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Abstract

We measure organizational concentration—the distribution of a patient’s healthcare across
organizations—to examine how firm boundaries affect healthcare efficiency. First, when patients
move to regions where outpatient visits are typically concentrated within a small set of firms,
their healthcare utilization falls. Second, for patients whose PCPs exit the market, switching to

a PCP with 1 standard deviation higher organizational concentration reduces utilization by 21%.
This finding is robust to controlling for the spread of healthcare across providers. Increases in
organizational concentration predict improvements in diabetes care and are not associated with
greater use of emergency department or inpatient care.
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Transaction costs and imperfect information can make it difficult to coordinate production
across firm boundaries (Coase 1937; Williamson 1985). The determinants of firm
boundaries have been the subject of substantial theoretical and empirical investigation,
particularly in the literature on vertical integration (Lafontaine and Slade 2007). Yet, we
know less about how firm boundaries affect firm performance (Mullainathan and Scharfstein
2001), and empirical studies from different industries find mixed results.1

In healthcare, the challenges of cross-firm coordination are particularly salient; patient
care is often produced with the input of many healthcare providers working in
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Iror example, see Seru (2014); Pierce (2012); Stroebel (2016); Forbes and Lederman (2010); Forman and Gron (2011).



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Aghaetal.

Page 2

separate organizations. Geographically and over time, there is substantial variation in

the organizational structures those providers operate in. An increasing fraction of US
physicians is employed by large practices or hospitals (Welch et al. 2013), which may
mitigate these coordination challenges. Integrated care organizations such as the Mayo
Clinic, Intermountain Healthcare, and Kaiser Permanente are often held up as models of
clinical efficiency and coordinated care (Enthoven 2009). Yet empirical evidence on how
organizational boundaries affect healthcare delivery is limited.

In this paper, we investigate how organizational boundaries affect healthcare utilization.
Existing evidence has shown that when coordination of care is more difficult, healthcare
utilization tends to be higher. Higher utilization can be a sign of reduced efficiency,
particularly when it is not accompanied by commensurate improvements in care quality.
Coordination challenges can emerge when healthcare for an individual patient is spread
across many individual providers (Agha et al. 2019; Frandsen et al. 2015), or when provider
teams have fewer repeat interactions (Agha et al. forthcoming, Kim et al. 2020, Chen
forthcoming). Cebul et al. (2008) argue that fragmentation across organizations may also

be an important source of healthcare inefficiency. Organizational boundaries can affect
coordination costs; e.g., healthcare firms often restrict information transmission to external
providers by limiting transfer across electronic medical record systems. Providers may invest
in firm-specific relationships and infrastructure that improve productivity (Huckman and
Pisano 2006). Finally, organizational fragmentation can affect incentives for clinical process
improvement and other efficiency-enhancing investments due to common agency problems
and spillovers that prevent firms from reaping the full benefit of their investments (Frandsen
et al. 2019).

We introduce the concept of “organizational concentration,” which measures the distribution
of a patient’s outpatient visits across organizations. A patient’s healthcare has maximal
organizational concentration if all of their outpatient care is billed by the same organization.
This construct builds on earlier work studying provider concentration (Pollack et al. 2016;
Agha et al. 2019). Organizational concentration describes the realized experience of a given
patient, and so is distinct from market concentration measures used in antitrust research,
which instead measure provider market power for pricing. Patients who receive all their
healthcare from one firm will have high organizational concentration even if there are

many firms in the market. Conversely, a patient may have low organizational concentration
in a highly concentrated market if they receive healthcare from many different specialty
practices, even if each practice has a monopoly in that specialty.

To our knowledge, we are the first paper to measure organizational concentration
systematically, so we begin with a detailed descriptive analysis. Using insurance claims
data for a 20% sample of Medicare fee-for-service enrollees from 2007-2016, we construct
a measure of each patient’s experienced organizational concentration. There is substantial
heterogeneity across regions in organizational concentration, even conditional on the spread
of patient care across providers. Studying patients who move across regions, we find that
moving to a location with a higher level of organizational concentration is associated with
lower healthcare utilization. While these results suggest that organizational concentration
leads to lower healthcare spending, they should be interpreted with caution because other
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attributes of regional practice style and place effects may be correlated with the level of
organizational concentration.

To isolate variation in organizational concentration from other aspects of the local practice
environment, we exploit quasi-experimental variation in patient assignment to physicians
generated by physician exits. We examine the experiences of patients whose primary

care provider (PCP) exits the local market, either due to a move or retirement, following
recent work by Fadlon and Van Parys (2020) and Kwok (2019). Since patients may
endogenously sort to new PCPs on the basis of changes in their health status, we use

an instrumental variable strategy that leverages mean reversion to predict the change in a
patient’s assigned PCP’s average organizational concentration, adapting the approach used
by Laird and Nielsen (2017) and Abaluck et al. (2021). When PCPs with low organizational
concentration exit the market, their patients switch to more typical PCPs with higher average
concentration and subsequently experience lower healthcare utilization. Using this variation,
we estimate that patients who switch to a PCP with 1 SD higher organizational concentration
have approximately 21% lower healthcare utilization in our preferred, most controlled
specification. This finding is robust to controlling for the number and types of providers

that the patient visits.

Our results indicate that organizational boundaries contribute additional frictions that drive
increased healthcare utilization, and this pattern does not simply reflect the challenges

of spreading care across multiple providers. Although we cannot fully isolate a PCP’s
tendency for organizational concentration from every other possible dimension of PCP
practice style, our estimated effect remains large in specifications that control for the spread
of patient care across providers, the size of the PCP’s practice group, as well as other

PCP characteristics (residency training, experience, gender). To the extent that observable
variables are informative about selection on unobservables, this supports the claim that
organizational concentration is an important independent contributor to spending variation
(Oster 2019).

Finally, we investigate how organizational concentration influences quality of care. We
use several measures related to distinct dimensions of healthcare quality, spanning gaps

in primary care, appropriate management of chronic conditions, and use of testing and
imaging. We find no strong evidence that changes in PCP organizational concentration
predict changes in inpatient or emergency department visits. For patients with a chronic
condition (diabetes), switching to a PCP with higher levels of organizational concentration
leads to better adherence to recommended care guidelines. This finding from diabetes
care provides suggestive evidence that greater organizational concentration may facilitate
improved management of chronic conditions.

Taken together, our findings suggest that lower organizational concentration worsens care
efficiency: when patient care frequently crosses firm boundaries, utilization increases
with no evidence of offsetting quality improvements. This pattern may be a sign of the
coordination difficulties associated with low organizational concentration.

Am Econ J Econ Policy. Author manuscript; available in PMC 2023 August 04.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Aghaetal.

Page 4

High levels of organizational concentration arise when most of the providers a patient
consults are integrated within the same firm. Our research is motivated by earlier work
finding the effects of firm integration on productive efficiency are theoretically ambiguous.
Bringing transactions into the same firm could improve communication (Arrow 1975)

and reduce contracting barriers (Hart and Moore 1990; Hart and Holmstrom 2010). On

the other hand, integration may also lead resources within the firm to be allocated less
efficiently (Alonso et al. 2008; Friebel and Raith 2010). Moreover, integration may improve
coordination in stable environments but lead to worse adaptation to change (Dessein 2014).

Empirical evidence from other industries on how integration affects firm performance has
found mixed results. Mullainathan and Scharfstein (2001), Seru (2014), and Pierce (2012)
document downsides to integration including less efficient capacity management, lower
innovation, and insufficient knowledge sharing. By contrast, Stroebel (2016), Forbes and
Lederman (2010), Forman and Gron (2011) find benefits of firm integration including
superior information, better performance, and faster technology adoption. Atalay et al.
(2014) argue that integration facilitates the efficient intrafirm transfer of intangible inputs,
such as high quality managerial oversight and planning. We build on this literature by
studying how firm boundaries affect health care delivery, a setting where the potential
benefits of improved coordination, knowledge-sharing, and management are high, and rich
insurance claims data allows us to track the production process.

