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Abstract

The Patient-Centered Medical Home (PCMH) is a widely-implemented model for
improving primary care, emphasizing care coordination, information technology, and
process improvements. However, its treatment as an undifferentiated intervention obscures
meaningful variation in implementation. This heterogeneity leads to contracting
inefficiencies between insurers and practices and may account for mixed evidence on its
success. Using a novel dataset we group practices into meaningful implementation clusters
and then link these clusters with detailed patient claims data. We find implementation
choice affects performance, suggesting that generally-unobserved features of primary care
reorganization influence patient outcomes. Reporting these features may be valuable to

insurers and their members.
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l. Introduction

The increasing prevalence of chronic illnesses and mounting associated costs are major concerns for the
US healthcare system. The bulk of efforts to control health care costs and improve the quality of care have
focused on two areas familiar to economists: regulation and alternative payment models. Efforts to restrain
the growth of healthcare costs through regulation included licensure for health care providers and capital
restrictions (e.g. state certificate of need laws). Similarly, alternatives to fee-for-service reimbursement,
such as capitation, prospective payments, and bundled payments for episodes of care have also been
advanced as potential solutions and implemented with various degrees of success. In addition to these
reforms, a third approach has focused on reorganizing healthcare organizations to increase their population
health and chronic illness management capabilities, reduce provision of low value care, improve care

coordination, and raise patient and provider satisfaction.

One such model for reorganizing healthcare organizations which has generated considerable attention is
the Patient-Centered Medical Home (PCMH), a suite of primary care improvements including assignment
of patients to a personal physician responsible for directing “whole person” care, adoption and use of health
information technology and expanded patient access to care providers (American Academy of Family

Physicians et al. 2007).

Despite numerous pilot projects and extensive efforts at evaluating the PCMH, the evidence regarding the
model’s impacts on patient experience, utilization and expenditures remains mixed. This study aims to
improve the present understanding of how the PCMH model may increase the reliance on primary care and
reduce downstream utilization of specialist care as well as emergency department visits and hospitalizations
through the use of a unique dataset containing detailed data on specific capabilities for medical home
practices, which has never previously been linked to patient-level claims data. Because primary care
practices can achieve PCMH recognition from the National Committee for Quality Assurance (NCQA) by
adopting a self-selected subset of practice improvements, a binary categorization of practices as medical
homes or not could obscure substantial variation in implementation. One recent study described substantial
variation in how practices implemented the PCMH model, and its authors point out that further research is
needed to know whether these different approaches have varying impacts on patient outcomes (Tirodkar et
al. 2014). This echoes a more general call in economics to engage in “mechanism experiments,” studying
not only whole policy interventions but also attempting to identify the specific channels by which these
programs yield improvements (Ludwig, Kling, and Mullainathan 2011). By documenting which specific

PCMH capabilities were present in the recognized practices, we intend to assess whether these capabilities



have differential impact on patient interaction with the healthcare system, potentially clarifying some of the

conflicting results from prior studies.

This paper uses data on 152,093 patients over six years (370,764 patient-years in total) covered by a single
large, private insurer in southeastern Pennsylvania. These patients were treated in 104 practices which
gained recognition as medical homes between 2008 and 2012, with healthcare utilization and expenditures
tracked through 2013. The dataset describing the specific PCMH components which practices had in place
is extremely detailed, including scoring based on 127 individual “factors” of implementation.! As a
consequence, the number of dimensions of interest exceeds the number of practices with which to study
them. Moreover, the specific functional form of the primary care production function is not known, and

there may be important interactions between PCMH factors in determining patient outcomes.

To address these issues, we group medical home practices into one of three types using a hierarchical
clustering approach. The algorithm used here starts with N clusters of 1 practice, and sequentially groups
practices based on their similarity in terms of implemented PCMH “factors.” This dramatically reduces the
dimensionality of the problem described above, as we are able to include only indicators for cluster
identifiers in the regression analyses. In addition to making the analysis possible, this approach substantially
reduces the risk of overfitting, as the clusters are defined without reference to any of the outcomes of
interest. Using this approach, we find substantial heterogeneity in implementation across clusters, with
different areas of focus (generally summarized as the “basic model,” which passes only the minimum
PCMH requirements; a “patient-facing” emphasis, focusing on enhanced population health management;
and a “physician-facing” variant, stressing enhanced access, decision support and data reporting).
Moreover, we find that both analyses which treat the PCMH model as an undifferentiated intervention and
alternative specifications that use the level of PCMH recognition to differentiate between practices miss
significant variation in effects on patient expenditure and utilization outcomes, which become apparent
when the PCMH model is instead evaluated in terms of the performance of clusters of similar practices.
Additionally, we find that this pattern — heterogeneity in PCMH implementation and subsequent differential
effects on patient outcomes — is not explained away by practice-type mix or prevalence of chronic illness

across practices.

The rest of the paper is organized as follows: the following section describes the patient centered medical
home model and discusses previous efforts at evaluating its effects on patient outcomes. Section III
introduces a theoretical model of profit or value-driven procurement under asymmetric information to

describe the contractual interactions between insurers and primary care practices. The model highlights the

! The 127 individual NCQA factors span 139 binary components.
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role of quality assurance credentialing (such as NCQA’s PCMH recognition process), which certifies that
practices have adopted a range of quality-improving features. Some of these features may have cost-
reducing effects valued by the insurer, thereby providing a noisy signal of efficiency to insurers. This
certification process may play a role in mitigating adverse selection and in ensuring that certain productive

tasks are performed by the practice.

Having provided a theoretical framework for understanding why insurers may value the signal of quality
provided by NCQA accreditation, we then assess how the signal is being produced. Whereas previous
analyses have been limited to coarse summaries of PCMH recognition (either a binary indicator of PCMH
adoption or the level of recognition), this study makes use of the granular practice data used by NCQA in
the recognition process. Section IV discusses the sources of patient and primary care practice data used in
this study. Section V describes our empirical approach, covering both the clustering technique and
regression analysis used to assess patient-level data. In Section VI, we present our results. We find that
practices achieve PCMH recognition with different combinations of eligible features, and that this variation
is not captured by previously-used summary measures such as PCMH level. Additionally, when considered
as a single intervention, PCMH adoption explains little of the variation in patient outcomes; however, when
practices are analyzed as belonging to a commonly implemented subtype, a relationship between PCMH
adoption and patient outcomes emerges. Section VII includes discussion of these results, and Section VIII

concludes.
1. The Patient Centered Medical Home

An extensive body of literature points to a number of problems with the status quo approach to organizing
primary care - for example, care is often structured to address acute health issues, rather than to manage on-
going concerns (Wagner, Austin, and Von Korff 1996; Bodenheimer, Wagner, and Grumbach 2002).
Specialist and procedural services such as diagnostic imaging are reimbursed at higher rates compared to
core primary care activities aimed at disease management, and physicians may not be paid at all for work
to coordinate care outside of primary care practices (Bodenheimer and Pham 2010). Additionally, fewer
than half of office-based physicians had an electronic health record (EHR) system in place as of 2008, when
the PCMH initiative considered in this study began (Hsiao and Hing 2014), potentially leading to difficulty

monitoring the care and condition of patients with chronic illnesses.
The patient centered medical home is the leading model currently being advanced to address these

significant problems in primary care. The medical home provides “whole person” care, aimed at treating

acute needs as well as focusing on broader goals like population health management, coordination of care
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across sites, improved patient engagement, implementation of evidence-based care, using health

information technology, expanded practice hours and improved patient-provider communication.’

These goals were operationalized by the National Committee for Quality Assurance (NCQA), an
organization which has produced a recognition checklist for practices seeking accreditation as patient
centered medical homes. In recent years, these guidelines have become the standard recognition criteria
used in evaluations of the PCMH model (Friedberg et al. 2009; Cassidy 2010). By October 2014, 11,058
sites of care and 55,156 clinicians were recognized by NCQA as PCMH (roughly a quarter of all practicing
primary care physicians in the U.S.). The 2008 NCQA guidelines, which were used to evaluate the practices
included in this study, provide 127 specific action items (or “factors,”) which are grouped into 30
“elements,” which are further grouped into nine “standards;” practices accrue points based on the number
and type of PCMH factors which have been implemented, with different weightings depending on the
specific area of practice improvement. Practices achieve PCMH recognition at one of three levels by
satisfying two sets of requirements: first, they must receive at least 50% of the possible points in five or
more of ten “must-pass” elements; second, they must receive 25 or more total points (out of a possible score
of 100). Practices qualify for Level 1 recognition with 5 or more must-pass elements and 25 points; Level
2 is reached when practices pass all 10 must-pass elements and have accrued at least 50 points; and Level
3 is reserved for practices satisfying all 10 must-pass requirements and receiving a total score of 75 points
or more (National Committee for Quality Assurance 2008). An overview of these standards and elements
appears in Table 1.
[TABLE 1]

The PCMH model is expected to lead to better care management and subsequently to a reduction in
utilization of high-cost, high-intensity care such as hospitalizations or emergency department (ED) visits
(Hearld and Alexander 2012). By one estimate, as many as 27% of ED visits could have been effectively
treated in an office-based setting (Weinick, Burns, and Mehrotra 2010). The evidence on the PCMH
model’s impact on patient outcomes to date has been mixed. While several studies of the PCMH model
have found evidence of reduced total expenditures (Devries et al. 2012; Paustian et al. 2013) and lower
utilization of high-cost medical services such as hospital admission and ED visits (Reid et al., 2010; David
et al., 2014; Rosenthal et al., 2015, 2016), other studies, including systematic literature reviews, found the
PCMH to have limited or no effect on quality, utilization or expenditures (Friedberg et al., 2014; Peikes,
Zutshi, Genevro, Parchman, & Meyers, 2012; Jackson et al., 2013; Peikes et al., 2011). All these studies

2 The origins and evolution of the PCMH model have been extensively documented by health services researchers
(Friedberg et al. 2009; Kilo and Wasson 2010).
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analyze implementation of the PCMH model as a whole, rather than studying the specific components

practices adopted.

1. Theoretical Framework

Health care providers, who have traditionally been tasked with the management of clinical risk, are
increasingly viewed as having the capacity to also influence financial risks, which have been conventionally
borne by insurers. This perceived capacity lies at the heart of most alternative payment models in healthcare,
which incentivize a variety of actions by providers, ranging from the elimination of low value care to disease
prevention programs. For example, effective population health management is believed to reduce
expensive, avoidable care. Capitation of primary care practices is unlikely to yield such a desirable
outcome, as these clinics are rarely at risk of bearing the cost of expensive downstream care for their patient
populations, even if that care results from suboptimal primary care. Therefore, insurance companies
interested in cost containment have increasingly encouraged the reorganization of primary care, with an
emphasis on population health management. However, lacking contractual leverage, insurers have to rely
on third party accreditation organizations in designing incentive schemes for reorganization of care

delivery.

NCQA is the leading health care accreditation organization in the US and provides recognition of the PCMH
model on a commercial basis. Moreover, the PCMH is the leading and fastest growing health care delivery
model in the US primary care market. However, the issue detailed in this section goes beyond primary care
and indeed, beyond healthcare as an industry. It generalizes to most industries where independent third
party accreditation organizations provide important quality signals to markets. These industries include:
government agencies, education, healthcare, manufacturing, charities, financial services, as well as food
producers.® A complete derivation of the theoretical model underlying this framework appears in Appendix

A.

