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Abstract

Inspections are a common tool used by principals to monitor and induce effort from
agents. However, even unannounced inspections often occur on a routine basis, making
their timing predictable. We study inspections in the nursing home context, leveraging
detailed, high-frequency administrative data on facility staffing and patient health
outcomes to study how the predictability of inspection timing shapes effort and quality.
We find that nursing homes “slack off” during periods when they are unlikely to be
inspected and ramp up efforts as inspections become more likely. Patient survival
and other positive health outcomes follow a similar pattern, suggesting that efforts in
anticipation of inspection meaningfully impact facilities” quality of care. To understand
how the inspection regime affects care, we estimate a simple dynamic model of nursing
home effort that we use to simulate counterfactual inspection regimes. We find that
even without increasing the number of inspections, simply reducing the predictability
of inspection timing can meaningfully increase effort and save lives.
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1 Introduction

Inspections are a key tool for ensuring compliance from regulated entities or contracted agents
across a variety of settings, including product quality, environmental protection, worker
safety, and public health. Inspections can improve compliance both directly, by providing
information to identify and correct violations, as well as indirectly, as even the threat of
an inspection can disincentivize shirking. While the exact timing of inspections is often
unannounced to avoid “window-dressing” to cover up poor compliance, many inspection
regimes also require that inspections occur at regular frequency. This makes the timing
of inspections highly cyclical and therefore predictable based on the time elapsed since the
previous inspection. Figure 1 shows that this feature is common across inspection regimes
in a variety of contexts. In each case, time elapsed since last inspection predicts whether
another inspection is likely imminent.

The benefits of unpredictability in inspection timing depend crucially on the extent to
which firm effort and compliance dynamically respond to inspection risk (Lazear, 2006;
Varas et al., 2020; Ball and Knoepfle, 2023). This paper studies firm responses to dynamic
inspection risk and the corresponding benefits of unpredictability in a high-stakes healthcare
setting. Specifically, we examine the U.S. nursing home industry, where facilities are required
by the Centers for Medicare and Medicaid Services (CMS) to be inspected approximately
every year. We use rich, high-frequency administrative data to examine the dynamic rela-
tionship between inspection risk, nursing home staffing levels as a proxy for firm effort, and
patient health outcomes. These patterns then inform a simple dynamic model that we use to
assess how changing features of inspection regimes such as their predictability and frequency
would affect overall nursing home effort and compliance.

Our empirical analysis centers on how inspection hazard, effort, and compliance vary
throughout the inspection cycle, or the period between standard health inspections. In
our primary specification, we examine how these outcomes evolve as a function of the time
elapsed since the previous inspection. We first confirm that inspection timing is distinctly
cyclical. Hazard rates are relatively low immediately after an inspection, but begin to rise
sharply approximately 35 weeks into a new cycle, before “resetting” after an inspection
occurs.

We then consider how nursing home effort evolves over the inspection cycle. Effort to
improve compliance could involve a variety of endogenous responses that may be difficult to
observe, like conducting on-the-job training, performing practice inspections, having more
hands-on management, or enforcing safety standards more stringently. We use payroll-based

staffing ratios—the number of care hours per resident-day—as a proxy for facility effort,



Figure 1: Inspection Hazard Rates Across Regulatory Settings
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Notes: This figure plots inspection hazard rates across different regulatory settings. They correspond to (a)
standard inspections of nursing homes conducted by state survey agencies on behalf of CMS (2013-2019),
(b) restaurant food safety inspections conducted by the New York City Department of Health and Mental
Hygiene (2021-2025), (¢) mine safety inspections conducted by the Mine Safety and Health Administration
(1978-2004), inspections of public housing properties (d) and multi-family assisted properties by the Depart-
ment of Housing and Urban Development (2018-2021), and inspections of manufacturers of (f) biologics, (g)
tobacco goods, (h) veterinary drugs, and (i) food and cosmetics (2009-2024).



under the assumption that staffing decisions are correlated with these harder-to-observe
compliance behaviors. Furthermore, although staffing ratios may not capture every facet
of a facility’s operations, labor is the critical input in this industry (National Academies of
Sciences Engineering and Medicine, 2022). Indeed, the empirical linkage between staffing
levels and patient outcomes is so strong that staffing is itself used as a key quality measure
by both regulators and researchers.! Hence, this measure not only provides a high-frequency
and reliably-reported proxy for overall compliance effort, but also directly reflects the central
role of labor levels in our context. Accordingly, throughout the paper we refer to “staffing”
and “effort” interchangeably.

We find that once a facility is no longer subject to follow-up visits for violations from
their previous inspection, nursing homes maintain low staffing levels as the likelihood of the
subsequent inspection is low. However, as the threat of the next inspection rises, staffing
levels improve accordingly. Our results indicate that staffing levels start to increase approx-
imately 35 weeks after the last inspection — this is roughly 20 weeks before the next one,
given an average inspection cycle length of 55 weeks. There is a steady ramp-up in staffing
several months in advance of the next inspection, which suggests we are primarily capturing
a response to gradually increasing inspection risk rather than last-minute “window-dressing”
ahead of a known inspection date.

Our main measure of nursing home compliance is patient survival. We find that patient
survival rates follow the same pattern as staffing: once the follow-up re-visits from the
previous inspection are over, patient survival dips in the middle of the inspection cycle and
then begins to rise again at 40 weeks since the last inspection. Patient mortality is about one
percent lower 55 weeks from the inspection than it is in the mid-point of the inspection cycle
at 30 weeks. As a result, there is a strong positive relationship between staffing and patient
survival rates: a one standard-deviation increase in effort is associated with 3 percent lower
patient mortality rate. We find similar patterns when examining secondary health outcomes,
including measures of the activities of daily living, the inappropriate use of antipsychotics
(a form of chemical restraint) and the use of any physical restraints.

We conjecture that the relationship between inspection hazard and patient health reflects
the causal effect of nursing home compliance effort in high inspection risk weeks, but these
patterns could also be driven by patient selection if nursing homes respond to inspection
risk by admitting healthier patients and discharging sicker ones. Differentiating between
a causal effect and a patient composition effect is key to informing the counterfactuals in
our structural model. If the empirical relationship is primarily driven by differences in

selective admission or discharge practices, then we would incorrectly conclude that raising the

IThis perspective is why the rich payroll-based staffing data we use are made publicly available.



inspection probability would reduce mortality, when it is merely shifting patient composition.

We assess this patient composition channel in two ways. First, we examine whether
observable patient risk varies across the inspection cycle. We make use of a wide variety of
health and utilization measures about patients prior to their admission, which we aggregate
into a single predicted survival index. While actual patient survival evolves across the
inspection cycle, we find no movement in predicted survival, suggesting that facilities are not
adjusting their patient composition based on observable risks. Furthermore, we ensure that
our results on actual patient survival are robust to controlling for this measure of observable
risk.

Second, we employ an instrumental variables approach to isolate the causal effect of
inspection risk-induced effort on patient health. We construct a time-varying, distance-
based instrument of nursing home effort by combining our staffing estimates with a patient’s
location and the timing of their admission. Intuitively, the instrument captures where in
the inspection cycle the nursing homes closest to the patient’s home zip code were during
the patient’s stay. For a given patient zip code and week, we use the coefficients from the
staffing regression to construct expected effort in each facility, based on each facility’s time
since their last inspection. We then aggregate this across all nearby facilities, weighted by
the admission probability based on the patient’s home zip code. The resulting measure is
agnostic to the actual facility a patient is admitted to and hence purged of the potential
impact of patient selection. Using this measure, we show that being exposed to inspection-
induced nursing home effort causally reduces patient mortality. The largest effects on patient
survival are within the first 10 weeks since admission, the period in which mortality risk is
the greatest.

Guided by our empirical evidence on the relationship between inspection risk, staffing
levels, and patient outcomes, we develop a simple dynamic model that captures how a nursing
home chooses its level of effort over time in anticipation of a potential inspection. In each
period, the facility weighs the rising probability of an inspection against the costs of exerting
higher effort. By linking these evolving incentives to the observed patterns in our data, we
can estimate the model parameters in a transparent way. We then use the estimated model to
perform counterfactual policy experiments, simulating how alternative inspection regimes—
such as making inspections less predictable or more frequent—would shift nursing home
effort and therefore alter patient health outcomes. This structural approach complements
our reduced-form evidence by providing a clearer sense of the mechanisms driving cyclical
patterns in staffing and patient mortality and quantifying the potential long-run gains from
changing the design of inspections.

While an extensive empirical literature has demonstrated that increasing the frequency



(Olken, 2007; Levine et al., 2012; Blundell et al., 2020; Shi, 2024), targeting (Duflo et al.,
2018; Johnson et al., 2023), and visibility (Jin and Leslie, 2003; Dranove and Jin, 2010; John-
son et al., 2023) of inspections can improve compliance, this paper is the first to empirically
examine a key dimension of inspection policy design: their predictability. Recent theoretical
work has characterized conditions under which random or predictable inspection timing is
optimal, and shown that randomly-timed inspections are preferable when the principal’s goal
is to maintain compliance (Ball and Knoepfle, 2023) and to deter agent shirking (Varas et
al., 2020).