Within healthcare, there is limited evidence on how the integration of healthcare providers
affects care delivery. Although large consolidated practice groups argue they can deliver
lower cost, higher quality healthcare by improving coordination, leveraging returns to
specialization, and facilitating fixed cost investments, empirical evidence of these benefits
is limited (Cutler and Scott Morton 2013). Recent work suggests that hospital mergers and
acquisitions of physician practices do not spur improvements in clinical quality or health
outcomes (Beaulieu et al. 2020; Koch et al. 2018).2 We build on this research by studying
changes in the extent to which individual patient care crosses firm boundaries, rather than
focusing on short-run effects of mergers and acquisitions. Care coordination depends on the
ease of communication across multiple providers who treat the same patient, but mergers
may simply bring competing providers—who rarely would have treated the same patient
—into the same firm. Further, the process of organizational transformation is often slow.
Because this paper does not focus on short-run effects of mergers, the effects we study may
reflect longer-run operational changes associated with integration.

This paper is also related to a growing literature investigating differences in practice patterns
across individual physicians. Across a variety of care contexts, individual physician quality
and practice style have important effects on care outcomes.3 Recent work by Kwok (2019)
and Fadlon and Van Parys (2020) documents that primary care physicians in particular

have substantial influence on patients’ healthcare spending. We build on this insight by

2These acquisitions may even raise healthcare spending, as physicians shift the site of care from doctors’ offices to hospital outpatient
settings (Koch et al. 2017) and exploit reimbursement rules that allow hospital-owned physician practices to charge additional facility
fees (Capps et al. 2018; Whaley et al. 2021).

3For example, see Gowrisankaran et al. (2017); Molitor (2018); Chan et al. (2019); Currie and MacLeod (2017); Currie et al. (2016);
Sahni et al. (2016).
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investigating one important dimension of PCP practice environment and referral patterns, i.e.
the PCP’s tendency to concentrate patient care within organizations.

The paper is organized as follows. Section | introduces our measure of organizational
concentration. Section 11 describes our data and sample selection. Section 11 reports
descriptive statistics on regional variation in organizational concentration and uses
movers between regions to explore how regional variation in organizational concentration
may contribute to regional variation in healthcare utilization. Section IV lays out our
main empirical strategy exploiting PCP exits to explore the impact of organizational
concentration. Section V presents the results on how healthcare utilization and quality
outcomes change when a patient switches to a PCP with a different level of organizational
concentration. Section VI concludes.

| Defining Organizational Concentration

In this project, we study the coordination frictions that arise when healthcare is spread
across organizational boundaries. To do so, we define organizational concentration, adapting
a concentration index that has been used in prior literature to measure the spread

of patient care across providers.# Specifically, we use a Herfindahl-Hirschman Index

(HHI) that calculates how outpatient healthcare received by a patient is spread across
organizations. We measure organizational concentration using outpatient care, following
previous literature defining continuity of outpatient care across individual physicians
(Nyweide and Bynum 2017; Nyweide et al. 2013). This allows us to consider the impact

of outpatient organizational concentration on the likelihood that a patient requires an
emergency department visit or hospitalization.

We calculate patient /s share of outpatient visits at each organization /, in a year ¢
Organizational concentration is then defined as the sum of squared shares across all the
organizations:

OrgConc;, = Z sharef,,.

J

)]

In general, organizational concentration is higher when a patient visits fewer organizations.
When a patient’s outpatient visits are uniformly distributed across NV organizations, this
measure is simply 1//N. When a patient receives all the visits from one organization, this
concentration measure will be 1. Lower values correspond to patient care that is spread more
diffusely across organizations.

Defining provider concentration

To distinguish our findings from prior analyses, we will study variation in organizational
concentration conditional on provider concentration. Provider concentration measures the
spread of patient healthcare across providers. Following Agha et al. (2019), we construct a

4pollack et al. (2016) provides an overview and comparison of commonly used measures of care continuity.
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measure of provider care concentration where the sharej,; measures the share of patient 7's
outpatient visits in year ¢for each provider p:

ProvConc, = Z share;, . @
P

This measure will capture the challenges of coordinating healthcare across many providers,
thus allowing us to distinguish them from the frictions that are specific to crossing
organizational boundaries.

Il Data and Sample Construction

LA Patient sample selection

Our primary source of data is a 20% sample of Medicare Fee-For-Service (FFS) Part A

and Part B claims data from 2007-2016. The 10-year panel data allows us to observe both
patient moves and PCP exits. We use the Carrier, Inpatient, and Outpatient claims files

to measure care utilization and spending.® Patient demographics (age, sex, zip code) and
chronic conditions are extracted from the Master Beneficiary Summary file with the Chronic
Condition segment. In the remainder of this section, we describe the sample restrictions
implemented to construct our main analytic samples.

Initial sample restrictions—We restrict our sample to Medicare beneficiaries who

are 65-99 years old (inclusive) and continuously enrolled in Medicare FFS. After these
restrictions, our data covers 9,675,113 beneficiaries. Our organizational concentration
measure is defined based on Carrier file claims with an outpatient place of service; we
drop 417,638 beneficiaries who did not have any visits of this type. This comprises our
Broad Sample. From this Broad Sample, we define two separate analytic samples for
different purposes. First, we define a “Patient Mover Sample” for a descriptive analysis
studying regional variation in organizational concentration. Second, we define a “PCP Exit
Sample” for our primary analysis studying the relationship between PCPs’ organizational
concentration and patient care utilization. We describe each of these samples below.

Patient Mover Sample—We construct a Patient Mover Sample for our initial descriptive
analysis. Sample restrictions defined here follow the construction process outlined in Agha
et al. (2019). We assigned each patient to a hospital referral region (HRR) on an annual
basis, using the zip code reported in the Beneficiary Summary File. Further, we require that
the patient received at least 75% of billed claims within that HRR; we drop beneficiaries
who do not meet this requirement. To be included as a mover, the patient’s HRR must

have changed once (and only once) in our 10-year period. Further, the beneficiary must be
continuously in the sample from two years before their move to two years after. Our sample
includes all 25,814 moving patients who meet these criteria.

SThe Inpatient file contains institutional inpatient claims, and the Outpatient file contains claims from institutional outpatient
providers such as hospital outpatient departments or community mental health centers. The Carrier file contains non-institutional
claims billed by individual providers such as physicians, and these claims can result from services provided at either outpatient or

inpatient settings.
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PCP Exit Sample—We construct a PCP Exit Sample for our main analysis. This analysis
focuses on beneficiaries who change their attributed PCP due to the original PCP’s
relocation or retirement. We attribute each patient to their plurality PCP in each year, defined
as the internist, family practice physician, or medical specialist who bills a plurality of the
patient’s Evaluation & Management (E&M) visits that year; ties are broken randomly. We
exclude patients who have no E&M visits and thus cannot be matched to a provider, as well
as patients whose plurality provider is a surgeon or non-physician. If a patient cannot be
matched to a PCP according to this algorithm, they will be excluded from the PCP Exit
Sample. For more details on the PCP attribution, see Appendix I.

We limit this analysis to patients whose initial attributed PCP either moved (i.e. relocated
once to a different HRR) or retired (i.e. bills no further Medicare claims). We also exclude
patients who move across HRRs themselves. We require that the patient have the same
plurality PCP for four years prior to the PCP’s exit, limiting the sample to exits that occur

in 2011-2016 to ensure four years of pre-exit observations. In addition to the four years of
pre-exit observations for every patient, we also include up to four years of data following

the exit. The PCP Exit Sample includes 51,570 beneficiaries. These patients are initially
attributed to one of 25,650 exiting PCPs; including both the exiting PCPs and the destination
PCPs, this sample covers 72,231 PCPs.

II.LB  Measuring organizational concentration

Measuring Organizations—The next step is to construct our measure of organizational
concentration. We begin by identifying provider organizations delivering outpatient care to
each patient. We limit to provider services billed in the Carrier claims file and provided in
an outpatient setting.6 We then define a visit by aggregating claims to a unique provider-date
pair.

We use the federal tax ID numbers (TINs) associated with each Carrier file claim to

identify provider organizations. Our sample covers 447,009 TINs. TINs provide a measure
of financial organization, with integrated physician practices typically billing under a unique
TIN, although some large provider groups may organize themselves into subsidiaries,
billing under separate TINs (Baker et al. 2016). In these cases, TINs may still delineate
organizational boundaries within the firm, even though they are not a perfect measure of
firm boundaries.

We find that our baseline TIN-based measure of organizational concentration is highly
correlated with an alternative definition based on physicians’ reported organizational ties
in the CMS Physician Compare database. Physician Compare data is only available for the
final three years of our sample (2014-2016), so we cannot use it as our baseline analysis,
which tracks organizational concentration over a longer time period. In years where both
measures are available, we use the affiliations reported in Physician Compare to construct
an alternative measure of organizational ties, and compare this to our baseline TIN-based
definition. The organizational concentration measures are correlated at 0.95 when averaged

6For details on how we identify relevant claims, see Appendix .
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at the HRR level, and are correlated at 0.85 when averaged at the PCP level. For more detail
comparing these measures of organizational ties, see Appendix II.