This theoretical framework aims to provide the case for why an insurer would seek third-party accreditation
of health system reorganizations, and to demonstrate why the coarse summaries of implementation levels
used in the PCMH evaluation literature cut against this goal in a conventional principal-agent procurement

framework. This framework highlights the role of asymmetric information, in allowing for informational

3 Specific examples include, the National Council for Private School Accreditation for primary and secondary
education; the Council for Higher Education Accreditation for colleges and universities; leading credit rating agencies
in capital markets; accreditation by the Fair Labor Association for companies complying with international labor
standards, etc.
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rents and distortion of unobserved efficiency parameters to affect the value of an accreditation signal.
Hence, combining multiple dimensions of accreditation into a single index reduces the value of the

accreditation signal.

There is an extensive literature on the value and desirability of auditing (Khalil and Lawarree 1995),
supervision (Engel 2006) and monitoring (Liu 1982; Lewis and Sappington 1991; Zhao 2008) in reducing
such distortions. While most of this literature analyzes these issues in the case of within-firm hierarchical
labor relations between owners and managers (or managers and their staff), our context lends itself to a
procurement framework, as it pertains to cases were the insurer is not financially integrated with the
physician practice with which it contracts.* Since a health care provider must consent to any type of external
monitoring, we focus on information extraction by the insurer that relies on third-party credentialing

organizations (such as NCQA).

We point to the fact that there may be a misalignment between the parameters collected by the NCQA and
the ones the insurer cares about. In particular, the information sought by a profit maximizing insurer is
likely to differ from the information generated through a process designed to achieve social value.
Moreover, based on the underlying NCQA process, recognition can be achieved through different
combinations of actions (or clusters of actions). And while these different clusters can plausibly lead to the

same desirable social outcome, they may differentially affect a profit-maximizing insurer.

For simplicity, we consider three specific actions taken by the practice: those that benefit both the patient
and insurer; actions that benefit the patient alone; and actions that benefit only the insurer. Since these
actions may require different diagnostic, technological, and informational capabilities the practice may
come to realize that it is better-suited for some actions than others. When the practice is efficient in
performing one of these three actions, high effort has relatively low disutility associated with it. For
example, reducing medication errors is easier when the practice uses an electronic system to order

prescriptions, to check for safety and to promote efficiency when prescribing.

Through quality assurance efforts (e.g. NCQA PCMH recognition), the insurer can observe a signal of

practice efficiency and refine its contracts based on that signal. The signal is a discrete credentialing level

% Notable exceptions include integrated delivery systems that have an insurance component (typically an HMO) under
a single parent company. Examples include Kaiser Permanente in California, Geisinger Health System in
Pennsylvania, or Intermountain Healthcare in Utah.
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— a new information that allows for the screening of practices to more effectively combat adverse selection.’
Furthermore, note that the third-party credentialing organization is interested solely in quality of care, and
therefore collects information exclusively on efficiency as it concerns actions benefitting either the patient
alone or both patient and insurer. Since the profit maximizing insurer does not care about efficiency in
performing actions benefitting only the patient and the signal contains no information about insurer-
benefitting action, its informational value depends exclusively on how the signal encodes actions
benefitting both the insurer and patient. In other words, the value of the signal is greater the larger the scope
for actions that benefit both patients and the insurer and the more accurate the NCQA signal is in detecting
how effective the practice is in taking these actions, and the more profitable it is for the insurer to ensure

that the practice exerts the utmost effort in that regard. The complete model is presented in Appendix A.

v. Data
Program Description

This study analyzes data from HMO enrollees in a single large, commercial insurer in Pennsylvania. This
insurer actively encouraged primary care practices to seek PCMH recognition (level 1 or higher), offering
support services as well as financial compensation to practices which implemented the PCMH model. Early
adopters received payments in order to defray the costs of PCMH infrastructure In addition, level 3 PCMH
practices receive an increase in reimbursement of $3.00 per-member per-month (PMPM), while level 2 and
level 1 PCMH practices receive $2.00 and $1.25 PMPM, respectively.® The insurer offered a number of
clinical support services as well: practices gained access to the American College of Physicians’ Practice
Advisor tool, which provides guidance on care, workflow and practice organization, as well as a PCMH

resource library (provided by NaviNet), and a variety of clinical reports.
Recognition Data

In order to achieve recognition, practices used an online platform to submit documentation on
implementation of PCMH capabilities for review. A small subset (5%) of practices went through a
subsequence audit process (Tirodkar et al. 2014). Though data on practice PCMH recognition level had
previously been available to researchers, the detailed data on specific practice capabilities had not. As a

result, evaluations of the PCMH model have generally proceeded without detailed data on which

® Third-party screening, while producing a signal for the insurer should be distinguished from the concept of Signaling,
which implies that the informed practice moves first by choosing an action to signal its type.

6 Note that this boost is large, when considering that practices receive an average of $16.14 (PMPM) for commercially
insured patients and an average of $25.89 (PMPM) for Medicare Advantage patients.
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capabilities practices had implemented. One exception is Friedberg et al. (2014), which used surveys of
practices to assess which PCMH components were present. These survey results provided useful description
of a small number of early PCMH implementation, but were not used to assess whether and how
heterogeneity in implementation may have impacted patient outcomes. Another recent study (Tirodkar et
al. 2014) used the detailed recognition data for descriptive purposes, identifying significant variation in
PCMH implementation, even among practices recognized at Level 3. However, this study did not link the
recognition scoring to claims data or any other information on patient outcomes, and states that further
research to identify the highest-impact PCMH components is needed. For the following analyses, practice-
level recognition data were obtained from NCQA. In order to facilitate this access, we have identified all
the practices which adopted the PCMH model by September 2012. We contacted the practices to obtain
consent for NCQA to release the detailed recognition data to us and followed up on all contacted practices
intensively, making repeated attempts to contact non-respondents. The resulting dataset includes 139 binary
dimensions of PCMH recognition for each practice, representing the most granular information used in the

2008 PCMH recognition process.
Selection Criteria

All practices in our analysis achieved PCMH recognition but differ in the timing of accreditation. Practices
receiving recognition as a PCMH after September 2012 were excluded from consideration as this
information did not exist at the time we began reaching out to practices to obtain consent for data release.
Of 280 eligible practices, we received responses from 134 practices. We excluded 27 pediatric practices,
since children have vastly different health needs and a different profile of health care utilization compared
to the adult population. In addition, we excluded 3 practices that did not span the full six-year study period,
leaving 104 practices whose data are included in this study. Figure 1 represents the cumulative number of
PCMH-recognized practices over time. The top blue line tracks the timing of recognition for all 280 PCMH
in this market between March 2008 and September 2012. The orange line below it tracks the 225 adult
PCMHs (excluding 55 pediatric practices). The green line below it tracks the 134 practices for which
detailed NCQA recognition data was obtained, and finally, the bottom red line tracks the final sample used
in this paper. PCMH recognitions have accelerated over time with 4 recognitions in 2008, 7 in 2009, 10 in
2010,46in 2011 and 36 over 9 months in 2012. In 2013 all 104 practices had PCMH status. The recognition

dynamics are similar across the four samples.
[Figure 1]

Patients enrolled in an insurance plan which did not require them to select a primary care physician (and

who therefore could not be reliably attributed to any one practice) were excluded from the study. All patient-
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year observations include members with 12 months of continuous enrollment in the plan. Finally, to account
for short-term disruptions around PCMH adoption and because all outcomes are observed at the patient-
year-level (e.g. expenditures per year), the year of PCMH recognition was excluded from this analysis.’
Applying these exclusion criteria generated two datasets: the first includes 370,764 patient-year
observations; and a second, referred to as “patient panel sample,” is comprised of 105,606 patient-years for
members enrolled in the same practice during all 6 years of the study period. The patient panel excludes
potential selective entry and attrition of patients before and after PCMH implementation. Additionally, we
identify patients with any of five chronic illnesses: congestive heart failure, chronic obstructive lung

disease, coronary artery disease, asthma and diabetes.
Patient and Practice Covariates

A number of variables were used to control for patient attributes. In addition to demographic information
like gender and age, each patient-year observation includes a risk score estimated using the Verisk Health
DxCG Risk Solutions model, which incorporates clinical and demographic data for each patient (Verisk
Health Inc. 2010). A number of practice descriptors, such as medical specialty were included. Summary

statistics describing this pool of eligible patient-years appear in Table 2.
[TABLE 2]

Several features of Table 2 warrant further discussion. First, note that patients in the “panel” sample (those
with 6 years of continuous enrollment in the data) are somewhat older than in the “full” sample. This is
due to the fact that the most common reasons for plan enrollment discontinuity are job switching,
relocations, and enrollment in higher education programs, all of which happen more frequently at younger
ages. We also observe some variability in age across clusters, with Cluster 2 serving substantially younger

patients than 1 or 3.

Additionally, along with this difference in age across clusters, we see a substantial difference in terms of
patient health. The first panel of Table 2 points to patients in Cluster 3 practices having the highest risk
scores, followed by Clusters 1 and 2. These differences are likely attributable to the age differences across
clusters as well as the modest differences in comorbidity prevalence presented in Table 2, but as the gradient
across clusters persists in the panel sample, it is unlikely for these differences to reflect selective entry or

attrition of patients.

7 Models including switch year data and controlling for both the year of PCMH implementation as well as the fraction
of that year spent in PCMH status yield similar results, but are not as conservative due to potential issues taking place
during the implementation year.

9-



Patient Outcomes Data

A summary table of patient outcomes, overall and by cluster, appears in the bottom panel of Table 2. Two
sets of patient outcomes data are available for analysis in this study. First, patient healthcare utilization is
measured in terms of hospital admissions, primary care physician (PCP) visits, specialist physician visits,
and emergency department visits. We analyze data on the impact of the PCMH clusters on these utilization
outcomes with respect to both extensive and intensive margins (that is, the probability of any encounter and
the number of encounters conditional on having at least one, respectively). Additionally, per patient
spending on professional services (that is, primary and specialist care) is considered in terms of the total
amount of their medical claims that were considered eligible for payment.® Expenditures are available as a
per-patient per-year total and are conditional on having non-zero expenditures in that year (reducing the

sample from 370,764 to 322,539 patient-year observations).

Of particular importance is the long time series analyzed in this study, allowing exploration of the long-run
effects of the PCMH on patient outcomes. The earliest practice recognitions in our data occur in 2008, so
even with the exclusion of the transition year, we are able to observe up to five years of data post-recognition
for some patients. This represents a significant advantage over many previous studies with more limited

follow-up periods.
IVV. Empirical Approach
Clustering Procedure

The evaluation of a practice-level intervention places our effective sample size (104 for which recognition
data is available and which meet our inclusion criteria) below the number of PCMH recognition dimensions,
precluding the more straightforward analysis of the impact of individual facets of the PMCH model on

patient outcomes.

Therefore, the approach we take is to identify “clusters” of practices which implemented similar mixes of
PCMH components, as measured at the “factor” level (the most granular level of data available on practice
behavior). Clustering techniques are used in a variety of fields to develop taxonomies, including marketing
(Punj and Stewart 1983), strategic management (Ketchen Jr. and Shook 1996) and health services research
(Shortell et al. 2014). The 2008 NCQA recognition process includes 139 unique components.” While 2'*°

8 This amount is based on the insurance company’s reimbursement rates, gross of coordination of benefits or subscriber
liability.

9 Of the 127 factors, 117 were already in binary form (Yes/No) and ten expressed as either a percentage or offered
four qualitative categories. Factors expressed as percentage were converted to a binary by assigning a threshold.
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combinations of PCMH factors are technically possible, relatively few of these combinations are realized.

Economies of scope are likely responsible for this fact.'’

