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Abstract

We considerwhether hospital acquisitions of physicianslead to improved clinical outcomesfor
Medicare patients aged65 and older. The analysis combines2005-2012Medicare fee-for-service
and enrollment data with merger and physician a liation information from the Levin Reports
and SK&A, respectively. The analysisusespropensity scorematching and a discrete-time haz-
ard model to determine the e ect of acquisitions on severalhealth outcomes: mortality, acute
myocardial infarctions, acute circulatory conditions, ischemic heart disease,glaucoma, symp-
tomatic diabetes complications, and asymptomatic diabetes complications. These outcomes
representthe progressionof hypertension and diabetesinto worsehealth states. Our results in-
dicate that hospital acquisitions of existing physician practices have no wt
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| Introduction

Policy makersand industry participants are exploring waysto integrate healthcareservicesn



https://innovation.cms.gov/initiatives/aco/
http://www.advisory.com/Daily-Briefing/2012/07/10

This paper usesa di erence-in-di erences estimation strategy to measurethe e ects of
28 physician practice acquisitionsby hospitalson a variety of health outcomesrelated to the
treatment of hypertensionand diabetesamongMedicarepatients.> Our analysisextendsthe
existing empirical literature on the e ects of provider integration on healthcare quality in
three ways.

First, we identify changesin integration through physician acquisitionsby hospital sys-
tems, which sharply alter physicians\status" from independentprovidersto systememploy-
ees? Direct employmentrepresentsan extreme form of integration. Employers can directly
manageclinical practicesand nancial incentives using strategiesthat may be unavailable
through looserforms of integration.” Thus, our integration measurefacilitates inferencere-
gardingthe e ect of integration in our di erence-in-di erenceseconometricframework, which
relieson observingproviders changestatus from one form of integration to another.

Second,we measurehealth using severaldirect health outcome measureghat represent
the progressionof either diabetesor hypertensioninto a worsehealth state: mortality, acute
circulatory conditions, acute myocardial infarction (AMI), ischemicheart diseaseglaucoma,
and diabetes complications. We consider diabetesand hypertension since they are preva-
lent and treatable. Medical sciencehas correlated the outcomesthat we considerwith the
progressionof these conditions, and providers track these outcomesto managea patient's

health progressiorf As such, these outcome measuresare direct and prevalent measuresof

potential for large e ciencies beforethe antitrust authorities and the Courts. In the proposedacquisition of
the Saltzer medical group by St. Luke's health system,the merging parties claimed that any lost competition
attributable to the mergerwould be o set by e ciencies associatedwith provider integration. http://www.
ag.idaho.gov/consumerProtection/pendingActions/StLukesFTC&ldahoBrief.pdf

SSomeresearchersnd that physician-ownedpractices are more likely to participate in ACOs than physi-
cian practicesin hospital-basedsystems(Casalino et al., 2014).

6Health servicesresearchersare also interested in the e ects of other types of \clinical integration,"
which is any form of provider coordination that occurs independently of nancial integration. Clinical
integration may include full nancial integration, but also includes other forms of provider coordination
that doesnot necessitateformal mergers and acquisitions. See, e.g., of Health


http://www.ag.idaho.gov/consumerProtection/pendingActions/StLukesFTC&IdahoBrief.pdf
http://www.ag.idaho.gov/consumerProtection/pendingActions/StLukesFTC&IdahoBrief.pdf
http://www.thecamdengroup.com/thought-leadership/blog/clinical-integration-an-overview/
http://www.thecamdengroup.com/thought-leadership/blog/clinical-integration-an-overview/

diseaseprogressioninto severeoutcomesfor important chronic conditions.
The extensiveuse of mortality by the healthcare quality literature implicitly validates

our set of health metrics. While we, too,




confoundersor selectionbias.

Overall, our analysesnd that vertical integration rarely leadsto better health outcomes,
and sometimesresults in worseoutcomes.We typically nd negligible averagee ects across
acquisitionsthat do not changemuch in the severalyears following an acquisition® These
ndings arerobust, aswedo not nd evidenceof improved health in any of our speci cations
or with any of our outcome measureslinstead, our results indicate that vertical integration
is not associatedwith improvementsin health, despitethe fact that the literature hasfound
it to be associatedwith increasedexpenditures(Koch et al., 2017,Cappset al., 2015,Baker
et al., 2014a).