Earlier work by Baker et al. (2014), Austin and Baker (2015) and Baker et al. (2020) has
also used TINs to measure local competition across physician provider groups. This research
has shown that areas with higher market concentration pay higher prices for physician
services. While this prior work suggests that providers sharing the same TINSs are able

to leverage oligopoly power in areas with high market concentration, our paper will test
whether TIN-based measures of business organization are predictive of clinical integration
that may yield offsetting benefits for patients and payers.

Aggregating organizational concentration to the PCP-level and HRR-level

Defining HRR-level concentration.: We calculate organizational concentration at the
patient-year level following the definition in equation 1. To characterize the pattern of
organizational concentration at the hospital referral region (HRR) level, we simply average
the patient-level measures across all patients within the relevant region. To construct these
regional averages, we use the broad sample excluding individuals who move between HRRs
at any point.

Defining PCP-level concentration.: Our primary empirical strategy exploits variation in
PCPs’ tendencies towards organizational concentration. To construct these PCP averages, we
use the broad sample excluding individuals who do not match to a PCP.

To account for statistical noise in PCP organizational concentration, we apply a conventional
empirical Bayes correction (Morris 1983). This correction shrinks the estimated PCP
concentration towards the doctor’s mean, in proportion to the amount of estimation error.’
Since we require that patients match to their exiting PCP for four years prior to the exit, we
use a four-year history to define the PCP’s organizational concentration style. The average
patient in our broad sample is seen by a PCP who has 144 other attributed patients over the
lookback period.

To investigate the degree of shrinkage, we calculate “pseudo shrinkage coefficients” for
organizational concentration, defined as each physician’s demeaned Bayesian posterior
divided by the demeaned raw (not shrunk) estimate. A coefficient of one implies no
shrinkage. The median coefficient is 0.97, with the 10th percentile at 0.83. This distribution
suggests relatively little shrinkage, consistent with the high correlation (0.98) between the
raw and shrunk measures.

For regression analyses at the HRR and PCP level, we exclusively rely on jackknifed
versions of these organizational concentration measures that omit the index patient to avoid
bias driven by an individual patient’s need for more specialized care.

To implement the empirical Bayes correction, we estimate a random effects model where patient-level organizational concentration
depends on year fixed effects and PCP-year random effects. To achieve jackknifing, we omit the index patient from this regression.
We recover empirical Bayes estimates of PCP-year organizational concentration as the sum of the year fixed effect and the best linear
unbiased predictor of the PCP-year random effect.
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Paralleling the procedure for organizational concentration, we calculate HRR and PCP level
measures of provider concentration to include in some regressions. This measure is also
jackknifed, and the PCP level provider concentration is shrunk with an empirical Bayes
procedure.

II.C Outcome measures

Our primary outcome variable is a patient’s annual healthcare utilization, which aggregates

a patient’s spending across the Medicare Inpatient, Outpatient and Carrier claim files.
Utilization measures are constructed using a fixed set of annual Medicare prices expunged of
regional price adjusters.8

We also study the relationship between organizational concentration and several utilization-
based measures of healthcare quality. We study two measures related to the use of

hospital care: a binary indicator for any inpatient hospitalization, and a binary indicator

for any emergency department (ED) visit. We also examine the effects of organizational
concentration on the indicators of healthcare quality for patients with diabetes: receipt of an
HbALc test and LDL test. These outcomes are only defined for the sub-sample of patients
with diabetes, as defined by the Chronic Condition Warehouse; tests are identified with
HCPCS codes. Finally, a potential cost of poorly coordinated care is low-value imaging and
laboratory tests; we look at total utilization of these services. See Appendix | for further
details on data construction.

Descriptive Evidence on Organizational Concentration

LA Summary statistics

Table 1 provides summary statistics for the Broad Sample (column 1), the Patient

Mover Sample (column 2), and the PCP Exit Sample (column 3). The average level of
organizational concentration is about 0.45 in all three samples, demonstrating that most
patients regularly seek outpatient care across multiple organizations. The average level of
provider concentration is slightly lower, which we would expect, given that patients will
often see multiple providers within the same organization. In the Broad Sample and Patient
Mover Sample, average care utilization is about $9000 per year; utilization is lower in the
PCP Exit Sample, perhaps in part due to the disruptive impact of PCP exits. Patients in the
Patient Mover and PCP Exit samples are older on average than in the Broad Sample, likely
because they must be observed for a few years in sample prior to the move or exit event.

We use standard deviations of the patient-level, PCP level, and HRR level measures of
organizational concentration to interpret the scale of our regression results. Appendix Table
Al further reports the mean and standard deviation of organizational concentration, provider
concentration, and total utilization at these different levels. The raw standard deviation of
organizational concentration across PCPs reported there (0.108) is slightly larger than the
standard deviation after Empirical Bayes shrinkage (0.096); the estimates are very close,

8Medicare prices include some regional adjustments on the basis of local wage indices, and we do not want this source of regional
variation in wage indices to confound the relationship between organizational concentration and spending. Following Finkelstein et al.
(2016), we adjust total spending to strip away variation that is due to regional price adjustments.
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consistent with minimal shrinkage. To interpret the scale of our subsequent results, we
reference the 0.1 estimated standard deviation of organizational concentration across PCPs.

We examine how organizational concentration varies across regions in Figure 1. Large
variation between regions in healthcare usage suggests that some regions may be inefficient
(Skinner 2011), and prior research has sought to explain why this variation exists (e.g.
Cutler et al. 2019; Molitor 2018; Frakes 2013; Finkelstein et al. 2016). Our figure displays
residual variation in organizational concentration across regions, after accounting for the
role of provider concentration, age, sex, and race. As shown in the map, the West and
Upper Midwest have higher organizational concentration than would be predicted by their
provider concentration and demographics, while the South and Mid Atlantic have lower
organizational concentration.

Figure 2 shows binned scatter plots relating organizational concentration and total healthcare
utilization. Panel A shows the relationship between these variables averaged at the regional
(HRR) level, while Panel B shows the relationship at the PCP-level. Panel A illustrates

that regions with higher organizational concentration have lower levels of care utilization

on average, while Panel B shows that patients of PCPs with higher organizational
concentration have lower levels of healthcare utilization. The patterns shown in these graphs
motivate our analytic approach, as they suggest a link between organizational concentration
and care utilization. An alternative version of these graphs shown in Appendix Figure

Al demonstrates that the negative relationship between organizational concentration and
utilization persists after controlling for provider concentration.

[l.B Regional variation in organizational concentration and patient moves

Previous work has examined patients who move between regions to identify the effect of
regional practice variation on spending (Finkelstein et al. 2016; Agha et al. 2019). Here, we
use the same mover design to examine how changes in regional organizational concentration
are associated with healthcare utilization of patients who move. When moving between
regions, patients are exposed to a change in the local pattern of organizational concentration.
Following prior work, we run regressions of the form:

Y, = /IOAOrgConc,."RR X post, + A»A ProvConc™* x post, + X,}y + &, ®3)

where Yjis the outcome of interest, AOrgConc** is the change in regional organizational
concentration experienced when patient /moves, and A ProvConc/*" is the change in regional
provider concentration experienced when the patient moves. We include in Xjan individual
fixed effect, £&; y; a year fixed effect; and =(/,2), a vector of event-time fixed effects
indicating the year relative to the patient move.

Figure 3 presents event study graphs. Panel A shows that when patients move

to a region with higher average organizational concentration, they experience an

immediate and persistent increase in their individual organizational concentration. Table

2 reports corresponding regression results, summarizing how changes in regional average
organizational concentration translate into individual patients’ experiences when they move.
If all regional variation were due to differences in the types of patients that lived in
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each region, then we would expect zero pass-through, while if movers fully adopted the
average patterns of care in each region they lived, we would expect 100% pass-through. The
regression in column 1 shows that about 80% of the regional difference in organizational
concentration translates into patient-level changes in organizational concentration. These
results are consistent with (Finkelstein et al. 2016), which found that place-based
characteristics account for slightly more than half of regional variation in spending.