We employed an agglomerative hierarchical clustering approach with Ward’s linkage, suited for clustering
in high-dimensional space, to group similar practices (Sun, Wang, and Fang 2012). Following Xu and
Wunsch (2009) and Aggarwal, and Reddy (2013), this approach, summarized in the flowchart below,
begins with N clusters of size one, and sequentially combines the most similar practices into larger clusters.
Every iteration involves calculating a proximity matrix, derived from a distance function, for the N clusters.
The grouping process involves selecting in every iteration two subsets which, when united, generate the
smallest increase in the value of the objective function. Given k € N subsets, this method allows for
reducing k into k-1 mutually exclusive subsets by considering the union of all possible k(k-1)/2 pairs. This
process is repeated until all subsets belong to a single group (Ward 1963). This iterative process can then
be expressed in the form of a dendrogram, a branching diagram that visually represents the formation of

clusters from maximally-similar practices.
[Figure 2]

Similarity of practices was measured using the Jaccard distance, and practices were grouped using Ward’s

method, which minimizes within-cluster variance. The objective function for the clustering process is given

2

—m, | , where K represents the number of remaining subsets (i.e. clusters) and m, is

. 1 . , .
the centroid of cluster C, , defined as m, = — Z x, where n, is the number of data points belonging to
k xeCy

cluster k and x represents the value of a data point. The starting value of E is always zero, as n=1 (that is,
each cluster contains a single data point and hence the cluster is equal to its centroid). At the end of the
process £ will equal some value that represents the sum of squared errors for all data points. Note that both
the starting and end points are not informative, and only serve as a window with which the optimal path of
grouping data-points into clusters can be obtained. Put differently, for each combination of two clusters (or

subsets) i and j, we can calculate the corresponding change in E, the value of the objective function, as

Qualitative factors were converted to a series of four dummy variables. In total, the clustering analysis was based on
a total of 139 factors and sub-factors.

10 For example, the individual factors under Standard 2, Element A (“basic system for managing patient data™) list
different pieces of information to be stored in an EHR, the majority of which would be present if any were. Other
examples include “scheduling each patient with a personal physician for continuity of care” (Element A1, Factor 1)
and “electronic system to order imaging tests” (Element B6, Factor 2).
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follows: AE,; = %Hml —m; H2 . The smallest value of AE; is selected and the process is then repeated
i J
for the remaining K-1 subsets, until a single cluster is reached. For the analysis which follows, a clustering
solution was chosen through inspection of a dendrogram, which provides a visual representation of the
increase in within-cluster distance after each aggregation. The root node of the dendrogram represents the
entire data set and the intermediate nodes represent the extent dissimilarity (distance) at which the points
were merged. Ultimately, a three-cluster solution was chosen.'' The two most dissimilar clusters are Cluster
3 vs. Cluster 1 + 2, with a dissimilarity score of about 6, the next cutoff separates Cluster 1 and 2 with a
dissimilarity score of above 4. The three-cluster solution is appealing as it contrasts with the three-levels of
recognition for PCMHs and provides a competing partition of the practice space. Figure 3 shows a plot of

the dendrogram used in this process.
[Figure 3]

This procedure defines the three clusters used in the following analyses, but does not provide any indication
of how the practices in each cluster differ. In order to identify the distinguishing characteristics of each
cluster, we use a one-way ANOVA to test whether mean scores for each element (that is, the level of

aggregation above factors) differ by cluster.

The three-cluster solution was chosen in part to serve as a parallel to the NCQA-defined three-level
typology of PCMH recognition, which is currently used to set PMPM reimbursement levels for participating
practices. If the various components of the PCMH model were equally important to improving patient care,
one would expect practices recognized at higher levels to strictly dominate those with lower levels of
recognition, since greater numbers of total points and higher performance on must-pass elements is required
to achieve each successive level. Moreover, there is good reason to expect that the clustering algorithm
above will result in a partition that mimics these recognition levels. That is, if there is little within-level
variation in the choice of recognition attributes, clustering should return the NCQA level classification.
However, a high degree of within-level variation in implementation is likely to lead to a partition that

crosses recognition levels and results in clusters that cannot be explained by NCQA recognition levels.

Varian (2014) outlines strategies for analyzing data when the number of regressors exceeds the sample size,
including LASSO and spike-and-slab variable selection techniques. These approaches could be viewed as

alternatives to the clustering analysis described above: rather than grouping practices into clusters with

! The dendrogram in Figure 3 provides roughly equal support for a three- or four-cluster solution. However, in the
four cluster solution, every practice in one of the clusters became PCMH recognized in the same year; a resulting
collinearity between the treatment indicator and year fixed effects precluded use of the four-cluster solution.
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similar implementation, one could instead estimate models to identify the subset of PCMH factors which
have the greatest impact on patient outcomes. However, these alternative approaches are best tailored to
situations in which covariates are being chosen in order to maximize a model’s predictive power with
respect to a single outcome of interest, whereas this analysis considers a large number of patient outcomes.
It would be possible to estimate separate models for each, but each LASSO (or similar) regression could
identify different sets of PCMH factors. However, our primary goal in this analysis is to assess whether the
specific implementation approach mattered for PCMH performance, rather than to predict the success of a
given approach ex ante. Additionally, we are concerned with the comparative success of observed
approaches to implementation, not the full hypothetical space allowed for by the approximately 140-item
recognition survey. LASSO-type variable selection approaches might place a substantial weight on PCMH
features unlikely to be stressed in the same practices. Moreover, while the models could be designed to
consider interactions between factors, these cross-model combinations of factors may never be observed in
actual practices. Using the clustering approach sacrifices some ability to identify the influence of individual

factors, but ensures that only realistic approaches to PCMH implantation are considered in the analysis.

Moreover, the individual coefficient estimates from such prediction models may not be interpretable in a
straightforward way, limiting their usefulness in assessing the impact of components of PCMH recognition.
These approaches are engineered to produce accurate predictions rather than stable coefficient estimates,
and if substantial collinearities exist between predictors, removing one could lead to large changes in the
coefficient estimates of interest while minimally affecting the predicted outcomes. In contexts like ours,
where large complementarities in implementation between factors create plausible collinearity, clustering

analysis provides an attractive alternative.

One further issue regarding the practice capability data analyzed in this study is that while we were able to
observe detailed information about practice attributes post-implementation, we lack any data on the
capabilities in place prior to recognition. One assumption we can (confidently) make is that practices neither
omitted capabilities which were in place from the PCMH recognition process, nor discarded capabilities
which had been in place prior to certification. Acknowledging that in some cases the PCMH recognition
process simply catalogs capabilities already in place (rather than catalyzing the introduction of new ones),
we can treat our difference-in-differences estimates of the PCMH and cluster effects as lower bound on the
true effect, as in the limit, if all capabilities where already in place prior to recognition, its effect should be

Z€10.

Regression Framework
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We estimate the impact of practices switching to PCMH status using a generalized difference-in-differences
approach. The analytical sample includes only practices which eventually switched to the PCMH model,
and practices which had not yet converted at a given point in time serve as controls for the practices
switching to PCMH status. The sample is limited to the practices which eventually achieved PCMH
recognition for two reasons: first, the detailed recognition data is only available for these practices; and
second, to address potential selection issues which would result from including “never adopters” in the

control group.

However, a regression approach which estimates these effects using a single indicator for the post-treatment
period (as in David et al. (2014)) treats the PCMH model as a “black box” and may miss important
differences in implementation. Instead, we present the results from the single-indicator approach described
above alongside two more flexible alternatives: first, a specification which includes separate “post x
treatment” indicators for each of three levels defined by NCQA; and second, which includes “post x
treatment” interactions for each of the clusters identified by our hierarchical algorithm. This research design
employs an identification strategy which exploits the fact that the transition to PCMH status occurred at
different times across primary care clinics, so patient outcomes could be tracked before and after the switch
at different points in time and across practices. These effects were estimated using models of the form

outlined below:
Yije = A + Wi + BXije + X521 6, (Post x Clusterg)it + &t (IV.1)

The outcome variable Yj; for patient j enrolled at primary care practice i during year ¢ is either (1) a
dichotomous variable tracking whether a patient-year observation includes any hospitalization, or PCP,
specialist or ED visit (=1) or no such encounter (=0), (2) the number of such encounters, conditional on
having at least one, or (3) expenditures for professional (physician) services. These expenditures for
professional services are important as it captures the total monetary value for encounters with both primary
care physicians and specialists. Specialist care is typically less frequent and more expensive than primary
care. The PCMH model strives to enable primary care physician to operate at the top of their license and

negate expensive and potentially avoidable downstream specialist care.

Despite the seemingly large number of outcomes of interest, the benefit of using a composite outcome
approach as in Hoynes, Schanzenbach, and Almond (2016) is less obvious in this setting. Our outcomes of
interest are interdependent and can be viewed as following a hierarchy of acuity, from primary care through
specialist visits, up to ED visits and finally hospitalization. Effective primary care may lower the reliance
on specialty care, who by effectively manage health conditions and prevent ED visits, and so on. Collapsing

these to a single outcome could obscure how increases in one category of utilization might correspond to
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decreases in another, if (potentially desirable) substitution is occurring. Moreover, the PCMH model
encourages periodic primary care visits while aspiring to eliminate frequent hospitalization and ED visits.
As a result, the single composite outcome would have to nest elements for which the desired outcome has

different directionality.

In the tables that follow, the “baseline model” which appears in Panel A includes only the “post” term,
indicating that a patient-year is associated with a recognized PCMH practice. In other words, there is only
a single PCMH “cluster” of all practices. This “baseline model” ignores the richness of our data and mimics
existing studies of PCMH. Panel B extends the analysis to include the “post x level” interactions, and in the

models represented in Panel C, we replace them with separate (Post x Cluster); terms.

The key explanatory variables are the (Post x Cluster.);;terms, which are indicator variables capturing each
practice’s PCMH status during a given year. (Post x Cluster.); equals 1 if an observation was recorded
during the first full calendar year following a practice becoming PCMH recognized (or in subsequent years),
and if that practice was identified as being a part of cluster c; this indicator is set to zero otherwise.
Observations recorded during the transitional year in which the switch to the PCMH model was made were
dropped from the analysis in order to account for the challenges of PCMH implementation documented in
the literature (Harbrecht and Latts 2012; Berenson et al. 2008; Kilo and Wasson 2010). Studies of other
health system reforms, including the Massachusetts health insurance reforms, have noted the importance of
accounting for such transitional periods in analytical design (Joynt et al. 2013; Chandra, Gruber, and
McKnight 2011)."% A, is a year fixed effects term, and u; represents practice or patient fixed effects,
depending on the specification. All models include these terms in order to account for secular trends and
unobserved, time-invariant characteristics of individual patients, respectively. Additionally, the model
expressed in equation (1) controls for time-varying patient characteristics such as risk score, age, and
comorbidities. The error term ¢ji represents the remaining, unobserved variation in patient and practice

attributes. In all models, standard errors are clustered at the practice level.
V. Results
Clustering Results

As discussed above, the dendrogram in Figure 3 supports the use of a practice typology solution which

includes three clusters (labelled 1-3). The three clusters are described using a Venn diagram in Figure 4.