The main challenge in studying inspection predictability empirically is that in most set-
tings, day-to-day shirking and compliance is difficult to measure in the absence of an in-
spection.? We overcome this by focusing on the nursing home context, where firm effort
and compliance are measured both at high frequency and objectively. The staffing data are
derived from auditable payrolls and were designed specifically to ensure accurate reporting
(Geng et al., 2019; Gandhi et al., 2021). Our main compliance measure, patient mortality,
is not manipulable and reported by CMS rather than nursing homes themselves. These rich
data thus capture the near-universe of nursing home patients and staff at any given point in
time. This enables us to observe how facilities perform even when they are not currently un-
der inspection, helping us overcome this limitation in the empirical literature on inspection
design.

This paper also contributes to our understanding of inspections as a policy tool to improve
healthcare quality. Regular facility inspections—also known as accreditation or recertifica-
tion surveys—are widely used across of a variety of healthcare settings, including hospitals,
home health agencies, dialysis facilities, clinical laboratories, and hospices (CMS, 2024). But
despite their prevalence, the literature on how inspections shape provider behavior and care
quality is relatively limited. Existing work has largely focused on responses in the weeks im-
mediately surrounding inspections (Barnett et al., 2017; Geng et al., 2019). While we indeed
confirm sharp changes in nursing home effort during the inspection week, potentially driven
by short-run tip-offs or inspector presence, the main focus of our paper is the gradual ramp-
up in compliance in the several months preceding an inspection, which we take as reflecting
nursing home responses to increased inspection hazard. Leveraging this variation allows us

to understand how quality of care fares under more or less predictable inspection regimes.

20ne exception is Zou (2021), which uses satellite-based measures of air quality and finds evidence of
non-compliance on unmonitored days under the Clean Air Act. Sites in that context face an inspection
with certainty every 6 days and the shirking occurs precisely on days they are not monitored. In contrast,
the nursing home inspection cycle spans over a year, inspection dates are not known with certainty far in
advance, and we detect a ramp-up in nursing home compliance almost half a year before their next inspection,
suggesting it is a response to the increased risk of inspection.



Our findings from this exercise contribute more generally to the literature on policies which
aim to improve healthcare quality by subjecting providers to scrutiny, like denials, anti-fraud
litigation, and prior authorization (Dillender, 2018; League, 2022; Macambira et al., 2022;
Brot-Goldberg et al., 2023; Leder-Luis, 2023; Eliason et al., 2024). We show how changing
the timing of when these tools are used can improve overall compliance, even when holding
their frequency fixed. Finding ways to optimize how these tools are implemented is highly
policy-relevant, given that they are costly for both regulators and providers (U.S. Senate
Committee on Aging, 2023; Dunn et al., 2024).

Finally, our study also adds to the growing literature on the economics of the nursing
home industry. This literature has primarily focused on quality of care (Grabowski et al.,
2008; Einav et al., 2022; Cronin and Evans, 2022; Olenski and Sacher, 2024), staffing and
its effects on patient health (Lin, 2014; Matsudaira, 2014; Friedrich and Hackmann, 2021;
Ruffini, 2022; Furtado and Ortega, 2023; Grabowski et al., 2023), issues surrounding access-
to-care (Ching et al., 2015; Gandhi, 2023; Olenski, 2023; Hackmann et al., 2024), ownership
and organizational structure (Grabowski et al., 2013; Gandhi et al., 2020; Gupta et al., 2024;
Gandhi and Olenski, 2024), and on reimbursement design (Grabowski, 2001; Hackmann,
2019; Gandhi et al., 2024). While a large literature has studied the public report card system
used to provide information about nursing home quality (Grabowski and Town, 2011; Werner
et al., 2012; Cheng, 2023; Konetzka et al., 2021), very little is known about the inspection
process that generates a key input to these scores. We contribute by examining the inspection

process, an important yet under-studied component of the regulatory environment.

2 Background

2.1 Nursing Home Industry

This paper considers staffing levels, patient outcomes, and inspection behavior in skilled
nursing facilities, colloquially referred to as nursing homes. The nursing home industry is
large — it accounts for approximately one percent of U.S. gross domestic product — and
composed of a mix of for-profit and non-profit operators. Nursing homes provide a continuum
of care that spans two broad categories of patients. First, they offer post-acute, short-stay
rehabilitative services for individuals transitioning from a hospital stay, largely funded by
Medicare. Second, they deliver long-term custodial care for residents who require daily
assistance with activities of daily living (ADLs) over an extended period. Such long-term
care is primarily financed privately or by Medicaid.

The hallmark issue facing the nursing home industry is pervasively low quality-of-care.



Patients routinely face harm during their stays. Avoidable falls, pressure ulcers (‘bed sores’),
and inappropriate chemical/physical restraints are such common occurrences that the gov-
ernment reports the relative frequency of such incidents as part of facilities’ public report
cards. Such harm owed to neglect and abuse is commonly attributed to inappropriately
low levels of nurse and nurse aide staffing levels. Most facilities are under-staffed relative
to expert-proposed benchmarks (Geng et al., 2019), which has been linked to a variety of
adverse health outcomes, including death (Konetzka et al., 2008; Friedrich and Hackmann,
2021).

Consequently, providers are subject to extensive regulation at both the state and federal
levels. Nearly all facilities are certified to provide care and receive public reimbursement
by the Centers for Medicare & Medicaid Services (CMS). As part of this certification pro-
cess, CMS mandates annual (or near-annual) inspections for facilities receiving Medicare
or Medicaid reimbursement. These inspections are conducted by state agencies, who have
some flexibility over how inspections are scheduled and carried out, but must follow federal
guidelines in what to evaluate and how often.

Information on both nursing home inputs and outputs is uniquely rich, even for the
health care sector. On the patient side, all patients, regardless of payer, must receive detailed
clinical assessments at regular intervals (on admission, at discharge, and at least quarterly
in between). These assessments record a wide array of health indicators and diagnoses,
enabling researchers and regulators to measure patient outcomes comprehensively at any
point in time. On the input side, facilities submit auditable payroll-based reports of staffing

on a daily basis, providing a detailed view of how labor fluctuates over time.

2.2 Role of Inspections

Inspections (formally referred to as “surveys”) are a primary regulatory tool used by fed-
eral and state authorities to monitor quality within nursing homes. State survey agencies
conduct unannounced inspections—typically about once a year, but no more than every
15 months—to check each CMS-certified facility’s compliance with these federal standards
(U.S. Congress, 1987). In practice, facilities are inspected on average every 54 weeks and
the majority of inspections happen in a fairly tight window around this point, as illustrated
in Appendix Figure C.1 — 80.4 percent of inspections occur between 45 to 65 weeks since
the last inspection. During an inspection, a team of state surveyors reviews care practices,
interviews residents and staff, and observes conditions to identify any deficiencies in care or
safety. Identified violations (“deficiencies”) are documented and rated by scope and severity,

from minor isolated issues to widespread harm. Appendix Figure C.2 shows that 86 per-



cent of inspections find a deficiency and the average deficiencies number of deficiencies per
inspection is 7.6.

Inspection findings are tied to enforcement actions: facilities must correct all cited prob-
lems and face penalties for serious non-compliance. Common enforcement actions include
mandated corrective action plans with follow-up visits, civil monetary fines, denial of Medi-
care/Medicaid payments for new admissions, and in extreme cases suspension or termination
of the home’s certification, which effectively shuts down the facility. In this way, inspections
directly serve as both a monitoring mechanism and an enforcement lever to uphold care
standards in nursing homes.

Inspection results are also made publicly available and are an important resource for
patients and families evaluating nursing homes. CMS publishes each facility’s inspection
reports as well as a 5-star report card rating, which aggregates information on inspection
results, staffing levels, and patient quality measures. When constructing this composite
star measure, inspection results receive the greatest weight, owed to CMS’s belief that they
provide the strongest signal of quality. Survey results indicate that although patients are
not fully aware of the availability of these data, those who are become responsive to negative
inspection reports (Konetzka and Perraillon, 2016).

Nursing homes operators are keenly aware of the inspection process and are widely be-
lieved to adjust their behavior in anticipation of new inspections. Although annual inspec-
tions are unannounced by law, in practice they are fairly predictable, typically within a
9-15 month window. One patient advocacy organization notes “repeated anecdotal reports
indicate that facilities...move staff and supplies into facilities in anticipation” of coming in-
spections (Center for Medicare Advocacy, 2023), a phenomenon also reported in popular
news media (Thomas, 2014; Rau, 2018).

Indeed, we find suggestive evidence that facilities that appear to face earlier-than-anticipated
inspection tend to have worse inspection outcomes. Inspection outcomes are characterized
by deficiency scores, defined as the sum of all deficiencies identified during an inspection,
weighted by their severity (CMS, 2008).> Thus, a higher deficiency score indicates worse
performance during the inspection. Even after accounting for facility, state-year, and calen-
dar week fixed effects, we find that deficiency scores decline as the number of weeks since
a facility’s last inspection increases. Similarly, deficiency scores are negatively associated
with the difference in cycle length between the current and previous inspection cycles. That

is, facilities that are inspected earlier in a given cycle and those that are inspected earlier

3This score is used to assign facilities to the Special Focus Facility (SFF) program, which subjects the
worst-scoring facilities to more frequent inspections. We exclude observations during which a facility is
participating in the SFF program for this analysis, though we consider these observations in our main
analyses.



than they were in the prior cycle both tend to have worse outcomes (see Appendix Figure
C.3). Taken together, these findings imply that early, unexpected inspections—when a facil-
ity has not yet had sufficient time to ramp up compliance efforts—lead to worse inspection

outcomes.

