delin-
quency are large, varying between 8 and 21 percent across total, mortgage, and credit card debt
two years prior to diagnosis, for example, and between 13 and 35 percent one year prior to diag-
nosis. Our estimates imply that roughly 600,000 delinquencies on some debt will occur over the
next 10 years as a consequence of yet-to-be diagnosed ADRD.

Delinquency may be the product of cognitive inattention associated with the disease—i.e., for-
getting to pay bills—and may also or alternatively reflect the disease’s effect on decisions related to
debt initiation and structure, including from financial exploitation, that negatively affect financial
solvency. The overall magnitude of the increase in delinquencies as well as the long pre-diagnosis
period over which we observe effects is remarkable in light of the relatively frequent use of au-
tomatic bill payment. Although not everyone in early stage ADRD will experience a payment
delinquency, for those who do, the scale of the change in delinquency is substantial. One year prior

to diagnosis, average credit card balances in delinquency increase by more than 50 percent and
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average mortgage balances in delinquency are 11 percent higher.

The probability of any delinquency falls after diagnosis, which is consistent with the signaling
power that diagnosis may offer. Namely, a diagnosis alerts family members and loved ones that
the affected individual is cognitively vulnerable and may require support with financial decision-
making. Family members may not only provide oversight and ensure payment for existing debt,
but also reduce credit account holding for affected family members. The latter may be particularly
important as we observe no decline in credit card or mortgage delinquency after ADRD diagnosis
among those who continue to hold such accounts.

We find substantially larger effects of early stage ADRD on credit score and the probability of
delinquency for Black compared to White individuals, with effects generally estimated to be at least
twice as large for Black individuals. Lin et al. (2021) and Tsoy et al. (2021) find Black individuals
are on average diagnosed at a later stage of the disease than Whites. This lag in diagnosis likely
contributes to some of the observed differences. But more work is needed to understand factors
underlying the much larger effects of the disease on financial outcomes among Black adults.

There are several possible explanations for the slower recovery among women vs. men of at
least some financial outcomes following ADRD diagnosis. First, this pattern could reflect lower
out-of-pocket costs associated with formal caregiving for men who are affected by ADRD because
wives more commonly provide informal care for a husband than vice versa (Alzheimer’s Association
2023). Second, this finding could also reflect differences in the type and level of financial oversight
offered by friends and family depending on whether the financial head of household is the person
diagnosed with ADRD. If the oversight response is more muted when the person who is not the
financial head of household is affected, this could contribute to the observed gender differences in
financial outcomes after diagnosis since men are more likely than women to serve as the financial
head of multi-person households among older adults in the generation we study (Smith, McArdle,
and Willis 2010). Third, this finding could reflect differences in the effect of household structure
(e.g. living alone vs with others) by gender on financial outcomes. Additional research is needed

to better understand the interplay between ADRD, household dynamics, and financial outcomes.

3.1 Limitations

There are several limitations to our proposed research. First, Medicare claims data identify individ-
uals who are diagnosed with ADRD, and not all individuals affected by ADRD receive a diagnosis.
One factor in underdiagnosis (false negatives) may be physicians’ willingness to document the dis-
ease (Koller and Bynum 2015). Amjad et al. (2018) find that individuals who are Hispanic, have

less than high school education, attend medical visits alone, or have fewer functional impairments

21



are more likely to be undiagnosed. While the estimated sensitivity and specificity for Medicare
claims data-based diagnoses of dementia are reassuring (Taylor et al. 2009), our estimates of the
effect of ADRD can be thought of as lower bounds given underdiagnosis.

Additionally, some individuals in our control group may be diagnosed with ADRD after the
endpoint of our observation window. The extent to which this occurs represents contamination in
the control group and leads to a downward bias on our estimates. Consistent with this, sensitivity
analyses in which we identify the control and treatment groups using information on conditions
through 2017 and drop observations after 2013 show effect sizes that are somewhat stronger in
magnitude.