The rest of the paperis organizedasfollows: Sectionll reviewsthe existing literature on
the relationship betweenacquisitions and health outcomes.Section |l describesour data.
Section |V presentsour empirical strategy for estimating acquisition e ects and SectionV
provides motivating summary and balancestatistics. SectionVI discusseur ndings. We

concludein SectionVII.

I Background and literature review

Economic theory suggeststhat integration e ects are ambiguous and may depend upon
on a variety of conditions including agency concerns(Cooper et al., 2005), transactions
costs (Bresnahan and Levin, 2012), information asymmetries (Wolinsky, 1993, Afendulis
and Kessler,2007), and competitive incentives (Gaynor and Vogt, 2000, Whinston, 2006).
Since integration may be welfare increasingor decreasing,determination of its net e ects
requiresempirical assessmentHowever,empirical assessmentlependscrucially on the valid
measurementof both integration and outcome measurement.Integration takes many forms
that vary in degreeand scopeand may a ect a variety of outcomesincluding quality, costs,

prices, and output.

9We focuson the averagee ect of a vertical mergerand not the e ect of the averagemerger. As discussed
in recent work by Gibbons et al. (2014), these are not necessarilythe same.



The empirical literature considerghe e ects of a variety of integration formson numerous
outcomesAn old literature considerghe relationshipbetweenrm size,aform of integration,
and outcomessuchascostsand quality. Somestudies nd increasingreturns, whereasothers
do not.1° A related literature considersthe e ects of provider concentrationon economicand
clinical outcomesand generally nds that higher concentrationleadsto higher costs(Cooper
et al., 2015)and weakly negativehealth e ects (see,e.g.,Gaynor and Town (2012)and Koch
et al. (2018)).

A growing literature considersthe e ects of integration between hospitals and physi-
cianson costs, prices,and utilization (Neprashet al., 2015,Keating et al., 2004,Burns and
Muller, 2008, Baker et al., 2014a,2016, Cuellar and Gertler, 2006, Ciliberto and Dranove,
2006, Cappscet al., 2015). A related literature evaluatesthe performanceof ACOs on cost
and quality outcomes.Although this literature generally nds that hospital and physician
integration result in higher pricesor increasedcosts,Ciliberto and Dranove (2006) nds that
integration betweenhospitals and physiciansdoesnot lead to higher charges.

Our analysisis most closelyrelated to the literature that considersthe relationship be-
tween hospital and physician integration on the quality of care,broadly de ned (seePost et
al. (2017)for acomprehensiveeview). However,someof the literature expressesoncernthat
existing evidencehas not determined the causalrelationship between provider integration

and quality sinceit freque /T1_01 Tf-28.176-1.901 241/T1 11 Tf()Tj/T1_01 Tf2.233d (de nBu




betweenvertical integration and health outcomes.

1l Data

Our analysis combinesambulatory and hospital claims from Medicare during the period
2005-2012vith provider acquisitionsidenti ed usingdata from SK&A and the Levin Health

Care Acquisition Reports (Levin Reports)? We describethesedata below.

1.1 Provider acquisitions

The Levin Reports are annual lists of mergersand acquisitions in the healthcare sector

compiledby Irving Levin Associates a private




a liation



http://www.skainfo.com/

1.2 Medicare claims

We combine acquisition information with Medicare healthcare claims from a 5% sample
of Medicare bene ciaries during the period 2005to 20122 The 5% sample of Medicare
bene ciaries representsa censusof bene ciary claims from inpatient admissions,hospital
outpatient visits, and o ce-based visits for approximately 2.5 million personsper year.
The claims data contain detailed patient, provider, and serviceinformation. Patient in-

formation includes5-digit International Classi cation ceetaicemniiibosedatagesvic€ti6dd] /T1 2 1 Tf Td 52




We associatepatients with the




chronic conditions into more severeoutcomesrelated to that condition.