12 Similar results are obtained from models using a “during” variable, which equals 1 in the switch year and zero
before and after that year and a variable capturing the fraction of the year in PCMH status.
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[FIGURE 4]

This diagram was generated by first performing a series of one-way ANOVA tests, which compared the
fraction of points within each of the 30 PCMH “elements” that each cluster received. In cases where the
clustering explained a significant (p<0.05) proportion of the variance in by-element scores, we attempted
to identify whether one cluster (or a pair of clusters) dominated the others in terms of implementation. For
example, consider element F8 — Electronic reporting to external entities - which appears in the Cluster 3
region of Figure 4. Practices in Cluster 3 received all possible points associated with element F8 (i.e. 100%),
whereas the practices in the Clusters 1 and 2 received averages of 33.3% and 35.5%, respectively. Another
example is element B2 — Electronic system for clinical data — which received an average score of 98% and
100% in Clusters 2 and 3, while receiving an average score of only 41.7% in Cluster 1. Put differently,
nearly all practices in Clusters 2 and 3 have fully implemented B2, while for practices in Cluster 1 there is
partial implementation. The score for Cluster 1 can reflect a situation where only two in five practices
implements this element fully, or where all practices in the cluster have implemented a two-fifths of factors
within this element. B2 appears in the area shared by Clusters 2 and 3, which represents the case where the
Clusters 2 and 3 dominate Cluster 1. A complete summary of the ANOVA analysis appears in Appendix
Table B1.

While most elements are easily assignable to a given location on the diagram, element E3 — Continuity of
care - was not. Cluster 3 is dominated by the other two clusters, as all its practices had zero points for this
element, and at the same time, the scores for Clusters 1 and 2 were not comparable: Cluster 1 received an
average of 52% while Cluster 2 received an average of 87%. As a result we placed E3 in-between the area
common to Clusters 1 and 2 and the area belonging exclusively to Cluster 1 to highlight the hierarchy across

the three cluster as it relates to element E3.

In Figure 4, one cluster dominating the other two is represented by an element label appearing in only one
circle; if two clusters dominated the third, the element label appears in the bullet-shaped area shared by the
two clusters’ regions. Finally, the center area includes the elements for which no cluster had a clear
advantage over the others (that is, the average element scores were not statistically significantly different
across the three clusters). Two general themes of differentiation in PCMH implementation can be attributed
to Clusters 2 and 3, based on the labels highlighted in Figure 4. Clusters 2 and 3 dominate Cluster 1 in terms
of average total points received — 82 and 83.7 versus 55.9. Hence, the relatively few factors recorded for
Cluster 1 are also shared by Clusters 2 and 3. The higher score of practices in these two clusters was

achieved by (1) recording additional similar factors (presented by specific elements in the area shared by
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the two clusters) and (2) recording additional factors that differ between Clusters 2 and 3 (presented in areas

that belong to a single cluster).

Cluster 1 is best viewed as a group of practices meeting a set of minimum requirements needed to secure
PCMH recognition. As a result, these practices would likely experience smaller improvements in patient
outcomes relative to Clusters 2 and 3, when the medical home model is treated as differentiated
interventions, rather than a unified approach. Additionally, the two high-performing clusters appear to have
different orientations in terms of the subsets of PCMH capabilities they tend to emphasize. In addition to
the common elements which distinguish both Clusters 2 and 3 from Cluster 1, Cluster 2 appears to focus
on patient-facing activities. These include population management, electronic support for care
management, and improving continuity of care. Cluster 3, on the other hand, appears to have adopted a
physician-facing orientation that emphasizes implementation of decision support, data reporting, and
adoption of systems for managing and tracking patient data. Most importantly, distinguishing between the
practices we have identified as Clusters 2 and 3 is impossible without the detailed certification data used in

this study, given their similar PCMH recognition levels and even overall scores.

A second Venn diagram, expressing the differences in emphasis of the 30 elements by NCQA recognition

level, appears in Appendix B as Figure B1.

This figure largely reflects the dominance relationships we would expect from the structure of the NCQA
rules. We observe a number of elements on which the three levels are not differentiating (including some
must-pass elements), a smaller number on which Levels 2 and 3 dominate Level 1, and finally 12 elements
for which Level 3 practices distinguish themselves from Levels 1 and 2. There is one outlier — Level 2
practices have an apparent advantage in terms of A4 — Documenting communication needs. Additionally,
the average score for Level 1 practices exceeds the 50 points needed for Level 2 recognition. The reason
for this is the presence of clinics with scores sufficient for achieving level 2 or even level 3 who do not

have the required 10 “must pass” elements.

The importance of the Venn diagrams goes beyond illustrating the variation across clusters of NCQA
recognition, highlighting two important features. The first is that recognition level may not be very
informative. Even practices with similar achievement in total points (information that is only available to
the practice) can differ in terms of care orientation and emphasize different productive tasks."> Second,

outcomes that tend to improve only for patients in one cluster can be subsequently traced back to the

13 Even levels of recognition, which are public information, are not informative. For example, both Cluster 1 and
Cluster 2 include practices of all three levels even though the average total score in Cluster 1 is almost 50% higher
than that in Cluster 2.
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underlying elements that separate this cluster from its counterparts. A similar exercise can be performed

for elements for which two clusters have an advantage.

Some of the elements have clear connections to the outcomes of interest. For example, Cluster 2 dominates
in terms of element F2, or “Use of a system for population management.” Since this covers areas like
proactive engagement on preventive and follow-up care, we would expect reductions in use of high-cost,
high-intensity services like inpatient care (with the potential for increased use of PCP care to implement
this management). Turning to Cluster 3, we find a distinctive emphasis on a number of decision support
and reporting areas. Cluster 3 also dominates on element A6, which concerns management of patient test
results — these improvements could reduce the need for repeated tests, reducing the number of PCP and
specialist visits. Though it offers less sharp predictions about how patient outcomes will change, Cluster 3
also dominates in terms of three performance reporting elements — C8, E8 and F8. It may be the case that
improved documentation of treatment and outcomes, as well as the prospect of having these outcomes

reported to insurance companies or other external parties, prompt physicians to change practice style.

Generally, we would expect Clusters 2 and 3 to dominate Cluster 1, which has both a lower average overall
practice score and no areas of implementation where it has clear advantages over Clusters 2 or 3. We can
make some further predictions about relative performance in terms of the specific areas where Clusters 2
and 3 show an advantage. Elements B2 and C2 (“Electronic System for Clinical Data” and “Use of
electronic clinical data) do not provide sharp predictions about specific performance areas, but element
E2, “Identifying important conditions,” would suggest better performance among patients with chronic
illness. The elements under Standard 3, “Care Management,” would predict increased use of preventive
care and medication adherence, potentially with downstream reduction in high-cost, high intensity services
like hospitalizations. Element B4, “Self-management support,” could potentially reduce overall utilization

by substituting self-management for formal contact with the medical system.
Patient Outcome Regression Results
Primary Care and Specialist Visit Outcomes

The tables which follow present results from a series of specifications for each outcome of interest. The top
row in each table specifies the outcome of interest. In the following row, we find three specification labels
— PCP fixed effects, member fixed effects, and member fixed effects (panel) — indicating that the y; term
in the regression specification references to physician or patient fixed effects. In the third case, the sample
is restricted to the panel of continuously enrolled patients. The coefficient estimates presented in the table

represent percentage point changes in the case of binary outcomes, fractional visits in the case of the
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conditional utilization outcomes, and dollar changes in the expenditure tables. In the descriptions of the
results which follow, the coefficient estimates from the tables are presented as a percent increase or decrease
relative to overall rates for the outcomes in question. Finally, each table is split into three panels: A, which
treats the PCMH as a single intervention; B, which estimates the level effects separately; and C, which

employs the novel clustering typology.

For the Panel A results the baselines used are the outcome rates in the full sample and patient panel sample.
For the results in Panel B, the rates are based on the within-level averages, and in Panel C, the baseline used

is the within-cluster rate.
[TABLE 3]

Panel A of Table 3 displays the difference-in-differences coefficients for the single PCMH adoption
indicator on the probability of having one or more primary care or specialist visits in a given year. These
results provide only limited evidence for an overall PCMH effect on PCP utilization, with a significant
estimate in only the member fixed effects specification, indicating a modest increase. In Panel B, we find
similarly weak evidence for any effect of the PCMH levels — only one specification yielded a significant
increase in PCP visits. None of these specifications yielded a significant change in the utilization of

specialist care.

Turning to Panel C, we find the results from the specification using separate difference-in-differences terms
for each of the three clusters. These coefficient estimates provide substantial evidence that there are
heterogeneous impacts of PCMH adoption which depend on the specific constellation of practice
improvements put in place. With respect to primary care visits, we find consistent evidence of an increase
in utilization in Clusters 2 and 3 (2.8-3.6% and 2.2-2.8%, respectively), and a large decrease in Cluster 1
(8.0-9.1%). These results are robust to the use of patient or practice fixed effects as well as to limiting the
analysis to the stable panel. Turning to the specialist results, we find evidence of decreased utilization in
Cluster 3 (2.3-3.4%). Only one of the models produced a significant estimate for Cluster 1, indicating a

decline in specialist utilization.
[TABLE 4]

Table 4 presents the estimated effects on primary care and specialist visits with respect to intensive margins
(the number of visits, conditional on having at least one in a given year). Again, we find limited and mixed
evidence of an overall PCMH effect on utilization. We find no significant effects on the number of specialist
visits, whether using the single PCMH indicator (Panel A) or level-specific indicators (Panel B). With

respect to PCP visits, we find a significant decrease in the panel specification, with the results reported in
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panel A. In Panel B, we find evidence that these results are driven by an apparent decrease in the conditional
number of visits among the stable panel of patients in Level 1 and 2 practices, and an increase in visits in

Level 3 practices, though the sign and significance vary across specifications.

However, in Panel C, we find results for the individual cluster effects on the number of PCP visits which
largely echo those in Table 3. We find significant increases in the number of visits in Clusters 2 and 3,
except in the patient panel specifications, and across the board decreases in the number of visits in Cluster
1. On the other hand, we find only no significant effects on the number of specialist visits, with inconsistent

signs across specifications.

Inpatient and Emergency Department Utilization

Table 5 displays the output from regressions predicting the probability of having at least one inpatient
hospitalization or ED visit in a given year. We find no evidence of changes in the probability of an inpatient
admission using either the overall or level-specific models. With respect to ED utilization, we find only one
(marginally) significant effect of the PCMH as a whole. In the results from the specifications using the level

terms reported in Panel B, we similarly find generally marginally- or non-significant results.
[TABLE 5]

In Panel C, we find additional evidence of a PCMH effect by cluster, though the results are again mixed.
We observe significant decreases in hospitalizations in the sample for Cluster 3 — though not in the stable

panel sample.

For ED utilization, we find no significant effects on the probability of one or more visits in Clusters 2 or 3,
but some evidence of increased ED utilization in Cluster 1 (ranging from 8.1-8.4% among the significant

results, and 4.7-8.4% overall).
[TABLE 6]

The results for the conditional hospitalization and ED visit regressions appear in Table 6. Regarding the
overall PCMH results for number of hospitalizations in Panel A, only the estimate using the stable patient
panel and patient fixed effects are significant, though the sign is consistently negative across all three
estimates. These results are echoed in Panel B, though only in the Level 1 results. In Panel C, we again

find that the estimates of the effect of PCMH adoption are confined to the panel sample, and limited to
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Clusters 1 and 2. We find no evidence of effect of the overall PCMH on ED utilization, and only marginally

significant estimates when looking at the clusters individually.
Expenditures for Physician Services
Table 7 presents a final set of outcomes — expenditures on professional services.