3 Data and Sample Construction

3.1 Data

Nursing Home Inspections. Our primary source for inspection dates is the CMS Qual-
ity, Certification, and Oversights Reports (QCOR) website, which provides detailed data on
federal and state inspections across various healthcare facilities. We scrape information on
all surveys of nursing homes conducted between 2010 and 2019. For each survey, QCOR
reports the survey end date; whether it was a standard initial or recertification survey or in
response to patient complaints; whether it marked the first visit of an inspection cycle or
a follow-up revisit to check on previously-identified deficiencies; the survey’s focus (health
or fire safety); and operational details, such as the number of surveyors present and average
surveyor hours.

While nursing home inspection dates are also published directly by CMS (CMS, 2025b),
we found that the QCOR data was more complete and included inspections that were not
reported in the publicly-available CMS data. In supplementary analyses, we also use survey
start dates acquired from a Freedom of Information Act request for inspections between
2015 and 2023. To study inspection outcomes, we supplement the QCOR data with public
inspection deficiencies published by CMS (CMS, 2025a).

Staffing. We measure staffing using the Payroll-Based Journal (PBJ) data from 2017-2019,
which provides daily administrative micro-data on direct care staff in all CMS-certified nurs-
ing homes. These data include information on hours worked, licensing type (registered nurse
(RN), licensed practical nurse (LPN), or certified nursing assistant (CNA)), employee or con-
tractor status, and a daily measure of the facility’s patient census. The PBJ data are derived
from facility payroll records which are automatically submitted to CMS; accordingly, these
data are widely considered to more reliable and precise than self-reported staffing measures
(Geng et al., 2019; Gandhi et al., 2021). Our main staffing measure is constructed using
total weekly staffing hours per resident-day. For our primary results, we then standardize
this measure at the facility-level using the mean and standard deviation for each facility in

the middle of the inspection cycle (between 15 and 30 weeks from the last inspection). Ac-



cordingly, our primary staffing results can be interpreted as standard deviations away from
the mean for each facility’s “baseline” mid-cycle period, when they face minimal inspection

risk.

Patient Characteristics and Health Outcomes. Our analysis of patient health out-
comes relies primarily on the 2013-2019 Minimum Data Set (MDS), which captures regular
assessments from all CMS-certified nursing homes. The MDS provides near-universal de-
tailed clinical and demographic data on residents, assessed at admission, discharge, and
regular intervals. These data are widely used by policymakers and researchers to evaluate
care quality and inform reimbursement decisions. We use the MDS to construct a weekly
panel of nursing home stays, allowing us to track patient outcomes over the inspection cy-
cle. We augment our MDS panel data with patient characteristics and mortality derived
from the 2013-2019 Medicare Master Beneficiary Summary File (MBSF) enrollment files,
which includes patient demographics, chronic conditions, home zip codes, and death dates
for all Medicare beneficiaries covered by traditional Medicare or Medicare Advantage in a
given year. We also use the 2013-2019 Medicare Provider Analysis and Review (MedPAR)
files, which contain information about hospital and nursing home stays covered by Medicare,
to provide measures of from recent hospitalizations that inform our sample construction of

nursing home stays.
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Table 1: Summary Statistics

Facility Effort Sample: 2017-2019

Mean Std. Dev  50% 25% 75%

Inspection Characteristics

Weeks between inspections 54.8 9.9 55 49 60

Average deficiencies 9.04 9.46 6 2 14

Share with deficiency 79.8% - - - -
Staffing Characteristics

Total hours 2236.0  1420.5  1955.7 1297.8  2808.7

Hours per resident-day 3.76 0.95 3.19 3.63 4.14

N Inspection cycles = 40,654 N Facilities = 15,692 N Facility-weeks = 2,255,867

Patient Health Outcomes Sample: 2013-2019

Inspection Characteristics

Weeks between inspections 54.4 9.9 55 48 60
Average deficiencies 7.72 7.94 6 2 10
Share with deficiency 86.0% - - - -
Patient Characteristics
Age 79.3 11.2 80 72 87
Predicted survival rate at admission  0.87 0.1 0.88 0.82 0.94
Share white 79.1% - - - -
Share female 61.1% - - - -
Patient Health Outcomes
ADL score (negative) -7.65 4.79 -8 -12 -4
4-week survival rate 95.9% - - - -
Share not on anti-psychotics 82.8% - - - -
Share without pressure ulcers 90.0% - - - -
Share without physical restraints 98.7% - - - -
Share without fall or fracture 96.8% - - - -

N Inspection cycles = 100,594 N Facilities = 16,428
N Stays = 16,942,300 N Patient-weeks = 351,646,731

Notes: Patients are limited to patients in MBSF with a valid predicted survival rate at admission.
Antipsychotic use and ADL scores are carried forward between assessments, while all other health

outcomes are reported conditional on being assessed.

3.2 Sample Construction

To identify facility inspection cycles, we restrict our QCOR sample of inspections to standard

first visit health inspections and set this as the beginning of each inspection cycle. For our

patient-level analyses, we restrict to nursing home residents who are enrolled in Medicare

(i.e., those with corresponding enrollment records in the MBSF), who account for 94 percent

of stays. A patient will be in our sample as long as they are a Medicare beneficiary, regardless
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of whether any part of their stay was covered by Medicare.

In order to assign patients to nursing homes, we construct patient stay spells using MDS
admission and discharge assessments. We identify a stay as starting when a patient is
observed receiving an admission assessment and ending with a discharge assessment where
return is not anticipated, when a patient dies, or if another nursing home reports an admission
assessment for the patient. If a stay does not have a discharge assessment, death, or is
interrupted by another admission, then we set the end date of the stay to be 150 days after
the last observed assessment, following CMS practice (CMS, 2022).

4 Empirical Analysis

Our empirical analyses consist of several specifications, each relying on variation in inspec-
tion risk over time. In our primary specification, we examine outcomes throughout the
inspection cycle — the period between standard health inspections. To rule out effects driven
by endogenous patient selection across the inspection cycle, we also develop an instrumental
variables approach which couples the inter-temporal variation in inspection risk with exoge-
nous shifters to patient preferences over facilities. Finally, to ensure robustness to changes
in sample composition in the later weeks of a cycle, we also estimate a stacked event study
design centered around the inspection (discussed in Appendix A).

Broadly, our analyses span two sets of outcomes and time periods. Measures of staffing
are aggregated to the facility-week level, whereas all health outcomes are measured at the
patient-week level. The staffing measures — restricted by the availability of the payroll data
— are defined only for calendar years 2017-2019. However, we observe patient-level outcomes

extending back to 2013, and so all analyses of health outcomes are conducted over the window
2013-2019.4

4.1 Inspection Cycle Approach

Design. Our primary empirical design includes indicator terms for the number of weeks
that have elapsed since the beginning of the current inspection cycle (i.e., the “weeks since
last inspection”). This approach is summarized by equation (1), which models an outcome

of interest for facility 5 in calendar week ¢:

(30,60]
Y = Z Bw L(Week Since Inspection;, = w) + o + N+ €y, (1)
we(0,30)

40ur patient-level results are robust to choice of time period; restricting this sample to 2017-2019 to
overlap with the PBJ data generates highly similar estimates.
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where 1(Week Since Inspection;, = w) is an indicator for whether w weeks have elapsed
since facility j’s most recent inspection as of calendar week ¢t. To account for time-invariant
differences in outcomes across providers, we also include facility fixed effects o;. To account
for aggregate fluctuations across time, we include calendar-week fixed effects A\;. Yj; is a
facility-level outcome, such as standardized hours per resident day. Because the omitted
week from inspection is w = 30, the parameters of interest — the 3, coefficients — can be
interpreted as the difference in outcome relative to the middle of an inspection cycle, after
accounting for baseline differences across facilities and across time.

In addition, because many of our outcomes are measured at the patient-level, we consider

an individual-level analogue given by equation (2):

(30,60]
Y, = Z Bw 1(Week Since Inspection; ;) , = w) +vX; + oy + A+ €t (2)
wel0,30)

where Yj; is a patient-week level measure, such as 4-week survival and j(i) denotes the

® The only substantive modification from equation (1) is the inclusion

facility of patient i.
of patient-level controls X;. A wide array of clinical information is measured for nursing
home patients. In the interest of parsimony, we aggregate this information into one measure
of predicted mortality using demographics, utilization, and diagnoses prior to admission.
Specifically, we use a high-dimensional fixed effect regression to predict 90-day mortality after
admission using age, race, sex, chronic conditions noted in the initial admission assessment,
pre-admission hospital stay diagnosis group (DRG) and length of stay, initial payer, and
whether the patient qualifies for end stage renal dialysis coverage. Appendix Figure C.4 plots
a binscatter between predicted and actual 90-day mortality; the relationship is monotonic
and has an R? of 0.09.

For all our analyses, we compute two-way cluster-robust standard errors by facility and
by calendar week. This choice accounts for two sources of error correlation. First, there
may be serial correlation within a facility over time (e.g., persistent facility-level factors).
Second, there may be correlated shocks across different facilities in the same calendar week
(e.g., seasonality). This second dimension is particularly relevant if inspection cycles are not
uniformly distributed over the calendar year, so that many facilities enter similar phases of

their inspection cycle at the same point in calendar time.