Our data exclude individuals in Medicare Advantage plans, whose health care service utilization
is tracked in encounter data vs. claims records. During the time frame of our data, fee-for-service
accounted for the majority of Medicare enrollment and claims data have been the basis of research
for decades. The Center for Medicaid and Medicare Services (CMS) recently began releasing
encounter data for Medicare Advantage enrollees; however, the completeness of these data has
been identified as an issue and more generally the strengths and limitations of these data are only
beginning to be understood (Jung, Carlin, and Feldman 2022). Additionally, some individuals have
no credit history and thus will not be represented in credit data. These may include, for example,
individuals who are undocumented (who also will lack Medicare enrollment /claims data). However,
credit data is available for the vast majority—an estimated 89 percent—of U.S. adults (Brevoort,
Grimm, and Kambara 2015). Moreover, the exclusion of individuals without credit accounts from
our analysis does not represent a potential source of bias in our estimates of the effect of ADRD on
credit outcomes (since the universe of people with credit scores and credit accounts are included
in analysis). Finally, credit history and credit scores can vary across credit bureaus and our data
rely on only one source (Equifax). But, differences across the bureaus in their data are largely
idiosyncratic, individual level differences, such as those related to disputes over particular items
that may be removed from one but not another credit report, as opposed to systematic differences

related to method or scope of data collection (Avery et al. 2003).

3.2 Conclusions

Our findings are important for several reasons. First, the adverse effects of undiagnosed ADRD
on credit scores and payment delinquency carry consequent financial costs in both the short-
and long-term. Immediate pecuniary costs include late fees and interest charges associated with
payment delinquency, while future costs may include reduced access to the credit market and less

advantageous terms of available credit such as restricted credit limits and—because credit scores
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are used by lenders in pricing credit—higher interest rates on credit cards and personal loans
(Brevoort, Grodzicki, and Hackmann 2020). Additionally, delinquency on mortgage payments
can be a precursor to eventual foreclosure, a costly event for both households and communities
(Gallagher, Gopalan, and Grinstein-Weiss 2019; Campbell, Giglio, and Pathak 2011).

For individuals and households facing a memory disorder diagnosis, simultaneously confronting
diminished access to credit, poorer credit terms, and/or a heightened potential of foreclosure is
likely to substantially exacerbate an already destabilizing circumstance. Once diagnosed, average
dementia-related caregiving and health care costs run in the tens of thousands of dollars annually
(Hurd et al. 2013). As such, demand for credit among individuals and households afflicted by
memory disorders may increase just as its supply is restricted.

Our findings lend urgency to the need for further consideration of the roles federal agencies and
financial institutions can play in reducing financial risk among older households with undiagnosed
memory disorders (Chandra, Coile, and Mommaerts 2023; DeLiema et al. 2020; Wood and Licht-
enberg 2017; Consumer Financial Protection Bureau 2016). Moulton et al. (2014) point to the
potential importance of low-cost interventions in credit markets such as external monitoring while
Agarwal et al. (2009) describe options that include financial “driver’s licenses,” advance directives,
and expanded fiduciary requirements.

Further, our findings point to the potential of using information on credit outcomes to develop
machine learning algorithms for identifying individuals at risk for ADRD who should receive addi-
tional clinical evaluation to facilitate earlier diagnosis. Recent advances in treatment for ADRD,
including a new FDA-approved (and Medicare-covered) treatment for Alzheimer’s (lecanemab) that
effectively slows cognitive decline and is indicated for use in the early stage of disease, add urgency
to the need for earlier diagnosis (Food and Drug Administration 2023). Moreover, earlier diagnosis
provides value to afflicted individuals by helping explain early signs and symptoms an individual
may be experiencing such as mood changes; supporting informed choices that maximize quality of
life for as long as an individual is able; facilitating planning regarding preferences for support and
care; helping avoid or ameliorate negative financial outcomes associated with early-stage disease
(as our findings highlight); accelerating entrée into support systems; addressing potential health
and safety concerns including driving and taking daily medications; and providing an opportunity
to address modifiable risk factors such as lifestyle habits and management of comorbidities which
may contribute to AD etiology and pathological consequences (Rasmussen and Langerman 2019;
Gresenz et al. 2019; Edwards III et al. 2019).