[TABLE 7]

Consistent with the previous tables, we find no overall effect of the PCMH model, or when using the level-
specific interaction terms, on expenditures for professional services. However, in Panel C we observe a
consistent PCMH effect across all three specifications for Cluster 3, with reductions in expenditures of

between 4.2 and 11.1% relative to baseline.
Specification Check — Risk Score Regressions

Finally, the right side of Table 7 presents results from a set of regressions treating the risk score as an
outcome of interest. Successful implementation of the PCMH model may reduce the burden of disease for
the clinic members and represent a benefit that extends beyond short run monetary savings or reduction in
utilization. In the non-panel specifications, it may capture selection issues, either riskier patients who select
into a PCMH or clinics cherry picking patients. In addition, this serves as a specification check to assess
whether adoption of the PCMH model impacts the risk score used as a patient control in all of the models
presented above. If the medical home’s chronic illness management components were sufficiently effective,
it is possible that adoption might reduce the apparent severity of illness and consequently bias our estimates
of the PCMH effect when controlling for risk. However, we find no such effect, either of the PCMH overall
or the individual clusters (Panels A and C), suggesting that this potential source of bias is not confounding
our results. The two non-panel specifications returned significant reductions in risk score for practices with

Level 2 certification in Panel B.
Parallel Trends Test

The reliability of results from difference-in-differences analysis depends critically upon confirming the
assumption of parallel trends, which requires that the treatment and control practices exhibit similar trends
in the absence of treatment. In order to test this assumption, following Autor (2003), we estimate cluster-
specific time effects using time-from-recognition year to account for the multiple periods as well as the
multiple treatment and control groups in our data. As in the main equation, the outcomes of interest — a
dummy for at least one primary care visit in a year and a dummy for at least one specialist visit in a year -

are measured at the individual level while the timing coefficients are at the practice level. The specification
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includes three leads (t-3, t-2, and t-1), the recognition year (t), and five lags (t+1 through t+5). The omitted
category is t-4. Hence, 8, is the coefficient on the Ath lead or lag across the three groups, g, (clusters or
levels).

G q
1;:&+yﬁ-Xﬁ+§:ZﬁMDAA:r%ﬂxGmw%ﬁw@ (V.1)

g=l A=—m

While the model has multiple treatment groups (practices) and multiple periods, it is possible to provide a
visual inspection for the evolution of practice specific trends as all practices are treated during the sample
period, albeit at different years. Figure 5 provides this visual by plotting the coefficients of §for our
preferred specification — member fixed-effects, with the sample including all enrollee (Appendix B Figure
2 presents the same visual for member fixed-effects for the stable panel of members with six years of
continuous enrollment).

[FIGURE 5]

The shaded area in gray connects the top and bottom of vertical bands representing £1.96 times the standard
error of each point estimate. The figure includes six trends for our two outcomes of interest across the three
clusters. A test of the differences-in-differences assumption is 4 = 0 for all A < 0. This assumption holds
in the case of specialist visits across all clusters as well for primary care visits for Clusters 2 and 3. In the
recognition year, the effects are close to zero, suggesting that changes do not manifest themselves rapidly.
With respect to Cluster 1, however, we do find clear pre-trends (that is, the coefficients on the pre-periods
are different from zero). This calls into question the reliability of the point estimates for this cluster, and
may explain the paradoxical negative impacts of PCMH adoption, such as the reduction in the likelihood
of seeing a primary care physician. This is not surprising, as Cluster 1 had the least meaningful adoption of
NCQA elements and there is no reason to think that the recognition itself would lead to deterioration in

performance.'*

Our key interest is comparing the Cluster 2 and Cluster 3. Both clusters exhibit an increase in primary care
use but only Cluster 3 had a reduction in specialist utilization (see Table 3). While the coefficient estimates
are similar for the DD analysis, post trends for primary care are different for the two clusters. In particular,
Cluster 3 shows acceleration of the recognition impact over time and then in periods t+3 through t+5 the

effect seem to stabilize, while for Cluster 2 there is a major increase in period t+1 a deceleration in t+2 and

14 Additionally, the violation of the parallel trends assumption in the case of Cluster 1 practices does not require that
we disregard the estimates for Clusters 2 and 3, where the assumption holds.

22-



then mean reversion in the following three periods. This may explain why the Cluster 3 practices managed
to leverage primary care to steadily reduce their patients’ reliance on specialist visits, while Cluster 2
practices did not. Figure 5 indicates that the differences-in-differences strategy seems successful in this
context, as the coefficients on the adoption leads are close to zero, showing little evidence of neither an

anticipatory response nor implementation preceding recognition.

VI. Discussion

Theoretically, reorganization of primary care holds much promise for improving access, quality and cost
of care. However, in practice there is little evidence that quality assurance, staffing regulation, and massive
investments in technology are bearing fruit. Our theoretical model has a number of important features which
can inform considerations of these topics. First, the practice can allocate resources to different subsets of
actions that would benefit stakeholders (namely patients and insurers) differentially. For example, insurers
would benefit from primary care providers substituting lower-cost specialty service (like diagnostic
imaging) providers, so long as these substitutions do not entail quality reductions that increase spending
downstream. Alternatively, given a fixed threshold for recognition, providers will likely choose to achieve
PCMH status by implementing the subset of actions where they find the lowest costs of improvement, rather
than the ones most likely to (for example) reduce total spending. Understanding these dynamics can help

explain why the incentives put in place by the PCMH recognition process do not generally reduce costs.

Further, the type of signal which NCQA recognition provides — indexing the different actions into a single
metric — makes it difficult to fully overcome practice-level adverse selection; nonetheless, insurers (even if
their motives are pure profit maximization) will likely find value in credentialing signals. To be clear,
insurers could benefit much more from observing the different capacities for actions at the practice level.
By collapsing the various dimensions of capability into a single practice score (here, the PCMH recognition
level), the NCQA limits the ability of insurers to contract on them. However, the size of the efforts which
benefit both patients and insurers, (ejp), is crucial. If it is zero, NCQA recognition is meaningless for a pure
profit maximizing insurer, as the signal provided will reflect only gains which accrue to patients. If, on the
other hand, the scope of activities which potentially benefit both patients and insurers, (e;), is quite broad,
insurers could benefit significantly from even a noisy signal. The PCMH model’s focus on areas like
decision support, data reporting and access to care is consistent with trying to provide such a signal - both
parties stand to gain from avoiding utilization of intensive medical services that is likely to follow from

lack of access to primary care and breaks in patient-physician communication.
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The use of clustering as a first step in analyzing the effects of the PCMH model provides both potentially
useful typologies of PCMH practices, as well as a viable strategy for evaluating the different approaches
practices have taken in implementation. This approach confers a number of benefits beyond overcoming
the obvious dimensionality problem. First, an analysis attempting to estimate the effects of individual
factors or elements would likely be complicated by significant collinearity issues: for example, practices
would be unlikely to adopt an electronic system for managing patient data, but neither organize nor use it
(which are all separate elements). Additionally, the functional form of the primary care “production
function” is not precisely understood, and any piecemeal analysis of the PCMH components would ideally
consider two-way (and greater) interactions between complementary aspects of the PCMH model, thereby

greatly increasing the dimensionality of the problem.

Turning to the empirical results, we find that previous analyses which have evaluated the patient centered
medical home model as a single, homogenous intervention have missed substantial variation in
implementation, and that this heterogeneity may have important implications for patient outcomes. This is
true for our naive PCMH analysis in Panel A of all regression tables, where we ignore the richness of our
data and treat all recognized practices in the same manner. A summary of the intensity of implementation
is the practice score, measured from zero to 100. However, we find that two of our clusters (2 and 3) have
roughly equal average scores (82.0 and 83.7) and recognition levels, but differ in their implementation on
potentially important elements and exhibit different impacts on utilization and expenditures for their patient
population. Moreover, an analysis which uses the greatest level of detail typically available to researchers
— practice recognition level — produces largely null results regarding the PCMH effect as well. This suggests
that greater detail regarding practice capabilities than is currently available to most researchers will be

needed to successfully evaluate the impact of the PCMH and other primary care initiatives.

Our findings suggest that PCMH heterogeneity should not be taken as value-neutral, especially if practices
are likely to emphasize PCMH capability areas of relative strength (which provide the easiest path to
certification), as our model would suggest. Since not all approaches to implementation are equally effective,
the current treatment of the PCMH recognition data as private is problematic, but may not be surprising.
As highlighted in the theoretical model in Section III, practices may enjoy informational rents when the

specifics of implementation are not revealed to the insurer.

The next question to consider regarding the use of the clustering approach is whether the areas of apparent
emphasis have any predictive power with respect to patient outcomes following NCQA recognition, as per
the discussion in Section V.1. Practices in Clusters 2 and 3 display increased intensity of primary care

services utilization (both in terms of the likelihood of having any visit and the number of contacts),
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consistent with greater adoption of new capabilities. For Cluster 3, we find some evidence of an offsetting
reduction in hospitalizations. Conversely, we find evidence of reduced PCP utilization in Cluster 1, though
this does not translate into significant reductions in spending. Table 5 presents some evidence of an increase
in ED utilization in Cluster 1, pointing to a possible substitution of lower-intensity PCP services for those
provided in the ER. Taken together, we present evidence that greater implementation is associated with
improved performance — Clusters 2 and 3 dominate on overall PCMH implementation scores, and both
provide more primary care. At least in the case of Cluster 3, there is some evidence to suggest that care is

provided at lower cost and with fewer hospitalizations.
VII.  Conclusion

Though the patient centered medical home is a leading model for primary care improvement, previous
studies in this area (due mostly to data limitations) have not accounted for the substantial heterogeneity in
the implementation of the PCMH model, which in turn has significant implications for patient outcomes.
Our analysis provides a framework for understanding this heterogeneity, by identifying the subsets of
PCMH improvements which different clusters of practices tend to emphasize, and evaluating their
differential effects on patients. As others have noted, some degree of flexibility in implementation may
indeed have been essential to encourage uptake of a new model of care like the PCMH. However, as these
policies mature (and as funds are directed to promoting implementation), identifying the elements of the
PCMH which are driving improvements in patient outcomes becomes an essential task. Otherwise, practices
may simply implement the lowest-cost capabilities needed to reach recognition, rather than the highest-

value elements from a societal standpoint.

As alternative payment models like Accountable Care Organizations (ACOs) grow in prominence, it will
be important not only to offer primary care practices incentives to control costs, but also to provide them
with the evidence-based guidelines for population health management that make these cost-savings
possible. In this sense, the PCMH model may best be viewed as a complement to other care coordination
and reorganization approaches, rather than as a substitutes, and it will be essential to offer primary care
providers clear insights about which improvements can reduce costs and utilization of expensive, high-

intensity healthcare services.
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Table 1: 2008 NCQA PCMH Scoring Guidelines

** Must Pass Element

-30-

Standards and Elements Max Score Standards and Elements Max Score
PPC1: Access and Communication 9 PPC5: Electronic Prescribing 8
Access and communication processes** 4 Electronic prescription writing 3
Access and communication results** 5 Prescribing decision support - safety 3
Prescribing decision support - efficiency 2
PPC2: Patient Tracking and Registry Functions 21
Basic system for managing patient data 2 PPC6: Test Tracking 13
Electronic system for clinical data 3 Test tracking and follow up** 7
Use of electronic clinical data 3 Electronic system for managing tests 6
Organizing clinical data** 6
Identifying important conditions** 4 PPC7: Referral Tracking 4
Use of system for population management 3 Referral tracking™** 4
PPC3: Care Management 20 PPC8: Performance Reporting and Improvement 15
Guidelines for important conditions** 3 Measures of performance** 3
Preventive service clinician reminders 4 Patient experience data 3
Practice organization 3 Reporting to physicians** 3
Care management for important conditions 5 Setting goals and taking action 3
Continuity of care 5 Reporting standardized measures 2
Electronic reporting to external entities 1
PPC4: Patient Self-Management Support 6 PPC9: Advanced Electronic Communications 4
Documenting communication needs 2 Availability of interactive website 1
Self-management support** 4 Electronic patient identification 2
Electronic care management support 1