Results. Figure 2 documents the results of the inspection cycle analysis on our two primary
outcomes: nursing home effort as proxied by staffing (panel a) and patient survival (panel b).

Panel (a) plots the staffing coefficients by weeks since last inspection as well as the inspection

SFormally, i denotes a patient stay, as a few patients are observed across multiple stays.
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hazard, defined as the probability that a nursing home receives their next standard health
inspection conditional on having not received one until that point in the current cycle. The
inspection hazard is relatively flat up until week 40 and then subsequently rises rapidly,
reflecting the predictability of the inspection cycle.

Nursing home staffing displays a spike in the week of inspection, which is consistent with
related work investigating staffing during the narrow window surrounding inspection dates
(Geng et al., 2019). Once the initial inspection is over, staffing follows a “U-shaped” pattern:
it remains elevated but declining for about 20 weeks after the inspection. This aligns with
the period of the inspection cycle in which nursing homes are subject to inspector revisits
to follow up on any deficiencies identified in the initial inspection. Staffing then remains
flat during the period of minimal new inspection risk. Eventually, as the inspection hazard
increases and the next inspection becomes imminent, staffing levels gradually rise again,
until a new inspection occurs and the cycle repeats itself. This pattern is also observed with
two alternative measures of staffing: non-standardized hours per resident-day and log total
hours (see Appendix Figure C.6), suggesting that these estimates are robust to our choice
of staffing measurement.

Panel (b) plots the estimates from our patient-level specification using 4-week survival as
the dependent variable. The pattern of the coefficients also follows a “U-shape” similar to the
staffing coefficients: survival is elevated in the weeks immediately following an inspection,
dips in the middle of the cycle, and then rises again as the next inspection approaches. To
identify which patients drive this pattern, we split all residents into “short-stay” (defined by
CMS as those within 90 days of admission, whose care is primarily rehabilitative) and “long-
stay” (the remainder, whose care is primarily custodial), and re-examine survival rates within
in each group. Short-stay patients drive the overall survival effects, and we find only minimal
changes in survival across the inspection cycle for long-stay patients (see Appendix Figure
C.7). This heterogeneity is consistent with differences in baseline risk: 4-week mortality is
highest in the early weeks of a stay and gradually declines thereafter (Appendix Figure C.8).

Of course, there are many operational routines that may change across the inspection
cycle which may improve patient survival. Facilities may retain more qualified or experi-
enced staff, the staff that are present may adhere more strictly to protocols, management
practices may improve, and so on. Changes in these routines — which we conceive of as a
nursing home’s “effort” — are likely to be well-approximated by changes in a nursing home’s
overall staffing level, given how crucial this input choice is for the industry (see Section 2).
Accordingly, for the remainder of the paper, we will use the terms “effort” and “staffing”
interchangeably.

Figure 3 plots the survival coefficients against the effort coefficients for each point in
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Figure 2: Inspection Hazard, Effort, and Patient Survival by Weeks Since Last Inspection

(a) Inspection Hazard and Coefficients on Hours Per Resident-Day (Std. Dev.)
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Notes: Panel (a) plots the inspection hazards (right axis) and the coefficients on from estimat-
ing equation (1) on standardized staffing hours per resident-day (left axis). Panel (b) plots the
coefficients from estimating equation (2) on 4-week patient survival rate, controlling for predicted
patient mortality at admission.
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the inspection cycle (i.e., each week from the last inspection), as well as the line of best
fit between the two. There is a robust positive relationship between the two — survival is
higher in weeks when effort is higher. The slope is 0.0012 (SE: 0.00014), indicating that
a 1 standard deviation increase in staffing is associated with a 3.2 percent lower patient
mortality rate. This relationship is robust to restricting only to coefficients corresponding to
inspection cycle weeks greater than 30, i.e. when we exclude the revisit window (Appendix
Figure C.5).

Figure 3: Comparison of Inspection Hazard to Effort vs. Survival Coefficients
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Notes: This figure plots the effort coefficients and survival coefficients from estimating equations
(1) and (2) in Figure 2. The slope of the line of best fit is 0.00117 (SE: 0.00014).

Due to the richness of the MDS data, we are also able to examine a wide variety of “in-
termediate” (i.e., sub-mortality) patient health outcomes. Figure 4 plots the corresponding
estimates using several clinical measures derived from the assessments data. Panel (a) plots
the activities of daily living (ADL) score, a numeric measure of a resident’s independence
in performing tasks related to personal care, including transfer, bed mobility, toileting and
eating. Each activity is assessed from 0 to 4, with 0 meaning the resident completed each
activity independently while 4 indicates total dependence on staff for each of the activities,
and the activity scores are summed. Because a higher score indicates worse health, we negate
it. The negated ADL score displays a similar pattern as effort and survival — it is lowest in
the middle of the inspection cycle, when nursing homes are subject to the least oversight.

Panel (b) shows the share of patients not on antipsychotics and panel (c) plots the
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share of patients without physical restraints, two common measures of nursing home quality
that are used by CMS to construct public report cards, scaled so that larger values indicate
better outcomes. Inappropriate antipsychotic prescribing (often used to sedate patients with
Alzheimer’s disease or a related dementia) and physical restraints are widely considered
indicators of low-quality care, given the associated reductions in residents’ quality-of-life,
Curbing their use through public reporting has long been a policy goal for CMS. We find
that both of these indicators also display a “U-shaped” pattern throughout the inspection
cycle. These patterns likely explain the counterintuitive inverse “U-shape” we find when
examining the share of patients without a fall or fracture in panel (d), as patients who are
restrained are mechanically less likely to fall. Finally, we find no discernible effects on the
share of patients without pressure ulcers (panel e), another common nursing home quality
measure.

The positive relationship between the survival and effort coefficients in Figure 3 indicates
that patient survival is higher at the points in the inspection cycle when nursing homes exert
greater effort. It is possible that the improvements in observed patient health instead reflects
another endogenous response of facilities to changes in inspection risk, in the form of selective
admissions and discharge practices, such as in Gandhi (2023) and Hackmann et al. (2024),
rather than resulting from increased facility effort. We engage in several exercises to assess
the plausibility that changes in patient selection explain the patterns we observe.

First, we examine how a facility’s overall occupancy, admission, and discharge decisions
change over the inspection cycle. We find evidence of only very modest fluctuations in the
number of patients in a facility (Appendix Figure C.9). From peak to trough, the typical
facility faces differences of at most 0.016 standard deviations in the number of patients
in residence at any time, corresponding to only 0.8 fewer patients relative to the baseline
average of 82.3 residents a week. This change is driven by a very minor reduction in new
admissions during inspection weeks and a corresponding reduction in new discharges in the
weeks following an inspection (generally on the order of less than 0.004 standard deviations
per week). In total, we find evidence that facility occupancy fluctuates only minimally across
the inspection cycle.

To understand whether these minor changes in admissions and discharge practices change
patient composition in the facility (i.e., whether the marginal patient is healthier or sicker
than the average patient), we rely on our univariate measure of observable patient health:
predicted survival X; from equation (2). Specifically, we examine how this index evolves
across the inspection cycle, both overall as well as specifically for new admissions and dis-
charges each week. Crucially, this index relies only on pre-admission information that is

observable to the facility making admission or discharge decisions. We find no detectable
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(a) (Negative) Activities of Daily Living Score
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Notes: This figure plots the coefficients from estimating equation (2) on health outcomes measured
in the MDS for patients in the facility in a given inspection week. All outcomes are normalized so
that a higher value is associated with a better outcome. Panel (a) plots the negated activities of
daily living score, panel (b) plots the share of patients not on anti-psychotics, panel (c) plots the
share of patients without physical restraints, panel (d) plots the share of patients without a recent
fall or fracture, and panel (e) plots the share of patients without pressure ulcers.
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changes in predicted survival throughout the inspection cycle. We can rule out changes in
predicted survival relative to baseline larger than 0.02 percent among all patients in the nurs-
ing home, 0.12 percent among admissions, and 0.12 percent among discharges (Appendix
Figure C.10).

Moreover, consistent with these results, we find that excluding the predicted mortality
control X; generates estimates that are highly similar to our main specification (Appendix
Figure C.11). Taken together, these results indicate that changing patient composition is
unlikely to be driving the patient health effects observed in Figures 2 and 4. To further
assess the robustness of our results to shifts in patient composition in Section 4.2 we develop

an instrumental variables approach that is unaffected by endogenous patient selection.

Alternative Event Study Approach. In addition to changes in patient composition
across the inspection cycle, a secondary concern could be that facility composition may
change across the inspection cycle. That is, for a facility that is consistently inspected
every 40 weeks, that facility’s will observations never contribute to estimates of 3, for w >
40. The nursing fixed effects a; should capture any time invariant cross-facility differences;
nevertheless, in Appendix A, we explore how an alternative stacked event study research
design would impact our results. Reassuringly, we recover estimates that are very similar to

our primary inspection-cycle specification.

4.2 Instrumental Variables Approach

The estimates resulting from the prior specification illustrate how our outcomes of interest,
nursing home staffing and patient outcomes, evolve across the inspection cycle. We can
compare the estimates on effort and patient outcomes for the same week to characterize how
the two co-vary. However, as noted, this positive relationship need not be causal, but could
instead reflect efforts to assemble a healthier patient pool through selective admissions or
discharge.