Figure 3 Panel B shows that when patients move to a region with higher average
organizational concentration, they experience a decline in healthcare utilization. The final
columns of Table 2 quantify this effect. Column 2 shows that moving to a region with 1
standard deviation (SD) greater regional organizational concentration (an increase of 0.05)
is associated with a 5.6% decline in total utilization. However, we know that changes in
regional organizational concentration are also correlated with changes in regional provider
concentration. Column 3 adds a control for the region’s provider concentration, and finds
that the relationship between organizational concentration and total utilization diminishes
only slightly: a 1 SD increase in regional organizational concentration is associated with

a 3.9% decline in total utilization. These results suggest that the spread of patient care
across distinct organizations is an important predictor of regional variation in health care
utilization.

Identification Strategy: PCP EXxits

IV.A Motivation

In the previous section, we described how regional variation in organizational concentration
predicts spending outcomes. A challenge for interpreting these findings is that regional
organizational concentration may also be correlated with other features of the local
healthcare environment. To address this concern, we study PCP exits. When a PCP exits

a local market, due to a retirement or long-distance move, that PCP’s patients must find
new care providers within their local market. This natural experiment allows us to study
exogenous variation in PCP practice style holding constant many features of the local
healthcare environment.

Organizational concentration may depend on a patient’s PCP as a result of the PCP’s

referral decisions. PCPs may deliberately choose to refer preferentially to other providers
within a multispecialty practice. In addition, PCPs themselves may be affiliated with a large
organization that is tied to many local specialists, increasing the organizational concentration
that would occur even without preferential referrals. We characterize each PCP’s practice
pattern with their average organizational concentration. We then test what happens to
patient-level organizational concentration and healthcare utilization when a PCP exit forces
the patient to switch to a new PCP with a different level of organizational concentration.

Our study of PCP exits thus analyzes how a change in the organizational concentration

of a patient’s assigned PCP affects the patient’s outcomes. Because we observe patients
who switch PCPs, we can include patient fixed effects in our regression model to control
for any fixed patient attributes that influence their healthcare utilization. However, patients
may endogenously sort to new PCPs on the basis of changes in their demand for care. For
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instance, patients who have gotten sicker may deliberately seek out multispecialty practices
or well-known health systems when their original PCP exits. This type of sorting would
bias our estimation of how organizational concentration affects healthcare spending within
a difference-in-differences framework, since patient fixed effects would not adequately
capture changes over time. As a result, we focus our analysis on an instrumental variables
strategy adapted from Laird and Nielsen (2017) and Abaluck et al. (2021).

Our instrumental variables (V) approach exploits the statistical property of mean reversion
to predict the change in the organizational concentration of a patient’s assighed PCP

after their original PCP exits. Patients whose initial PCP was highly concentrated will, on
average, experience a decrease in their PCP’s organizational concentration when they switch
providers. Patients whose initial PCP had low concentration will, on average, experience an
increase in their PCP’s organizational concentration.

Although the PCP exit strategy approach holds the regional practice environment fixed,

PCP practice style is still multidimensional. A PCP’s organizational concentration may be
correlated with other aspects of the PCP’s practice style. Prior research has documented

that concentrating patient care within a narrow set of providers (provider concentration) is
associated with lower levels of utilization (Agha et al. 2019; Hussey et al. 2014; Frandsen

et al. 2015). To establish that the impact of organizational concentration is distinct from

the well-studied phenomenon of provider concentration, our main regression specifications
include both measures. We instrument for the change in provider concentration using an
analogous approach to that used for organizational concentration: the provider concentration
practice style of the exiting PCP.

IV.B Estimating Equations

In this section, we lay out a formal instrumental variable econometric framework adapted
from Abaluck et al. (2021). We are ultimately interested in Ao, the causal effect of the
PCP’s organizational concentration on patient utilization. Let OrgConc;, " and ProvConc;, " be
the organizational and provider concentration of patient /s PCP pin year ¢ These jackknifed
concentration measures will reflect a combination of the causal effect of the PCP’s practice

style on a patient’s concentration and the endogenous sorting of patients to PCPs.

We first specify the causal effect g, of each patient’s PCP on their healthcare utilization
Yipe and then consider how this causal effect is related to organizational concentration. Let
Djpbe a vector of dummy variables that report whether patient /is attributed to PCP pin
year £ The following regression estimates the causal effect g, of the PCPs themselves:

Y= D Bl + Xy + &+ &, @
p

where &;is an individual fixed effect, and e, is an idiosyncratic error term. We have

X,u = 6,+ 7., , Where 6;are calendar year fixed effects, and z; 5 are event time fixed

effects. In some specifications, X, further controls for PCP characteristics such as gender,
experience, training, and the number of doctors and number of claims billed to the PCP’s tax

ID number (as a proxy for organization size).
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Then, we can write the relationship between the PCP’s causal utilization effect and our
concentration measures as follows:

Z B.D,, = A00rgConc," + A,ProvConc, " + /. ®)
p

where A tells us how much a PCP’s causal spending effect changes when PCP
organizational concentration is higher, holding constant other PCP characteristics, and 7,
contains residual unobserved variation in PCP spending effects that is unrelated to PCP
concentration measures or other observed PCP characteristics. When we substitute 5 into 4,
we have:

Y= AoOrgConc," + A.ProvCon, " + X, }p,y +E&+n,+en, (6)

Recall that £;is a patient fixed effect (which we will estimate) and 7,,and e, are
unobserved error terms.

The endogeneity concern with a simple differences-in-differences approach is that e;p;
might be correlated with OrgConc." (or ProvConc,“"). For example, this correlation could
arise if negative health shocks lead patients to switch to doctors with lower organizational
concentration or provider concentration. To circumvent this endogeneity, we (1) select our
sample to only include patients who are forcedto switch providers because their original
PCP retires or moves, and (2) instrument for the change in a patient’s PCP’s organizational
concentration.

To account for this source of endogeneity, we instrument for PCP organization
organizational concentration in equation 6 with the level of patient’s original PCP’s
organizational concentration interacted with a post-exit indicator. Let the instrument
be Z,, = OrgConc/,;, x post,. We also instrument for the change in the PCP’s provider
concentration, Z,, = ProvConc/qy, X post,. Let Zjy= [Z1jr 22 id.-

Our first stage equation is then:
OrgConc,fCP =11,Z, + HXX,f,,, + 7+ Vi )

where the coefficients on the instrument, IT » show how post-exit OrgConc,“" is related to the
patient’s original PCP’s concentration measures. We also estimate an additional parallel first

PCP

stage equation for ProvConc;

IV.C Identification assumptions

The conditions below are necessary for the IV strategy to be valid. We explore the evidence
supporting these assumptions in Section V.A. To simplify notation, we define Z,, be

the residualized instrument 2, after partialling out X, patient fixed effects and 24
correspondingly, Z,, is the residualized instrument after partialling out Xips, patient fixed
effects, and 2z Let Z, = [Z,, Z.,).
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First Stage Relevance: Cou(Z,,, OrgConct") # 0 and Couv(Z,,, ProvConct") # 0.
This is the assumption that the instruments predict the endogenous variables and
satisfy the standard rank condition. In our case, we find patients whose PCPs exit
switch to more typical PCPs; the first stage relationship is strong.

No Differential Shocks: Cov(Z,,,€,,) = 0 and Cov(Z,,.€,) = 0. This condition
requires that patients whose original PCP had high organizational or provider
concentration do not have different shocks in healthcare demand after the

exit than patients whose original PCP had low concentration. In other

words, unobserved patient-health demand shocks cannot be correlated with the
instrument.

This condition allows long-term patient health status to be correlated with the
original PCP’s concentration measure, since we include an individual fixed
effect. However, this condition may be violated if the initial PCP is selected in
response to transient health shocks, and these transient shocks are autocorrelated
across periods. The condition could also be violated if the initial PCP predicted
long-run dynamic changes in patient healthcare demand, for example if a high
concentration initial PCP generates improvements in health status that manifest
in lower healthcare demand several year later.

The assumption of no differential shocks is not directly testable, but event-study
graphs are illuminating here, as they test whether patient-health utilization
shocks in the years leading up to the exit are related to concentration levels

of the exiting PCP.

No Differential PCP Selection Cov(Z,,,1,,) = 0 and Cov(Z,,.n,) = 0. The
residual spending effect 7;,, of patient /s PCP p cannot be correlated with the
instrument. In our context, this combines a familiar restriction— selection on
observables only—plus the fallback condition described in Abaluck et al. (2021).