We believe our most credible measuresrelate to diabetes. Table A-3 provides the de-
scriptions for the ICD-9 codesthat we use as diabetesoutcome metrics, 250.00-250.93In
our analysis,and in Table A-3, we categorizethe ICD-9 codesas either \symptomatic" or
\asymptomatic." ?* Thesecodesexplicitly identify conditionsthat are related to the progres-
sion of diabetes.For example,the description for 250.10-250.13s not simply \ketoacidosis,"
but rather \diabetes with ketoacidosis."In addition to providing a relationship betweenthe
outcomeand the underlying chronic condition, we note that the existenceof the code sug-
geststhat providers monitor this complication in order to assesshe progressionof diabetes.

Indeed, the Agency for HealthcareResearch 1 ILe3 O Tadsim )Tj /T161IRo4come




with unobserveddeterminants of rm sizeor pro tability, then thesemetrics may bias our
analysis. For example, someof our metrics rely on physician diagnoses.If an acquisition
resultsin increasedmonitoring and thus more diagnosespur health outcomemeasuremight
suggestthat acquisitions result in worse health when, in fact, the acquisition resulted in
better monitoring and more diagnoses.

To addressthesepotential issueswe considera set of conditions with di erent strengths
and weaknessesIn particular, mortality and acute myocardial infarction (AMI) represent
severeoutcomeswith obvious symptomsthat are unlikely to be codedinconsistently across
claimsprocessorsMoreover,theseoutcomesare unlikely to be disproportionately observedas

aresult of increasedphysiciamphysiciam




physicians in our data.?’ To addressconcernsrelated to these di erences, our principal
econometric speci cation employs propensity score matching techniquesto identify a set
of relevant control-group patients. We then use these matched pairs in a xed-e ects dis-
cretetime hazardmodelto considerthe relationship betweenhealth outcomesand physician

acquisitions.

IV.1  Propensity score matching

Matching methodsare useful for measuringaverage\treatment” e ects, such asthe acqui-
sition e ect in our application, if covariate distributions di er substantially by \treatment"
status (i.e., \acquisition" status).?® As is evidentin Table 1, the Medicaredata is a goodcan-
didate for a matching procedure.We havea large set of potential control-group patients, and
the samplesof patients treated by acquiredand non-acquiredphysiciansdi er substantially
along rm size. We use propensity scorematching to ensurethat we have a good control
group for the set of patients treated by acquired physicians. of
We match patients that visit acquired physiciansto patients that visit non-acquired
physiciansusinga singlenearestneighborpropensity scorematch without replacementwithin
an exact match. We de ne the exact match categoriesusing the combination of patient sex-
patient birth cohort-physicianspecialty?® For example,one of our \exact-match" categories

includes a female that is born in 1935 and visits a family practice physician. We select

potential matchesfor each female bene ciary born in 1935that visits an /T1_1 1 Tf()Tj/T1_0 1 Tf 2.¢







conditions are measuredusing indicators for 18 chronic conditions, de ned as any chronic




acquiredat somepoint during the sampleperiod, which we representas A = 1. We assume

a logistic functional form




of patients choosingacquired physiciansacrossall age-sex-specialtygroups. The resulting
sample is the set of patients that visit an acquired physician and each of the matched
patients of non-acquiredphysicians.Our analysissampleis a quarterly datasetthat follows

eachof the treated patients and their matched pair over time.

IV.2 Health outcome \acquisition" e ects

We beginimplementation of our analysisof \acquisition" e ects usinga simple di erence-in-
di erences amongthe sampleconstructed from our propensity scoreanalysis.Our primary
speci cation estimateshealth outcomeacquisition e ects using a discrete-timehazard model
from the matched estimation sample. The logit regressioncontrols for a rich set of patient
demographiccharacteristics,provider characteristics,and quarter dummiesduring the period
2006-2012.0ur preferred speci cation also includes controls for the patient's health. We

representthis speci cation with the following equation:

Pr(hi =1jXis;) = ( pmPMi + tpm (fem; PMy)+ M+ 1y (fem; M;)