In addition to the predicted survival analyses discussed in Section 4.1, we further address
this concern with an alternative instrumental variables approach. In particular, we construct
a time-varying, distance-based instrument for the amount of effort a patient is expected to
be exposed to, irrespective of the nursing home they are actually admitted to. Instrumented
effort is instead based on geographic variation in where a patient lives as well as temporal
variation in where nursing homes in the patient’s vicinity are in their inspection cycle at the
time of the patient’s nursing home stay.

This approach expands on the standard distance-based instrument used to address selec-
tive admissions in healthcare (McClellan et al., 1994; Einav et al., 2022; Olenski and Sacher,
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2024) by also incorporating temporal variation in the inspection cycle within a zip code. In
other words, because our instrument varies over time depending on where nursing homes are
in their inspection cycle, we can include patient home zip code fixed effects. Our compar-
isons are thus among patients in the same zip code who are exposed to different levels of
nursing home effort based on the timing of their admission, relative to the inspection cycles

of nearby nursing homes.

Approach. To identify which facilities patients are most likely to be admitted, we estimate
a simple discrete choice logit model of patients’ nursing home choices, considering only the
distance between their home zip code centroid and each nursing home. We assume that the

utility of patient ¢ with home zip code h from choosing some nursing home 7 is given by:
uij = plog dp); + €5, (3)

where log dj,(;; is the log distance between the centroid of patient ¢’s zip and nursing home j.
Assuming the error term ¢;; follows the type-I extreme value distribution, this specification

implies that the probability patient ¢ living in zip code 2z chooses nursing home j is:

py = B D) ()
ZkeCh(i) exp(p1og dh i)
where Cj;) is the set of nursing homes available to someone with home zip code h.° We
estimate 1 using a high-dimensional Poisson model, given the equivalence of its likelihood
function to a conditional logit (Guimaraes et al., 2003; Correia et al., 2020; Brot-Goldberg
et al., 2023).
For a given nursing home j and calendar week t, we observe the number of weeks w that
have elapsed since j’s last inspection. Using our regression estimates of Bw, aj, and Xt from
equation (1), we can then compute the level of effort we expect facility j to expend w weeks

after its last inspection. Specifically, we can compute each facility j’s predicted level of effort

for each possible w as:

(30,60]
~ > . ~ 1 N
Ejw = Z Bw 1(Week From Inspection;, = w) + a; + . Z Ny, (5)
wel0,30) t
where N,, denotes the number of observations spent w weeks from the last inspection and

N, denotes the number of observations in period ¢ that are w weeks from last inspection.

SFor computational tractability, we define patients’ choice sets as those facilities within 25 kilometers of
their zip code’s centroid.
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This last term therefore denotes the mean calendar week ¢ fixed effect for facilities observed w
weeks from their most recent inspection. Putting this together, €, is the average predicted
effort for a nursing home j that is w weeks from the last inspection.

Using these estimates of predicted effort, we can compute the instrumented effort we
expect each patient 7 to receive in each period t, irrespective of which facility they are
actually admitted to. Relying on patients’ home zip codes (i.e., their pre-admission zip

codes), we can construct instrumented efforts as:

Zit = E Dij €iw(jt) (6)
N~ o ~— ——
Instrumented JEh(i) Distance-Based  Predicted Effort from
Effort emand Weeks from Inspection

where €; ;) is the predicted effort of facility j in calendar week ¢, based on where in the
inspection cycle that facility is at that point in time (i.e., w(j,t)). Instrumented effort z;;
can be interpreted as the effort patient i is expected to be exposed to in each calendar week
based only on their home zip code.

In Figure 5 panel (a) we compare this “instrumented effort” to the “realized effort” which
we denote (with a slight abuse of notation) as e;;, which is the (predicted) effort at the nursing
home they were actually admitted to. There is a strong positive relationship between the
two, with a coefficient of 0.96 and an R? of 0.2. Panel (b) then plots the distributions of
instrumented effort and its residual after absorbing zip fixed effects. The residualized value
captures within-zip variation in effort exposure driven by the timing of when patients are
admitted relative to the inspection cycle. Reassuringly, there is still substantial variation
in our instrument even after accounting for zip fixed effects that is driven purely by the
inspection cycle.

Finally, we use our instrumented effort measure in the following specification to estimate

the causal relationship between nursing home effort and patient health outcome Yj;:

60
Y, = Z 07 x 1(Week From Admission = 7) +vX; + apuy + Ao + 07 + €it, (7)
7=0

where 7 denotes the week of patient i’s stay relative to their admission week. As before, we
control for predicted patient mortality, X;. Because our instrument varies within zip code
over time, we include home zip code fixed effects ;). We stratify our results by week from
admission to account for the fact that patient mortality varies dramatically depending on
the week from admission, in addition to our prior results that short-stay patients are those
most impacted by the inspection cycle.

The 6, coefficients can be interpreted as the effect of a one-standard deviation increase
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Figure 5: Distance Instrument

(a) Realized vs. Instrumented Effort
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Notes: Panel (a) plots a scatter plot between instrumented effort zj; and realized effort €;(;);. In-
strumented effort is defined as equation (6): it is the average of realized effort at nursing homes
within 25 kilometers of a patient’s zip, weighted by the probability that the patient goes to that
nursing home. Realized effort is the predicted effort defined in equation 5 at nursing home j, the
nursing home the patient was actually admitted to. The predicted effort is calculated using the co-

efficients from estimating equation (1) on staffing. Panel (b) plots a histogram of raw instrumented
effort as well as after residualizing for patient zip code fixed effects.
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in inspection-induced nursing home effort on Y;; for patients who are 7 weeks away from
their admission to the nursing home. In order to interpret these effects as the causal effect of
nursing home inspection risk, we require the following exclusion restriction assumption: after
accounting for zip code and time fixed effects, there is no correlation between patient mor-
tality and the effort exerted by geographically-proximate nursing homes other than through

the timing of the nursing home inspection cycle.

Results. Figure 6 plots the J, coefficients from estimating equation (7) on 4-week mortality
for patients in the first 13 weeks of their nursing home stay. We restrict our focus to the first
13 weeks, which is equivalent to approximately the first 90 days of a patient’s stay, since
mortality is highest in these weeks (Appendix Figure C.8) and our results from the inspection-
cycle analysis are concentrated among these “short-stay” patients (Appendix Figure C.7).
The coefficients are normalized in percent terms relative to the average 4-week mortality rate
in each week from admission; Appendix Figure C.13 shows the unscaled coefficients, which

are in percentage point terms.

Figure 6: Distance IV Mortality Coefficients, Normalized by Mean
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Notes: This figure plots the coefficients from the instrumented distance specification in equation
(7) where the outcome variable is 4-week patient mortality, normalized in percent terms relative
to average mortality for each week of admission. The regression is estimated on weeks 0-59 from
admission and the plot shows the estimates on the first 13 weeks (equivalent to approximately the
first 90 days) of the stay. All coefficients past week 13 are statistically insigificant at the 5 percent
level.

The results show that exposure to inspection-induced nursing home effort reduces patient

mortality. The protective effects on patient health are concentrated among patients who are
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4 to 10 weeks out from their admission week. The lack of an effect in the first few weeks
after admission could be because the effect of nursing home effort on health is cumulative, so
patients may need several weeks of exposure before it has a demonstrable impact. Beyond 10
weeks from admission, mortality begins to wane, so the lack of an effect there could reflect

the fact that there are fewer marginal deaths in this period.

5 A Dynamic Model of Nursing Home Effort

We next develop a simple dynamic model to formalize the main empirical patterns in our
results and to quantify the influence of inspection timing on a nursing home’s staffing deci-
sions. Our aim is to capture a nursing home’s incentive to raise effort — as proxied for by
weekly staffing levels — in anticipation of an inspection, while acknowledging that staffing
is costly and cannot be adjusted instantaneously without friction. The model will serve two
primary purposes. First, it provides a theoretical framework that clarifies how a facility
balances present costs against the potential future benefit of improved performance on in-
spections. Second, it gives us a vehicle for performing counterfactual policy experiments,
such as altering the frequency or predictability of inspections, to assess how such changes

might shift behavior and patient outcomes.

5.1 Model and Estimation

Setup and Timing. We treat the inspection cycle as our core unit of analysis and index
time in weeks since the most recent inspection: ¢ = 1,2,...,7T, where T is the maximum
plausible length of an inspection cycle. Federal statute dictates that inspections should not
occur more than 15 months apart (i.e., 7' ~ 65); however, in practice, inspector shortages
result in a non-trivial number cycles lasting longer than 65 weeks. To account for this, we
allow for a greater maximum cycle length of 7" = 100. Each week ¢ of the inspection cycle, the
facility chooses how much costly effort e; to exert. This effort encompasses the many costly
actions a facility can take to improve its care processes. We observe one such action—staffing
levels—at high frequency in our data; however, there are many more unobserved ways in
which facilities can exert effort, such as providing on-the-job training, enforcing policies and
standards of care more strictly, and performing practice inspections.

Unannounced inspections occur stochastically at the end of each period ¢ with probability
h(t) that varies over the cycle. The facility’s performance on the inspection depends on
the effort is has been expending. Specifically, we model a facility’s effort each week as

contributing to a running “stock” s; that depreciates over time. This effort stock then
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determines the payoff 7(s;) the facility receives when inspected. After inspection, the facility
starts a new cycle: t returns to period 1 and the facility’s effort stock is reset to a baseline level
so.” We provide additional details on effort accumulation, effort costs, inspection payoffs,

and the resulting Bellman equation below.