Available diagnostic tools rely primarily on the manifestation of cognitive symptoms that inter-

fere with everyday activities, while current biomarkers used in ADRD research are either expensive
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or invasive (Atri 2019) and thus not good candidates for use as wide-scale screening tools (Chan-
dra, Coile, and Mommaerts 2023). The cost, availability, and accessibility of brain imaging limit
the scalability of machine learning approaches that rely on such data (Qiu et al. 2020; Antor et al.
2021). By contrast, credit data are already collected by credit bureaus for the vast majority of
the roughly 250 million adults in the U.S. Furthermore, financial data are highly granular, up-
dated continuously, and over the time span, for most adults, from early adulthood forward. Our
findings substantiate the strength of the information signal from credit data for the possible early
identification of those at risk for ADRD. Additional work is required to explore the application of
machine learning to credit data in support of algorithm development.

At the same time, more needs to be understood about the mechanisms that underlie the dete-
rioration in credit scores observed among individuals in the earliest stages of a memory disorder.
Beyond susceptibility to payment delinquency, early stage ADRD may affect new account openings
and debt accumulation, credit utilization, and/or credit mix. These are important questions that

warrant additional investigation.
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A  Appendix

Table A.1: Full Results (Models in Figure 2)

) @
Credit Score | Any Delinquency

1 quarter prior to diagnosis -5.984*** 0.0178***
(0.221) (0.001)

2 quarters prior to diagnosis | -5.259%** 0.0147***
(0.218) (0.001)

3 quarters prior to diagnosis | -4.563%** 0.0119%***
(0.214) (0.001)

4 quarters prior to diagnosis | -4.076%** 0.00987***
(0.211) (0.001)

5 quarters prior to diagnosis | -3.656%** 0.00861***
(0.209) (0.001)

6 quarters prior to diagnosis | -3.329%** 0.00728%**
(0.209) (0.001)

7 quarters prior to diagnosis | -3.004*** 0.00644***
(0.208) (0.001)

8 quarters prior to diagnosis | -2.678%** 0.00609***
(0.205) (0.001)

9 quarters prior to diagnosis | -2.341%** 0.00507***
(0.203) (0.001)

10 quarters prior to diagnosis | -2.139*** 0.00444***
(0.201) (0.001)

11 quarters prior to diagnosis | -1.962*** 0.00357***
(0.198) (0.001)

12 quarters prior to diagnosis | -1.826*** 0.00373***
(0.196) (0.001)

13 quarters prior to diagnosis | -1.707*** 0.00342%**
(0.195) (0.001)

14 quarters prior to diagnosis | -1.590%** 0.00366***
(0.193) (0.001)

15 quarters prior to diagnosis | -1.440%** 0.00332**
(0.191) (0.001)

16 quarters prior to diagnosis | -1.286*** 0.00249*
(0.189) (0.001)

17 quarters prior to diagnosis | -1.225%** 0.00259**
(0.186) (0.001)

18 quarters prior to diagnosis | -1.072%** 0.00265**
(0.185) (0.001)

19 quarters prior to diagnosis | -1.132%** 0.00322**
(0.186) (0.001)

20 quarters prior to diagnosis | -1.018*** 0.00256*
(0.184) (0.001)

21 quarters prior to diagnosis | -0.943%** 0.00263**
(0.180) (0.001)

22 quarters prior to diagnosis | -0.628%** 0.00145
(0.174) (0.001)

23 quarters prior to diagnosis | -0.431* 0.00155
(0.169) (0.001)

