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Abstract

Health insurers use predictive algorithms to determine the necessary level of care
and deny services they deem unnecessary. Using a difference-in-differences design,
I study the partnership of a large Medicare Advantage insurer with a firm that
uses a predictive algorithm to aid post-acute care coverage decisions. This partner-
ship led to an immediate and sustained 13 percent decline in the length of skilled
nursing facility stays. This effect was partially driven by large declines in longer
skilled nursing facility stays (over 30 days). Despite reductions in health care use,
I don’t observe changes in health outcomes following the adoption of the predictive
algorithm.

*Johns Hopkins University. Email: jmarr5@jhu.edu. I am grateful to Dan Polsky, Joe Levy, Mark
Meiselbach, and Karen Shen for their guidance and support. I thank Yaa Akosa Antwi, Melinda Buntin,
Michael Darden, Matt Eisenberg, Kathryn Linehan, Angela Liu, Kali Thomas, Ben Thornburg, Nick
Tilipman, Yang Wang, Angela Wyse, Frank Xu, and Matt Zahn for their helpful comments. I received
funding from the Lipitz Center at Johns Hopkins University and from the National Institute on Aging,
National Institutes of Health (T32AG066576).



1 Introduction

Some health care is expensive but does little to improve health. Eliminating this low-
value health care spending while preserving care that improves health outcomes is a key
goal of health policy. Prior authorization, where an insurer reviews and approves care
before it happens, is intended to target reductions in health care use towards unnecessary
care (Brot-Goldberg et al., 2023; Dillender, 2018; Eliason et al., 2021). In practice, doing
so is difficult. Medical decision-making is complex and requires time and expertise to
distinguish between necessary and unnecessary care. When conducted manually, prior
authorization is costly to insurers, difficult to do in the timely manner needed for clinical
decision-making, and susceptible to human error (McKinsey & Company, 2021).

Insurers increasingly use algorithms to predict patients’ needed level of care and deny
coverage beyond what they determine is necessary (Ross and Herman, 2023a). Algorithms
may improve prior authorization by quickly processing large amounts of relevant infor-
mation and making recommendations based on historical data. This may allow insurers
to precisely target reductions in health care use. However, relying on an algorithm may
miss important details that are not observable to the model, leading to denials of needed
care. As a result, policymakers, the press, and the courts have scrutinized insurers’ use
of algorithms (Centers for Medicare and Medicaid Services, 2023; Chu and Nadler, 2023;
Ross and Herman, 2023a).

Predictive algorithms increasingly guide decision-making in a wide array of settings—mnot
only in health care but also in criminal justice and child protective services (Ludwig et al.,
2024). For example, in the criminal justice setting, judges use predictive algorithms dur-
ing sentencing or pre-trial detention hearings to assess the risk of re-offending (Albright,
2014; Sloan et al., 2023; Stevenson, 2018). In that setting, the goal of algorithmic decision-
making is to target pre-trial detention or longer sentences to a subset of defendants with
a high risk of reoffending. In some ways, it is analogous to the goal of algorithms used
by health insurers: to reduce unnecessary health care use while continuing to cover a
targeted subset of patients who need more intense care. However, in the criminal justice
setting—and in many other settings where predictive algorithms are used—the algorithm
is designed to support a single human decision-maker. The situation is more complicated
when algorithms are used in prior authorization by health insurers. In the health care
setting, algorithms are used to support the decision-making of one agent—the insurer—in
monitoring another agent—the provider. Both agents influence the final decision of how
much care to provide but have very different objectives. While the insurer may be trying

to reduce unnecessary care, the provider may be trying to induce demand.



I study a large health insurer’s adoption of a predictive algorithm in its prior autho-
rization process. I examine how health care use changes after the adoption of algorithmic
decision-making. I also examine whether health outcomes changed to determine whether
the reductions in health care use are sufficiently well-targeted to minimize adverse conse-
quences for patients. I study these questions in the post-acute care setting, where patients
receive rehabilitation services after a hospitalization. Post-acute care can be delivered at
a skilled nursing facility (SNF), at an inpatient rehabilitation facility (IRF), or through
a home health agency. There is substantial ‘waste’ in the US post-acute care system,
where expensive care is provided that does not improve patient outcomes (Chandra et al.,
2013; Doyle et al., 2017; McGarry et al., 2021; Regenbogen et al., 2019). One reason for
this may be the incentives that post-acute care providers face. For example, Medicare
pays SNFs on a per diem basis at rates that are well above their marginal costs (Medi-
care Payment Advisory Commission, 2024). This creates an incentive to induce demand
by unnecessarily extending stays. As a result, reducing unnecessary post-acute care has
been a broad focus throughout the health care system (Barnett et al., 2019; Biniek et al.,
2019; Huckfeldt et al., 2017; McWilliams et al., 2017). One strategy to reduce post-acute
care use has been the widespread adoption of prior authorization by Medicare Advantage
(MA) plans (Kaiser Family Foundation, 2024b). Insurers that use prior authorization of-
ten contract with an outside firm—including NaviHealth, CareCentrix, and myNexus—to
directly manage patients’ post-acute care and share in any savings. These firms all use
predictive algorithms to aid their decision-making (Chu and Nadler, 2023).

I leverage the partnership of one of these companies, NaviHealth, with a large MA
insurer to evaluate the causal effect of algorithmic decision-making on post-acute care use
and health outcomes. This publicly announced partnership with Blue Cross Blue Shield
of Michigan (BCBS MI) began on June 1, 2019. Using a difference-in-differences design
and administrative data, I compare health care use and outcomes for BCBS MI enrollees
before and after this change, using traditional Medicare (TM) beneficiaries in Michigan
as my control group.

I find that the NaviHealth partnership led to an immediate and sustained decline
in SNF length of stay. The average length of stay declined by 2.3 days, a 13% decline
relative to the pre-period mean of 18.4 days. This overall effect was driven, in part,
by large declines in longer SNF stays. For example, SNF stays over 30 days, which
comprised 12.8% of stays in the pre-period, declined by 7.1 percentage points, a decline
of 56%. Declines in length of stay were larger for patients admitted to for-profit SNF's
compared to non-profit SNF's, suggesting that the NaviHealth algorithm may successfully



identify and reduce induced demand by SNFs. Despite concerns about algorithmic bias
or discrimination by decision-makers who exercise discretion in how to use the algorithm
(Albright, 2014; Davenport, 2023; Obermeyer et al., 2019), I find that the effect of the
NaviHealth partnership on SNF length of stay was similar across a number of patient
subgroups, including for white and black patients. In contrast to these substantial effects
on the intensive margin of post-acute care use, I find no change in the extensive margin
of post-acute care (where patients are discharged). For example, I find no effect on the
probability of discharge to a SNF. This suggests that the NaviHealth algorithm is most
effective at reducing health care use once patients are admitted to a SNF. The lack of
observed effects on the extensive margin may be related to what BCBS MI was doing to
limit post-acute care use before the adoption of algorithmic decision-making, including
their previous prior authorization system. Despite reductions in SNF' length of stay, I
do not observe any change in patient outcomes, as measured by 90-day readmissions and
mortality. This suggests that the care that was denied was not sufficiently high-value to
affect these important—but difficult to influence—outcomes.

These results significantly contribute to the literature in two ways. First, my work adds
to the literature on the use of managed care techniques to reduce health care use (Afendulis
et al., 2017; Agafiev Macambira et al., 2022; Baker et al., 2020; Currie and Fahr, 2005;
Curto et al., 2019; Duggan et al., 2018; Jung et al., 2024; Kuziemko et al., 2018; Layton
et al., 2022). Recent work has focused on the effects of prior authorization, demonstrating
that it can reduce health care use and target these reductions at unnecessary care (Brot-
Goldberg et al., 2023; Dillender, 2018; Eliason et al., 2021). My work builds on this line of
research by investigating how insurers use technology in prior authorization, showing that
this matters for how much health care use is screened out—and the value of the health
care that is screened out. Second, my research contributes to the growing literature on the
use of algorithms to aid human decision-making by evaluating a high-stakes, real-world
application (Abaluck and Gruber., 2016; Agarwal et al., 2023; Albright, 2014; Angelova
et al., 2023; Bundorf et al., 2024; Grimon and Mills, 2022; Gruber et al., 2020; Kleinberg
et al., 2018; Sloan et al., 2023; Stevenson and Doleac, 2022). Within this literature, my
work is unique in investigating the role of algorithmic decision-making when one agent
uses it to monitor another agent with a different objective. My research demonstrates

that using an algorithm in this way can reduce the use of relatively low-value care.



2 Background and Related Literature

2.1 Medicare Advantage, Post-Acute Care, and Prior Authorization

A majority of Medicare beneficiaries are enrolled in MA. Medicare pays MA plans a risk-
adjusted capitated payment and, in turn, MA plans are expected to cover their patients’
qualifying medical expenses (Kaiser Family Foundation, 2024a). MA plans therefore have
an incentive to provide care efficiently. A wide literature showing that MA plans reduce
health care use relative to TM (Afendulis et al., 2017; Curto et al., 2019; Duggan et al.,
2018; Jung et al., 2024). That research echoes work in the context of Medicaid, where
there have been similar efforts for private managed care organizations to cover enrollees
(Agafiev Macambira et al., 2022).

MA plans have focused on reducing post-acute care use (Achola et al., 2024; Huckfeldt
et al., 2017, 2024; Prusynski et al., 2024; Skopec et al., 2020). Huckfeldt et al. (2017)
and Skopec et al. (2020) compare post-acute care use among TM and MA beneficiaries
discharged with heart failure, joint replacement, and stroke. They do not find any sub-
stantial differences in the probability of SNF use after a hospitalization in MA compared
to TM but do find that, conditional on SNF use, the number of SNF days was substan-
tially lower. They also show substantially lower probabilities of inpatient rehabilitation
facility (IRF) and home health use in MA than in TM.! Both of these studies examined
health care outcomes, finding that readmissions were lower in MA with no differences in
mortality, suggesting that MA’s reduction of post-acute care use does not harm beneficia-
ries. However, more recent research has highlighted that, while there are no differences in
outcomes in administrative data, patients in MA report worse functional status related
outcomes (Achola et al., 2024). While these studies provide a crucial understanding of
how post-acute care use differs in MA, they are limited by favorable selection into MA.
Recent quasi-experimental work has used exogenous changes in Medicare enrollment for
retired Ohio state workers to provide causal evidence that MA decreases total institutional
post-acute care days and IRF stays without changing readmissions or mortality (Huck-
feldt et al., 2024). Overall, there is reason to conclude that MA substantially reduces
post-acute care.

Yet a key question remains: how does MA reduce post-acute care use? There are sev-

eral possibilities. First, MA plans may use different cost-sharing arrangements than TM.

IThese results do not necessarily imply that MA does nothing to the extensive margin of SNF use. High
acuity patients that would use an IRF in TM may be diverted to a SNF in MA while low acuity patients
who would have used a SNF in TM may be diverted home. The lack of an effect of MA on the extensive
margin may be the result of these two effects in opposite directions.



For example, first-dollar cost sharing used by some MA plans has been shown to substan-
tially reduce SNF use (Keohane et al., 2017). Second, MA plans use restrictive networks.
As a result, MA patients choose systematically different post-acute care providers than
TM patients who live in the same area (Meyers et al., 2018; Schwartz et al., 2019). On
the extensive margin, restrictive networks can impose hassle costs that reduce the prob-
ability that people will use services (Atwood and Lo Sasso, 2016; Gruber and McKnight,
2016; Wallace, 2023). On the intensive margin, networks may steer patients to efficient
providers or providers where the plan can exert greater control over the care process
(Rahman et al., 2018). There is limited research on the role of networks in affecting the
intensity of post-acute care use. However, some have suggested anecdotally that limited
networks, for example for IRFs, may reduce health care use in this setting (Huckfeldt
et al., 2024). Finally, plans can use prior authorization to limit care. Prior authorization
requires providers to seek approval from insurers before they perform a service—e.g., ad-
mit a patient to an IRF, keep a patient at a SNF for an additional day. In 2023, 99% of
MA beneficiaries were subject to prior authorization for SNFs (Kaiser Family Foundation,
2024b). Of the potential mechanisms, prior authorization is the most direct way an in-
surer can affect spending by choosing which services they deem necessary or unnecessary.
Yet, to my knowledge, there is no evidence on the effects of this practice in post-acute
care.

The effect of prior authorization has been the subject of substantial recent research in
other health care settings. For example, in the context of Medicare Part D, Brot-Goldberg
et al. (2023) show that prior authorization for prescription drugs substantially reduces use
with no (observed) mortality increase. Similarly, Agafiev Macambira et al. (2022) show
that prior authorization for prescription drugs and substitution to cheaper alternatives
reduces overall spending in Medicaid managed care. In another context, Eliason et al.
(2021) show that prior authorization for non-emergent ambulances in TM reduced use
without harming patients. My research builds on this work by investigating how insurers

use technology to conduct prior authorization.