Table 2: Summary Statistics: Patient and Practice Characteristics

All Adult Adult All Adult Patients Adult Panel
Patients Panel Clusterl Cluster2 Cluster3 Cluster| Clusterll Clusterlll
Observations 370,764 105,606 82,231 232,699 55,834 17,713 44,526 13,081
PATIENT CHARACTERISTICS
Age 48.45 54.29 49.50 47.86 49.36 63.15 60.76 61.84
(19.26) (18.81) (19.71) (19.09) (19.19) (17.72) (18.18) (17.57)
Gender (Female) 0.56 0.57 0.55 0.57 0.57 0.51 0.55 0.56
(0.50) (0.49) (0.50) (0.50) (0.49) (0.50) (0.50) (0.50)
Risk Score 2.76 2.91 2.93 2.62 3.11 7.37 6.59 7.43
(7.35) (6.80) (7.68) (7.01) (8.19) (13.15) (12.43) (13.99)
Congestive Heart Failure 0.02 0.02 0.02 0.02 0.02 0.10 0.09 0.10
(0.14) (0.15) (0.15) (0.13) (0.15) (0.31) (0.29) (0.30)
Chronic Obstructive Lung 0.03 0.03 0.03 0.03 0.04 0.15 0.14 0.18
Disease (0.17) (0.18) (0.18) (0.16) (0.20) (0.35) (0.34) (0.38)
Coronary Artery Disease 0.06 0.08 0.07 0.06 0.07 0.34 0.29 0.29
(0.24) (0.27) (0.26) (0.23) (0.25) (0.47) (0.45) (0.45)
Asthma 0.07 0.07 0.07 0.06 0.08 0.30 0.34 0.34
(0.25) (0.25) (0.25) (0.24) (0.27) (0.46) (0.47) (0.47)
Diabetes 0.10 0.12 0.10 0.09 0.11 0.48 0.47 0.48
(0.30) (0.32) (0.30) (0.29) (0.32) (0.50) (0.50) (0.50)
UTILIZATION
Hospitalization 0.08 0.08 0.09 0.08 0.10 0.22 0.19 0.22
(0.28) (0.28) (0.29) (0.27) (0.29) (0.42) (0.39) (0.41)
PCP Visits 0.81 0.83 0.77 0.83 0.81 0.90 0.95 0.95
(0.39) (0.37) (0.42) (0.38) (0.39) (0.30) (0.212) (0.22)
Specialist Visits 0.47 0.51 0.47 0.46 0.49 0.76 0.74 0.75
(0.50) (0.50) (0.50) (0.50) (0.50) (0.43) (0.44) (0.44)
ED Visits 0.13 0.12 0.14 0.13 0.14 0.20 0.19 0.19
(0.34) (0.33) (0.34) (0.34) (0.35) (0.40) (0.39) (0.39)
Professional Expenditures  2,085.28 2,082.98 2,170.51 2,043.59 2,134.67 3,852.71 3,645.60 3,812.45
(6,856.16) (5,094.82) (5,523.45) (7,440.29) (6,024.49) (7,562.22) (7,110.36) (8,189.90)

PRACTICE CHARACTERISTICS

Number of Practices 104 33 50 21
Total NCQA Points 74.07 55.90 82.00 83.73
(15.89) (14.54) (8.12) (0.83)
Internal Medicine 0.413 0.394 0.440 0.381
(0.495) (0.496) (0.501) (0.498)
Family Practice 0.567 0.545 0.560 0.619
(0.498) (0.506) (0.501) (0.498)
Pediatrics and Other* 0.019 0.061
(0.138) (0.242)

* "Other" practice type refers to Certified Registered Nurse Practitioner (CRNP) practices

31-



Table 3: Primary Care and Specialist Visits — Any Visit

Primary Care Practice Visits Specialist Visits

PCPFE Member FE Member FE (Panel) PCPFE Member FE Member FE (Panel)

A - Baseline Model

POST 0.0049 0.00714** -0.000807 0.00173  -0.000799 -0.00481
[0.00327] [0.00329] [0.00491] [0.00397] [0.00393] [0.00609]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.096 0.623 0.467 0.178 0.669 0.545
B - Level x POST interactions
Level 1 x POST 0.0021 0.0024 0.00205 -0.00404 -0.00105 -0.0103
[0.00560] [0.00601] [0.00811] [0.00683] [0.00721] [0.0101]
Level 2 x POST 0.0018 0.0018 0.0021 0.0043 -0.0032 -0.00642
[0.00528] [0.00572] [0.00773] [0.00643] [0.00685] [0.00966]
Level 3 x POST 0.0028 0.0102%** 0.0015 0.00201 -0.000461 -0.00392
[0.00333] [0.00337] [0.00499] [0.00406] [0.00404] [0.00624]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.099 0.625 0.472 0.178 0.669 0.545
C - Cluster x POST interactions
Cluster 1 x POST -0.0703*** -0.0620*** -0.0813*** -0.00133 -0.00564 -0.0161**
[0.00416] [0.00436] [0.00612] [0.00507] [0.00521] [0.00761]
Cluster 2 x POST 0.0297***  0.0292*** 0.0268*** 0.00664 0.00487 0.00328
[0.00347] [0.00353] [0.00520] [0.00422] [0.00422] [0.00647]
Cluster 3 x POST 0.0221***  0.0283*** 0.0232%** -0.0121** -0.0168*** -0.0172**
[0.00449] [0.00487] [0.00669] [0.00546] [0.00582] [0.00831]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.096 0.623 0.467 0.178 0.669 0.545

Robust standard errors in brackets; *** p<0.01, ** p<0.05, * p<0.1

All models control for patient demographics (age, age squared, and gender), patient risk score, five comorbid
conditions (congestive heart failure, chronic obstructive lung disease, coronary artery disease, asthma and diabetes),
year fixed effects and either practice or member fixed effects

-32-



Table 4: Primary Care and Specialist Visits — Number of Visits, Conditional on at Least One

Primary Care Practice Visits (Cond.) Specialist Visits (Cond.)

PCPFE Member FE Member FE (Panel) PCP FE Member FE Member FE (Panel)

A - Baseline Model

POST 0.0108 -0.0119 -0.116%** 0.0475 0.067 -0.0732
[0.0271] [0.0259] [0.0396] [0.0628] [0.0654] [0.0935]
Observations 307,747 307,747 90,013 179,200 179,200 55,676
R-squared 0.184 0.724 0.61 0.222 0.766 0.654
B - Level x POST interactions
Level 1 x POST 0.0138 -0.0113 -0.234%%* -0.106  -0.00685 -0.23
[0.0467] [0.0476] [0.0660] [0.106] [0.118] [0.151]
Level 2 x POST 0.0733 -0.0834 -0.149** 0.022 0.021 0.041
[0.0480] [0.0507] [0.0694] [0.0982] [0.109] [0.143]
Level 3 x POST 0.0105 0.0277 0.0113 0.041 0.0561 0.057
[0.0276]  [0.0265] [0.0403] [0.0641] [0.0671] [0.0956]
Observations 307,747 307,747 90,013 179,200 179,200 55,676
R-squared 0.184 0.724 0.61 0.222 0.766 0.654
C - Cluster x POST interactions
Cluster 1 x POST -0.431*%**  -0.479*** -0.676*** 0.0968 0.131 -0.0763
[0.0355]  [0.0355] [0.0508] [0.0791] [0.0855] [0.115]
Cluster 2 x POST 0.130%**  0,119*** 0.0481 0.0462 0.0392 -0.101
[0.0287] [0.0276] [0.0419] [0.0664] [0.0698] [0.0989]
Cluster 3 x POST 0.153%**  0,121%** 0.0605 -0.0182 0.0785 0.0369
[0.0372] [0.0382] [0.0539] [0.0848] [0.0947] [0.126]
Observations 307,747 307,747 90,013 179,200 179,200 55,676
R-squared 0.184 0.724 0.61 0.222 0.766 0.654

Robust standard errors in brackets; *** p<0.01, ** p<0.05, * p<0.1

All models control for patient demographics (age, age squared, and gender), patient risk score, five comorbid
conditions (congestive heart failure, chronic obstructive lung disease, coronary artery disease, asthma and diabetes),
year fixed effects and either practice or member fixed effects
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Table 5: Inpatient Admissions and ED Visits — Any Visit

Inpatient Hospital Admissions

Emergency Department Visits

PCPFE Member FE Member FE (Panel)

PCPFE Member FE Member FE (Panel)

A - Baseline Model

POST -0.00177  -0.000192 0.00361 0.00523*  0.00501 0.00714
[0.00204] [0.00235] [0.00359] [0.00293] [0.00325] [0.00490]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.308 0.621 0.481 0.041 0.515 0.312
B - Level x POST interactions
Level 1 x POST -0.003 -0.00264 -0.00097 0.00946*  0.00119 0.0113
[0.00350] [0.00431] [0.00597] [0.00503] [0.00595] [0.00814]
Level 2 x POST 0.000585 0.00296 0.00578 0.00131 0.00157 0.00148
[0.00330] [0.00409] [0.00570] [0.00474] [0.00565] [0.00776]
Level 3 x POST -0.00194  -0.000316 0.00388 0.00376 0.00285 0.0056
[0.00208] [0.00241] [0.00368] [0.00299] [0.00334] [0.00501]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.308 0.621 0.481 0.041 0.515 0.312
C - Cluster x POST interactions
Cluster 1 x POST 0.00066 0.00323 0.00626 0.0110*%** 0.0115%** 0.00917
[0.00260] [0.00311] [0.00449] [0.00373] [0.00430] [0.00611]
Cluster 2 x POST -0.00147 -0.000134 0.0042 0.00372 0.00408 0.00813
[0.00216] [0.00252] [0.00382] [0.00310] [0.00348] [0.00520]
Cluster 3 x POST -0.00643** -0.00609* -0.00278 0.00247  -0.00176 0.000221
[0.00280] [0.00348] [0.00490] [0.00402] [0.00480] [0.00668]
Observations 370,764 370,764 105,606 370,764 370,764 105,606
R-squared 0.308 0.621 0.481 0.041 0.515 0.312

Robust standard errors in brackets; *** p<0.01, ** p<0.05, * p<0.1

All models control for patient demographics (age, age squared, and gender), patient risk score, five comorbid
conditions (congestive heart failure, chronic obstructive lung disease, coronary artery disease, asthma and diabetes),

year fixed effects and either practice or member fixed effects
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Table 6: Inpatient Admissions and ED Visits — Number of Visits

Inpatient Hospital Admissions (Cond.) Emergency Department Visits (Cond.)