+ i Xipt yYriet my(Mj yri)+ zip + ¢+ Uy): (5)

The discrete time hazard model considersthe probability that we observea positive
realization of our health outcome variable in the contemporaneouseriod, hy = 1. Since
our health outcomesrepresentadversehealth conditions, we interpret negative coe cients
as improving health and positive coe cient estimates as worsening health. The discrete
choicehazard model speci esa logit probability (i.e., ()= exp()=(1+ exp())) for patient
i in quarter t, conditional on characteristics X and estimable paramaters . Each health
outcomethat we consider(i.e., acute cardiacconditions, AMI, death, diabetescomplications,
glaucoma,andischemicheart disease)s a discreteindicator that speci eswhetherthe patient
is observedwith the outcomeduring the quarter, or not. We modeleachoutcome,separately.

As is standard for discretetime hazard models, health outcomesare de ned as absorbing

17



states. Patients are assigneda condition for the duration of the sampleperiod following its

rst observancefor all conditions.3Te ecof




bene ciary visited another specialistnot included in the list of the most frequently observed
specialtiesin our data.*? Our preferred speci cation allows for an acquisition-speci c time
trend to di er from the jointly estimated quarter-year xed e ects.*?

We do not control for matched-pairsin equation (5), and thus do not take full advantage
of the propensity scorematching procedure.Rather, we limit the full sampleto a \trimmed"
samplethat is more balancedin the covariatesthan the original full sample,but which may
have someremaining bias. However, estimating this relatively parsimonious speci cation
allows us to recover marginal e ect estimates since estimation of equation (5) does not
require controlling for or recovering xed e ect estimates.In the next speci cation we do
account for the matched sample procedureby replacing controls for ZIP codewith xed-

e ects for matched pairs:

Pr(hi =1jXi;) = ( pmPMig + pm (femi PMy)+ wMi+ v (fem; M)

+ X+ yYrie+ my(Mi Yrie) * mach ¥ ¢+ Ui): (6)

Equation (6) (i.e., our \matching estimator") takesfull advantageof the nearest-neighbor
matching procedurethrough the inclusion of matchedpair xed-e ects, maenh - These xed-
e ects representseparateindicators for whether each of the bene aries is a member of a
speci ¢ matched-pairidenti ed using the nearestneighbor matching procedure.There are,
conceptually, N5 1 of these nacn indicators, onefor eachmatchedacquisition and control
bene ciary pair. We usethe procedureoutlined in Chamberlain (1980) to account for the
xed-e ects in the estimation of the post-mergere ects. Implementation of the Chamberlain
(1980) proceduree ectively takesdi erencesof h and X within eachmatchedpair to identify

the relevant coe cients, similar to a simple







Equation (7) allows the post-acquisition e ect to vary by e
However, we pool somesmaller acquisitionstogether and es

We alsodo not singtenot groups. togdleen.  groups.




recommendedby Hirano et al. (2003) to achievee cient coe cient estimates? We also
cluster the standard errors by the matched group (i.e., the treated patient and her matched
pair) to allow for correlationsovertime and acrossbirth cohort-sex-specialty-propensitgcore

matches.

V  Descriptive and motivating statistics

In Table 1, we provide summary statistics characterizinga selectset of important character-
istics for our Medicare sample.Each observationrepresentsa patient-quarter combination.
Table 1 providesall information separatelyfor patients of acquired physicians, patients of
potential control group physicians,and the sampleof matched patients using our propensity
scoremethodology?® The sampleof non-matchedpotential controls contains over 40 million

patient-quarters, and both the matchedand the acquisition sampleshavemorethan a million

observations.For eachsub-sample,Table 1 providesthe averagepropensity score,average
demographiccharacteristics such as age, sex, race, urbanicity, and health condition of the

bene ciaries. Table 1 also provides characteristicsof the providers seenby the bene aries,
including the specialtiesof the providersand whether the patient visited providers of various
sizes We alsoprovide the estimatesfor everybene ciary in the full sample®® Bene ciariesin