2.2 NaviHealth and Algorithmic Decision-Making

The media, the courts, and policymakers have scrutinized NaviHealth’s algorithmic decision-
making (Chu and Nadler, 2023; Ross and Herman, 2023b,c; Jayapal, 2023). In part, this
likely reflects their widespread reach. NaviHealth works with many of the largest MA
carriers, including UnitedHealthcare, Humana, Cigna, and several Blue Cross Blue Shield
carriers (Ross and Herman, 2023b,c; NaviHealth, 2019). In 2020, it was acquired by Op-



tum, the owner of the largest MA carrier (UnitedHealthcare), in a deal valued at $2.5
billion (Ross and Herman, 2023a). NaviHealth is one of several similar firms, like Care-
Centrix and myNexus, that use an algorithm to make post-acute care decisions (Chu and
Nadler, 2023). NaviHealth directly manages the post-acute care process for insures and
shares in the savings (Ross and Herman, 2023a).

NaviHealth uses a proprietary prediction algorithm, called nH Predict, to guide its
decision-making. While its model is proprietary, there is a considerable amount of public
information on how NaviHealth intervenes at each step of the post-acute care process.

NaviHealth’s promotional materials detail this process (Figure 1).

Figure 1. NaviHealth Post-Acute Care Process
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Source: Adapted from the publicly available NaviHealth presentation to providers that work with
Blue Cross Blue Shield of Michigan (NaviHealth, 2019).

The process begins when a patient is admitted to an acute care hospital. At this
stage, the hospital is required to submit information to NaviHealth, including a history,
clinical notes, cognitive and functional assessment, and information on the patient’s living
situation, among other factors. This information is preferably submitted through Navi-
Health’s portal but can also be faxed. The patient’s information is fed into the nH Predict
algorithm, which guides the initial authorization. This authorization is to approve the
post-acute care setting after discharge—e.g., SNF, home health, or home without for-
mal post-acute care. At this stage, there is an opportunity for a peer-to-peer discussion

between the hospital clinician and a physician at NaviHealth (NaviHealth, 2019).



Patients are then discharged to the chosen post-acute care setting. NaviHealth pri-
marily discusses the SNF setting, a focus I adopt in my work. At hospital discharge,
NaviHealth tries to influence which SNF a patient chooses, recognizing that there are
substantial differences in practice patterns and quality across SNFs. Once admitted to
a SNF, NaviHealth initially provides the SNF with a 3-day authorization. At this time,
the SNF is required to submit further information to NaviHealth, including the assess-
ment that SNFs complete for all patients at the time of admission, as well as information
on medications and any evaluations by a physical or occupational therapist. NaviHealth
then produces predictions of several factors: the expected length of stay at the SNF, read-
mission risk, functional improvement, care burden after discharge, and therapy intensity.
This report is shared with the SNF and is the basis of decision-making. Some of this
information is also included in a separate report given to patients and their caregivers.
SNF's are required to continue to submit functional assessments at regular intervals, which
nH Predict uses to adjust its initial recommendations. At some point, NaviHealth deter-
mines that the patient is ready to be discharged. A physician at NaviHealth must review
and make the final determination (NaviHealth, 2019). In a pre-post designed case study,
NaviHealth claims to have substantially reduced the probability of SNF use (13%) and
the number of SNF days conditional on use (36%), while also reducing readmissions by
3% (NaviHealth, 2018). Another older Kaiser Permanente pre-post study from 2001 of
SeniorMetrix, the precursor to NaviHealth, found declines in SNF length of stay without
worsening functional outcomes (Martin et al., 2001).

A 2023 investigative reporting article detailed two anecdotes where patients had their
payments cut-off by NaviHealth after a set number of days at a SNF, even though con-
temporaneous clinical notes indicated that they continued to need SNF level care and
a federal judge later ruled that the denials were improper. There is concern that the
algorithm’s recommendations may not account for key patient details that are observed
by nursing home clinicians (Ross and Herman, 2023a). Partially as a result, there has
been considerable focus on NaviHealth and its competitors by policymakers. In recent
rulemaking, the Centers for Medicare and Medicaid Services (CMS) re-emphasized that
MA plans are subject to the TM coverage determinations when making authorization de-
cisions, specifically discussing the need for ‘Artificial Intelligence’” and algorithms to follow
all existing CMS regulations (Centers for Medicare and Medicaid Services, 2023, 2024).
In response, members of Congress emphasize the need to actively monitor the use of al-
gorithms in authorization decisions, explicitly referencing NaviHealth and its competitors

(Chu and Nadler, 2023; Jayapal, 2023). In addition, both UnitedHealthcare and Humana,



the two largest MA insurers, are being sued in class-action matters for using NaviHealth’s
algorithm to reject post-acute care treatment. That lawmakers are focused on this policy
issue emphasizes the need to understand, empirically, the effects of algorithm-aided prior

authorization.

2.3 Algorithmic Decision-Making

Human decision-making is flawed in many high-stakes settings. Judges sentence low-risk
defendants to pre-trial detention, physicians fail to screen high-risk patients for a heart
attack, and consumers pick health insurance plans that are worse than others available to
them (Abaluck and Gruber., 2016; Mullainathan and Obermeyer, 2022; Kleinberg et al.,
2018). These errors in judgment involve prediction problems: for example, who is high-risk
and who is low-risk? As a result, there have been efforts to augment human decision-
making with algorithmically based predictions or recommendations. Early research on the
topic has highlighted the possibility that algorithms can, in theory, improve on human
performance (Kleinberg et al., 2018; Mullainathan and Obermeyer, 2022).

More recent work has directly evaluated the use of algorithms in decision-making,
with mixed results (Albright, 2014; Grimon and Mills, 2022; Gruber et al., 2020; Sloan
et al., 2023; Stevenson, 2018; Stevenson and Doleac, 2022). For example, Sloan et al.
(2023) found that providing judges with risk assessment tools reduced pre-trial detention
without increasing violent crime. On the other hand, Stevenson (2018) found that a
similar intervention modestly increased pre-trial release but with a corresponding increase
in pre-trial crime. My work is methodologically similar to this line of research, which
examines how the exogenous introduction of an algorithm affects decision-making while
evaluating potential unintended consequences.

This literature raises two important issues about the use of algorithms in decision-
making. First, algorithms interact with the incentives that decision-makers face. For
example, when setting bail, judges are concerned that releasing a low-risk defendant
will cause them reputational harm if the defendant commits a crime. Albright (2014)
argues that providing judges with a recommendation reduces the reputational costs of
this type of error, so they become more willing to release low-risk defendants. It is
critical to understand not only how a given algorithm works but also how it fits into the
decision-making process and interacts with the agents that are involved. Second, there are
concerns that algorithms worsen (or perpetuate) racial disparities in outcomes (Albright,
2014; Davenport, 2023; Obermeyer et al., 2019). For example, Obermeyer et al. (2019)

show that a common risk prediction model in health care understates the health needs of



black patients relative to white patients; black patients with the same risk score tend to be
considerably sicker. If used for decision-making, this algorithm would steer resource use in
a biased way. In another example, Albright (2014) shows that judges override algorithmic
recommendations in ways that worsen racial disparities. However, in the child protective
services setting, Grimon and Mills (2022) show that the introduction of algorithms can
reduce racial disparities. Investigating differential effects of algorithms is therefore an

important part of understanding algorithms and how they are used in practice.

3 Conceptual Framework

The key question of this paper is to address why an algorithm might change the use of
health care services beyond what occurred when the insurer used a system of manual
prior authorization. In this section, I develop a stylized model of prior authorization to
illustrate the role of an algorithm in this process. An insurer’s decision to monitor a given
service using prior authorization depends on the insurer’s gains from monitoring and their
monitoring costs. Introducing an algorithm reduces monitoring costs, which induces the

insurer to begin monitoring some additional services.

3.1 Setup

I examine the decision of whether an insurer chooses to monitor a given service using prior
authorization. There is continuum of patient types, 6 € [0, 1], which measures patient risk
and is not observed by the insurer. The insurer’s objective function is U(q, 8), where ¢
is quantity of the service. This function includes the cost of the service, any downstream
costs related to the quantity provided (e.g. readmissions), any reputational costs from
their decision, and the requirement that they abide by Medicare regulations.

The insurer has two choices. First, it can accept the provider’s choice of quantity,
Gyrovider- 1t Will then realize its profit of U(

0 is revealed to the insurer. Second, it can exert costly effort, ¢, to observe 6 before the

Gyroviders ) after the service is provided and
service happens and impose the quantity that maximizes its objective function for each 6.
The insurer’s problem is to decide whether or not to exert costly effort to monitor—that

is to pick C' € {0, ¢} to maximize their profit function:

U(q;ravidem 9) it C=0

m(0,¢) = max U(q,0) —C if C=c
q

The insurer considers its potential gains from monitoring by considering how much



better off they would be, in expectation, if they impose their optimal quantity rather
than accepting the provider’s quantity. The quantity Ep[max U(q,0) — U(q}opiders 0)]
represents the insurer’s gains from monitoring. The insurer cﬁooses to monitor the service
if their gains from monitoring are greater than the cost of obtaining the value —i.e., where
Eylmax U(q,0) — U(Gyroviger» ©)] > ¢ The size of the gains from monitoring depends on
the d(ifference between the insurer’s and the provider’s optimal quantities, which depends

on the underlying objective functions of both the insurer and the provider.

3.2 Introduction of an Algorithm

Introducing an algorithm reduces the insurer’s cost of obtaining the value of 8. T denote the
algorithm monitoring costs as ¢, and the manual monitoring costs as c¢,,, where ¢, > c,.

There are three possibilities for each service:

Case 1 (inframarginal service): Ey[max U(q,0) — U(q,ppigers 0)] > ¢m > ca
q
Case 2 (marginal service): ¢, > Ey[max U(q,0) — U(q),oviger 0)] > Ca
q

Case 3 (inframarginal service): ¢, > ¢, > Eglmax U(q,0) — U(qyopider> 0]
q

When the insurer’s gains from monitoring are large (case 1), the insurer will monitor
the service both before and after the introduction the algorithm. When the insurer’s gain
from monitoring are small (case 3), the insurer will not monitor the service either before or
after the introduction of the algorithm. Only in case 2, where the gains from monitoring
are modest, will the insurer begin to monitor the service with the introduction of the
algorithm. If the optimal insurer quantity is less than the optimal provider quantity in
expectation, the average quantity will decrease for marginal services.

The welfare effects of introducing the algorithm are ambiguous. These depend on why
the insurer and provider have different optimal quantities. If the provider is inducing
demand (or otherwise providing care where marginal cost exceeds marginal benefit), the
algorithm may increase welfare by reducing low-value care. If insurers place sufficient
weight on their own costs relative to patient benefit, this may decrease welfare by harming
patients. In practice, the insurer also may observe patient type with error, which could

also lead to unintended harm to patients.

3.3 Implications for Post-Acute Care

In the post-acute care setting, each decision that a provider makes—discharge to an IRF
or SNF, day 2 in the SNF, day 18 in the SNF etc.—are all distinct services that the insurer

10



can choose to monitor with prior authorization. I hypothesize that there are some services,
like IRF discharge, where the gains from monitoring are high, because these stays may
cost thousands of dollars more to the insurer than their alternatives. The insurer would
be likely to exert costly effort to monitor this margin under a manual prior authorization
regime, so this decision may be unaffected by the introduction of the algorithm. However,
the decision of whether to stay an extra day in the SNF at day 18 may have more modest
gains from monitoring because an additional day in the SNF only costs the insurer a
few hundred dollars. I hypothesize that this margin is therefore much more likely to be

affected by the introduction of the algorithm.

4 Data and Empirical Strategy

The main methodological challenge in evaluating the effects of NaviHealth—and algorithm-
aided prior authorization more broadly—is that the dates of its adoption by insurers are
rarely publicly reported. For example, court records show that NaviHealth partners with
UnitedHealthcare and Humana, the two largest MA carriers, but the dates that these
partnerships began are not publicly known. I exploit one NaviHealth partnership that
was publicly announced—between NaviHealth and BCBS MI that went into effect on June
1, 2019. BCBS MI is Michigan’s largest MA insurer. Before June 1, 2019, it had a prior
authorization system for post-acute care but was not using NaviHealth’s algorithm. Us-
ing a difference-in-differences design and administrative data, I estimate the causal effect
of this partnership by comparing health care use and outcomes for BCBS MI enrollees

before and after the partnership to TM enrollees in Michigan over the same period.

4.1 Data and Sample

My primary data source is Medicare administrative data. I use the 2019 hospitalizations
from MedPAR, which contains the near universe of hospitalizations in both TM and MA.
I exclude stays that began within 90 days of the last hospital discharge and those that
began after hospice was initiated. I limit to patients who live in Michigan, were enrolled
in Part A and B during the month of hospital discharge and were enrolled in either TM
or a BCBS MI plan. I then exclude hospitalizations from hospitals that had 10 or fewer
Michigan-residing patients in either TM or BCBS MI throughout the year. Restricting by
geography and hospital ensures that the comparison group accurately reflects underlying
local trends in health care utilization and outcomes.

I link hospitalizations to SNF' stays that began on the day of or day after hospital dis-

11



charge using a combination of MedPAR and MA encounter data. I use publicly available
information on SNF's from Medicare and LTCFocus.org to obtain information on the SNF
that patients go to. Further details on the data and sample construction can be found in
Appendix A.