The fallback condition is necessary to interpret Ao as an estimate of the
average relationship between PCP organizational concentration and patient
care utilization in the population. This assumption requires that patients’
second-choice PCPs need to have similar relationship between organizational
concentration and utilization as their first-choice PCPs and the choices of
patients whose PCPs did not exit.?

Selection on observables only is then necessary to interpret Ao as the

causal effect of PCP organizational concentration on spending: further factors
(besides organizational concentration) that influence a PCP’s spending effect are
uncorrelated with the instrument after residualizing observable control variables.

9INote that with Abaluck et al. (2021)’s fallback condition embedded in the no differential PCP selection assumption, we do not
require a monotonicity assumption. Abaluck et al. (2021) show that the fallback and monotonicity assumptions are non-nested, and
that the fallback condition can be microfounded from standard discrete choice models. In our context, the alternative monotonicity
assumption would require, for instance, that above-median organizational concentration PCPs receive a higher share of patients
moving from above- versus below median-organizational concentration PCPs.
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It is sufficient that these characteristics be uncorrelated with PCP organizational
concentration.

V Results

Before discussing our IV results in detail, we begin by illustrating the variation that
identifies our main finding. In Figure A2, we show that patients experience sizeable

changes in PCP organizational and provider concentration after their initial PCP exits.

The distribution of these changes is approximately symmetrically distributed, with similar
numbers of patients experiencing increases and decreases in PCP concentration. 71% of
patients in our sample switch to PCPs in a different organization when their original

PCP exits. Even within firms, PCPs vary in their referral practices and their tendency to
concentrate those referrals within their organization. On average, patients who switch to

a new PCP organization experience a 0.075 absolute-value change in PCP organizational
concentration, whereas patients who maintain the same PCP organization experience a 0.050
absolute-value change in PCP organizational concentration. This evidence suggests that
much of the variation in PCP organizational concentration is at the PCP-level, and not solely
a feature of firm structure.

Appendix Figure A3 builds intuition for our IV approach by showing a binned scatter plot
where the x-axis is the patient’s origin PCP organizational concentration and the y-axis

is the change in PCP organizational concentration after the exit. The graph shows the
expected regression-to-the-mean pattern: patients whose origin PCP had high organizational
concentration will, on average, experience a decline in organizational concentration after the
first PCP exits.

Refining this analysis, Figure 4 provides a graphical look at our main IV specification.
These binned scatterplots show the residualized value of the instrumental variable along the
x-axis and residualized outcomes on the y-axis, after conditioning on our baseline set of
control variables (patient fixed effects, year fixed effects, and event time fixed effects). Panel
A corresponds to our first stage regression, showing that larger values of the residualized

IV predict declines in PCP organizational concentration. Patients whose origin PCPs have
high organizational concentration will on average switch to a lower-concentration PCP

after the origin PCP exits, and conversely for patients with low-concentration origin PCPs.
Panel B corresponds to our reduced form regression, showing that larger values of the IV
correspond to increases in patient care utilization. Patients whose original PCPs have high
organizational concentration tend to experience increases in health care utilization. The
patterns in Panels A and B are approximately symmetric across high and low concentration
origin PCPs, suggesting our results are driven by responses to both increases and decreases
in PCP concentration. Panel C corresponds to a fallback test of assumption 3; we discuss this
result in more detail below.

V.A Tests of IV assumptions

We will now describe the evidence supporting each of the IV assumptions laid out in Section
IV.C.
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First Stage Relevance: First stage relevance, as required by Assumption 1, is shown

in the bottom panel of Table 3, which shows first stage results from our three main
specifications. Columns 5 and 6 have identical first stage equations, with PCP organizational
concentration as the only endogenous variable. In column 7, we add PCP provider
concentration as an additional endogenous variable, paralleling the setup in the previous
section. In column 8, we control for additional PCP characteristics, including PCP gender,
specialty training, and medical school graduation year. The first stage F-tests reported in
Table 3 show that the instruments are strong in all specifications.

No Differential Shocks: Recall that Assumption 2 requires that patients whose origin
PCPs had different levels of concentration do not have different shocks to healthcare
demand. This assumption is not directly testable, but we can explore its plausibility by
investigating pre-trends in healthcare utilization. Specifically, we consider event study
figures that allow us to assess whether patients whose origin PCP had higher organizational
concentration experience different shocks to healthcare demand over the years leading

up to the PCP exit. Results are shown graphically in Figure 5. These graphs exploit the
same variation underlying our instrumental variables approach. The endogenous variables
of interest are the interaction of these relative event time fixed effects with the change in
PCP organizational concentration (in the year after minus the year before the exit). The
instrumental variables are the vector of interactions between relative event time fixed effects
and the original PCP’s organizational concentration.

Figure 5 illustrates that when a patient’s PCP exits the local market, the patient’s care
outcomes shift towards the practice style of their new PCP. In Panel A, we show that

if the new provider is predicted to have higher organizational concentration (so their

patients receive care at fewer distinct organizations), the patient’s experienced organizational
concentration also increases. This establishes that PCP organizational concentration plays an
important role in shaping patient-level organizational concentration, even when the patient
remains in the same geographic location and maintaining the same insurance coverage.

In Panel B, we show that if the new provider is predicted to have greater organizational
concentration, the patient’s total healthcare utilization declines.

In both panels of this graph, we note an absence of pre-trends prior to the move. This
demonstrates that patients whose original PCPs have different levels of organizational
concentration are not on differential trends of care utilization prior to the original PCP’s
exit. This pattern supports the validity of our IV strategy. We also see that in the year

of the PCP exit and the year following, patients have the largest year-over-year changes

on both experienced organizational concentration and utilization. The new PCP’s influence
may grow over time, as they gradually shape the set of referred providers that the patient
consults. In subsequent years 2 through 5, patients’ care evolves to conform more closely to
the practice style of their new PCP.

Appendix Figure A4 replicates this finding, but splits the sample according to the origin
PCP’s level of organizational concentration. Results are noisier in these subsamples, but
generally consistent with the pooled results. Patients who are likely to experience a decrease
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in organizational concentration experience increases in care utilization (see Panel B); the
converse result is shown in Panel A.

No Differential PCP Selection: Next, we consider assumptions related to the sorting
of patients to PCPs. Assumption 3 requires that further factors besides organizational and
provider concentration that influence a PCP’s spending effect must be uncorrelated with
the instrument. In the next section, we will discuss the robustness of our findings to
adding controls for PCP characteristics and practice environment, including PCP gender,
experience, residency training, and characteristics of the PCP’s practice organization. Larger
firms may hire higher quality staff, have greater capital investment, or different managerial
quality; by controlling for the size of the PCP’s practice organization, we can separate

any general benefits of having a PCP who is employed by a large firm from the effects

of organizational concentration. Our results remain consistent as we enrich the set of PCP
characteristics included as control variables.

In addition, we explore the fallback test proposed by Abaluck et al. (2021). In the spirit of

a conventional balance test, we can investigate the fallback assumption using a proxy for
npe In the broad sample, we regress patient spending on PCP characteristics (PCP gender,
experience, residency training, and characteristics of the PCP’s practice organization), and
calculate the fitted values. We then regress the fitted values (predicted PCP spending) on
observational PCP organizational concentration. The residual of this regression (called the
“forecast residual”) provides a proxy for 7, measuring residual variation in PCP utilization
that is predictable by PCP characteristics but orthogonal to organizational concentration.

In the PCP exit sample, we then use the forecast residual as an outcome variable in a
regression that parallels our reduced form specification, testing whether the forecast residual
is correlated with the instrumental variable. This will test whether second-choice PCPs have
“atypical residuals” 7,y i.e. high spending effects given their organizational concentration.
Figure 4 Panel C shows no significant relationship between the forecast residual and the
instrumental variable, conditional on patient fixed effects, year fixed effects, and event time
fixed effects.

V.B PCP organizational concentration and utilization

This section reports our main findings, applying the instrumental variables strategy to
investigate how PCP organizational concentration affects healthcare utilization. After
discussing our baseline findings, we consider several alternative specifications, and then
explore the relationship between organizational concentration and care quality.