the sample of potential controlsare, onaverage, 76.2 yearsld, 86.1%white, 38.3%male, and
live predominantly in metro areaswith more than 500 thousand people.Bene ciaries often
visit multiple providers during a quarter. 74.4% of potential control bene ciaries visited a
provider in a group that had fewerthan 5 physiciansand 70.3%visited physiciansemployed

by groupswith between5-24




e ciaries have some




providers visited. The acquisition sampleis far more likely to visit a physician than the
sampleof potential controls. Moreover, patients of acquired physiciansvisit physiciansem-
ployed by larger rms than potential control group bene ciaries. Thus, the samplesare not
well-balancedalong thesedimensions.

The matching




physiciansafter the acquisition, and the matched patients that we useasa control-group for
the patients of acquired physicians.

A comparisonof outcomesamong patients of acquired physiciansin the pre-acquisition
period againstoutcomesof matchedbene ciaries nds that averageoutcomesare somewhat
better amongthe matched bene ciaries. For example,amongmale patients with hyperten-
sion, 5.2% of patients in the \matched" sampledevelopacute cardiac conditions, whereas
5.6% of patients in the pre-acquisition period developacute cardiac conditions. These pat-
terns appearfor most of the outcomesthat we consider.However,the comparisonof averages
doesnot control for other factorsthat may explain the di erencessuchaspatient demograph-
ics, provider characteristics,industry trends, or length of the sample>?

Among patients of acquired physicians,the comparisonof averagehealth outcomesbe-
fore and after acquisitions provides someevidencethat health outcomesimprove following
acquisitions. For example,among patients with hypertension, 5.6% of patients develop an
acute cardiaccondition in the pre-acquisitionperiod, but only 5.1%of those patients develop
an acute cardiac condition in the post-acquisitionperiod. In the post-acquisitionperiod, pa-
tients of acquired physiciansalso have weakly better outcomesthan matched bene ciaries.
We observethis pattern for most all of our health conditions for both men and women,
exceptfor mortality. Mortality outcomesare weakly better prior to acquisitionsand among
the matched patients than amongpatients of acquired physiciansfollowing acquisitions, ex-
cept among men with diabetes. Diabetic male patients of acquired physiciansdi er from
the other samplesin that they have higher mortality in the post-acquisition period than in
the pre-acquisition period, but are similar to the other samplesin that they have higher
mortality than their matched counterparts.

The goal of our analysisin the following sectionsis to determine whether the mean

di erences observedin Table 2 D




confoundingfactors, such as ageand generaltrends in health and healthcare>*

VI Empirical results

In this section,we presentthe resultsfrom our speci cationsthat derive from our propensity
scoreestimation sample.We beginwith the resultsfrom our di erence-in-di erences estima-

tion, which we presentin Table 3. This table presentscoe cients, marginal e ects, and their




women. For example, Table 3 presentsthe marginal e ect estimate from our\full set of
controls” speci cation for womenfrom the full propensity scoresamplein the top panelon
the right. We interpret the 0:012 estimateto meanthat the mergerswe considerreducethe
probability that womenfrom this samplewill die by 1.2%°>° However,both the marginal e ect
estimate and the correspondingpost-mergercoe cient estimate, 0:049, are statistically
insigni cant at the 5% con dence level, which is consistentwith no bene cial mergere ect.

Overall, we nd that acquisitionsdo not improve health outcomesin any of our speci ca-
tions for men or for women.Indeed, simply controlling for ageand time removesmost of the
beforeand after di erential observedin the samplemeansand reported in Table 2. Within
mortality, most of the coe cients and marginal e ects are not statistically signi cant from
zero.Although the acquisition coe cient estimatesin our mortality equationare positive and
statistically signi cant for both men and women among diabetics, the predicted marginal
e ects are not statistically signi cant at the 5% con dence level. However,as we suspected,
the marginal e ect estimatesfor mortality are imprecise.For example,the 95% con dence
interval in one speci cation rangesfrom reducing men's mortality by approximately 50%
to increasingmen's mortality by more than 25%. Similarly for women, the 95% con dence
interval rangesfrom reducingmortality by nearly 40%to increasingmortality by nearly the
sameamount in our preferredspeci cation using the full sample.