The sample includes 284,846 hospitalizations (211,155 in TM and 73,691 in BCBS MI)
at 161 hospitals (see Table 1), of which 44,484 are followed by a SNF admission. The TM
and BCBS MI samples differ along many observable characteristics. For example, BCBS
MI patients are slightly older than those in TM, on average. These differences in TM and
BCBS MI patient composition are not problematic for my research design, which does
not rely directly on any assumptions about the observable or unobservable similarities
between the treatment and comparison groups. In addition, two facts about BCBS MI
are somewhat unique. First, most BCBS MI patients are enrolled in a Preferred Provider
Organization (PPO). Nationally, a majority of MA beneficiaries are in Health Maintenance
Organizations (HMO), which tend to have narrower networks and have more restrictions
than PPO plans (Kaiser Family Foundation, 2024a). Second, the share of patients dually
eligible for Medicare and Medicaid is low (3.9%). Nationally, 19.1 percent of Medicare
beneficiaries were dually eligible in 2019 (Centers for Medicare and Medicaid Services,
2020).

12



Table 1. Sample Characteristics

Characteristic ™ BCBS MI
N 211,155 73,691
Number of Unique Patients 185,971 66,118
Number of Hospitals 161 161
Number of SNF Admissions 33,078 11,406
Age (Years), mean (SD) 73.16 (13.01) 76.68 (9.18)

Female
Dual Eligible
Enrolled in PPO
Race/Ethnicity
American Indian/Alaska Native
Asian/Pacific Islander
Black
Hispanic
Non-Hispanic White
Other
Unknown
Type of Hospitalization
Medical
Surgical
Condition
Septicemia
Joint Replacement
Heart Failure
Stroke
Other

118,173 (56.0%)
56,066 (26.6%)
0 (0.0%)

933 (0.4%)
2,145 (1.0%)
30,164 (14.3%)
3,835 (1.8%)
170,203 (80.6%)
1,210 (0.6%)
2,665 (1.3%)

144,570 (68.5%)
66,585 (31.5%)

15,609 (7.4%)
12,703 (6.0%)
0,644 (4.6%)
5,888 (2.8%)
167,311 (79.2%)

38,205 (51.8%)
2,899 (3.9%)
59,792 (81.1%)

96 (0.1%)
332 (0.5%)
9,207 (12.5%)
1,115 (1.5%)
61,785 (83.8%)
362 (0.5%)
794 (1.1%)

46,231 (62.7%)
27,460 (37.3%)

4,994 (6.8%)
6,277 (8.5%)
3,434 (4.7%)
2,348 (3.2%)
56,638 (76.9%)

Notes: Observations are acute care hospitalizations for Medicare patients living in Michigan (see
appendix A for more details on sample construction). Percentages are in parentheses for categorical
variables and standard deviations are in parentheses for age. The number of SNF admissions should
not be interpreted as a percent of total hospitalizations because SNF admissions after December 2019
hospitalizations were excluded from analysis. Type of hospitalization and condition were determined
based on the diagnosis related group. All differences between TM and BCBS MI were statistically
significant at 0.1% level using chi-squared for categorical variables and a t-test for age. The absolute
value of the standardized mean difference was greater than 0.1 for age, dual eligibility, PPO, type
of hospitalization but not for any of the individual race/ethnicity, condition, or female variables.
Abbreviations: TM, traditional Medicare; BCBS MI, Blue Cross Blue Shield of Michigan; PPO,
preferred provider organization; SD, standard deviation.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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4.2 QOutcomes

[ follow patients through the post-acute care process as detailed by NaviHealth (see Fig-
ure 1). First, I examine the choice of post-acute care setting (i.e., SNF, IRF, home health,
hospice/death, home without formal post-acute care, other), as indicated on the hospi-
talization record. As shown in Figure 1, NaviHealth sees itself as working to intervene
on this margin by conducting an authorization of this decision and providing the hospi-
tal clinician with an opportunity for a peer-to-peer to discuss this (NaviHealth, 2019).
Examining this margin is important because it allows me to see whether NaviHealth en-
courages substitution across post-acute care settings, for example from SNFs to home
health. Second, among those admitted to a SNF, I examine the length of stay. One of
the key goals of NaviHealth is to reduce the variability in SNF length of stay caused by
different SNF practice patterns. As a result, much of their data collection and algorithm
targets this margin after the SNF admission (NaviHealth, 2019). Investigative reporting
has contained a number of anecdotes of patients’ length of stay being affected by the
NaviHealth cutting off payment after a pre-specified number of days. Finally, I examine
health outcomes, as measured by 90-day mortality and readmissions. The goal of post-
acute care is to improve functioning and prevent adverse outcomes. If high-value care is
screened out by NaviHealth, it is likely that these outcomes will worsen as a result. 1
examine these outcomes for the full set of hospitalizations and for the subset that were
admitted to a SNF, as this subset of patients may be particularly affected by NaviHealth
in a way that is not true of patients who would have been discharged home regardless.

Summary statistics for these outcomes can be found in Appendix Table B1.

4.3 Empirical Strategy

I use a difference-in-differences design to examine health care use and outcomes for BCBS
MI and TM enrollees before and after the NaviHealth partnership. I estimate the following

model using ordinary least squares regression:
Yiet = o + PB1 (PostJune; x BCBS,) + X; + 7 + BCBS, + €0 (1)

Where v, is an outcome observed for hospitalization ¢ for carrier ¢ at time ¢; PostJune; x
BCBS. is equal to 1 for BCBS MI patients discharged on or after June 1, 2019 and 0 other-
wise; Xj is a vector of covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related
group, intensive care unit use, diagnosis count, and 30 indicators for chronic conditions

calculated using the diagnoses on the hospitalization record); 7; are month fixed effects;
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BCBS. is an indicator for being in BCBS MI; and €, is an error term. (3; parameter of
interest, the average treatment effect on the treated (ATT). I cluster standard errors at
the insurer-county level.

My difference-in-differences design relies on the assumption that, in the absence of the
NaviHealth partnership, health care use and outcomes for BCBS MI and TM patients
would have had parallel trends after June 2019. While this assumption is ultimately
untestable, I display event-studies to examine pre-partnership trends and visualize effects

of the intervention. To do so, I estimate the following model:

6
Yie =+ Y _ B (BCBS, = 1 & Month, = j) + BCBS, + 7 + &t (2)

j=—5
-1

Where, in addition to the variables defined above, (BCBS, = 1 & Month; = j) are a series
of monthly event-time indicators equal to 1 for BCBS MI patients discharged in the given
month j (relative to June) and zero otherwise (Clarke and Tapia-Schythe, 2021). I use
May 2019 as the reference month. In addition, I examine the heterogeneity of effects on
health care use and outcomes and investigate changes to the distribution of SNF length of
stay. In Appendix Table B2, I show that patient characteristics generally do not change
differentially after the partnership.

4.4 Robustness

I consider three main robustness checks. First, I alternatively use Humana in Michi-
gan—rather than TM-—as the comparison group. Humana is another large MA carrier
in the state.? This analysis ensures that my results are not due to an MA-specific shock
that might have affected both Humana and BCBS MI patients but not TM patients. TM
is the comparison group in my preferred approach because of the quality of the data, the
high number of patients enrolled, and the fact that TM does not use algorithm-aided prior
authorization at any time during the study period—Humana’s practices during this pe-
riod are unknown. Nonetheless, using Humana is useful in ensuring the robustness of my
main approach. Second, I examine the publicly announced partnerships of two additional
considerably smaller MA carriers (MVP and Horizon) with NaviHealth to ensure that
the effects I observe for BCBS MI are not idiosyncratic. These analyses are discussed in

greater detail in Appendix C. Finally, because of the comparatively low share of patients

?Humana is the third largest MA insurer in the state behind BCBS MI and Priority Health. I use Humana
rather than Spectrum/Priority Health because Priority Health was an early adopter of NaviHealth
(NaviHealth, 2018).
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dually eligible for Medicaid in BCBS MI, I also consider an analysis where I exclude these

patients.

5 Results

5.1 Effect of NaviHealth on Utilization

I first evaluate the impact of BCBS-MI’s partnership with NaviHealth on patients’ hospital
discharge settings. NaviHealth conducts an initial authorization of this decision, and the
in-hospital clinician can have a peer-to-peer discussion with a NaviHealth clinician to
appeal, if need be. However, I find no effects of the NaviHealth partnership on discharge
setting (Figure 2). The estimates are relatively precise. For example, the null effect on
the probability of discharge to SNF was -0.217 percentage points (95% CI: -0.892,0.458).
Estimates for all main outcomes in this section can be found in Appendix Table B3.

There are also concerns that prior authorization can affect the timeliness of hospital
discharge, though the directions of the effect are theoretically ambiguous. Hospital length
of stay could be shortened if the algorithm-aided process is faster or lengthened if it takes
longer than the previous system. However, in Appendix Figure B1, I also find no effect
of the NaviHealth algorithm on hospital length of stay.

In Appendix Figure B2, I next examine whether the algorithm changes characteristics
of the SNF that a patient was discharged to. This is another margin NaviHealth claims to
operate on by steering patients to their preferred SNFs. I find no evidence of systematic
changes in patients’ distances to their SNF's or in the probability of patients’ choosing a
for-profit SNF. I do find that the NaviHealth partnership modestly reduced the quality
of the SNFs that patients were admitted to. It reduced the five-star rating of the chosen
SNF by 0.067 stars (95% CI: -0.107,-0.027). However, this is only a 1.6 percent decline
relative to the pre-period mean of 4.1 stars for BCBS MI patients. This change is very
modest and was only statistically significant during 3 of the 6 post-partnership months.

Overall, there is little evidence that decision-making in the hospital changed, with no
effects on which post-acute care setting was chosen and, conditional on going to a SNF,
which SNF was chosen. Yet, intervening on decisions made in the hospital is only one

way that NaviHealth can reduce health care use.
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Figure 2. Effect of NaviHealth Partnership on Discharge Setting

Skilled Nursing Facility (pp)

Inpatient Rehabilitation Facility (pp)

Notes: Each panel shows ordinary least squares event-study estimates of the effect of the Blue Cross Blue Shield of Michigan partnership with
NaviHealth in June 2019. Time is relative to June 2019. There is a vertical line at May 2019, which is used as the reference month (time = -1).
Difference-in-differences coefficients estimated adjusting for covariates(age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive
care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record) are shown
above each figure. The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients. The six outcomes are
mutually exclusive and exhaustive. They were obtained from the discharge destination code on the index hospitalization record. Standard errors
were clustered at the insurer-county level.
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Abbreviations: pp, percentage point; DiD, difference-in-differences; CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master

Beneficiary Summary File (MBSF).



In Figure 3, I show that the NaviHealth-BCBS MI partnership resulted in an imme-
diate and sustained reduction in the average SNF length of stay. The 2.320 day decline
in SNF length of stay (95% CI: -2.917,-1.722) was a 12.6 percent decline relative to the
pre-period BCBS MI mean of 18.4 days. The raw data is shown in Appendix Figure B3.

While this average change is substantial, I next examine how the partnership changed
the distribution of SNF length of stay. Figure 4 shows the distributions of length of stay
before and after the partnership for TM (Panel A) and BCBS MI patients (Panel B). The
TM distribution is essentially unchanged before and after June 1. However, the length
of stay distribution for BCBS MI compressed substantially after the partnership, as the
right side of distribution meaningfully shifted inwards.

I examine the change in the SNF length of stay distribution more concretely in Ap-
pendix Table B4, where I show the distribution of SNF length of stay by insurer before and
after the partnership. I also use a difference-in-differences quantile regression to examine
the effect at each percentile. There was no statistically significant effect at either the 10th
or 25th percentile of the length of stay distribution. There was a modest effect at the
median, which declined by 2 days. The 75th and 90th percentiles experienced even greater
declines, of 4 and 6 days, respectively. These results imply that NaviHealth compressed
the length of stay distribution, reduced variability in length of stay, and substantially
lowered the prevalence of the longest SNF stays. In Figure 5, I examine the effect of the
partnership on long SNF stays (defined as those over 30 days) using an event-study frame-
work to further assess how these types of stays were affected. I find that the partnership
led to a 7.137 percentage point decline (95% CI: -8.611,-5.663) in the probability of a SNF
stay over 30 days. This represented a 55.8 percent decline relative the pre-period BCBS
MI mean of 12.8 percent of SNF stays.
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Figure 3. Effect of NaviHealth Partnership on Skilled Nursing Facility
Length of Stay

DiD Estimate: -2.320 [95% CI: -2.917,-1.723], (p=0.000)
Baseline Mean: 18.4
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Notes: This figure shows ordinary least squares event-study estimates of the effect of the Blue Cross
Blue Shield of Michigan partnership with NaviHealth in June 2019. Time is relative to June 2019.
There is a vertical line at May 2019, which is used as the reference month (time = -1). The difference-
in-differences coefficient estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex,
diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic
conditions calculated using the diagnoses on the hospitalization record) is shown above the figure.
The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients.
Only patients admitted to a skilled nursing facility were included. Standard errors were clustered
at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; DiD, difference-in-differences; CI, confidence interval.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure 4. Effect of NaviHealth Partnership on the Distribution of Skilled
Nursing Facility Length of Stay

Panel A: TM
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Notes: Each panel shows the distribution of skilled nursing facility length of stays before and after
the June 1, 2019 partnership for traditional Medicare and Blue Cross Blue Shield of Michigan
patients.