Accumulation of Effort. At the start of each period ¢, the facility holds a stock of effort
s;i—1 € S, which summarizes its effort intensity through period ¢ — 1. The facility’s chosen

effort in period t updates their stock of effort in the following way:

St = (1 — 5)€t + 55,571 (8)
=(1—08)e;+ (1 —03)des1 + ...+ d'sg

t
=(1=0)) 6" e, + s,

T=1

where § € [0, 1] measures the extent to which effort stock—i.e., benefits from past effort—
are persistent. A larger  implies that effort in previous periods benefit current performance
more. Two key interpretations stem from equation (8). The first is that s, is the depreciation-
discounted average of previous efforts (and the initial stock). The second is that since s; is
a convex combination of s;_; and e;, one can intuitively think of the choice of e; relative
to s;_1 as adjusting the stock of effort. We incorporate this intuition into our effort costs

below.

Cost of Effort. In each period t, choosing a higher level of effort e; incurs a cost that has
two components. The first component captures the linear cost of scaling effort e;. This could
include, for example, employing additional hours from existing nursing and administrative
staff at their current wage and benefits. The second is an “adjustment” cost if the facility
chooses an effort that deviates too greatly from its recent efforts. For example, dramatically
increasing staffing over a short period of time will likely require non-linear costs such as
recruiting new staff, raising wages and benefits to improve retention, and paying overtime
to increase hours from full-time workers. We capture this with a quadratic term in e; — s;_1,

where stock s;_; is a weighted average of prior efforts. Thus, our cost function is:
cler, si1) = aner + ag(ey — 5,1)%, (9)

where a; > 0 and ay > 0 respectively capture the linear and adjustment costs of effort.

7Our model is not constructed to capture behavior during the “revisit” window, and data on revisits are
sparse. As such, we treat week 21, the first period after the 20 week revisit window, as period ¢ = 1.
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Inspection Payoffs. We let h(t) denote the hazard rate of an inspection, or the probability
that an inspection occurs at the end of period . If an inspection occurs, the firm receives a

payoff that depends on s;, its accumulated effort at the end of the period:

m(st) = vsy, (10)

where v > 0 represents the benefit of better performance on an inspection.

Dynamic Optimization. The facility’s problem is to choose a discrete effort level ¢, €
each period to maximize the expected discounted payoffs over the entire cycle. Let Vi(s;_1)
be the facility’s value of having stock s;_; at the start of period t. After selecting e;, the
facility pays cost c(eg, s;—1), and its effort stock updates to s;. Then, an inspection occurs
with probability h(t). If it does occur, the facility earns 7 (s;) for its performance, the period
restarts at ¢ = 0, and the facility’s effort stock resets to sqy. If the inspection doesn’t occur,

the period increases to week ¢ + 1. The corresponding Bellman equation is:

et€l

‘/t(stfl) = rnax{—c(et, st,l) + h(t) (W(St) + 5‘/0(30)> + (1 - h<t>) ﬁ‘/;tJrl(St) + €€t,t} (11)

where 8 < 1 is the discount factor.® We also allow for an i.i.d. Type-I extreme value shock
€e,t On the facility’s decision in each period to account for random factors that affect the
firm’s decision-making not captured by the deterministic part of the model.

Denote by f/t(et, s¢—1) the deterministic component of the period t return from choosing

effort e;.” Then the choice of effort e, is multinomial logit with the usual inclusive value:'®

exp (‘Z(Gu St—l))
g e Viero 1)

P(e; | s1-1) = (12)

Vi(sr) = log [Z exp (Tite. sH))} . (13)

eck

Given these, it is straightforward to solve equation (11) via backwards induction. Ter-

minal V7 is computed from equation (13) with h(7) = 1. V; for ¢ < T are then computed

8In practice, because our periods are weekly, we impose a high discount factor of 8 = 0.99.
9Formally:

Viler,si-1) = —clew se-1) + h(t) [m(s0) + BVo(s0) | + [1 = h(1)] BViya(s0).
10For ease of notation, we exclude the Euler-Mascheroni Constant from the inclusive value.

26



iteratively from t =T — 1 back to t = 1.

Estimation. We estimate parameters 6 = (ay, az,7, 9, so) via maximum likelihood on the

observed effort choices. The empirical log likelihood follows directly from equation (12):

In£(0) = Z 1n<P(€j,c,t|5j,c,t71)>7

7,6,t>20

where 7 indexes facility, ¢ indexes cycle, and ¢ indexes week. In practice, discretization of the
state space results in the objective function In £(6) being non-smooth in § and sq. Therefore,
we employ a nested approach to optimization, performing a grid search over ¢ and sy in an

outer-loop and using gradient-based methods for oy, as,y in an inner loop.

5.2 Estimates and Counterfactuals
5.2.1 Estimates

Figure 7 panel (a) summarizes our estimated parameters. We find sensible estimates: the
reward to a higher effort stock when inspected is approximately 8 times the per-period level
cost of effort. The implied adjustment cost are quite sizable, which reflects a relatively high
level of inertia apparent in the data. These adjustment costs also rationalize the fact that
the inspection hazard often sharply increases, facilities ramp up their effort more slowly
and starting before the increase in inspection hazard actually occurs. That we estimate a
relatively small ¢ suggests that effort tends to depreciate quickly over time, and more recent
effort choices carry substantially greater weight in the inspection payoffs. This strengthens
facilities” incentive to time their efforts to be as close as possible to the inspection period.
To examine the fit of our model, we compare the model-implied effort choices from equation
(12) against the empirical choices. Figure 7 panel (b) compares the predicted and empirical
average efforts for different periods in the inspection cycle. We find that at each period t,
the average model-implied efforts are close to the empirical mean actually chosen by firms
in the data. Even though our maximum likelihood procedure doesn’t target these moments
specifically, the quality of fit is quite high. This suggests that our model does a reasonably

good job capturing the dynamics of optimal effort choice.
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Figure 7: Model Fit

(a) Estimated Model Parameters

Parameter Estimate Description

o 0.076 Level effort cost

Qg 0.303 Adjustment cost

v 0.641 Inspection reward

0 0.201 Depreciation rate of effort stock
So -0.159 Initial effort stock

(b) Model-Implied Efforts Over Time
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Notes: Top panel presents estimates of the model parameters for California nursing homes. Bottom
panel presents a measure of model fit, plotting both the mean California nursing home efforts over
time as well as the model-implied optimal effort taking the empirical effort stock as fixed. The
figure also includes the empirical distribution of inspection cycle lengths in California.
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5.2.2 Counterfactuals

We use the estimated model to perform two sets of counterfactual exercises exploring alter-
native inspection regimes. For each, we use the model estimates to simulate counterfactual
paths of facility effort—and, by extension, patient mortality as implied by our results in
Section 4—over the counterfactual inspection cycles. First, to understand the importance
of predictability, we examine how nursing home efforts and patient mortality would change
under a fully “unpredictable” inspection regime. That is, we consider a regime with the same
average frequency of inspections but in which inspections arrive at a constant hazard rate,
making the elapsed time since the previous inspection completely uninformative. Second,
in light of recent policy efforts to increase the pace of nursing home inspections (U.S. Sen-
ate Committee on Aging, 2023), we simulate the impact of increased inspection frequency,
holding fixed the current degree of predictability. Note that as in our estimation, we omit
20 week revisit window following prior inspections to avoid taking a stand on how revisits
might change under counterfactual regimes. Appendix B provides details on implementation

for each of our counterfactual exercises.

Unpredictable Inspections. We begin by examining what would happen if the inspection
hazard were constant across the weeks following a visit, rather than increasing gradually
over the cycle. We set this constant hazard equal to the inverse of the factual average cycle
length so that the average inspection frequency is the same in the factual and counterfactual.
Importantly, since the counterfactual only changes the predictability of inspections and not
their frequency, it represents a budget-neutral alternative to the status quo inspection regime.

Figure 8 presents the results of our counterfactual simulation. Panel (a) contrasts the
counterfactual and factual hazard rates. The counterfactual constant hazard is greater than
the empirical hazard rate for many periods, since inspections during the first ten months
are empirically very rare. However, the factual inspection hazard grows to eclipses the
counterfactual uniform hazard during the period when most inspections typically occur.
Panel (b) presents the optimally chosen effort under each of the inspection regimes. The
principal finding is that placing facilities under a constant probability of inspection each
week encourages a more even approach to effort. Rather than exerting minimal effort in
parts of the cycle with low inspection risk and then scrambling to add staff later, facilities
maintain a relatively high level of staffing throughout the inspection cycle since they might
be evaluated in any period. The effort path under a constant inspection hazard lies well
above the factual baseline during the periods when the factual hazard is near zero but is

substantially below the high level of effort facilities exert in the factual during the period
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when inspections are highly likely.'!