All of our other health measuresare much more preciselyestimatedthan are our estimates
for mortality. However,despitethe greaterprecisionin the estimatesfrom theseother health
outcomes,none of the marginal e ect estimatesprovide evidencethat acquisitionsimprove
health. Indeed,the marginal e ect estimatesacrossnearly all of our outcomesare statistically

insigni cant and none of the estimatesimply marginal e ect bene ts, asw0 Td3Tg Ei)Ras2 7 Elekii




acquisition coe cient estimatesreducethe probability that women have heart attacks, we
do not nd the sameresult for men. In addition, the resulting marginal e ect estimates
for heart attacks amongwomen are not statistically signi cant. Thus, evenwherewe nd

statistically signi cant coe cient estimatesconsistentwith health improvements,we do not
nd correspondingstatistically signi cant marginal e ects.

Noneof the estimatesin Table 3 fully take advantageof the information from our nearest
neighbormatching procedurethat we useto createour control sample.In Table 4, we report
the coe cient estimatesfrom from our nearest neighbor matching estimator against the
correspondingcoe cient estimatesfrom thesetwo relatively parsimoniousspeci cations.>’
We presentthis comparisonsincethe Chamberlain (1980) procedurethat we useto estimate
consistentestimatesfor the coe cients of interestin our most exible speci cation doesnot
allow for the calculation of marginal e ects.

Table 4 shows allow most 80j/T1 01 TfTI/T1_11Tf()Tj/T1 01 Tf4.498 27T1_1 1 Tf ()(T)8




signi cant better outcomes,relative to the parsimoniousspeci cations.

We interpret our matching estimator resultsto be similar and often attenuated relative to
the preferreddi erence-in-di erence speci cation, despitesome ndings of larger magnitude
coe cient estimatesfor mortality and ischemicheart disease.Consequently,we feel con -
dent that we can focus on the results from our more parsimoniousdi erence-in-di erence

speci cationsin the sectionsthat follow. Thesesectionsconsiderwhether




related to diabetes. The top two charts, (a) and (b), correspondwith the estimates for
asymptomatic and symptomatic diabetes complications, respectively. Chart (c) considers
glaucoma,an eye condition that results from the progressionof diabetes®® The estimates

are far more precisethan they were for mortality, especiallyfor our




the acquiredphysicians®® That we do not observebene cial acquisition e ects for any of our
transactions involving hypertensive patients suggeststhat our overall ndings are unlikely

due to choosingirrelevant health conditions for







of the nature of the outcome that we consider.We interpret our results as implying that
acquisitionsof this type have small clinical bene ts related to the treatment of hypertension
and diabetes.

One possiblelimitation of our study is that someof the \vertical" acquisitionsthat we
considermay alsoincreasephysician concentrationin the a ected areas.If so, prior research
hasdemonstratedthat increasedhorizontal concentrationmay lessencompetition for quality
(Koch et al., 2017) and thus o set e ciencies associatedwith \vertical" integration. This

e ect may also be responsiblefor the nding .725 0 Tte@yGuisitibel anf e ec7
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Table 1: Summary and balancestatistics for the Medicare sample2006-2012