Abbreviations: SNF, skilled nursing facility; TM, traditional Medicare; BCBS MI, Blue Cross Blue
Shield of Michigan.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure 5. Effect of NaviHealth Partnership on Longer Skilled Nursing
Facility Stays

DiD Estimate: -7.137 [95% CI: -8.610,-5.664], (p=0.000)
Baseline Mean: 12.8
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Notes: This figure shows ordinary least squares event-study estimates of the effect of the Blue Cross
Blue Shield of Michigan partnership with NaviHealth in June 2019. Time is relative to June 2019.
There is a vertical line at May 2019, which is used as the reference month (time = -1). The difference-
in-differences coefficient estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex,
diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic
conditions calculated using the diagnoses on the hospitalization record) is shown above the figure.
The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients.
Only patients admitted to a skilled nursing facility were included. Standard errors were clustered
at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; DiD, difference-in-differences; CI, confidence interval.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

5.1.1 Heterogeneity in the Effect of NaviHealth on Length of Stay

I next examine whether the causal effect of the NaviHealth partnership on SNF length
of stay varies by patient characteristics. A key concern for algorithmic decision-making
is that algorithms may differentially target patient subgroups. For example, there are
concerns that algorithms may worsen racial disparities. However, in this setting I find that

the estimates are strikingly similar across all of the patient subgroups I examine (Figure 6).
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For example, I find no evidence that this algorithm differentially affects white and black
patients. The effect was 2.301 days for white patients (95% CI: -3.051,-1.551), almost
identical to the effect of 2.343 days for black patients (95% CI: -3.195,-1.491). While there
is little heterogeneity across these demographic and clinical characteristics, there may be
greater heterogeneity based on other characteristics that are observed by NaviHealth but
not unobservable in encounter data (e.g., the functional status of patients after a week
in the SNF). A limitation of this paper is that I lack information on NaviHealth’s actual
predictions and the data that underlies those predictions.

Next, I examine whether effect on SNF length of stay varies by the ownership of the
SNF (Table 2). One factor motivating the use of an algorithm to reduce care is the
recognition that there is wide variation in practice patterns, some of which may be driven
by the incentive that SNFs have to induce demand by extending stays. In theory, we
would expect that for-profit SNFs are more likely to engage in this behavior than non-
profits (Bowblis et al., 2016). If so, the use of an algorithm which is intended to screen
out unnecessary care may have larger effects at for-profit SNFs. Consistent with this
hypothesis, I find that the effect is larger for patients treated at for-profit SNFs than it
is for patients treated at non-profit SNFs. For example, the effect on length of stay is
-2.728 days (95% CI: -3.557,-1.899) at for-profit SNFs but only -1.576 (95% CI: -2.535,-
0.616) at non-profit SNFs (p-value of difference =.055). The effect on the probability of
having a SNF stay over 30 days is -8.946 percentage points (95% CI: -10.89,-7.000) at
for-profit SNFs but only -3.713 percentage points (95% CI: -6.499,-0.926) at non-profit
SNFs (p-value of difference = .002 ). One likely driver of this is that there were the
baseline differences in length of stay at for-profits and non-profits. The baseline mean
length of stay was 19.0 days at for-profits (14.2 percent of stays over 30 days) while it
was 17.4 days at non-profits (9.6 percent of stays over 30 days). The baseline rates may
differ either because of differing practice patterns at non-profits and for-profits or because
differences in case-mix. Regardless of the cause, the difference in the baseline values and
the reduction in the variation in length of stay caused by NaviHealth resulted in larger
effects at for-profit SNFs.
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Figure 6. Heterogeneity in the Effect of NaviHealth Partnership on Skilled Nursing Facility Length of Stay,
by Patient Characteristics

Panel A: SNF Length of Stay
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Notes: Each panel shows a set of difference-in-differences estimates. Each value represents the effect estimate (and 95% confidence interval) for a
separately estimated ordinary least squares regression including only the given patient subgroup. Long SNF stays are those over 30-days. Only
patients admitted to a skilled nursing facility were included. Condition and medical/surgical indicators were based on the diagnosis related group
of the index hospitalization. Counts of chronic conditions are based on diagnoses on the index hospitalization record. Each regression is adjusted
for covariates. Standard errors were clustered at the insurer-county level.
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Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master
Beneficiary Summary File (MBSF).



Table 2. Heterogeneity in the Effect of NaviHealth Partnership on Skilled
Nursing Facility Length of Stay, by Skilled Nursing Facility Ownership

For-Profit Non-Profit P-Value of Difference
Panel A: Skilled Nursing Facility Length of Stay

Effect -2.728%** -1.576%* .055
[-3.557,-1.899] [-2.535,-0.616]

Baseline Mean 19.0 174

Panel B: Skilled Nursing Facility Stay >30 Days

Effect -8.946%** -3.713%* .002
[-10.89,-7.000] [-6.499,-0.926]

Baseline Mean 14.2 9.6

N 29,093 11,391

Notes: Entries are difference-in-differences estimates and 95% confidence intervals from ordinary
least squares regressions with covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related
group, intensive care unit use, diagnosis count, and 30 indicators for chronic conditions calculated
using the diagnoses on the hospitalization record). Regressions are estimated separately for each
outcome on the subset of patients admitted to for-profit or non-profit skilled nursing facilities.
Estimates for patients admitted to government owned skilled nursing facilities are not shown. The p-
value is obtained by fully interacting each parameter in the difference-in-differences model, including
all the covariates and fixed effects with an indicator for being treated at a for-profit facility. Only
patients treated at for-profit and non-profit skilled nursing facilities were included. The relevant
p-value was obtained from the coefficient on the interaction of for-profit with the difference-in-
differences indicator (treatment times post). The baseline mean is the pre-June 2019 mean value for
Blue Cross Blue Shield of Michigan patients. Standard errors were clustered at the insurer-county
level.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, the Medicare Master Beneficiary Summary File (MBSF), and publicly-
available skilled nursing facility data.

*p < 0.05,"*p < 0.01,"** p < 0.001

5.1.2 Robustness of the Effect of NaviHealth on Length of Stay

In Appendix Table B5, I demonstrate the robustness of the decline in the SNF length of
stay and the probability of having a long SNF stay to alternative methods of obtaining
CI and p-values. In addition to the point estimates and the CI obtained by clustering
standard errors at the insurer-county, I show the CI and p-values for several other meth-
ods. I show CI obtained using robust SEs without clustering, analytic CI based on SEs
clustered at the insurer level, and wild bootstrapped CI obtained using the method sug-
gested by (MacKinnon and Webb, 2018). The un-clustered robust CI are very similar to
my preferred method. The analytic CI clustered at the county are substantially narrower
because cluster robust SEs are biased downwards when the number of clusters is small
(Cameron et al., 2008). It is for this reason that I cluster at the insurer-county level,

following the guidance to always use the more conservative approach when there is un-
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certainty in the level to cluster at. In addition, clustering at the insurer-county considers
the potential correlation of the error term within a geographic area over time. Because
of the bias in analytic standard errors clustered by insurers, I also use the MacKinnon
and Webb (2018) wild bootstrap method for very small number of clusters (there are only
two when I cluster by insurer) (Roodman et al., 2019). This method under-rejects the
null hypothesis in difference-in-differences designs, particularly when the treated cluster
is smaller than the untreated cluster, as in my setting (MacKinnon and Webb, 2018). It
should be used only as a conservative approach to obtaining CI but nonetheless is useful to
compare to my preferred approach of clustering at the insurer-county. Despite differences
in precision across methods, the results are robust across these alternate approaches.

In Appendix Figure B4, I show the estimated effect on length of stay across different
specifications. I show models with and without covariates and with and without hospital
fixed effects. I show models excluding October and November, where there was a modest
decline in the completeness of the encounter data (see Appendix A for further discussion).
I show models where I remove the exclusions that patients must live in Michigan and go
to a hospital that sees at least 11 BCBS MI and TM patients. I also show a model where I
use Poisson regression rather than OLS and show average marginal effects. The estimates
are almost identical across all of these different specifications, emphasizing the robustness
of this finding to alternate analytic choices.

In Appendix Table B7, I conduct placebo tests using other major MA insurers in
Michigan as the falsification treatment group. None of these estimates are statistically

significant. The absolute value of all estimates is smaller than that of the true estimated
effect for BCBS MI.

5.2 Effect of NaviHealth on Health Outcomes

I next examine whether the NaviHealth partnership affected health outcomes. This is
important given that the major concern with algorithmic decision-making in this setting is
that it screens out high-value care that would have improved health had it been provided.
Because I find that the utilization reductions driven by NaviHealth occur at the SNF
(rather than at the hospital discharge phase), I examine outcomes for both the full set of
hospitalizations and the subset of patients who are subsequently admitted to SNF's. I find
no effect of the NaviHealth partnership on 90-day mortality or readmissions, either for
the full sample of hospitalizations or for patients admitted to a SNF (Figure 7). The full
sample estimates are relatively precise. For example, the 95% CI for 90-day readmissions

ranges from -0.769 to 0.443, relative to a mean of 23.5. However, because the set of
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SNF-admitted patients is smaller, the estimates for this subset are less precise, with the
95% CI for 90-day readmissions ranging from -1.612 to 2.120. There is also no effect on
mortality or readmissions when measured at 30 and 180 days (Appendix Table B8).

Even among patients admitted to a SNF, the algorithm-driven cuts are not likely to
be binding for all patients. For example, as I show above, a patient who would have
had a 11-day stay is unlikely to be affected. On the other hand, a patient who would
have had a 33-day stay is likely to experience a major cut in their health care use (see
Appendix Table B4). Unfortunately, I do not observe the counterfactual length of stay for
each patient. Instead, I use the TM sample of SNF admissions and baseline covariates to
predict the probability of having a stay over 30 days (age, dual eligibility, race/ethnicity,
sex, diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators
for chronic conditions calculated using the diagnoses on the hospitalization record, as well
as the hospital length of stay). These variables explain 6.3 percent of the variation in the
probability of a longer SNF stay in the TM sample. Using this predicted probability for all
SNF users, I partition the sample into quartiles and estimate the effect of the partnership
at each quartile. Critically, the point estimate on SNF length of stay is strictly increasing
across quartiles. The point estimate of the effect of the partnership on NaviHealth is larger
by over a day in the highest quartile of predicted longer stay probability -2.766 compared
to -1.691 (Appendix Table B6). This is a useful “first stage” for this analysis: my method
is able to divide patients into groups who are more or less affected by the utilization
reductions. Having divided the sample in this way, I can further examine whether there
are any adverse effects for any of these groups. I find no effects on readmissions for any
of these groups (Figure 8). Even for those most likely to be exposed to the SNF length
of stay reductions caused by the NaviHealth partnership, there was no effect on health
outcomes.

While mortality and readmissions are important health outcomes, there are other
outcomes that may be affected by the partnership and the corresponding reduction in SNF
length of stay, like patient satisfaction with their health plan. However, this information
is not observable in the claims and encounter data. As a proxy for patient satisfaction,
I therefore examine whether the partnership led SNF users to leave their plan at greater
rates. In Appendix Figure B5 I show that, compared to Humana patients, BCBS MI SNF
users do not exit to either TM or another MA carrier at higher rates after the NaviHealth
partnership. However, the baseline Humana disenrollment rate to TM or another MA
carrier is more than triple the BCBS MI rate (14.7 vs. 4.0). This limits the usefulness

of Humana as a comparison group for this measure because there may be many carrier-
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specific factors that affect the level and trend of disenrollment. In Appendix Figure B6,
I show that 2019 BCBS MI disenrollment rates track very closely with what they were
in 2018, providing further evidence that the partnership did not lead to increases in

disenrollment.