Our IV regressions in Table 3 show that the effects of organizational concentration on
utilization are large and robust to accounting for other dimensions of PCP practice style,
training, and practice setting. We instrument for PCP organizational concentration with

the original PCP’s level of organizational concentration times a post-PCP-exit indicator.
Corresponding reduced form regressions are reported in Appendix Table A2 Panel A. These
reduced form regressions show a positive relationship between the instrumental variable
and patient’s care utilization: patients whose original PCPs have higher organizational
fragmentation experience an increase in their care utilization after the original PCP exits.
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The estimated first stage equation in Table 3 specification 5 is strong, and shows that coming
from an origin PCP with a 0.1 higher (one SD) organizational concentration predicts the
patient will experience a 0.035 relative decline in PCP organizational concentration after

the exit.10 The associated second stage with this specification in Column 1 finds that about
58% of the variation in PCP organizational concentration practice style translates into the
patient’s individually experienced organizational concentration.

Columns 2-4 contain our main 1V results relating organizational concentration to care
utilization, while columns 6-8 contain the associated first stage equation.1! Column 2 shows
that a 0.1 increase in organizational concentration leads to a 19% decline in healthcare
utilization.12 Column 3 shows that this effect attenuates only slightly when provider
concentration is included as an additional endogenous variable. Though the standard error
on the estimate doubles, the relationship between organization concentration and care
utilization remains large and statistically significant at the 1% level. This result shows that
the frictions that arise when care crosses firm boundaries are distinct from previously studied
concepts of provider concentration.

The main hurdle to interpreting this relationship as the causal effect of organizational
concentration is that PCPs with more concentrated practice styles may differ along

other dimensions besides their organizational concentration. By focusing on PCP exits
experienced by patients who are not themselves moving, we are able to hold constant many
features of the local healthcare environment. Nevertheless, PCPs’ training, organization size,
and taste for aggressive care may covary with the PCP’s tendency to concentrate care within
an organization. To address this concern, we introduce controls for PCP gender, residency
training, and experience (based on medical school graduation year). Further, we control

for the size of the PCP’s practice organization, as measured by the log number of distinct
providers billing to the TIN, as well as the log number of claims billed to the TIN. By
controlling for the organization size, we can account for the possibility that physicians
working in larger practice groups have different quality, practice style, or access to capital
inputs.

Reassuringly, we find no attenuation of the relationship between the PCP’s organizational
concentration and patient utilization once we account for PCP characteristics and practice
size. Our preferred, most controlled specification (Column 4) shows that a 0.1 increase in
PCP organizational concentration is predicted to reduce health care spending by 21%. The
robustness of our findings to these controls provides evidence that our results are driven
by differences in organizational concentration, and are not an artifact of different practice
settings, physician training, or experience.

101 order to interpret the first stage equation, recall that the equation contains an individual patient fixed effect. A coefficient of
-1 would indicate that the predicted decline in PCP’s organizational concentration would move one-for-one with the origin PCP’s
organizational concentration, as would occur if patients sorted randomly to PCPs.

Note that columns 5 and 6 share a common first stage since they differ only in the choice of the dependent variable, so column 6
simply repeats column 5.

To calculate this effect size, we use the slope coefficient of —2.120 in the following expression: 1 — ¢2120%1 =001,
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V.C Robustness and alternative specifications

Difference in differences results.—These findings can be contrasted with the
difference-in-differences specifications reported in Appendix Table A2 Panel B. The
difference-in-differences specification continue to include patient fixed effects and timing
fixed effects. The key independent variable of interest is the change in PCP concentration
(in the year after minus the year before the exit) interacted with a dummy for the post-
PCP-exit period. Without the instrumental variable approach, we estimate a smaller effect
of PCP organizational concentration on care utilization, although effects remain negative
and statistically significant in all specifications. These results are likely attenuated due to
confounding. Patients who find themselves in worsening health are more likely to seek out
care at large, integrated practices that include a wide array of specialists. PCPs affiliated
with these practices are likely to have higher organizational concentration, but the patients
who endogeneously select them may have increasing demand for health care services.
This comparison highlights the motivation behind the instrumental variables approach.
Specifically, a patient’s choice of new PCP after their original PCP exits is likely to

be endogenous to changes in the patients’ demand for care. By isolating the variation

in PCP organizational concentration that is predictable due to mean reversion, the IV
approach avoids relying on these endogenous selection patterns to estimate the impact of
organizational concentration.

Exploring the role of PCP provider concentration.—Appendix Table A3 provides
more detail on our results, specifically reporting our instrumental variable results on

how PCPs’ provider concentration practice style affects care utilization. In column 2, we
estimate an alternative specification that only includes PCP provider concentration as an
endogenous variable, omitting organizational concentration from the model. As expected,
patients whose PCPs tend to concentrate their patients’ care within a smaller set of
providers also have lower spending. This finding corroborates the pattern found in the
earlier literature on provider fragmentation (Agha et al. 2019; Frandsen et al. 2015; Austin
and Baker 2015), and shows that the finding holds under a new identification strategy— our
instrumental variables approach. However, once we add PCP organizational concentration
as an additional endogenous variable in our 1V framework, the estimated effect of provider
concentration attenuates, as seen in columns 3 and 4. In our most controlled specification,
we cannot reject a zero effect of provider concentration. These results suggest that some of
the spending previously attributed to the spread of care across providers may have actually
reflected the challenges of coordination across organizations. Accounting for the role of
organizational coordination diminishes the role of provider concentration.

Alternative controls for PCP organizational structure.—One concern for
interpreting our findings is that PCPs with high organizational concentration might practice
in large, multispecialty firms, which may have better care or management quality for reasons
unrelated to organizational concentration. In our baseline specifications, we control for log
number of doctors in and log number of claims billed by the PCP’s organization, as proxies
for organization size. In Appendix Table A4, we alternatively control for indicator variables
for 5 quintiles of the organization’s number of doctors and number of claims (in columns
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2 and 3), as well as an indicator for whether the PCP practices in a multi-specialty firm (in
column 3). Our effect size remains similar in magnitude after the addition of these controls.

Accounting for patient demand for specialized care.—Appendix Table A5
establishes that the relationship we uncover is also robust to alternative approaches to
accounting for the distribution of patient care across different providers. In column 2,

we enrich our instrumental variable specification to include a quadratic function of PCP
provider concentration as an endogenous variable (in addition to the existing linear term). To
accommodate the additional endogenous variable, we also expand the set of instrumental
variables to include a quadratic of origin PCP provider concentration multiplied by a
post-exit indicator. This specification relaxes the functional form assumption modeling
the relationship between PCP provider concentration and care utilization. The estimated
relationship between PCP organizational concentration and care utilization remains nearly
unchanged, compared to our baseline results.

In Appendix Table A5 column 3, we test an alternative approach to accounting for the
spread of patient care across providers. This specification controls for splines in the number
of generalist providers the patient sees, as well as the number of specialist providers

the patient sees. The estimated effect of organizational concentration remains large and
statistically significant; the point estimate is actually larger than that reported in Table

3. The larger coefficient suggests these results may in fact overstate the relationship
between organizational concentration and care utilization. Specifically, patients with high
organizational concentration PCPs who consult many doctors may have less underlying
demand for care than patients who see more doctors with a low organizational concentration
PCP. This could occur, for example, if large practices with greater organizational
concentration (because they cover a wider breadth of specialists) also tend to rotate patients
across providers more commonly.

V.D Decomposing the effects on utilization and care quality

We have documented that switching to a PCP with higher organizational concentration
increases care utilization. In this section, we consider what forms of utilization are most
responsive to this change and explore how they relate to quality of care.

Utilization-based quality of care measures.—While the quality of ambulatory care is
multidimensional and difficult to quantify empirically, we present evidence on a variety of
measures related to the provision of high-value care (recommended monitoring of patients
with diabetes), use of intensive care settings (inpatient or emergency department), and
utilization of testing and imaging, which may signal deficiencies in outpatient care. Results
are reported in Table 4. Regressions in this table use the most controlled specification from
Table 3, including PCP provider concentration as an endogenous variable and controlling for
the full set of PCP characteristics and PCP organization size.

An important pathway by which organizational concentration could reduce total spending
is by reducing the use of inpatient care. Recall that we define organizational concentration
solely using outpatient provider interactions. As a result, there is no direct, mechanical
relationship between organizational concentration and the PCP’s propensity to recommend
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hospitalization, since care delivered in the hospital setting will not contribute to the
concentration measure. We do not find statistically significant effects of changes in
organizational concentration on hospital-related outcomes, though standard errors are large:
aone SD increase (0.1) in organizational concentration predicts a 0.85 percentage point
decline in the probability of having any inpatient visit (95% CI: -3.6 to +1.9 percentage
points).13

Heavy use of emergency departments (EDs) is sometimes interpreted as a sign of a weak
primary care relationship, since patients may substitute ED care for services that could
otherwise be provided more cheaply and efficiently in an office setting. Our estimates
suggest that patients switching to high organizational concentration PCPs are less likely to
visit the emergency department, although the effect is only statistically significant at the
10% level.