Panel (b) allows us to distinguish in which effort is greater under each regime. However,
simply comparing the curves in panel (b) can be misleading since the choice of inspection
regime also affects the distribution of cycle lengths. Panel (c) illustrates this point by
plotting the share of weeks spent at each time since last inspection under both the factual
and constant hazard regimes. While efforts under the factual hazard rate are higher later in
the cycle (e.g., for t > 45), panel (c¢) shows that only a small fraction of periods are actually
spent later in the cycle. Instead, the majority of the facility’s time is spent early in the
cycle, which are ¢ for which facilities’ efforts under factual hazards are relatively low. The
overwhelming importance of effort in these early periods stems from the fact that any cycle
that includes period ¢t must also include periods 1,2, ...,t—1. This is particularly strong for
factual hazards, where inspections early in the cycle are extremely rare, so almost all cycles
include all ¢ < 45.

Panel (d) synthesizes the information above by plotting a distribution efforts from panel
(b) drawn according to the corresponding distribution of periods implied by panel (c¢). This
provides the distribution of weekly efforts that facilities exert under each regime. This figure
captures the main takeaway from this exercise: while there is a long tail of effort under the
empirical hazards coming from the late-cycle periods just prior to inspection, the weekly
average effort is considerably higher in the constant hazard counterfactual.

The link between nursing home effort and care outcomes in Section 4 suggests that
this increase in average weekly effort could meaningfully benefit patients. To quantify this
improvement, we employ our estimate of the relationship between effort and patient survival
suggested by Figure 3. Applying this estimate to our counterfactual efforts from Figure 8
implies that moving to the flat hazard rate would generate 116.2 additional annual lives
saved in California alone, or an additional 1,742.6 lives nationally.

These findings underscore the importance of timing in inspection design. Even without
expending resources to increase the frequency of inspections, simply making inspections more
unpredictable reduces slacking in the early weeks of an inspection cycle. Doing so leads to
a steadier level of effort from facilities that, on average, substantially benefits patients and

even saves lives.

Increasing Inspection Frequency. Our second counterfactual increases the frequency

of inspections sufficiently to reduce the average cycle length by 25%, but otherwise keeps

' That both the counterfactual and empirical effort curves begin at the same effort level is an artifact of our
simulations holding the initial stock sy to be the same under both inspection regimes. A plausible alternative
that is less conservative would be to allow sy in the constant hazard counterfactual to be determined in
equilibrium as the long-run distribution or average of s; for ¢t > 1.
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Figure 8: Effect of Making Inspections Unpredictable
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Notes: Figure presents the results of the first counterfactual exercise. All results correspond to the
California nursing home market, over the years 2017-2019. In this counterfactual, we impose a flat
hazard function that yields a constant probability of inspection. Panel (a) presents both the factual
as well as the counterfactual (flat) hazard rate. Panel (b) presents the optimal chosen effort across
the inspection cycle, for both the factual and counterfactual hazard functions. Panel (c) plots the
distribution of times since inspection under each of the hazard functions considered, reflecting that
changes in the hazard function mechanically change where in an inspection cycle time is spent.
Panel (d) combines the information from the prior two panels, plotting histograms of the optimal
effort, weighted by the share of time spent allocating that level of effort.
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the shape of the hazard function unchanged. Such a scenario is particularly relevant given
renewed interest by policymakers in increasing the pace of nursing home inspections (U.S.
Senate Committee on Aging, 2023).

Figure 9 presents the results of our second counterfactual simulation. As before, we begin
our analysis after the 20 week revisit window. Panel (a) contrasts the factual inspection
hazard with the counterfactual inspection hazard that is shifted to the left. Panel (b)
examines what this accelerated inspection hazard implies for optimal effort over the course
of the inspection cycle. In the earliest periods, optimal effort looks similar under the two
policies. However, because inspection risk increases earlier under the counterfactual, optimal
efforts increase earlier too.

As with the other counterfactual, the increasing the frequency of inspections changes
the distribution of how time is spent over the inspection cycle. Panel (c¢) presents the
distributions of time since last inspection under both the factual and counterfactual. The
shorter counterfactual cycles mean that although the effort curves increase earlier and reach
higher levels, facilities spend even more time in the early parts of a cycle, and considerably
less time in the later parts of the cycle.

That the earliest periods have muted efforts even under the counterfactual limits the
ability for the counterfactual to dramatically improve facilities’ efforts. Panel (d) shows
this, plotting the distribution efforts from panel (b) drawn according to the corresponding
distribution of periods implied by panel (c¢). While the increased frequency of inspections
elicits higher levels of effort throughout the cycle, the shift in the distribution of periods
offsets these gains. On average, there is approximately no gain in mean efforts across facility-

weeks from increasing the frequency of inspections.
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Figure 9: Effect of Increasing Inspection Frequency
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Notes: Figure presents the results of the second counterfactual exercise. All results correspond to
the California nursing home market, over the years 2017-2019. In this counterfactual, we impose an
increased frequency hazard function that shortens inspection cycle lengths. Panel (a) presents both
the factual as well as the counterfactual (increased frequency) hazard rate. Panel (b) presents the
optimal chosen effort across the inspection cycle, for both the factual and counterfactual hazard
functions. Panel (c) plots the distribution of times since inspection under each of the hazard
functions considered, reflecting that changes in the hazard function mechanically change where in
an inspection cycle time is spent. Panel (d) combines the information from the prior two panels,
plotting histograms of the optimal effort, weighted by the share of time spent allocating that level
of effort.

6 Conclusion

This paper explores how the timing and predictability of inspections affect staffing decisions

and patient outcomes in nursing homes. Our empirical analysis reveals significant temporal
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variation in staffing levels, which rise systematically as an inspection becomes more likely
and fall sharply once the immediate threat subsides. We link these patterns to resident
outcomes, documenting improvements in a variety of patient health measures, including
mortality rates, in periods of heightened inspection risk.

To interpret these findings, we develop a simple dynamic model in which nursing homes
balance staffing costs against the benefits of being well-prepared when an inspection ar-
rives. Estimating the model with high-frequency staffing data shows that it can replicate
the observed ramp-up in staffing. We then use the estimated framework to examine alter-
native inspection regimes. Although increasing inspection frequency can prompt additional
short-term effort, we find that making inspections more random generates more persistent
gains in average staffing and therefore patient outcomes. This result underscores the impor-
tance of optimally designing when inspections occur, not just how often, in order to sustain
compliance and minimize shirking.

Taken together, our findings highlight both the promise and the limitations of inspection-
based regulation. While existing policy clearly deters some level of shirking, it may inad-
vertently create “valleys of low effort” early in the cycle. A more randomized approach to
inspections could help alleviate these lulls, potentially enhancing resident well-being without
substantially raising regulatory costs. Future work might investigate how alternative pol-
icy tools, such as public disclosure of interim performance metrics or stronger enforcement

penalties, could further strengthen the incentives formed by inspections.
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Online Appendix

A Alternative Event Study Approach

Our primary research approach — the inspection-cycle specification — restricts the sample to
weeks w < 60 from last inspection to ensure sufficient sample size to estimate 3,. Yet even
with this restriction, there could still be differences in sample composition in the later weeks
of a cycle, as not all inspection cycles last at least 60 weeks. Accordingly, the estimates
for weeks further away from the last inspection may be biased by differences in the types
of facilities with observations for these weeks. This concern motivates an alternative event
study specification. While any static differences across nursing homes should be addressed by
the inclusion of time-invariant facility fixed effects «;;, the aim of this secondary specification

is to ensure that our primary results are robust to differences in sample composition.

Design. In this specification, we use a balanced panel of weeks around each inspection.
When constructing the panel of inspection events for this sample, we include the 30 weeks
before and after each inspection for each facility, regardless whether another inspection occurs
in these weeks. The resulting facility-week panel is balanced in that each inspection event
is associated with a 61 week window, including the week of the inspection. Consequently,
the corresponding estimates are unaffected by differences in sample composition arising from
varying inspection cycle lengths. We then “stack” each inspection event together in the spirit
of Cengiz et al. (2019) and Deshpande and Li (2019), again clustering our standard errors
at the facility and calendar week level to account for duplicate facility-week observations.
Regression equation (14) summarizes this stacked event study design for facility j in

calendar week ¢ and index inspection event c:

[0,30]
Yiew = Z B, 1(Week Rel. Inspection;, = r) + a; + A + dc + €t (14)
re[—30,—1)

where 1(Week Rel. Inspection;,, = r) is an indicator for whether facility j is 7 weeks relative
to the inspection that defines event c in calendar week ¢. We augment the fixed effects
structure from equation (1) with an additional inspection event fixed effect d.. Because the
omitted term is relative week r = —1, the parameters of interest (the (3, coefficients) can be
interpreted as the difference in the outcome relative to the week prior to the index inspection
event.

For completeness, as with equation (2), we also consider the corresponding specification
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for patient i:

(30,60]
Yiet = Bo+ Z Br 1(Week Rel. Inspection;;y .y, = ) +7Xi+ (i) + At + 0c(iy + et (15)
r€[0,30)

where, as before, X; controls for patient ¢’s predicted mortality at admission.

Results. Our findings are consistent with the results from Section 4.1. Appendix Figure
A.1 plots the event studies results for the inspection hazard, staffing hours per resident-day,
and the 4-week patient survival rate. Panel (a) shows that inspection hazard is rising rapidly
in the weeks ahead of an inspection, sharply falls at the week of the inspection, and remains
relatively very low in the 6 months following the inspection. Staffing largely follows an
“inverse-U” shape, with a spike in the weeks -1 and 0. The smaller spike in staffing in week
-1 reflects the fact that inspections are 4 days long on average (panel b). Since we measure
inspection date as when the inspection is completed, in many instances the inspection has
already begun in week -1.'2 The patterns of the patient survival results mirror the staffing
results — patient survival increases in the weeks leading up to the inspection when inspection

risk is highest and then ramps once the inspection has passed (panel ¢).