5.3 Robustness Checks

I consider three robustness checks. First, I use Humana patients in Michigan as the
comparison group, where they are a large insurer with high quality SNF encounter data.
Appendix Figure B7 shows an event-study of the effect on SNF length of stay and Ap-
pendix Table B9 shows difference-in-differences estimates for all outcomes. The results
are robust to this alternative comparison group. Second, I consider two additional part-
nerships between NaviHealth and MA insurers. These results are discussed at length in
Appendix C. They emphasize that NaviHealth’s effects on SNF length of stay and lack
of meaningful effects on other outcomes are not specific to the BCBS MI partnership but
have broader generalizability. Finally, I also exclude dual eligible beneficiaries because of
the low share of dual eligible beneficiaries in BCBS MI. In Appendix Table B10, I show

that the results are similar when excluding dual eligible beneficiaries.
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Figure 7. Effect of NaviHealth Partnership on Health Outcomes

Panel A: Readmissions (full sample) Panel B: Mortality (full sample)

— DiD Estimate: -0.163 [95% Cl: -0.769,0.443], (p=0.596) DiD Estimate: 0.092 [95% Cl: -0.288,0.472], (p=0.635)
% Baseline Mean: 23.5 - Baseline Mean: 8.6
—o | Qo
n o
5 =
P £
£ } 1 to E ¢ P I } by } 3 ¢ -
PR S S 2 I S A T S Z 1 ¥
g 1 1 I - 1 1 1 1 I 1 200 4
% o

1 50 |
Dv ! T T T 8 I T I T
f -5 0 5 -5 0 5

Time Time
Panel C: Readmissions (among SNF users) Panel D: Mortality (among SNF users)

— DiD Estimate: 0.254 [95% Cl: -1.612,2.120], (p=0.788) DiD Estimate: 0.619 [95% Cl: -0.666,1.905], (p=0.343)
% Baseline Mean: 32.0 . Baseline Mean: 12.6
—O | Q
0 QO
P =
RS >
4] [+ 1 1]
£ I I £, | I |
Bor—— | | I = 1 1] [ T ° I
o >~r4|'\ 4
= |l 1 LT[ 8

n 50 |
g ! T T T g ' T T T
& -5 0 5 -5 0 5

Time Time

Notes: Each panel shows ordinary least squares event-study estimates of the effect of the Blue Cross Blue Shield of Michigan partnership with
NaviHealth in June 2019. Time is relative to June 2019. There is a vertical line at May 2019, which is used as the reference month (time = -1).
Difference-in-differences coeflicients estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive
care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record) are shown
above each figure. The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients. Outcomes were measured
at 90 days from hospital discharge. Standard errors were clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility pp, percentage point; DiD, difference-in-differences; CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master
Beneficiary Summary File (MBSF).
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Figure 8. Heterogeneity in the Effect of NaviHealth Partnership on Health Outcomes, by the Probability of
Having a Longer Skilled Nursing Facility Length of Stay

Panel A: Readmissions Panel B: Mortality
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Notes: Each panel shows four difference-in-differences estimates. Patients who were admitted to a skilled nursing facility were stratified by their
predicted probability of having a skilled nursing facility stay over 30 days. This predicted probability was obtained by regressing an indicator for
having a stay over 30 days on covariates (age, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count, 30 indicators for
chronic conditions calculated using the diagnoses on the hospitalization record, and hospital length of stay) for the sample of traditional Medicare
skilled nursing facility users and applying the predicted probability from this model to the entire sample of patients admitted to a skilled nursing
facility. Patients were then divided into quartiles based on this predicted probability. Values are difference-in-differences estimates of the effect on
90-day readmissions and mortality estimated separately (adjusting for age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive
care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record) for each
quartile. Standard errors were clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; pp, percentage point.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master
Beneficiary Summary File (MBSF).



6 Discussion

Firms increasingly use predictive algorithms to aid high-stakes decision-making. Using a
difference-in-differences design and administrative data, I investigate the causal effect of
a partnership between a large MA insurer and a firm that uses a predictive algorithm to
aid its determination of what post-acute care is ‘necessary’. I find that this partnership
immediately reduced post-acute care use without observably worsening patient outcomes.

First, the partnership between NaviHealth and BCBS MI reduced SNF length of
stay. This 13% decline was substantial and immediate. This effect was due not only
to an economically meaningful average effect, but also to a substantial compression in
the length of stay distribution. For example, the percentage of SNF stays over 30 days
declined by 56%. Using a predictive algorithm reduced variation in SNF stay length
by substantially reducing longer stays. These declines in utilization are similar in size
across all of the patient subgroups that I examined, indicating that no patient groups
were differentially screened out by the algorithm. For example, I find similar effects on
SNF' length of stay for white and black patients, despite broader concerns about racial
bias in algorithms or racial discrimination in their use (Albright, 2014; Davenport, 2023;
Obermeyer et al., 2019). I find that the effects on length of stay were larger at for-profit
SNF's compared to non-profits. The decline in SNF stays over 30 days was more than
twice as large for patients at for-profit SNFs as it was for patients at non-profit SNF's,
reflecting the longer baseline stays at for-profit SNFs and the NaviHealth’s compression
length of stay distribution. In theory, we expect that for-profit firms would be more
willing to induce demand by unnecessarily extending stays, though empirical evidence
suggests that, on average, for-profit SNFs do not have (causally) longer stays (Bowblis
et al., 2016). Nonetheless, my finding that the effects on length of stay are larger at
for-profit SNFs is consistent with the idea that the use of a predictive algorithm may
screen out induced demand by SNFs. While SNF length of stay declined significantly,
this was the only margin where the partnership affected health care use. For example,
despite NaviHealth’s advertising claims that they affect the probability of SNF use, I do
not observe any effect. In fact, my confidence intervals rule out declines in SNF use larger
than 0.9 percentage points. The difference in the effects of SNF use on the extensive and
intensive margins is most likely related to BCBS MI’s behavior before partnering with
NaviHealth. Like almost all MA plans (Kaiser Family Foundation, 2024b), BCBS MI
used prior authorization before beginning to use NaviHealth’s algorithm-aided approach.
I expect that its prior authorization system monitored patients’ discharge to SNF's closely.

This one-time decision is likely not that costly to monitor while the benefits to the plan of
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avoiding an unnecessary SNF admission are substantial. On the other hand, monitoring
decisions by SNFs about whether to continue care may be more costly. This is because
these decisions are repeated continually and the benefit to plans of modestly reducing
stay lengths is not as large as the benefit of avoiding a SNF admission altogether. The
differences in the results for the probability of SNF use and the SNF length of stay
are consistent with the idea that the use of predictive algorithms reduces the cost of
monitoring providers and therefore, should have the greatest effect when pre-algorithm
monitoring costs are high and the benefits to the plan of reducing health care use are
modest.

Second, I find that the NaviHealth-BCBS MI partnership had no observable effect
on health outcomes, as measured by 90-day readmissions and mortality. There were no
effects in the entire sample of hospitalized patients, in the subset of patients who went to
a SNF, and in the subset of SNF-admitted patients with the highest predicted probability
of having a longer SNF stay. Two factors may explain why I find no evidence of adverse
effects on patients. On one hand, it may be that NaviHealth’s utilization reductions
are well-targeted. It is possible case that there were no adverse effects for the patients
whose care was reduced by NaviHealth but had other patients not targeted by NaviHealth
experienced similar sized utilization reductions there would have been effects on health
outcomes. On the other hand, it is possible that the utilization reductions that I observe
are insufficient to change patients’ outcomes, regardless of the degree of targeting. Past
work has shown very limited returns to additional days in a SNF (McGarry et al., 2021;
Werner et al., 2023). As a result, even broad-based reductions in SNF stay lengths may
not affect patient outcomes.

This study has three main limitations. First, I examine the effect of algorithmic
decision-making on health outcomes using readmissions and mortality but lack informa-
tion about more proximal health outcomes that are not contained in claims data. For
example, I lack information on recovery of functional status or caregiving burden, which
could both be plausibly affected by the intervention. Nonetheless, readmissions and mor-
tality are clinically meaningful outcomes commonly used in the literature to determine
whether changes in post-acute care use harm patients (McGarry et al., 2021; Werner
et al., 2023). Second, I use length of stay from the MedPAR and MA encounter data.
While I provide evidence that BCBS MI has relatively complete encounter data, it is still
possible that some SNF stays are missing from the data. Moreover, my measure of SNF
length of stay is restricted to the Medicare-paid length of stay. If there is substitution

to private-paid (or Medicaid-paid) nursing home use, I do not observe this. Finally, this
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study focuses on the partnership between NaviHealth and one large MA insurer. These
results may not generalize to all NaviHealth partnerships, particularly after Optum’s 2020
acquisition of NaviHealth, which may have changed NaviHealth’s practices (Ross and Her-
man, 2023a). However, in Appendix C, I provide evidence from two other NaviHealth
partnerships where I observe similar effects as what is observed for BCBS MI. It is unlikely
that the effects in this study are specific to BCBS MI.

7 Conclusion

Insurers use predictive algorithms to reduce the level and variability of health care use.
Despite concerns that the use of algorithms reduces necessary care, I find no evidence of
worsening health outcomes.

The lack of observable effects on health outcomes suggests that using an algorithm
to make post-acute care coverage decisions in MA has little effect on overall welfare.
In TM, a 13% reduction in SNF spending would save the federal government around
3.8 billion dollars a year (Medicare Payment Advisory Commission, 2024). However, in
MA there is no direct connection between health care utilization and Medicare spending.
MA plans are paid on a risk adjusted per-member per-month basis that is generally
unaffected by the expenditures that the MA plan has for its patients. The reduction in
SNF spending is therefore a pure transfer from the SNF to the health insurer (Marr and
Shen, 2024). The lack of change in health outcomes and the lack of a direct mechanism
for translating utilization reductions into savings for Medicare suggest that the broader

impacts of algorithm-aided prior authorization in MA are relatively limited.
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Appendix A: Details on Data Construction

1 Sample

1.1 Data on Hospitalizations

I use 100% MedPAR from 2015-2020. This long-time span of data is needed for the analysis
of partnerships in 2017 (discussed in Appendix C), the exclusion of hospitalizations that
occurred soon after a past hospitalization, and the calculation of the 90-day readmissions
outcome.

I include only records from short-term acute care hospitals and critical access hospitals,
as indicated in the Medicare provider number.? I exclude stays that occurred in a specialty
unit (e.g., psychiatric or rehabilitation unit).* T exclude admissions that occur within 90
days of the last discharge.® I exclude patients who were not enrolled in both Part A and
Part B during the month of the hospital discharge, according to the MBSF. I exclude
patients who had begun hospice care prior to their hospitalization, according to hospice
claims from 2016-2019, which contain information on both TM and MA patients.

1.2 Exclusions

Using 2019 data, I make two BCBS MI specific exclusions. First, I include only those
living in Michigan. Despite its name, BCBS MI does have some patients who live outside
of Michigan, though the vast majority live in Michigan. Second, I include only patients
treated at hospitals with at least 11 BCBS MI and 11 TM patients. Table Al shows the
number of hospitalizations excluded at each step. The result of this step is the data I use

for analysis.

3https://resdac.org/cms-data/variables/MedPAR-provider-number

4https:/ /resdac.org/cms-data/variables /provider-number-special-unit-code

5Before to this exclusion, however, I use this set of stays to determine whether a readmission occurred
within 90 days of the index hospitalization.
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Table Al. Sample Exclusions

Exclusion T™™M BCBS MI Total
Outside Michigan 5,933,698 11,760 5,945,458
Hospital treats few TM or BCBS MI patients 8,983 1,254 10,237
Final Sample 211,155 73,691 284,846

Abbreviations: TM, traditional Medicare; BCBS MI, Blue Cross Blue Shield of Michigan.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

1.3 Outcomes

I follow patients through their index hospitalization and discharge, their admission to a
SNF (where applicable), and their health outcomes at 90 days after discharge. First, I
use the MedPAR discharge destination code to determine where the hospital discharged
patient to.5 I categorize patients as discharged to one of the following mutually exclusive
and exhaustive categories: (1) home, no post-acute care (code 1); (2) SNF (codes 3 and
83); (3) home health (codes 6 and 86); (4) inpatient rehabilitation (codes 62 and 90) (5)
died or hospice (codes 20, 50, 51, or a death date during the hospital stay according to
the MBSF); (6) other. I also use the hospital length of stay from the MedPAR record.
Second, I examine patients use of SNF's, which is discussed at greater length below. Third,
I calculate 90-day readmission and mortality. I use MedPAR to obtain readmission data
for acute care hospitals and use the MBSF to determine mortality. I exclude patients
who die during the hospital stay from both measures. I also exclude patients from the
readmissions measure denominator when their hospitalization ended in transfer to another
hospital (codes 2, 82, 66, 94 or a MedPAR acute care admission on the day of the index
discharge).

1.4 Covariates

I obtain enrollment as of the month of hospital discharge from the MBSF and link this to
publicly available MA data to determine enrollment in BCBS MIL.7 In addition, I obtain
the patients age, sex, race/ethnicity, and dual eligibility at discharge from the MBSF.

I obtain the diagnosis related group (DRG), a count of diagnosis codes, and a flag for
ICU use from the MedPAR hospitalization record. In addition, I use the diagnosis codes

on the hospitalization record to determine the presence of chronic conditions using the

Shttps://resdac.org/cms-data/variables/destination-upon-discharge-facility-code
Thttps://www.cms.gov/data-research /statistics-trends-and-reports /medicare-advantagepart-d-contract-
and-enrollment-data/monthly-enrollment-plan
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Chronic Conditions Warehouse 30 condition algorithm.® For descriptive purposes, I also
group DRGs into medical or surgical hospitalizations based on the CMS definition and

into four common specific conditions.?*1°

2 Skilled Nursing Facility Stay Information

I used two data sources to obtain information on SNF stays: (1) MA encounter data and
(2) MedPAR. MedPAR contains the universe of TM SNF stays as well as some, though
not all, MA SNF stays. Therefore, the MA encounter data is needed for complete coverage
of all SNF stays.