Next, we investigate process of care measures for patients with diabetes. We rely on two
quality of care measures, adapted from the HEDIS guidelines: receiving a regular HbAlc
test and LDL test. Switching to a physician with 0.1 higher organizational concentration
leads to a 11 percentage point increase in HbALc testing and a 11 percentage point

increase in LDL tests; these relationships are statistically significant at the 1% level. Patients
with diabetes are more likely to receive guideline-concordant care when their PCP has
greater organizational concentration. Recall that this specification does not simply reflect
the benefits of being treated in a large practice group (which might proxy for investment

in clinical decision support or other electronic reminder system), because we control for

the size of the PCP’s practice organization. Rather, this finding suggests that keeping the
patient’s primary and specialty care integrated may lead to fewer gaps in care for chronically
ill patients.

Finally, we turn to testing and imaging. Using claims from the Carrier and Outpatient files,
we identify utilization of testing or imaging services in an outpatient setting. (For more
details on construction of this measure see Appendix 1.) Switching to a PCP with 0.1 higher
organizational concentration reduces the likelihood of having any outpatient testing and
imaging spending by 3 percentage points, and reduces total utilization in this category by
12% among patients with non-zero imaging or testing claims.

In Appendix Table A6, we investigate changes in repeated imaging, which we define as
imaging of the same body part with the same imaging modality repeated within 30 days.
This measure is limited because it captures only images billed through the Carrier claims;
some repeated images might be performed in the Outpatient hospital setting, but due to the
different coding conventions across these claims, we do not include them in our measure

of repeated imaging. The coefficient on repeated imaging is very imprecisely estimated
relative to the mean and not significantly different from zero. These findings suggest that
while reduced imaging may contribute to the utilization reductions, these reductions are not
primarily driven by changes to repeated imaging tests.

13Appendix Table A8 shows that a one SD increase in organizational concentration leads to an estimated $587 reduction in inpatient
spending, (95%Cl: —$1360 to $187).
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Preventive care services—Appendix Table A7 further investigates the relationship
between organizational concentration and measures of preventive care provision, using
measures of preventive care adapted from Curto et al. (2019). Three of these services

are recommended for certain elderly patients by the US Preventive Services Task Force
(USPSTF).14 Two of the recommended services (mammograms, prostate cancer screening)
have no significant relationship with PCP organizational concentration. One recommended
service (colorectal cancer screening) is performed less frequently when the patient’s PCP
has higher organizational concentration; the implications of this finding for care quality are
ambiguous, since colorectal cancer screening is not recommended at an annual frequency for
all patients. We find no significant changes in pap smears or pelvic exams, two categories of
care that the USPSTF does not recommend for patients over 65. We also find no relationship
between PCP organizational concentration and flu vaccination or cardiovascular screenings,
neither of which are covered by a USPSTF guideline.

Decomposing changes in care utilization.—To provide a more complete picture

of the sources of utilization changes, Appendix Table A8 disaggregates our findings on

the basis of the location and type of care delivered. We have defined categories of care
utilization that cut across the three files from which we draw Medicare claims, aggregating
institutional and provider billings where appropriate. The purpose of this decomposition is
to construct five disjoint categories that together sum up to our total utilization amount; (1)
care delivered in an inpatient setting, (2) care delivered in a doctor’s office or outpatient
hospital setting, (3) outpatient laboratory tests and diagnostic imaging, (4) care delivered

in an emergency department, (5) other provider-submitted bills (including home health,
dialysis, rehabilitation centers, etc.). For more details on this decomposition, see Appendix I.

Point estimates in column 1 suggest that higher PCP organizational concentration leads

to lower utilization across all five types of care, although only the effects on emergency
department utilization and outpatient testing and imaging are statistically significant at

the 5% level. Along the extensive margin, switching to a more concentrated PCP reduces
the probability that a patient will have any outpatient testing or imaging. There is also

a small effect on the propensity to have any outpatient office visits. Along the intensive
margin, switching to a more concentrated PCP significantly reduces log utilization (among
those with positive utilization in that category) for every type of care except inpatient
hospitalizations.

Taken together, these findings suggest that the relationship between PCP organizational
concentration and total utilization is driven in part by use of outpatient services, testing,
imaging, and emergency department utilization. Point estimates suggest that reduced
spending on inpatient care may also be an important part of the total effect, but inpatient
utilization results are not precisely estimated. These patterns suggest that when outpatient
providers are integrated within a firm, patients tend to receive fewer costly services, with no
offsetting increase in inpatient hospitalizations.

14£0r more details on the construction of these outcomes and the relevant USPSTF guidelines, see Appendix I.
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Conclusion

Coordination challenges arise when clinical care is split across firm boundaries. Firms

may both facilitate informal relationships among care providers, as well as make firm-
specific investments in coordination technology. In the healthcare setting, coordination
technology could include messaging systems, investments in health information technology,
and established norms for passing off patient information across providers.

Studying patients who move regions, we document that regions with higher levels of
organizational concentration also have lower levels of care utilization. This pattern suggests
a role for organizational concentration in explaining regional variation in healthcare
spending.

Our main analysis studies patients who stay in the same area after their PCP exits the local
market due to a retirement or move. Patients who switch to a PCP with higher organizational
concentration experience reductions in care utilization, relative to patients who switch to a
PCP with lower organizational concentration. These relationships persist after conditioning
on detailed measures of how many generalist and specialist providers the patient sees, and
how concentrated the patient’s care is across those providers. This evidence indicates that
the organizational ties between a patient’s healthcare providers have an impact on their total
healthcare utilization.

Our estimated effect (approximately a 20% decrease in utilization from a 1 SD increase

in PCP organizational concentration) is large relative to other healthcare interventions. By
way of comparison, Agha et al. (2019) find that moving to a reg/ion with 1 SD higher
provider fragmentation increases care utilization by 10%. Clemens and Gottlieb (2014)
estimate that a 2 percent increase in payment rates leads to a 3 percent increase in healthcare
utilization. The introduction of a major policy initiative, Accountable Care Organizations
and the Medicare Shared Savings Program, led to comparatively small reductions (less than
5%) in spending (McWilliams et al. 2018).

Although switching to a PCP with greater organizational concentration is associated with
lower total utilization of physician services, we see no evidence that higher organizational
concentration reduces quality of care. In fact, PCPs with greater organizational
concentration perform better on these measures of effective care for patients with diabetes.

Taken together, these findings point to a potential mechanism by which higher
organizational concentration lowers utilization. When providers share an organizational
affiliation, they are likely to have lower barriers to information sharing and greater trust.
These benefits may reduce gaps in care—e.qg. resulting in better monitoring of diabetes
patients—and improve hand-offs between providers. In turn, these improvements may
allow providers to avoid unnecessary referrals, ensure that referred patients have already
completed the requisite workup, and centralize follow-up care with the patient’s PCP. Each
of these effects may reduce low-value visits that generate repeated contact with specialists.

It is also worth considering alternative explanations of these findings. Large organizations
may hire higher-quality physicians. Alternatively, it may be more difficult to get a timely
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appointment in a large, multi-specialty practice. If this were the case, we would expect

that our result would attenuate when we account for the size of the PCP’s organizational
affiliation or an indicator for whether the PCP is part of a multispecialty practice, but our
empirical estimates show no such attenuation. Even though PCPs with higher organizational
concentration have lower use of outpatient services, testing, and imaging, we see no
evidence of offsetting increases in inpatient or emergency department care.

While our results suggest potential savings associated with care delivered at integrated
multispecialty practices, any gains from reduced utilization would need to be weighed
against the higher prices likely paid by private insurance providers to larger practices that
have more bargaining power. The Medicare claims we study are paid at administratively set
prices, so an investigation of countervailing price effects is beyond the scope of this paper.
Another consideration is that private insurance plans may use alternative approaches to care
management (e.g. high deductibles or preauthorization requirements) that might limit the
utilization of low organizational concentration PCPs, attenuating the relationship described
here.