24 quarters prior to diagnosis | -0.288 0.00127
(0.165) (0.001)
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Table A.1: Full Results (Models in Figure 2)

(1)

Credit Score

(2)

Any Delinquency

25 quarters prior to diagnosis

-0.180

0.00122

(0.163) (0.001)

26 quarters prior to diagnosis | -0.151 0.00200*
(0.161) (0.001)

27 quarters prior to diagnosis | -0.0381 0.000217
(0.155) (0.001)

28 quarters prior to diagnosis | -0.0891 0.000408
(0.150) (0.001)

0 quarters after diagnosis -T7.022%%* 0.0221%**
(0.225) (0.001)

1 quarter after diagnosis -8.399%** 0.0257***
(0.227) (0.001)

2 quarters after diagnosis -8.844%%* 0.0258***
(0.227) (0.001)

3 quarters after diagnosis -9.047+** 0.0256%**
(0.228) (0.001)

4 quarters after diagnosis -9.219%%* 0.0243***
(0.229) (0.001)

5 quarters after diagnosis -9.329%%* 0.0240%***
(0.230) (0.001)

6 quarters after diagnosis -9.263%** 0.0226***
(0.232) (0.001)

7 quarters after diagnosis -9.340*** 0.0226%**
(0.237) (0.001)

8 quarters after diagnosis -9.438%*** 0.0220%**
(0.240) (0.001)

9 quarters after diagnosis -0.348%** 0.0211%***
(0.244) (0.001)

10 quarters after diagnosis -9.248%** 0.0198%**
(0.247) (0.001)

11 quarters after diagnosis -9.146%** 0.0182%***
(0.250) (0.001)

12 quarters after diagnosis -9.1617%%* 0.0179***
(0.254) (0.001)

13 quarters after diagnosis -9.209%** 0.0174%***
(0.258) (0.001)

14 quarters after diagnosis -9.303*** 0.0175%**
(0.263) (0.001)

15 quarters after diagnosis -9.450%*** 0.0170***
(0.268) (0.001)

16 quarters after diagnosis -0.452%%* 0.0160***
(0.274) (0.001)

17 quarters after diagnosis -9.402%** 0.0152%**
(0.278) (0.001)

18 quarters after diagnosis -0.423%%* 0.0148%***
(0.284) (0.001)

19 quarters after diagnosis -9.364%F* 0.0142%**
(0.288) (0.001)

20 quarters after diagnosis -9.546%** 0.0141%**
(0.293) (0.001)
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Table A.1: Full Results (Models in Figure 2)

) ®)
Credit Score | Any Delinquency

21 quarters after diagnosis -9.595%*** 0.0133***
(0.299) (0.001)

22 quarters after diagnosis -9.564%%* 0.0123***
(0.304) (0.001)

23 quarters after diagnosis -9.578%** 0.0105%***
(0.310) (0.001)

24 quarters after diagnosis -9.529%%* 0.00904***
(0.316) (0.001)

25 quarters after diagnosis -9.262%** 0.00839***
(0.324) (0.002)

26 quarters after diagnosis -9.159%** 0.00821***
(0.331) (0.002)

27 quarters after diagnosis -8.946%** 0.00651***
(0.339) (0.002)

28 quarters after diagnosis -8.865*** 0.00508**
(0.345) (0.002)

29+ quarters after diagnosis | -9.162%** 0.00302
(0.361) (0.002)

Spouse 2.081%** -0.00418***
(0.100) (0.001)

Household size=2 -0.927%%* 0.00384***
(0.103) (0.001)

Household size=3 -2.095%** 0.00607***
(0.121) (0.001)

Household size=4 -3.316%** 0.00868***
(0.143) (0.001)

Household size=5 -4.548%F* 0.0123***
(0.168) (0.001)

Household size=6 or more -4.252%** 0.0119%**
(0.166) (0.001)