Potential Normalized
Controls Matched Treated Di erences
Variable Mean SD Mean SD Mean SD Match P.C.
Propensity Score 0.018 0.039 0.137 0.118 0.144 0.128 0.054 1.329
Patient demographics
Age 76.21 8.10 7734 7.60 77.39 7.60 0.007 0.150
Male 0.383 0.486 0.390 0.488 0.391 0.488 0.002 0.017
White 0.861 0.346 0.917 0.276 0.917 0.276 0.000 0.179
Metro >1 million 0.438 0.494 0.457 0.494 0.461 0.495 0.007 0.045
Metro 500k - 1 million 0.216 0.405 0.244 0.421 0.233 0.414 -0.026 0.041
Metro < 500k 0.116 0.310 0.096 0.283 0.096 0.278 -0.001 -0.068
Non-Metro area 0.229 0.413 0.203 0.394 0.210 0.395 0.019 -0.045
Patient health
Hypertension 0.649 0.477 0.711 0.453 0.704 0.456 -0.015 0.118
Diabetes 0.252 0.434 0.276 0.447 0.275 0.447 -0.002 0.052
Circulatory 0.717 0.450 0.790 0.407 0.790 0.407 -0.001 0.170
Musculoskeletal 0.492 0.500 0.556 0.497 0.556 0.497 0.000 0.128
Endocrine 0.388 0.487 0.421 0.494 0.420 0.494 -0.002 0.064
Senseorgandiseases 0.314 0.464 0.344 0.475 0.344 0.475 0.000 0.064
Gastrointestinal 0.275 0.446 0.327 0.469 0.327 0.469 -0.001 0.113
Respiratory 0.215 0.411 0.262 0.440 0.258 0.438 -0.008 0.102
Signs/symptoms 0.200 0.400 0.248 0.432 0.249 0.432 0.001 0.117
Genito-urinary 0.224 0.417 0.251 0.433 0.248 0.432 -0.007 0.057
Blood disease 0.176 0.381 0.199 0.399 0.197 0.398 -0.005 0.055
Skin conditions 0.162 0.369 0.184 0.387 0.184 0.388 0.002 0.059

Neoplasms(cancer) 0.122 0.327 0.139 0.346 0.141 0.348 0.005 0.057
Provider practice characeristics

Any visit 0.657 0.475 0.841 0.365 0.837 0.369 -0.010 0.423
Family Practice 0.436 0.496 0.545 0.498 0.540 0.498 -0.010 0.210
Diagnostic radiology 0.166 0.372 0.224 0.417 0.224 0.417 0.000 0.145
Cardiology 0.124 0.329 0.179 0.383 0.189 0.392 0.026 0.181
Opthalmology 0.101 0.302 0.122 0.327 0.122 0.328 0.001 0.067
Podiatry 0.080 0.272 0.105 0.307 0.101 0.302 -0.012 0.073
Other 0.339 0.473 0419 0493 0.414 0.493 -0.009 0.156
Firm size<5 0.744 0.437 0.823 0.382 0.821 0.384 -0.005 0.187
Firm size5 -24 0.703 0.457 0.819 0.385 0.819 0.385 0.001 0.274
Firm size25- 49 0.495 0.500 0.694 0.461 0.695 0.460 0.003 0.417
Firm size50- 99 0.409 0.492 0.633 0.482 0.632 0.482 -0.002 0.458
Firm size100- 200 0.306 0.461 0.564 0.496 0.553 0.497 -0.021 0.517
Firm size> 200 0.342 0.474 0.520 0.500 0.525 0.499 0.009 0.374
Obs 40,549,345 1,011,170 1,010,795
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Table 2: Summary of new condition diagnosisduring quarter by sample2006-2012

Matched Pre-Acquisition Post-Acquisition
Variable Obs Mean Std. Dev Obs Mean Std. Dev Obs Mean Std. Dev
MEN Full Sample
Mortality 395,128 1.11E-04 1.06E-02 175,970 1.02E-04 1.01E-02 222,966 1.35E-04 1.16E-02
Hypertension
Mortality 292,641 1.50E-04 1.23E-02 127,573 1.41E-04 1.19E-02 163,306 1.72E-04 1.31E-02
Acute cardiac 147,317 0.052 0.222 74,406 0.056 0.230 69,283 0.051 0.220
AMI 277,023 0.004 0.066 122,351 0.005 0.071 151,643 0.004 0.066
IschemicHD 103,512 0.037 0.189 46,931 0.048 0.214 51,346 0.033 0.178
Diabetes
Mortality 137,059 1.75E-04 1.32E-02 55,787 1.97E-04 1.40E-02 79,020 1.90E-04 1.38E-02
Asymptomatic 127,683 0.005 0.070 52,687 0.006 0.078 72,942  0.005 0.068
Symptomatic 87,588 0.029 0.168 37,294 0.038 0.191 46,724  0.027 0.161
Glaucoma 111,294 0.006 0.