Our findings illuminate the role that firm boundaries play in organizing economic activity.
These results raise the question of whether mergers that create multispecialty physician
practices generate savings from reduced utilization. If these gains occur, they may take time
to develop as providers adapt to changing communication systems and adopt new referral
patterns. Future research examining the detailed mechanisms of how these boundaries
affect teamwork and care coordination may be able to show how some of the benefits of
organizational concentration could be replicated without financial integration— for example,
through better integration of health information technology systems, or by co-locating
distinct provider groups.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Variation in organizational concentration by region
Notes.: This map shows the mean residuals of patients’ organizational concentration

after regression adjustment for differences in average provider concentration and patient
demographics (age, sex, and race). Hospital Referral Regions (HRRS) in darker gray have
higher residual organizational concentration (see legend). Data: Broad Sample.
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Figure 2: Relationship between organizational concentration and healthcare utilization
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Notes: Binned scatterplots. Panel (A) shows the relationship between HRR organizational

concentration and care utilization across regions. Patients are attributed to HRRs by

their reported zipcode. Panel (B) shows the relationship between PCP organizational care
concentration and patient utilization in the PCP Exit Sample. Patients are attributed to PCPs

using the plurality assignment rule described in Section I1.
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(A) Response of patients’ organizational concentration to changes in regional
organizational concentration
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Figure 3: Event study figuresfor patients who move between regions
Notes: The two subplots show the estimates and 95% confidence intervals from two separate

regressions. The dependent variable in Panel A is patients’ organizational concentration, and
in Panel B is log utilization. The figure plots the coefficients on the change in regional
organizational concentration interacted with year relative to move. Both regressions control
for calendar year fixed effects, and patient fixed effects. Standard errors are clustered at
HRR and patient levels.
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Figure 4: Binned scatterplotsillustrating the PCP exit |V strategy
Notes: All panels residualize both dependent and independent variables to control for

calendar year fixed effects, event time fixed effects, and patient fixed effects. Panel

A illustrates the first stage: patients whose original PCP has higher organizational
concentration on average experience a decrease in their PCP’s organizational concentration
after the original PCP exits. Panel B illustrates the reduced form: patients whose original
PCP had higher organizational concentration on average experience an increase in total
utilization. Panel C illustrates the fallback condition: original PCP concentration is
uncorrelated with the forecast residual. Sample size: 304,954.

Am Econ J Econ Policy. Author manuscript; available in PMC 2023 August 04.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Aghaetal.

Page 32

(A) Response of patients’ organizational concentration to changes in PCP
organizational concentration

@

care

Patient

-1 0
Year relative to exit

(B) Response of patients’ total utilization to changes in PCP organizational
concentration

w

/

_—

Patient log utilization (coefficient)
1
L

T T T T T T T T
4 3 2 -1

o
Year relative to exit

Figure 5: Event study figuresfor patients whose PCP exits
Notes: The two panels show the estimates and 95% confidence intervals from two separate

regressions. The dependent variable in Panel A is patients’ organizational concentration, and
in Panel B is log utilization. The endogenous variables are the interaction of these relative
event time fixed effects with the change in PCP organizational concentration (in the year
after minus the year before the exit). The instrumental variables are the vector of interactions
between relative event time fixed effects and the origin PCP’s organizational concentration.
Both regressions control for calendar year fixed effects, event time fixed effects, and patient
fixed effects. Because the partially treated event year O (year of PCP exit) is included in
these specifications but excluded elsewhere, these regressions have 350,782 observations,
slightly more than in Table 3. Standard errors are clustered at PCP and patient levels.
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Summary statistics of different samples

Table 1:

Broad(]gample Patient Ms)zv)er Sample PCP Ex(i::,)SampIe
Organizational concentration 0.45 (0.27) 0.44 (0.26) 0.46 (0.25)
Provider concentration 0.38 (0.27) 0.36 (0.25) 0.38 (0.24)
Total utilization ($) 8696 (17,649) 8972 (16,239) 7517 (14,144)
Age 75.94 (7.53) 78.48 (7.46) 78.17 (6.96)
Sex: Female 0.58 0.66 0.62
Race: White 0.87 0.90 0.87
Has Diabetes 0.28 0.27 0.36
Has Hypertension 0.61 0.65 0.76
Has Heart disease 0.32 0.34 0.33
N patient-year obs 48,604,598 214,064 304,954
N patients 9,177,819 25,814 51,570

N assigned PCPs

72,231

Page 33

Notes: This table reports means and then standard deviations in parentheses. Column 1 describes the Broad Sample. Column 2 describes the sample
underlying our mover analysis; this sample restricts to patients who move across regions. Column 3 describes the sample underlying our analysis of
PCP exits; this sample restricts to patients whose PCP exits the local market. The number of assigned PCPs in column 3 includes exiting PCPs as

well as the PCPs patients switched to.
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Table 2:

Patient movers and regional organizational concentration

(1) 2 ©)
OrgConc; Log(total utilization);;
AOrgConc™™* x post, 0.767 (0.028) -1.113(0.123) —0.781 (0.142)
Regional provider concentration X

Notes: All regressions control for calendar year fixed effects, relative year fixed effects, and patient fixed effects. Regional organizational

Page 34

concentration and provider concentration are jackknifed. Standard errors in parentheses are clustered at the HRR and patient levels. Sample:

Movers Analysis Sample, N=214,064 patient-year observations.

Am Econ J Econ Policy. Author manuscript; available in PMC 2023 August 04.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Aghaetal. Page 35

Table 3:

The effect of organizational concentration on utilization, identified from PCP exits

Second stage (€] 2 ?3) 4)
OrgConc; Log(total utilization);;
OrgConc!c" 0.583 (0.027) -2.120 (0.152) -1.625(0.287) —2.385 (0.440)
First stage (5 (6) M ®
OrgConc,fCP

OrgConcap, X post, -0.349 (0.005) -0.349 (0.005) -0.249 (0.007) -0.203 (0.007)
F-statistic 33,199 33,199 8951 4648
PCP provider concentration X X

PCP characteristics, org. size X

Notes: Each column represents an instrumental variables regression. The instrument is the exiting PCP’s organizational concentration (jackknifed)
multiplied by a post-exit indicator. Specification 1’s outcome variable is the individual patient’s realized organizational concentration.
Specifications 2-4’s outcome variable is the patient’s log total utilization. All regressions control for calendar year fixed effects, relative year fixed
effects, and patient fixed effects. Specifications (3) and (4) include PCP provider concentration as an additional endogenous variable, instrumented
by the original PCP’s provider concentration multiplied by a post indicator. Specification (4) controls for PCP characteristics: gender, experience
quartile indicators, residency training indicators (internal medicine vs. family practice), and the PCP’s organization size (log total number of claims
billed to the PCP’s TIN, and the log number of unique providers billing to the PCP’s TIN). Standard errors in parentheses are clustered at the PCP
and patient levels. Cragg-Donald Wald F-test reported for first-stage. The PCP Exit Sample has 304,954 patient-year observations.

Am Econ J Econ Policy. Author manuscript; available in PMC 2023 August 04.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Aghaetal.

Table 4:

Organizational concentration and quality-related utilization

(1> @)
Mean of Coefficient on
dependent variable OrgConc;
Dependent variable:
A. Hospital outcomes
Any inpatient visit 0.145 -0.085 (0.137)
Any emergency department visit 0.252 -0.273 (0.151)

B. Diabetes care outcomes

Any HbAI1C test 0.631

Any LDL test 0.590
C. Imaging and testing outcomes

Any outpatient testing or imaging 0.951

Log of outpatient testing & imaging utilization (if > 0) 6.092

1.078 (0.264)
1.111 (0.276)

-0.313 (0.072)
-1.236 (0.533)

Notes.: Each row corresponds to a regression. The specifications match that reported in column (4) of Table 3, but with different outcome

Page 36

variables. All regressions control for changes in PCP provider concentration, PCP characteristics, PCP organization size, as well as calendar year
fixed effects, relative year fixed effects, patient fixed effects. Both changes in PCP organizational concentration and changes in PCP provider

concentration are instrumented for using the exiting PCP’s practice style. Standard errors are clustered at the PCP and patient levels. Panel A uses
the full PCP Exit Sample (304,954 patient-year observations). Panel B uses the subset of the PCP Exit Sample of patients identified with diabetes
as chronic condition (106,614 patient-year observations). The first specification in Panel C uses the full PCP Exit Sample (304,954 observations),

and the final specification has sample size of 289,979 (only observations with positive utilization of testing and imaging).
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