Number of chronic conditions | -0.718%** 0.00383***
(0.131) (0.001)

MA quarter 0.239 0.00432%***
(0.135) (0.001)

AMI 0.218 -0.000909
(0.246) (0.001)

Anemia 0.658*** -0.00405***
(0.147) (0.001)

Asthma 1.216%** -0.00462%**
(0.207) (0.001)

Atrial fib 0.868%** -0.00323***
(0.181) (0.001)

Breast cancer 0.519* -0.00253*
(0.224) (0.001)

Colorectal cancer 0.964*** -0.00344*
(0.278) (0.001)

Endometrial cancer 1.594 -0.00683
(0.820) (0.004)

Lung cancer 0.102 0.00369*
(0.369) (0.002)
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Table A.1: Full Results (Models in Figure 2)

) ®)
Credit Score | Any Delinquency
Prostate cancer 0.866%** -0.00540***
(0.223) (0.001)
Cataracts 1.040%** -0.00566***
(0.138) (0.001)
CHF 0.0420 -0.00320%**
(0.164) (0.001)
Chronic kidney disease 0.576%** -0.00508***
(0.169) (0.001)
COPD 1.092%** -0.00652***
(0.176) (0.001)
Depression -2.158%** 0.00402%**
(0.169) (0.001)
Diabetes 1.172%%* -0.00667***
(0.174) (0.001)
Glaucoma 2.140%** -0.00688***
(0.163) (0.001)
Hip or pelvis fracture -1.088%** 0.00411%**
(0.234) (0.001)
Hyperlipidemia 1.335%** -0.00568***
(0.142) (0.001)
Hyperplasia 0.720%** -0.00320***
(0.171) (0.001)
Hypertension 0.936%** -0.00459%**
(0.145) (0.001)
Hyperthyroidism 0.128 -0.00138
(0.169) (0.001)
Ischemic heart disease 0.634*** -0.00437***
(0.153) (0.001)
Osteoporosis 0.893%** -0.00375***
(0.159) (0.001)
Rheumatoid /osteoarthritis 0.798*** -0.00357***
(0.149) (0.001)
Constant 716.0%** 0.0710%**
(1.998) (0.011)
N 137003469 137003469

Standard errors in parentheses

* p<0.05 ** p<0.01 *** p<0.001
Coefficient estimates for state-time and age dummies not shown.
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Table A.2: Propensity Score Model

(1)
Ever ADRD
Female 0.244***
(0.00354)
Spouse -0.158%**
(0.00450)
Credit score @ 65 -0.000843***
(0.0000237)
Household size=2 0.00734
(0.00531)
Household size=3 -0.0252%**
(0.00628)
Household size—=4 -0.0134
(0.00800)
Household size=5 0.00836
(0.0108)
Household size—=6 or more | 0.0399***
(0.00671)
Black 0.0523***
(0.00680)
Asian -0.173%**
(0.0183)
Hispanic 0.161%**
(0.0159)
Other race -0.220%**
(0.0145)
1.states 0
0
2.states -0.231%**
(0.0471)
3.states -0.296%**
(0.0185)
4.states 0.155%**
(0.0208)
5.states -0.180***
(0.0145)
6.states -0.273%F*
(0.0210)
7.states -0.0769***
(0.0195)
8.states 0.0529
(0.0302)
9.states 0.161%**
(0.0391)
10.states -0.0116
(0.0143)
11.states -0.0642***
(0.0168)
12.states -0.312%%*
(0.0338)
13.states -0.372%**
(0.0296)
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Table A.2: Propensity Score Model