PCP FE Member FE Member FE (Panel) PCP FE Member FE Member FE (Panel)

A - Baseline Model

POST -0.0233 -0.043 -0.174* -0.00261 0.0364 0.0103
[0.0330] [0.0761] [0.0919] [0.0242] [0.0447] [0.0543]
Observations 31,287 31,287 9,068 53,750 53,750 14,057
R-squared 0.367 0.845 0.743 0.04 0.813 0.579
B - Level x POST interactions
Level 1 x POST -0.0619 -0.115 -0.236* 0.00134 0.0423 0.0789
[0.0564]  [0.126] [0.136] [0.0407] [0.0788] [0.0870]
Level 2 x POST -0.00155  -0.0455 -0.139 -0.00531 0.0207 0.0258
[0.0490]  [0.114] [0.0941] [0.0473]  [0.0773] [0.0844]
Level 3 x POST -0.0227  -0.0327 -0.196 -0.00635 0.0124 -0.0359
[0.0338] [0.0781] [0.128] [0.0933] [0.0462] [0.0557]
Observations 31,287 31,287 9,068 53,750 53,750 14,057
R-squared 0.367 0.845 0.743 0.04 0.813 0.58
C - Cluster x POST interactions
Cluster 1 x POST -0.0177  -0.0434 -0.200* 0.00508 0.105* 0.121*
[0.0410] [0.0947] [0.109] [0.0309] [0.0592] [0.0682]
Cluster 2 x POST -0.0247  -0.0497 -0.187* -0.00321  0.0189 -0.022
[0.0352] [0.0812] [0.0966] [0.0259]  [0.0485] [0.0579]
Cluster 3 x POST -0.0271 -0.0169 -0.0726 -0.011 -0.00414 -0.0385
[0.0438]  [0.106] [0.120] [0.0328]  [0.0644] [0.0732]
Observations 31,287 31,287 9,068 53,750 53,750 14,057
R-squared 0.367 0.845 0.743 0.04 0.813 0.579

Robust standard errors in brackets; *** p<0.01, ** p<0.05, * p<0.1

All models control for patient demographics (age, age squared, and gender), patient risk score, five comorbid
conditions (congestive heart failure, chronic obstructive lung disease, coronary artery disease, asthma and diabetes),
year fixed effects and either practice or member fixed effects
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Table 7: Professional Expenditures (conditional on non-zero) and Risk Score

Professional Expenditures (PCPs and Specialists) Risk Score %
PCP FE MemberFE  Member FE (Panel) PCPFE Member FE Member FE (Panel)
A - Baseline Model
POST -72.29 -5.514 -74.6 0.00165 -0.0992 -0.0645
[58.60] [42.06] [59.23] [0.0567]  [0.0953] [0.0843]
Observations 322,539 322,539 93,973 370,764 370,764 105,606
R-squared 0.184 0.84 0.657 0.231 0.698 0.530
B - Level x POST interactions
Level 1 x POST 151.8 84.18 127.1 0.0623 -0.0754 -0.0783
[99.82] [76.26] [97.51] [0.0973] [0.101] [0.140]
Level 2 x POST 23.9 35.2 46.86 -0.223**  -0.203** -0.181
[96.48] [75.05] [95.38] [0.0917] [0.0964] [0.134]
Level 3 x POST -98.31 -13.02 -83.37 0.0244 -0.0886 -0.0471
[59.82] [43.18] [60.56] [0.0579]  [0.0569] [0.0863]
Observations 322,539 322,539 93,973 370,764 370,764 105,606
R-squared 0.183 0.838 0.687 0.231 0.698 0.530
C - Cluster x POST interactions
Cluster 1 x POST 12.65 -3.445 -74.17 -0.0873 -0.162 -0.129
[74.91] [56.05] [74.20] [0.0722] [0.173] [0.105]
Cluster 2 x POST -59.52 26.39 -51.09 0.0488 -0.0725 -0.0455
[62.11] [45.02] [62.80] [0.0601] [0.0593] [0.0895]
Cluster 3 x POST -237.8%** -140.6** -161.7** -0.0443 -0.109 -0.0343
[79.84] [61.46) [79.98] [0.0779]  [0.0819] [0.115]
Observations 322,539 322,539 93,973 370,764 370,764 105,606
R-squared 0.184 0.84 0.657 0.231 0.698 0.530

Robust standard errors in brackets; *** p<0.01, ** p<0.05, * p<0.1

All models control for patient demographics (age, age squared, and gender), patient risk score, five comorbid conditions
(congestive heart failure, chronic obstructive lung disease, coronary artery disease, asthma and diabetes), year fixed effects
and either practice or member fixed effects

«» Risk score models don't include risk score as explanatory variable
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Figure 1

Cumulative Number of PCMHs by Day and Sample

300

250

200

150

100

50

o__‘ﬁf =

1/1/2008 12/31/2008 12/31/2009 12/31/2010 12/31/2011 12/30/2012 12/30/2013

s A || PCVIHS e Al Adult PCMHs === All Obtained PCVMIHs = === Al Obtained Adult PCMHs

-37-



Figure 2: Hierarchical Clustering Algorithm Flow Diagram
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Jaccard Dissimilarity

Figure 3: Dendrogram for Hierarchical Clustering Approach
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Figure 4: Cluster Description Venn Diagram
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FIGURE 5: Time Effects Pre and Post NCQA Recognition Year for Primary Care Visits and Specialist Visits by Cluster (All members:
N=370,764)
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Note: Time effects are obtained from regressions of mean change on member fixed-effects, year fixed-effects, and dummies for leads, recognition

year, and lags (lead t-4 is the omitted category), as described in equation V.1.
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Appendix A: Theoretical Model

This theoretical model aims to provide the case for why an insurer would seek third-party accreditation of
health system reorganizations, and to demonstrate why the coarse summaries of implementation levels used

in the PCMH evaluation literature cut against this goal.

Assume a risk-neutral insurer and a risk-neutral primary care practice which respectively insure and serve
a group of individuals. Extending the simple principal-agent framework, we assume that the practice can
take on a set of indivisible actions not fully observed by the insurer. A specific combination of actions
would yield a value, =, to a pure profit maximizing insurer. We assume that & is large enough to justify the
creation of a contractual environment that would induce the practice to take such actions. In addition, we
assume that the sole motivation for the practice in taking an action is to maximize the difference between
the monetary transfer from the insurer, ¢, and its cost of taking such action. This excludes the possibility
that these actions benefit the practice in other ways, in particular, the practice may derive utility from
enhancing its quality and reputation either due to altruistic motives or through its ability to translate quality

reputation into surplus (e.g. by charging higher prices, increasing its patient panel, etc.).

For simplicity, we will consider three specific actions taken by the practice. The first is an action that
benefits both patients and the insurer, implemented at effort level e;,. For example, the practice can allocate
resources to improve population health management which results in a reduction in avoidable downstream
health care utilization. The second is an action that benefits only patients, with effort expressed as ep. For
example, the practice may refer patients for treatment that is both more effective and more expensive. The
third is an action that benefits only the insurer, with effort level, e;. For example, referring a patient to an

equally competent, yet lower cost specialist. The total level of effort is the sum of the three action

components (i.e. € =€, +e¢, +¢,).

Since these actions may require different diagnostic, technological, and informational capabilities the

practice may come to realize that it is well suited for some actions and less so for others. This concept is

modeled by variation in the efficiency vector @ , which is realized after a contract is offered by the insurer
to the practice. When the practice is efficient in performing an action, high effort has relatively low disutility

associated with it. The efficiency vector is represented by a set of efficiency parameters that correspond to

the actions in the effort vector (i.e. 6 = 0,+60.+0,).
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The cost of effort (or a measure of disutility of effort in monetary terms) is assumed to be additively

separable in the three effort components and proportional to the parameters in the efficiency vector, such

that: }/(é,é)= %0, 1 ~e; + %O el + ‘/201;1 ~e;. Letting subscripts denote partial derivatives, for any
component of e, we verify that]/(é,O)z 0, y, (@,é)z 0, 7€g(é,§)> 0, 7g(é,§)< 0, and 7/69(9, é)S 0.
This cost function implies that the marginal disutility from effort at any effort level, 7, (9 ,e ) is lower when

0 is higher. For example, reducing medication errors is easier when the practice uses an electronic system
to order prescriptions, to check for safety and to promote efficiency when prescribing. Similarly, identifying
patient language preferences to overcome patient-specific barriers to communication is easier when the

practice staff is fluent in that language. Finally, we focus on the illustratively and computationally simpler

case in which each component 9]- , Where j € {p, I ip}, can take only one of two values, (9 1 OF 0 Lo with

0,,>06,,>0.Since 0 is realized after the contract is introduced, we assume that the insurer knows the

true distribution of each individual component of @, such that Prob 0,,)=q,€(0,]).

The insurer has access to a signal, s, on ] , and can refine its contracts to the practice based on this signal.
The information available to the insurer comes from a third-party credentialing organization through the
implementation of a quality assurance initiative (e.g. NCQA PCMH recognition). The signal is a discrete
credentialing level — a new information that allows for the screening of practices to more effectively combat
adverse selection.'” Furthermore, note that the third-party credentialing organization only observes the
realization of capabilities, @ , but not how they are used, e. It is interested solely in quality of care, and

therefore collects information exclusively on ¢, and @, .

Therefore, after the contract is set, the insurer observes the credentialing level S, when s <6, +6, or S,
when 5 > @, + 6, that the practice obtained. Since the profit maximizing insurer does not care about 6,
and the signal contains no information about &, its informational value depends exclusively on how 6,and

6,, map into s. To make credentialing instructive in this setting let s <&, , + 6,

oy ands >0, +6, ., that

ip,L°

is, Sy and S, correctly correspond to the realizations (H,H) and (L,L). Therefore, the key question is how

15 Third-party screening, while producing a signal for the insurer should be distinguished from the concept of
Signaling, which implies that the informed practice moves first by choosing an action to signal its type.
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0,,+0,,ad 0 ,+0

., map onto s. If 6, +6,

., belongs tos, and 6, , +6,

».. 105, the signal

accurately reveals the state of 6, .

Under this scenario, the insurer observes 6, but not@,, and hence can specify two conditional contracts

(T o€ )5ty e ) | s ) and ((2,,,,€,,),(¢,,.€,, )| s, ) that take into account the random nature of 6,
and condition on the realization of @, . The two resulting individual rationality (IR) constraints will be a

hybrid between the case where all values of 8 are observed and the case where none of the values of 8 are
observed. The IR constraints are presented in I11.2 and III.3. The incentive compatibility (IC) constraints
(IIL.4 and II1.5) ensure that a contract designed for one type of practice would be preferred by that practice
to the one designed for the other practice type.

The expected profit maximization problem for the insurer is given by:

Max Er=gq,-q, (€ +e, —tyy)+ 4, '(l_qip)'(ei,ﬁ te,. —ty )+
T sty tim >t (IH 1)
+(]‘_qi).qip '(ei,L te,n _tLH)"‘(l_Qi)'(l_Qip)'(ei,L te, —1)
2 2 2 2
€L €1 €L €L
s.t. et ———————)+(1-¢qg. ) (t,, ———")2>20 111.2
le ( LH ZQ,L Zeip’H ) ( qlp) ( LL 2@’L 2917),L ) ( )
2 2 2 2
€ n € 1 € u €L
oty ——— )+ (1—-q,) (t,y, —————2=)>0 111.3
qW ( HH 2@’1-1 29ip’H ) ( qlp) ( HL 29i,1_1 20117’11) ( )
2 2 2 2
qi . (tHH _ ei,H _ el'P,H )+ (1 _ qi ) . (tHL . ei,H _ elP,L ) 2
! 2‘91' H 2‘91'17 H ! 291' H 291',; L
5 ez’ eé 2 ’ (I11.4)
ei,L ip,H i,L ip,L
o(t,, ————")+(1-q. ) (¢, — -
qu ( LH 2@’1—[ 201.17’1_1 ) ( qu) ( LL 2@’1{ 261p’L )
2 2 2 2
€L €. H €L €L
(t,,, —————-—")+(1-9qg.)-(t,, —————)2
Q1p (LH ZQL 29[[711) ( qu) (LL ZQL 2H[pL)
ez’ ez’ e’z ez’ (IIL.5)
(g S Sl oy St it
q[p ( HH 201"11 20’])’1{ ) ( qlp) ( HL 201.’L 20ip’L)

We can ignore the IR constraint in (I11.3), as this constraint is a combination of constraints (I[1.4) and (III.1)

and hence, the set of feasible contracts in the problem remain exactly the same after (II1.3) is dropped.
((th » € n )s (s ei,H) |6, = Hi,H) = (O ei,L)7 (t11s ei,L) |6, = 91',11) > (2 €. U ei,L) |16, = HIH) 20