2.1 Cleaning Medicare Advantage Encounter Data

There are two major challenges to using the MA encounter data. First, the encounter data
contains an organizational National Provider Identifier (NPI) but not a CMS certification
number (CCN). Fortunately, MedPAR SNF records contain both. I therefore use these
records to create a crosswalk of organizational NPI to CCN, allowing for multiple NPI to
map to a single CCN. I do this separately for each year to reflect any annual changes. This
method allows me to identify the CCNs on 95.9% of 2016-2019 MA encounter records.
Second, unlike MedPAR, there are often multiple MA encounters per stay. For exam-
ple, a stay in June and July may contain two separate encounters for the June and July
parts of the stay. I combine all encounters that overlap or are separated by zero or one day
(i.e., an encounter that starts on the day or day after the last encounter ended) to begin
on the earliest recorded date and end on the latest recorded date. I use the admission
and discharge dates on the encounter where available to combine these stays, replacing
the admission (discharge) date with the claim from (thru) date where it is not. I exclude
chart review records and a small number of records where the admission date is after the
discharge date. I combine stays across multiple providers because (1) I don’t accurately
observe the provider for all encounters (i.e., where I'm unable to determine CCN) and (2)
this captures the full length of the episode, even in the small number of cases where a pa-
tient is observed at multiple facilities (2.2% of 2016-2019 stays). In cases where multiple
facilities are part of the stay, the priority for which CCN is used is determined by CCN if

87/2023 version: https://www.cms.gov/medicare/coordination-benefits-recovery /overview /icd-code-lists

9Medical and surgical conditions are detailed here: https://www.cms.gov/icd10m/version372-fullcode-
cms/fullcode_cms/P0371.html

10The conditions are septicemia (870, 871, 872), joint replacement (469, 470), stroke (61, 62, 63, 64, 65,
66), and heart failure (291, 292, 293). All other DRGs are classified as other.
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observed for any of the encounters in the stay, then the earlier admission date, then the
latest discharge date, then randomly.

I adopt the MedPAR convention for calculating length of stay: subtracting the admis-
sion date from the discharge date, replacing the number of days as 1 if the admission and

discharge dates are the same.!!

2.2 Cleaning MedPAR Data

The key goal of cleaning the MedPAR data is to ensure comparability between it and the
MA encounter data. One issue is that a non-trivial share (3.0%) of records have lengths
of stay over 100 days, which is implausible given the design of the Medicare SNF benefit.
Indeed, many of these stays have significantly fewer Medicare paid days—a variable that
in most cases is equal to the length of stay.!?

I therefore primarily use the Medicare paid days to calculate the MedPAR SNF length
of stay. In sensitivity analyses, I show that results are unchanged when using the main
MedPAR length of stay variable to calculate the length of stay (see Figure B2).!* To
match MA encounter data, I combine stays that occur within 1 day into a single stay,

regardless of where the stay occurs.!* T use the record with the earliest admission date to
obtain the CCN.

2.3 Obtaining Skilled Nursing Facility Information

I obtain 2019 facility information from nursing home compare (profit status, five-star
rating) and LTCFocus.org (latitude/longitude). I calculate the distance, in miles, from
the patient’s ZIP code tabulation centroid to the SNF.!%:16 T exclude distances over 100

miles from analysis of this variable.

Hhttps:/ /resdac.org/cms-data/variables/days-beneficiarys-stay-hospitalsnf

2https:/ /resdac.org/cms-data/variables/covered-days-care-chargeable-medicare-utilization-stay

130ne additional issue is that some stays have zero Medicare paid days, which is also implausible given
that MedPAR only includes Medicare paid stays. I exclude stays with zero days when using the Medicare
paid variable, though these stays are included when using the alternative method in sensitivity analyses.

4When using the Medicare days, I calculate the end date as the admission date plus the Medicare days
before this process. In sensitivity analyses when using the full length of stay, I calculate the end date
as the admission date plus full length of stay (where it is missing).

Shttps://data.nber.org/distance/2019 /centroid /

https: / /udsmapper.org/zip-code-to-zcta-crosswalk /
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2.4 Linking to Hospitalizations

I link hospitalizations to SNF stays that began the day of or the day after hospital
discharge. If information is available from both the encounter data and MedPAR, I use
the information from MedPAR. I exclude a small number of stays that are over 100 days.
I also exclude hospitalizations that ended in December from analyses of SNF choice and

length of stay.!”

2.5 Examining Data Quality

There are concerns about the completeness of the MA encounter data. To examine the
completeness of the encounter data, I calculate the share of hospitalizations with a SNF
discharge setting that actually have a SNF stay. In Table A2, I show that the rates are
comparable in BCBS MI and TM. I show this overall but also show it for DRG 470 to
demonstrate that the similarity of this measure for these two groups is not driven by the
composition of DRGs, which have varied levels of SNF follow-up. These results emphasize
the completeness of the encounter data for BCBS MI.

Table A2. Percent of Hospitalizations with Skilled Nursing Facility
Discharge Setting where a Skilled Nursing Facility is Observed

Insurer All DRG DRG 470
T™ 89.5 95.5
BCBS MI 88.3 94.2

Abbreviations: SNF, skilled nursing facility; TM, traditional Medicare; BCBS MI, Blue Cross Blue
Shield of Michigan; DRG, diagnosis related group.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

I also examined this measure of data completeness over time. There is a modest decline
in this measure beginning in October (Figure A1). I interpret this as a modest decline
in the completeness of the encounter data, potentially because some SNF stays are not
recorded. However, the rate remains relatively high, suggesting that while data from this
period is imperfect, it is still relatively complete. In a sensitivity analysis, I show that

estimates are very similar when October and November are excluded (see Figure B2).

170ne issue is that encounters are sorted into annual files by their end date. As a result, SNF stays
ending late in the year may not be fully observed. I exclude December hospital discharges to account
for this issue.
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Figure A1l. Proportion of Hospitalizations with Skilled Nursing Facility
Discharge Setting where a Skilled Nursing Facility is Observed
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Abbreviations: SNF, skilled nursing facility; TM, traditional Medicare; BCBS MI, Blue Cross Blue
Shield of Michigan.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Appendix B: Supplemental Exhibits

Table B1. Outcome Means

Outcome Pre Post

T™ BCBSMI TM BCBS MI

Discharge Setting

Skilled Nursing Facility 18.2 18.4 17.5 17.6
Home without Post-Acute Care 51.5 50.4 52.8 51.6
Home Health 18.3 21.1 17.9 20.8
Inpatient Rehabilitation Facility 3.1 2.3 3.0 24
Died or Hospice 4.3 4.9 4.1 4.6
Other 4.6 2.9 4.7 3.0
SNF Stay
SNF Length of Stay 93.5 18.4 923.6 16.2
SNF Stay > 30 Days 23.1 12.8 93.3 5.9
Outcomes
90-Day Readmissions (full sample) 26.3 23.5 26.0 23.0
90-Day Mortality (full sample) 8.3 8.6 8.1 8.5
90-Day Readmissions (SNF users) 32.7 32.0 31.8 31.3
90-Day Mortality (SNF users) 12.9 12.6 12.2 12.8

Abbreviations: SNF, skilled nursing facility; TM, traditional Medicare; BCBS MI, Blue Cross Blue
Shield of Michigan.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table B2. Sample Characteristics by Insurer and Time Period

Characteristic Pre Post DiD
T™ BCBSMI TM BCBS MI

Age 73.390 76.897 72.997 76.516 0.01
Female 55.834 51.776 56.063 51.894 -0.113
Dual 27.274 4.089 26.016 3.823 0.997#*
White 80.433 83.462 80.734 84.117 0.35
Black 14.456 12.774 14.159 12.293 -0.181
Other race/ethnicity ~ 5.111 3.764 5.107 3.590 -0.169
Septicemia 7.531 6.790 7.289 6.767 0.221
Joint replacement 5.946 8.064 6.068 8.843 0.650%*
Heart Failure 4.694 4.918 4.473 4.475 -0.222
Stroke 2.774 3.120 2.799 3.233 0.087
Surgery 30.734 36.652 32.127 37.702 -0.354
Condition Count 4.871 5.034 4.821 4.978 -0.006

Notes: Difference-in-differences estimates are estimated without covariates. Type of hospitalization
was determined based on the diagnosis related group. The condition count is the number chronic
conditions recorded on the index hospitalization record. Standard errors were clustered at the

insurer-county level.
Abbreviations: DiD, difference-in-differences.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare

Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table B3. Effect of NaviHealth Partnership on Health Care Use and Outcomes

Outcome Effect 95% Confidence Interval Baseline Mean N

Skilled Nursing Facility -0.217 [-0.892, 0.458] 18.4 284,841
Home without Post-Acute Care 0.136 [-0.887, 1.159] 50.4 284,841
Home Health -0.026 [-0.840, 0.788] 21.1 284,841
Inpatient Rehabilitation Facility 0.200 [-0.061, 0.461] 2.3 284,841
Died or Hospice -0.017 [-0.320, 0.286] 4.9 284,841
Other -0.076 [-0.338, 0.187] 2.9 284,841
SNF Length of Stay -2.320%** [-2.917, -1.723] 18.4 44,425
SNF Stay > 30 Days 7137 -8.610, -5.664] 12.8 44,425
90-Day Readmissions (full sample)  -0.163 [-0.769,0.443] 23.5 273,592
90-Day Mortality (full sample) 0.092 [-0.288,0.472] 8.6 278,498
90-Day Readmissions (SNF users) 0.254 [-1.612,2.120] 32.0 44,348
90-Day Mortality (SNF users) 0.619 [0.666,1.905] 12.6 44,425

Notes: Entries are difference-in-differences estimates from ordinary least squares regressions. Only patients with non-missing values for the given
outcome are included. Estimates are adjusted for covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit
use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record). A small number of
singletons (due to diagnosis related groups with few patients) are excluded from each regression. The baseline mean is the pre-June 2019 mean
value for Blue Cross Blue Shield of Michigan patients. Only patients with non-missing values for the given outcome are included. Standard errors

were clustered at the insurer-county level.
Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, the Medicare Master

Beneficiary Summary File (MBSF), and publicly-available skilled nursing facility data.

*p < 0.05,%* p < 0.01,** p < 0.001



Figure B1. Effect of NaviHealth Partnership on Hospital Length of Stay
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Notes: This figure shows ordinary least squares event-study estimates of the effect of the Blue Cross
Blue Shield of Michigan partnership with NaviHealth in June 2019. Time is relative to June 2019.
There is a vertical line at May 2019, which is used as the reference month (time = -1). The difference-
in-differences coefficient estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex,
diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic
conditions calculated using the diagnoses on the hospitalization record) is shown above the figure.
The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients.
Standard errors were clustered at the insurer-county level.

Abbreviations: DiD, difference-in-differences; CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure B2. Effect of NaviHealth Partnership on Skilled Nursing Facility
Choice

Panel A: SNF Five-Star Rating Panel B: Distance to SNF
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Notes: Each panel shows ordinary least squares event-study estimates of the effect of the Blue Cross
Blue Shield of Michigan partnership with NaviHealth in June 2019. Time is relative to June 2019.
There is a vertical line at May 2019, which is used as the reference month (time = -1). Difference-
in-differences coefficients estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex,
diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic con-
ditions calculated using the diagnoses on the hospitalization record) are shown above each figure.
The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients.
Only patients admitted to a skilled nursing facility with non-missing information on the relevant
outcome variable were included. SNF average length of stay was calculated using traditional Medi-
care patients in the sample in the pre-period. Standard errors were clustered at the insurer-county
level.

Abbreviations: SNF, skilled nursing facility; pp, percentage point; DiD, difference-in-differences; CI,
Confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, the Medicare Master Beneficiary Summary File (MBSF), and publicly-
available skilled nursing facility data.
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Figure B3. Effect of NaviHealth Partnership on Skilled Nursing Facility
Length of Stay
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Notes: This figure shows the mean length of stay by month for traditional Medicare and Blue Cross
Blue Shield of Michigan patients. Starting in June 2019, I calculate the Blue Cross Blue Shield of
Michigan counterfactual as the traditional Medicare value in the given month minus the pre-period
difference in means. The vertical line denotes the timing of the Blue Cross Blue Shield of Michigan
partnership with NaviHealth.

Abbreviations: SNF, skilled nursing facility; BCBS MI, Blue Cross Blue Shield of Michigan.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table B4. Effect of NaviHealth Partnership on the Distribution of Skilled
Nursing Facility Length of Stay

Percentile PreTl\;I’os t EI(':(;BSPlc\)/g Effect 95% Confidence Interval
10 6 7 6 6 -1 [-2.488, 0.488]
25 12 12 11 11 0 [-1.545, 1.545]
50 20 20 17 15 S [-2.804, -1.196]
75 29 29 24 20 N/ [-5.670, -2.330]
90 45 45 33 27 -6*** [-8.293, -3.707]

Notes: This table shows the percentiles of the length of stay distributions for traditional Medicare
and Blue Cross Blue Shield of Michigan patients before and after June 1, 2019. Differences difference-
in-differences estimates were obtained using simultaneous a quantile regression, where length of stay
was regressed on a BCBS MI indicator, a post June 2019 indicator, and the interaction of these
variables, which is the effect estimate that is shown. Bootstrapped 95% confidence intervals were
obtained using 20 bootstrap replications.

Abbreviations: TM, traditional Medicare; BCBS MI, Blue Cross Blue Shield of Michigan.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

*p < 0.05,"*p < 0.01,"** p < 0.001
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Table B5. Robustness of the Effect of NaviHealth Partnership on Skilled Nursing Facility Length of Stay
using Alternative Methods of Obtaining Confidence Intervals/P-Values

SNF Length of Stay SNF Stay >30 Days
Estimate -2.318 -2.320 -7.075 -7.137
Clustered Insurer-County [-2.926,-1.710]  [-2.917,-1.723]  [-8.526,-5.624] [-8.610,-5.664]
<.001 <.001 <.001 <.001
Robust [2.857,-1.778] [-2.852,-1.787] [-8.480,-5.670]  [-8.535,-5.739)
<.001 <.001 <.001 <.001
Clustered Insurer (Analytic) [-2.341,-2.295]  [-2.676,-1.963] [-7.086,-7.064] [-7.265,-7.009]
0.001 0.008 <.001 0.001
Clustered Insurer (Wild Bootstrap) [-4.276, -0.573] [-5.072, 1.325] [-7.901, -6.193] [-8.828, -5.623]
0.035 0.075 0.007 0.004
Covariates X X

Notes: Entries are difference-in-differences estimates from ordinary least squares regressions. Each row below the estimate shows confidence
intervals and p-values obtained using different methods. Models are estimated with and without covariates: age, dual eligibility, race/ethnicity,
sex, diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the
hospitalization record.

Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master
Beneficiary Summary File (MBSF).



Figure B4. Robustness of the Effect of NaviHealth Partnership on Skilled
Nursing Facility Length of Stay

Model 1+
Model 2 (preferred)
Model 3
Model 4+
Model 5+
Model 6+
Model 7+
Model 8
Model 9
Model 10+
Model 11+
Model 12+
Model 13+
Model 14
Model 15+

L

6 4 2 0 2 4
Effect on SNF Length of Stay (days)

Notes: The models are as follows: Model 1: Equation (1) without covariates
Model 2: Equation (1)

Model 3: Equation (1) plus hospital fixed effect (FE)

Model 4: Equation (
Model 5: Equation (
Model 6: Equation (
Model 7: Equation (1), not limiting to Michigan

Model 8: Equation (1) plus hospital FE, not limiting to Michigan

Model 9: Equation (1), limiting to Michigan but not restricting set of included hospitals
Model 10: Equation (1) plus hospital FE, limiting to Michigan but not restricting set of included
hospitals

Model 11: Equation (1), estimated using Poisson regression (average marginal effect)
Model 12: Equation (1), excluding October and November discharges (see appendix A for discussion
of modestly reduced data completeness during these months)
Model 12: Equation (1), using alternative definition of MedPAR SNF length of stay (see appendix
A) top-coding at 100 days
Model 14: Equation (1), using alternative definition of MedPAR SNF length of stay (see appendix
A) excluding stays over 100 days

Model 15: Equation (1), plus skilled nursing facility fixed effects
Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table B6. Effect of NaviHealth on Length of Stay by Predicted Probability
of Having a Longer Skilled Nursing Facility Length of Stay

Quartile ™™ BCBS MI Estimate 95% CI
Pre Post Pre Post
Panel A: SNF Length of Stay

1 20.0 20.0 16.5 14.7 -1.691%%F  [-2.463, -0.919]
2 220 219 18.0 158 -1.988***  [-2.817, -1.160]
3 24.0 240 194 16.7 -2.642%%F  [-3.910, -1.374]
4 273 279 21.1 188 -2.766™**  [-4.105, -1.428]
Panel B: SNF Stay > 30 Days

1 15.7 149 85 34  -4.390%**  [-6.246, -2.533]
2 19.6 20.0 11.2 5.1  -6.388%**  [-8.694, -4.082]
3 24.0 238 154 7.7 -7.459%  [-10.406, -4.511]
4 3.5 33.0 187 89 -11.276%** [-15.281, -7.271]

Notes: Patients who were admitted to a skilled nursing facility were stratified by their predicted
probability of having a skilled nursing facility stay over 30 days. This predicted probability was
obtained by regressing an indicator for having a stay over 30 days on covariates (age, race/ethnicity,
sex, diagnosis related group, intensive care unit use, diagnosis count, 30 indicators for chronic
conditions calculated using the diagnoses on the hospitalization record, and hospital length of stay)
for the sample of traditional Medicare skilled nursing facility users and applying the predicted
probability from this model to the entire sample of patients admitted to a skilled nursing facility.
Patient were then divided into quartiles based on this predicted probability. Values are the mean
skilled nursing facility length of stay or percent with a stay over 30 days for each category. Effects
are the difference-in-differences estimates for each subgroup. Estimates in each row are based on a
separate ordinary least squares regressions with covariates. Standard errors were clustered at the
insurer-county level.

Abbreviations: TM, tradtional Medicare; BCBS MI, Blue Cross Blue Shield of Michigan; SNF,
skilled nursing facility; CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

*p < 0.05,"*p < 0.01,"** p < 0.001
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Table B7. Placebo Tests of the Effect on Skilled Nursing Facility Length of
Stay

Insurer Estimate 95% CI N N, MA
CVS/Aetna -0.886 [—2.340,0.569] 35,133 686
Henry Ford Health System -0.471 [—1.518,0.576] 36,478 2,024
Humana 0.333 [—0.846,1.512] 36,693 2,243
Spectrum Health System -0.481 [—1.305,0.343] 37,141 2,686
UnitedHealthcare -0.117 [—1.567,1.333] 35,176 729
Wellcare 1.509 [—1.020,4.039] 34,889 442

Notes: Entries are placebo difference-in-differences estimates. Each insurer is compared to tradi-
tional Medicare beneficiaries before and after June 2019, as if that insurer began partnering with
NaviHealth at the same time. Only insurers with over 1,000 hospital admissions for Michigan resi-
dents in 2019 were included, though one otherwise qualifying insurer was excluded due to low data
quality. Only Michigan residents are included. Estimates are adjusted for covariates (age, dual
eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count, and
30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record).
Standard errors were clustered at the insurer-county level.

Abbreviations: CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Ad-
vantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

*p < 0.05,"*p < 0.01,"* p < 0.001
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Table B8. Effect of NaviHealth Partnership on Readmissions and Mortality
at 30, 90, and 180 Days

Outcome 30-Days 90-Days 180-Days
Readmissions (full sample) [-0.1915?:3(?.816] [-0.7_29',1%?.)443} [-0.8_3?9,1705.)489]
Mortality (full sample) [-0.2gb?3§294] [-0.2250,902.472} [-0.3891,001.602]
Readmissions (among SN users) [-0.524%221.425] [—1.6??2,524.120} [—3.3-712'(,)01%364]
-0.041 0.619 0.304

Mortality (among SNF users) 1 cog "0 2401 1.0.666, 1.905] [-1.106, 1.713]

Notes: Entries are difference-in-differences estimates from ordinary least squares regressions. Out-
comes are measured at 30, 90, and 180 days from hospital discharge. Estimates are adjusted for
covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit use,
diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hos-
pitalization record). Standard errors were clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Ad-
vantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

*p < 0.05,"*p < 0.01,"** p < 0.001
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Figure B5. Effect of NaviHealth Partnership on Disenrollment Among
Skilled Nursing Facility Users

Panel A: Disenrollment to TM
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Notes: This figure shows ordinary least squares event-study estimates of the effect of the Blue
Cross Blue Shield of Michigan partnership with NaviHealth in June 2019. Humana is used as the
comparison group. Only the patient’s first hospitalization in the sample was included. Only patients
admitted to a skilled nursing facility were included. Only patients who were enrolled in Part A and
B in January 2020 were included. The outcome in Panel A is traditional Medicare enrollment in
January 2020. The outcome in Panel B is enrollment in traditional Medicare or a different MA
carrier in January. Time of hospitalization is relative to June 2019. There is a vertical line at May
2019, which is used as the reference month (time = -1). The difference-in-differences coefficients
estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group,
intensive care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using
the diagnoses on the hospitalization record) are shown above each figure. The baseline mean is the
pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients. Standard errors were
clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; DiD, difference-in-differences; CI, confidence interval.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure B6. Blue Cross Blue Shield of Michigan Disenrollment Among Skilled
Nursing Facility Users, 2018-2019
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Notes: This figure shows disenrollment rates for Blue Cross Blue Shield of Michigan skilled nursing
facility users in 2018 and 2019. Only Michigan residents admitted to a skilled nursing facility were
included. Only patients who were enrolled in Part A and B in January 2020 were included. The
outcome in Panel A is traditional Medicare enrollment in January 2020. The outcome in Panel B
is enrollment in traditional Medicare or a different MA carrier in January. December of each year
is excluded because December 2019 data skilled nursing facility patients is not used (see Appendix
A).

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure B7. Robustness of the Effect of NaviHealth Partnership on Skilled
Nursing Facility Length of Stay using Humana in Michigan as the
Comparison Group

DiD Estimate: -2.854 [95% Cl: -3.758,-1.950], (p=0.000)
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Notes: This figure shows ordinary least squares event-study estimates of the effect of the Blue Cross
Blue Shield of Michigan partnership with NaviHealth in June 2019. Unlike in the main analysis, the
comparison group consists of Humana patients living in Michigan. I also exclude patients that are
treated at a hospital with fewer than 11 Humana or 11 Blue Cross Blue Shield of Michigan patients.
Time is relative to June 2019. There is a vertical line at May 2019, which is used as the reference
month (time = -1). The difference-in-differences coefficient estimated adjusting for covariates (age,
dual eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count,
and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record)
is shown above the figure. The baseline mean is the pre-June 2019 mean value for Blue Cross Blue
Shield of Michigan patients. Only patients admitted to a skilled nursing facility were included.
Standard errors were clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; DiD, difference-in-differences; CI, confidence interval.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table B9. Robustness of the Effect of NaviHealth Partnership on Skilled Nursing Facility Length of Stay
using Humana in Michigan as the Comparison Group

Outcome Effect 95% Confidence Interval Baseline Mean N

SNF -0.521 [-1.527, 0.486] 18.6 87,869
Home without Post-Acute Care 0.224 [-1.544, 1.992] 50.0 87,869
Home Health 0.520 [-1.049, 2.088] 21.1 87,869
Inpatient Rehabilitation Facility -0.317 [-0.875, 0.240] 2.4 87,869
Died or Hospice -0.319 [-0.864, 0.225] 5.0 87,869
Other 0.414 0.219, 1.046] 2.9 87,869
SNF Length of Stay L2 854K [-3.758,-1.950] 18.4 13,347
SNF Stay > 30 Days -6.906*** [-9.274,-4.537] 12.7 13,347
90-Day Readmissions (full sample)  -0.088 [-1.423, 1.247] 23.6 84,295
90-Day Mortality (full sample) -0.391 [-1.290,0.508] 8.6 85,715
90-Day Readmissions (SNF users) 1.818 [-2.369,6.005] 32.0 13,332
90-Day Mortality (SNF users) -0.347 [-2.893,2.199] 12.5 13,347

Notes: Entries are difference-in-differences estimates from ordinary least squares regressions. Unlike in the main analysis, the comparison group
consists of Humana patients living in Michigan. I also exclude patients that are treated at a hospital with fewer than 11 Humana or 11 Blue Cross
Blue Shield of Michigan patients. Only patients with non-missing values for the given outcome are included. Estimates are adjusted for covariates
(age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic conditions
calculated using the diagnoses on the hospitalization record). A small number of singletons (due to diagnosis related groups with few patients)
are excluded from each regression. The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients. Standard
errors were clustered at the insurer-county level.

Abbreviations: BCBS MI, Blue Cross Blue Shield of Michigan; SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, the Medicare Master
Beneficiary Summary File (MBSF), and publicly-available skilled nursing facility data.

*p < 0.05,"* p < 0.01,"** p < 0.001
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Table B10. Effect of NaviHealth Partnership on Health Care Use and Outcomes, Excluding Dual Eligibles

Outcome Effect  95% Confidence Interval Baseline Mean N

Skilled Nursing Facility -0.361 [-1.099,0.376] 17.5 225,870
Home without Post-Acute Care 0.167 [-0.947,1.281] 51.2 225,870
Home Health -0.036 [-0.890,0.818] 21.3 225,870
Inpatient Rehabilitation Facility 0.181 [-0.108,0.469] 24 225,870
Died or Hospice -0.057 [-0.387,0.273] 4.8 225,870
Other 0.107 [-0.174,0.389] 2.8 225,870
SNF Length of Stay -2.235%*% [-2.921,-1.549] 18.4 34,246
SNF Stay > 30 Days ~6.873%* [-8.608,-5.137] 12.7 34,246
90-Day Readmissions (full sample)  -0.216 [-0.856,0.424] 23.4 216,971
90-Day Mortality (full sample) 0.034 [-0.349,0.417] 8.3 220,767
90-Day Readmissions (SNF users) 0.245 [-1.663,2.153] 32.1 34,189
90-Day Mortality (SNF users) 0.529 [-0.830,1.887] 12.6 34,246

Notes: Entries are difference-in-differences estimates from ordinary least squares regressions. Dual eligible patients are excluded. Estimates are
adjusted for covariates (age, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators for chronic
conditions calculated using the diagnoses on the hospitalization record). A small number of singletons (due to diagnosis related groups with few
patients) are excluded from each regression. The baseline mean is the pre-June 2019 mean value for Blue Cross Blue Shield of Michigan patients.
Only patients with non-missing values for the given outcome are included. Standard errors were clustered at the insurer-county level.
Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, the Medicare Master
Beneficiary Summary File (MBSF), and publicly-available skilled nursing facility data.

*p < 0.05,"* p < 0.01,"** p < 0.001



Appendix C: Analysis of Additional NaviHealth Partnerships

1 Overview

One limitation of this study is that it is based on a single insurer in one state. In
this appendix, I analyze NaviHealth’s partnership with two additional insurers, MVP
and Horizon. While these insurers are smaller than BCBS MI, they both had publicly
announced partnerships in 2017, during the period where I have data. 1 analyze each
of these partnerships separately while also using the three staggered partnerships with
NaviHealth and a stacked difference-in-differences design to generate pooled estimates.
Doing so provides added confidence of the generalizability of my results beyond the case

of the one insurer I examine in the main part of the paper.