(1)
Ever ADRD
14.states -0.0714%%*
(0.0153)
15.states -0.151%%*
(0.0172)
16.states -0.245%**
(0.0207)
17.states -0.0251
(0.0214)
18.states -0.0692%**
(0.0194)
19.states -0.0499**
(0.0193)
20.states -0.195%**
(0.0267)
21.states 0.00990
(0.0176)
22 states -0.0494**
(0.0173)
23.states -0.0490**
(0.0157)
24 .states -0.670%**
(0.0204)
25.states 0.0813%**
(0.0209)
26.states -0.0933***
(0.0177)
27.states -0.286***
(0.0315)
28.states -0.203***
(0.0253)
29.states -0.238***
(0.0254)
30.states -0.0408
(0.0273)
31.states 0.0326*
(0.0160)
32.states -0.253***
(0.0262)
33.states -0.201%**
(0.0149)
34.states -0.117%%*
(0.0163)
35.states -0.223%**
(0.0373)
36.states -0.244***
(0.0155)
37.states 0.0128
(0.0197)
38.states -0.457F**
(0.0221)
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Table A.2: Propensity Score Model

(1)
Ever ADRD
39.states -0.243%**
(0.0154)
40.states -0.216%**
(0.0339)
41.states -0.0334
(0.0185)
42 states -0.343%**
(0.0356)
43.states -0.1000%***
(0.0177)
44 states 0.0465**
(0.0146)
45.states -0.340%**
(0.0264)
46.states -0.242%**
(0.0376)
47.states -0.0285
(0.0166)
48.states -0.208***
(0.0180)
49.states -0.177FF*
(0.0235)
50.states -0.402%**
(0.0187)
51.states -0.230***
(0.0419)
2000.year 0
()
2001.year -0.821%**
(0.00907)
2002.year -0.980***
(0.00951)
2003.year -1.101%***
(0.00970)
2004.year -1.261%**
(0.0103)
2005.year -1.398%**
(0.0108)
2006.year -1.501%**
(0.0112)
2007.year -1.647%**
(0.01 14)
2008.year -1.787F**
(0.0122)
2009.year -1.883***
(0.0128)
2010.year -2.087***
(0.0144)
2011.year -2.318%**
(0.0149)
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Table A.2: Propensity Score Model

(1)
Ever ADRD
2012.year -2.490%**
(0.0155)
2013.year -2.564%F*
(0.0166)
2014.year -2.820%**
(0.0193)
2015.year -3.037H**
(0.0222)
2016.year -3.380%**
(0.0274)
2017.year -4.182%**
(0.0498)
Constant 0.0960***
(0.0223)
N 2427882

Standard errors in parentheses
* p<0.05 ** p<0.01 *** p<0.001
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Effect of Time from ADRD Diagnosis on Credit Score
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Effect of Time from ADRD Diagnosis on Share of Individuals with Any Delinquency
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Figure A.1: Effect of Time from ADRD Diagnosis on Credit Score and Share of Individuals with
Any Delinquency: Unweighted
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Effect of Time to ADRD Diagnosis on Credit Score
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Figure A.2: Effect of Time to ADRD Diagnosis on Credit Score and Share of Individuals with
Any Delinquency: Including Out of Pocket Costs
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Effect of Time to ADRD Diagnosis on Credit Score
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Figure A.3: Effect of Time to ADRD Diagnosis on Credit Score and Share of Individuals with
Any Delinquency: Endpoint of Timeframe Limited to 2013
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Effect of Time to ADRD Diagnosis on Share of Individuals with Any Credit Card Delinquency
Among All Individuals
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Effect of Time to ADRD Diagnosis on Share of Individuals with Any Mortgage Delinquency
Among All Individuals

i
I
003 |
ile
|- -

002

0014 e

|
|
|
-
|
|
|
|
I
I
|
I
I
|
T
I
I
|
I
I
|
T

-.001 A
28 -24 20 -16 -12 -8 -4 0 4 8 12 16 20 24 28
guarters from diagnosis

Figure A.4: Effect of Time to ADRD Diagnosis on Share of Individuals with Any Credit Card
Delinquency and Any Mortgage Delinquency Among All Individuals (Not Limited to Account
Holders)
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