The solution to the problem using Kuhn-Tucker conditions follows a similar logic to classic work in
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economics.'® The equilibrium effort levels are given by é,.p g =0

ipH> € o, Lo €= gi,H and

ip,L = i

0., —q, 0.

e,=0,- {éH—q’H'H} leading effort in state §, ; be below both the level of effort when 6, is observed,
i~ 49 YL

éi’L < 6’“ = ezL as well as below the level of effort in state 8, ,, él.)L <6, = éi,H )

i

To see this note that constraint (I11.4.3) is omitted per our discussion above. Let i be the multiplier on the

IR constraint (II1.4.1) and let A ,and A, be the multipliers on the IC constraints (II1.4.4) and (IIL.4.5),

respectively. The Kuhn-Tucker conditions for this problem can be written as follows:

Condition with respect to €; ;; : g —A =LA, < (A.1)
’ O 0.
. . e . e, e,
Condition with respect to €; ; : l-g)-y-—-4,-—+ 4 -—<0 (A.2)

0, 0,1 O,

eé.
Condition with respect to €, ;;: 4~V -q," 0”’ <0 (A.3)
ip,H
e.
Condition with respect to €, ; : (l1-g,)-v-(1-q,)- e'p—’L <0 (A.4)
ip,L

To insure that all transfer values are positive (i.e. ¢, =0,¢,, 20,¢,,, 20,and ¢,, 2 0), consider the

following conditions:
Condition with respect toZ; or Iy 0 —q,+4, -1, =0 (A.5)
Condition with respecttof;; or I, :  —(1-g,)+w -4 +4,=0 (A.6)

Note that condition (A.5) implies that A, > 0. Thus, constraint (II1.4.4) must hold with equality at the

optimal solution. Combining conditions (A.5) and (A.6) implies thaty =1. Plugging v =1 in (A.3) and

16 In particular, work on asymmetric information with hidden information such as Pigou’s (1912) second-degree price
discrimination representation, the Rothschild & Stiglitz (1976) model of adverse selection in insurance markets, or
Maskin & Riley (1984) model of auction design.
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(A.4) provides the first result: ¢, , =6, ,and ¢, =0

.1 » suggesting that these effort levels are at their

optimal levels.

Next, note that both €; ;;and €; ; are strictly positive. (A.1) cannot hold if ¢, , = 0 and (A.2) cannot hold
when e,, =0 as g, #0. We can use (A.1) and (A.5) in conjunction to the information we have uncovered

thus far to conclude that 4, =g, and 4, = 0. Plugging this solution back in (A.1) and (A.2) we obtain:

G _ (A.17)
q;, —4; @,H .
(1-q.) g Gl g (A.2")
e, e, |

Rearranging conditions (A.1) and (A.2") we receive the second set of equilibrium effort levels: éi, 0 =04

gi,H —q;- 91',11

and ¢;; =06, -

gi,H —q;- 91',L

While the reduction in variability does not bring the insurer to a first-best contracting situation, it does
lessen the amount of surplus transfer to the practice which would be required under the second-best solution

without third-party screening. Put differently, conditioning on a third-party extracted signal enables the
insurer to reduce the informational rent and consequently reduce the distortion in effort for type &, . When

the optimal level of effort is chosen, the effort ratio in high and low states is proportional to the realized

efficiency parameter. If the signal s, accurately reveals the realized value of 6, , the insurer can eliminate

the distortion to effort e,, , while such distortion persists for ;.

The left hand-side panel of Figure 1 plots the contracts under an observed @,, , where the transfer level is

depicted on the vertical axis and effort level is depicted on the horizontal axis. The blue convex curves

represent the practice indifference curves for each realization of @, , i.e. all 7 and e;, pairs that makes the
practice indifferent between taking the contract and not. These curves start at the origin as, (z,¢,,) = (0,0)

represents the normalized opportunity cost of effort. A shift of the practice indifference curve to the

northwest results in a positive surplus for the practice. The red linear curves represent the insurer iso-profit
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curves for each realization of @ , i.e. all # and e;, pairs that make the insurer maintain a fixed level of profit,
7. A shift of the insurer iso-profit curve to the southeast results in an increase in surplus for the insurer.
Therefore, the optimal contracts for the insurer, conditional on the practice’s participation constraint, will
always be the tangency between the two curves. In these points the practice is required to set its effort level

to the point at which the marginal benefit exactly equals its marginal cost.

Figure 1: The optimal contracts when &, is observed & is unobserved by the insurer

Observed @p Unobserved 4

4, —7(Bp1:€p:) =0 fu = 7 Bpr€pu) =0 t, —¥(0,..€,)=0 ty — 76, qre ) >0

eip ei

Note that the first-best solution is no longer attainable as it is clear that type &, ,, will derive higher surplus
from choosing the contract directed at practice type &, , (the dotted line). Hence, the IC constraint for &, ,,
must be binding. The two second-best contracts (7,,,¢, ,,) € R x R+ for state #,, and (7,,¢, ) € R x R+ for

state @,  that ~ solve  the  problem  yield equilibrium  effort levels e, =0,and

0..,—q, -6

~ i,H i i,H s

iL T ei,L ’ ﬁ < Hi,H - ei,H .
i 4"V

D

The right hand-side panel of Figure 1 illustrates the equilibrium for €, in which the contract directed at

typed, , (7, ,€, ,)is no longer incentive compatible (i.e. the practice’s indifference curve is not tangent to

the iso-profit curve). Hence, a type 6, , practice will exert less effort, 2, <e;, and receive a lower transfer
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~

t, = l‘z , keeping it on the same original indifference curve with reservation utility zero. Practice type 8, ,,

will exert the same (efficient) level of effort, €, =e¢; ,, , but receive a higher transfer, ?H Zt;{ , placing it

on a higher indifference curve with a reservation utility greater than zero. The reason for the transfer of

surplus from the insurer to the practice lies in the fact thata @, , type can disguise as a &, , type, which in

turn forces the insurer to give up surplus in order to have g, ,, reveal its true type.

Now consider the case where either both 6, , +6, , and@, , + 6,  belong tos, or alternatively both

0,.+0, belong tos, . In these cases, the insurer cannot use the signal to accurately

ip,H

and 6, , +0,

ip,L

detect the value of Hip. Nevertheless, the signal may still be desired as its value is not zero. If both

belong tos,, 6, =6

p =0, 18 detected whens =s, . Similarly, if both

0,.+0,

ip,H

and@, , +0,

ip,L

0,,+0,,andé, , +6, belongtos,, §, =06,  isdetected whens=s,. Hence, two elements raise

the value of quality assurance recognition to the insurer — the strength of the signal in detecting the true

value of 6, , and the contribution of e, (relative to €;) to the insurer’s surplus. In other words, the value of

the signal is greater the larger the scope for actions that benefit both patients and the insurer and the more
accurate the NCQA signal is in detecting how efficient the practice is in taking these actions, and the more

profitable it is for the insurer to ensure that the practice exerts the utmost effort in that regard.

This model ignores an important aspect of the problem — namely, practices have reasons to refuse screening
by the credentialing organization. This could happen for two key reasons: the first, the credentialing process
may claim resources from the practice, and the second, contracting based on the credentialing signal
competes away informational rents that otherwise raise the practices’ expected utility. This may explain
why in practice, insurance companies have paid the implementation costs associated with implementing the
PCMH model, as well as tied the practice per-member per-month reimbursement to the level of NCQA

recognition.
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Appendix Table B1: ANOVA Results for Cluster Comparisons

F-stat
NCQA Recognition Element 1 2 3 p-value
Access and communication processes** 89.39 81.50 100.00} 3.236
(4.22) (5.04) (0.00) 0.043]
Access and communication results** 40.91 66.50 75.00] 14.819
(4.96) (3.95) (0.00) 0.000]
Basic system for managing patient data 85.61 69.50 100.00] 6.734]
(5.33) (5.77) (0.00) 0.002]
Electronic system for clinical data 41.67 98.00 100.00f 44.382]
(8.61) (1.40) (0.00) 0.000]
Use of electronic clinical data 44.70 85.00 92.86] 19.914
(8.27) (3.57)  (2.53) 0.000]
Organizing clinical data** 93.18 99.00  100.00 2.009
(4.25)  (1.00)  (0.00) 0.139)
Identifying important conditions** 81.06 96.00 100.00f 15.018
(3.93)  (1.31)  (0.00) 0.000]
Use of system for population management 33.33 70.50 50.00] 15.639
(5.18)  (5.04)  (0.00) 0.000]
Guidelines for important conditions** 79.55 98.00  100.00 8.463|
(6.10)  (2.000  (0.00) 0.000]
Preventive service clinician reminders 62.88 93.00 100.00] 21.534
(6.63)  (2.03)  (0.00) 0.000]
Practice organization 58.33 58.50 67.86) 0.712]
(6.50)  (4.66)  (4.28) 0.493]
Care management for important conditions 75.00 99.50  100.00|  11.406|
(7.54)  (0.50)  (0.00) 0.000]
Continuity of care 52.27 87.00 0.00] 67.982
(6.65)  (3.93)  (0.00) 0.000|
Documenting communication needs 56.06 61.00 47.62 1.253
(6.44)  (5.01)  (2.38) 0.290)
Self-management support** 65.91 90.50 91.67| 10.297
(6.87)  (2.56)  (2.64) 0.000|
Electronic prescription writing 46.21 80.00 92.86) 12.675
(8.08)  (4.84)  (4.92) 0.000|
Prescribing decision support - safety 46.97 92.00  100.00]  39.153]
(7.03)  (2.42)  (0.00) 0.000|
Prescribing decision support - efficiency 44.70 94.00  100.00| 42.546|
(7.60)  (1.96)  (0.00) 0.000]
Test tracking and follow up** 31.82 84.00 100.00| 59.601]
(5.99) (3.33) (0.00) 0.000]
Electronic system for managing tests 44.70 96.00 100.00} 53.417,
(7.20) (1.31) (0.00) 0.000]
Referral tracking** 49.24 79.00 75.00] 13.479
(6.30) (3.38) (0.00) 0.000]
Measures of performance ** 78.79 90.00  100.00 3.362
(6.89) (4.04) (0.00) 0.039]
Patient experience data 78.79 75.00 100.00} 3.406
(6.89) (6.10) (0.00) 0.037|
Reporting to physicians** 54.55 70.00  100.00|  15.498|
(5.90) (4.52) (0.00) 0.000]
Setting goals and taking action 31.82 74.00 50.00] 16.597
(6.08) (5.39) (0.00) 0.000]
Reporting standardized measures 39.39 70.00 100.00] 17.308
(7.30) (5.89) (0.00) 0.000]
Electronic reporting to external entities 33.33 35.50 100.00] 23.216
(6.94) (6.55) (0.00) 0.000]
Availability of interactive website 18.18 53.00 75.00] 23.069
(5.36) (5.33) (0.00) 0.000]
Electronic patient identification 0.00 14.00 0.00 4.269
(0.00) (4.96) (0.00) 0.017|
Electronic care management support 18.18 38.50 0.00] 9.632
(5.68) (6.07) (0.00) 0.000]

Right-most column displays F-statistic from ANOVA comparison of three clusters
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Appendix Figure B1: Level Description Venn Diagram

Documenting
communication needs
(50%: 90%: 54%)
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Appendix Figure B2: Time Effects Pre and Post NCQA Recognition Year for Primary Care Visits and Specialist Visits by Cluster (Panel:
N=105,606)
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Note: Time effects are obtained from regressions of mean change on member fixed-effects, year fixed-effects, and dummies for leads, recognition

year, and lags (lead t-4 is the omitted category), as described in equation V.1
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