2 Empirical Strategy

I observe three partnerships (see Table C1). I compare patients covered by each carrier in
the listed state(s) to TM patients in the same state(s). I include discharges that occur the
month of the partnership and the 5 months before and after the month of the partnership.
I include only hospitals that treat more than 10 patients in both the treated carrier and in
TM. The timing of each partnership, the number of hospitalizations, and the probability
that patients discharged to a SNF are admitted to a SNF are shown in Table C1.'* Note
that these insurers are considerably smaller than BCBS MI. However, their SNF data
appears comparable in completeness as TM patients in their state(s), emphasizing the

feasibility of using their data for analysis.

BInformation on these partnerships was obtained from the following websites that
are no longer functioning. The MVP announcement can be found on the inter-
net archive: https://web.archive.org/web/20221005105841 /https:/ /navihealth.com /wp-
content /uploads/naviHealth MVP_PR_FINAL.pdf. The Horizon announcement is no longer available
but a PDF of the announcement can be provided upon request.
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Table C1. Partnership Details

Carrier Partnership Date Partner T™

N Data Quality N Data Quality
BCBS MI June 1, 2019 67,508 88.3 193,498 89.4
MVP August 8, 2017 8,851 81.6 105,898 86.4
Horizon February 1, 2017 8,150 90.8 173,674 91.5

Notes: Data quality is the percent of patients who were discharged to a skilled nursing facility
who were admitted to skilled nursing facility. Note that the N and data quality measures for Blue
Cross Blue Shield are slightly different in this appendix than they are in the main analysis because
December 2019 is not included.

Abbreviations: SNF, skilled nursing facility; TM, traditional Medicare; BCBS MI, Blue Cross Blue
Shield of Michigan.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).

*p < 0.05,"*p < 0.01,"** p < 0.001

I first use a simple 2x2 difference-in-differences approach to estimate the effect of each
partnership separately. One important detail to note is that announcements for both
the BCBS MI and Horizon partnerships contain an “effective date” when the partnership
began affecting patient care. The MVP announcement does not contain this level of
detail; it contains only the date of the announcement. I use this as the basis for defining
treatment timing.'® I estimate the following model separately for each insurer and its TM

comparison group:

Yiet = o + PB1(Posty x Treat.) + X; + 7 + Treat, + €4 (C.3)

Where ;. is an outcome observed for hospitalization ¢ for carrier ¢ at time t; Post, is
equal to 1 after the partnership; Treat. is equal to 1 for the treated insurer; Xj is a vector
of covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive
care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using
the diagnoses on the hospitalization record); 7, are month fixed effects. ¢; is the error
term. As in the main paper, [ is the parameter of interest, the average treatment effect
on the treated (ATT). I cluster standard errors at the insurer-county level.

I then use a stacked difference-in-differences approach to obtain the pooled estimates
(Baker and Wang., 2022; Wing et al., 2024). To do so, I create three “stacks” consisting
of the 11 months of data for each carrier and their TM comparison group. For example,
the Michigan stack includes both the BCBS MI and Michigan TM patients. Similarly,

9To be consistent with the monthly event study, I consider all MVP patients discharged in August or
later to be treated.
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the New Jersey and New York/Vermont stacks include the patients from those states. I

then estimate the following event-study model:

5
Yisct = & + Z ﬁjl(tcj - tz> + wst + Vsc + Eisct (04)
j=—5
71

Where y;,.¢ is an outcome observed for hospitalization ¢ in stack s for carrier ¢ at time
t; I(t.; —t}) are event-study indicators, which are always equal to zero for TM patients;
g are stack by year-month fixed effects; 7. are stack by insurer fixed effects (i.e., TM
patients have a separate fixed effect for each stack they are in); €;5 is the error term. I
cluster standard errors at the insurer-county level.

I also estimate the difference-in-differences equivalent to this equation:

Yiset = O+ 61DiDct + Xi + wst + Vsc + Eiset (C5)

Where DiD,; is equal to 1 after the partnership for the three MA carriers and zero

otherwise.

3 Results

3.1 Effect on Skilled Nursing Facility Length of Stay

I first show the effect on SNF length of stay, as this is the main (non-null) result from
the main analysis. The effect that I observed for BCBS MI is robust across the other
two carriers (Figure C1). The MVP partnership with NaviHealth led to a 4.644 day
decline in SNF length of stay (95% CI: -6.318,-2.970) while the Horizon partnership with
NaviHealth led to decline of 3.852 days (95% CI: -4.978,-2.727). Note that both of these
point estimates are modestly larger than the BCBS MI estimates, suggesting that if
anything my use of BCBS MI for the main analysis may be conservative.

However, there are two minor issues with these results. First, there appears to be an
anticipation effect of the MVP partnership. This could be interpreted as a violation of the
parallel trends assumption. However, this trend is also consistent with the partnership
going to effect during the month before the August announcement. Given the uncertainty
in the effective date from the MVP announcement, the consistency in the magnitude of
the change with the other NaviHealth partnerships, and the absence of effects along other
margins at this time (see below), it is most likely that this is due to imprecision in my

definition of the partnership timing. Second, Horizon experienced substantial enrollment
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growth in January, the month before the partnership with NaviHealth (see Figure C2).
This shock could lead to a compositional change to the treatment group very close to
when the partnership happened, which could be empirically problematic. To address this,
I exclude the Horizon sample further to those that were enrolled in Horizon in January
2016. This reduces the sample size but does very little to the point estimates (Table C2),
given that the levels of length of stay are similar between the existing and new Horizon
enrollees (Figure C3). Overall, the evidence from these two partnerships emphasizes the
generalizability of the substantial effect of NaviHealth on SNF' length of stay beyond the
BCBS MI partnership.

3.2 Effect on Other Measures of Health Care Use and Health Outcomes

I next examine other measures of health care use and health outcomes that were unchanged
by the Blue Cross Blue Shield partnership. Similar to that partnership, I find no effects on
the probability of discharge to a SNF—either for the two separate partnerships I examine
or for the pooled estimate (Table C3). Also like the analysis in the main part of the paper,
I find no increases in 90-day mortality or readmissions.

There are three additional statistically significant effects in Table C3 that are worth
noting. The MVP partnership reduced the probability of being discharged to the “other”
setting while the Horizon partnership decreased the probability of being discharged to
the home health setting. Both of these estimates are relatively modest and imprecise
(both are only statistically significant at the 5% level). There is also a decrease in 90-day
mortality for MVP SNF users, though this estimate is imprecise and only statistically
significant at the 5% level.

Table C3 also shows the estimates on the probability of having a SNF stay over 30
days. Each partnership had large effects on this outcome, as for BCBS MI in the main
analysis. This emphasizes the role that NaviHealth consistently plays in reducing the
variability of SNF stay length.

4 Appendix Conclusion

In this appendix, I present evidence from two other partnerships of Medicare Advantage
insurers with NaviHealth. Each of these partnerships presents challenges. First, both
insurers are small, so I observe fewer than 9,000 hospitalizations each compared to over
60,000 for Blue Cross Blue Shield of Michigan. Second, MVP does not provide the effective
date of the partnership and my event-study results suggest that the partnership may have
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begun before it was publicly announced, though I have no concrete evidence of this. Third,
Horizon experienced substantial enrollment growth the month before it partnered with
NaviHealth. Nonetheless, these results provide valuable insight into the generalizability
of the results in the main paper exploiting the Blue Cross Blue Shield Partnership.

The NaviHealth partnerships with MVP and Horizon echo the three key findings of the
main paper. First, there was no effect on the probability of discharge to a SNF. Second,
there were large and immediate changes to SNF length of stay. This was driven in part
by large declines in longer SNF stays over 30 days, suggesting that NaviHealth reduces
not only the average length of stay but also the variability in length of stay. Finally, I do
not observe any evidence of increased readmissions or mortality. This suggests that the

care that was screened out was not sufficiently high-value to impact health outcomes.
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5 Additional Exhibits for Appendix C

Figure C1. Effect of NaviHealth Partnerships on Skilled Nursing Facility Length of Stay

Panel A: Pooled Panel B: BCBS Mi
DID Estimate: -2.804 [95% Cl: -3.381,-2.227], (p=0.000) DID Estimate: -2.318 [95% Cl: -2.915,-1.720], (p=0.000)
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Notes: Each panel shows ordinary least squares event-study estimates of the effect of three partnerships with NaviHealth. The pooled event-study
(Panel A) is estimated using a stacked difference-in-differences approach. Panels B-D include only the given insurer and their geographically defined
comparison group. Difference-in-differences coefficients estimated adjusting for covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related
group, intensive care unit use, diagnosis count, and 30 indicators for chronic conditions calculated using the diagnoses on the hospitalization record)
are shown above each figure. The baseline mean is the pre-partnership mean for patients covered by the treated insurer. Only patients admitted
to a skilled nursing facility were included. Standard errors were clustered at the insurer-county level.

Abbreviations: BCBS MI, Blue Cross Blue Shield of Michigan; DiD, difference-in-differences; CI, confidence interval.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master
Beneficiary Summary File (MBSF).



Figure C2. Horizon Enrollment Over Time
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Notes: The vertical line shows the timing of the Horizon partnership with NaviHealth in February.
Hospitalization and skilled nursing facility admission counts are based on the month of hospital
discharge.

Abbreviations: SNF, skilled nursing facility.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table C2. Effect of Horizon-NaviHealth Partnership on Skilled Nursing
Facility Length of Stay

Full Sample Excluding Recent Horizon Enrollees

Estimate -3.852%** -3.237H%*
[-4.978, -2.727] [-4.520, -1.953]
N 44,741 43,629

Notes: Entries are differences-in-differences estimates and 95% confidence intervals. In the third
column, I exclude Horizon patients who were not enrolled in a Horizon plan in January 2016.
Estimates were obtained using ordinary least squares adjusting for covariates. Standard errors were
clustered at the insurer-county level.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Figure C3. Length of Stay in New Jersey by Insurer and Timing of
Enrollment
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Notes: Values are mean skilled nursing facility length of stays by month. Horizon enrollees are split
into those who were enrolled in Horizon in January and those that were not. Values for patients
who enrolled in a Horizon plan after January 2016 but had a hospitalization ending before January
2017 are not shown.

Abbreviations: TM, traditional Medicare. Jan, January.

Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare
Advantage encounter data, and the Medicare Master Beneficiary Summary File (MBSF).
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Table C3. Effect of NaviHealth Partnerships on Health Care Use and Outcomes

Outcome Pooled MVP Horizon
Effect 95% CI Effect 95% CI Effect 95% CI
Skilled Nursing Facility 0.241  [-0.825,0.343]  -0.868  [-2.015,0.280] 1547  [-0.201, 3.295]
Home without Post-Acute Care 0.369 [-0.558, 1.296] 1.627 [-0.541, 3.795] 1.014 [-1.268, 3.297]
Home Health -0.262 [-1.007, 0.484] -0.896 [-2.885, 1.093] -2.271* [-4.233, -0.309]
Inpatient Rehabilitation Facility 0.170  [-0.086,0.426] 0368  [-0.207,0.942]  -0.676  [-1.775, 0.424]
Died or Hospice 0.107  [-0.151, 0.364]  0.554  [-0.342, 1.450]  0.182 :0.710, 1.074]
Other 0.143  [-0.301,0.105]  -0.785*  [-1.417,-0.152] 0204  [-0.853, 1.261]
SNF Length of Stay 2,804 [3.381,-2.227] -4.644%FF  [6.318, -2.970]  -3.852%%F  [-4.978, -2.727]
SNF Stay >30 Days “8.101%%*  [9.531, -6.851] -11.543%** [-15.985, -7.101] -11.107*** [-14.554, -7.659]
90-Day Readmissions (full sample)  -0.129  [-0.659, 0.402] -0.385 -1.539, 0.769] 1.281 [-0.539, 3.101]
90-Day Mortality (full sample) 0.240  [0.124,0.603  0.015  [-1.054,1.083] 0931  [-0.392, 2.253]
90-Day Readmissions (SNF users) -0.361 [-1.810, 1.087] -2.278 [-5.032, 0.475] -0.937 [-4.323, 2.449]
90-Day Mortality (SNF users) 0.064  [-1.208,1.080]  -3.279%  [-5.897,-0.662] 0571  [-2.358, 3.500]

Notes: Entries are difference-in-differences estimates. The pooled estimates use a stacked difference-in-differences approach to aggregate the effects
from the MVP, Horizon, and Blue Cross Blue Shield of Michigan NaviHealth partnerships. Estimates were obtained using ordinary least squares
adjusting for covariates (age, dual eligibility, race/ethnicity, sex, diagnosis related group, intensive care unit use, diagnosis count, and 30 indicators
for chronic conditions calculated using the diagnoses on the hospitalization record). Standard errors were clustered at the insurer-county level.

Abbreviations: SNF, skilled nursing facility; CI, confidence interval.
Source: Author’s analysis of the Medicare Provider Analysis Review file (MedPAR), Medicare Advantage encounter data, and the Medicare Master

Beneficiary Summary File (MBSF).
“p < 0.05,** p < 0.01,*** p < 0.001
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