12 Appendix Figure C.12 plots daily event studies in the 60 days before and after the inspection, centered
around either the start date (panel a), which is available for a subset of years through FOIA request, or the
end date (panel b), which is available for our entire sample. These indicate that the staffing spike begins
once the inspection has begun.
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Figure A.1: Event Studies: Inspection Hazard, Effort, and Patient Survival
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Notes: This figure plots the estimates from equations (14) and (15) on (a) the inspection hazard
rate, (b) standardized hours per resident-day, and (c) 4-week patient survival rate.
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B Further Details on Counterfactuals

Unpredictable Inspections: Our first counterfactual scenario — which imposes a constant
inspection hazard rate — asks what the equilibrium effort levels would be under a memoryless
inspection arrival rate. Because our model is in discrete time, where the unit of time is
the number of weeks between inspections, this counterfactual is equivalent to imposing a
geometric distribution on the time between inspections.!?

Recall that our baseline model uses a monotone transformation of the empirical hazard
rate, denoted h, to ensure that inspection risk is non-decreasing over time. We start by
computing the mean number of periods between arrivals implied by this transformed hazard

rate using the following formula:

E[L] =) (H(1 — h7)> (16)

w=1 \r=1
where L is a random variable denoting the number of periods between inspections and h.,
is the monotone empirical hazard for 7 periods since the last inspection. The mean number
of periods between inspections is the sum of the survival rates for each period. The data
contain a maximum observed number of periods, T', which we use for determining the sum.
E[L] is therefore the mean number of periods between inspections implied by the monotone-
transformed empirical hazard rate. Our first counterfactual imposes L ~ Geom(1/E[L]).
Because the geometric distribution carries the memoryless property, this implies a counter-
factual constant hazard h(t) := h = 1/E[L]. We then re-solve the Bellman equation using
this constant hazard rate h holding our estimates of the parameters fixed, and simulate

counterfactual efforts implied by this alternative policy.

Increasing Inspection Frequency: Our second counterfactual scenario — increasing in-
spection frequency without changing the shape of the hazard rate — asks what the equilibrium
effort levels would be if we maintained the current inspection regime (i.e., did not switch to
a memoryless process) but simply increased the pace of nursing home inspections. Doing
so requires an alternative hazard function ﬁ(t) such that the implied mean time between
inspections is 25% lower than the one implied by the monotone empirical rate.

To find such an increased frequency hazard function h(t) without changing the original
function’s ‘shape’, we employ the following iterative procedure. Starting from the original
empirical hazard h(t) (a vector), we remove one period from the start and add one period

—_—

of maxh(t) to the end. We then compute the new E[L] implied by this modified hazard

I3A continuous-time alternative would instead use an exponential distribution for this exercise.
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vector using equation (16). We iterate this procedure until the modified mean time between
inspections E[L] = aE[L], where for example o = 0.75 implies a 25% decrease in the mean
inspection frequency. Doing so ‘shifts’ the hazard function to the left, while maintaining the

function’s shape beyond the initial excised region.
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C Appendix Figures
Figure C.1: Histogram of Weeks Since Last Inspection
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Notes: This figure plots a histogram of weeks since last inspection for standard health surveys in
2013-2019. The mean is 54.4 and the standard deviation is 9.9.
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Figure C.2: Inspection Outcomes, by Highest Deficiency Category
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Notes: This figure plots a histogram of inspection outcomes in 2013-2019 by the highest (worst)
deficiency level. Level A corresponds to no deficiency or an isolated deficiency with no actual
harm with potential for minimal harm was found, while levels B-C correspond to a pattern of or
widespread deficiencies (respectively) that pose no actual harm with potential for minimal harm.
Levels D-F correspond to isolated, pattern of, and widespread deficiencies (respectively) with no
actual harm with potential for more than minimal harm that is not immediate jeopardy. Levels
G-I correspond to isolated, pattern of, and widespread deficiencies (respectively) with actual harm
that is not immediate jeopardy. Levels J-K correspond to isolated, pattern of, and widespread
deficiencies (respectively) with immediate jeopardy to resident health or safety (CMS, 2008).
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Figure C.3: Relationship Between Time Since Last Survey and Inspection Outcome

(a) Deficiency Score vs. Time Since Last Inspection
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(b) Deficiency Score vs. Difference in Time Since Last Inspection Relative to Previous Cycle
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Notes: This figure plots binscatters of the relationship between the inspection deficiency score and
(a) the number of weeks since a facility’s last inspection and (b) the difference in the number of
weeks since the last inspection, relative to the previous inspection cycle. The deficiency score is the
sum of the total number of deficiencies found during the inspection, weighted by their severity. It
is used to assign facilities to the Special Focus Facility (SFF) program, which subjects the worst-
scoring facilities to more frequent inspections. We drop observations during which a facility is
participating in SFF in the analysis. State-year, facility, and calendar week fixed effects have been
residualized out and the sample is restricted to cycles with 40-60 weeks between inspections. The
mean and median deficiency scores are 28.13 and 16, respectively.
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Figure C.4: Predicted vs. Actual Mortality
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Notes: This figure plots a binscatter of predicted vs. actual 90-day mortality after admission to the
facility. We use a high-dimensional fixed effect model that includes age, race, sex, chronic conditions
noted in the initial admission assessment, pre-admission hospital stay diagnosis group (DRG) and
length of stay, initial payer, and whether the patient qualifies for end stage renal dialysis coverage.
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Figure C.5: Comparison of Inspection Hazard to Effort vs. Survival Coefficients,
Restricted to > 30 Weeks from Inspection
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Notes: This figure plots the effort coefficients and survival coefficients from estimating equations
(14) and (15) in Figure 2, restricted to weeks from inspection w > 30. The slope of the line of best
fit is 0.0012973 (SE: 0.00023).
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Figure C.6: Alternative Staffing Measures by Weeks Since Last Inspection

(a) Hours Per Resident-Day
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Notes:  This figure plots the estimates from equation (1) on alternative nursing home staffing
measures: (a) hours per resident-day and (b) log total hours.
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Figure C.7: Patient Survival by Weeks Since Last Inspection, By Week of Stay

(a) Coefficients on 4-Week Survival Rate, < 12 Weeks From Admission
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(b) Coefficients on 4-Week Survival Rate, > 12 Weeks From Admission
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Notes: This figure plots the estimates from equation (2), split by whether a patient is (a) less than
13 weeks from admission (i.e., in their first 90 days of the stay) or (b) greater than 13 weeks from
admission.

52



Figure C.8: Patient Mortality, by Weeks from Admission
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Notes: This figure plots the 4-week patient mortality rate by weeks from admission.
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Figure C.9: Patient Census, Admissions, and Discharges by Weeks Since Last Inspection

(a) Patient Census
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Notes: This figure plots the coefficients from estimating equation (1) on (a) patient census, or the
number of patients in a facility in a given week, (b) admissions, and (c) discharges. All values
are normalized in percent terms relative to the average patient census in the omitted week. We
construct patient stay spells using MDS admission and discharge assessments. We identify a stay as
starting when a patient is observed receiving an admission assessment, and ending with a discharge
assessment where return is not anticipated, when a patient dies, or if another facility reports an
admission assessment for the patient. If a stay does not have a discharge assessment, death, or is
interrupted by another admission, then we set the end date of the stay to be 150 days after the last

observed assessment.
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Figure C.10: Actual and Predicted Survival Rates by Weeks Since Last Inspection

(a) Actual Survival, All Patients (b) Predicted Survival, All Patients
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Notes: This figure plots the coefficients from estimating equation (2) on actual and predicted
survival rates. Panel (a) recreates the plot from Figure A.1 and depicts the 4-week survival rate for
all patients in the facility, scaled to percent terms. Panel (b) plots the 90-day predicted survival
rate from admission for all patients in the facility, panel (c¢) plots the predicted survival rate for all
admissions in a facility week, and panel (d) plots the predicted survival rate for all discharges. All
estimates are normalized in percent terms relative to the average of the outcome for all patients in
the omitted week.
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Figure C.11: Survival Rate and Additional Health Outcomes by Weeks Since Last Inspection,
without Predicted Survival Controls

(a) 4-Week Survival Rate (b) (Negative) Activities of Daily Living Score
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Notes: This figure plots the estimates from equation (2), excluding the control for predicted patient
survival.
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Figure C.12: Daily Event Studies, by Inspection Start and End Dates

(a) Staffing Hours per Resident-Day, relative to Inspection Start Date
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(b) Staffing Hours per Resident-Day, relative to Inspection End Date
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Notes: This figure plots the estimates from a daily analogue to the event study specification in
equation (14), centered around the inspection start date (panel a) and inspection end date (panel b).
Survey start and end dates are acquired from a Freedom of Information Act request for inspections

between 2015 and 2023.
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Figure C.13: Distance IV Mortality Coefficients, Unscaled
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Notes: This figure plots the coefficients from the instrumented distance specification in equation (7)
where the outcome variable is 4-week patient mortality. The regression is estimated on weeks 0-59
from admission and the plot shows the estimates on the first 13 weeks (equivalent to approximately
the first 90 days) of the stay.
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