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Abstract

This dissertation will explore the factors thatueince development of Diabetes
complications for Medicare and dual eligible beciefies, for three Diabetes
complications: retinopathy, nephropathy and neutopaBoth predictive and
explanatory models are explored. Predictive mofdeiss on finding factors most
predictive of Diabetes complications among Medicard dual eligible beneficiaries.
Explanatory models seek to answer the three hypstiof this study. The first
hypothesis states that higher treatment investisergsociated with lower rates of
Diabetes complications in Medicare and dual elgit¢neficiaries. The second
hypothesis states that physicians who are spdsiglis. primary care) and urban (vs.
rural) are associated with lower rates of Diabeteaplications among Medicare and
dual eligible beneficiaries. Finally, the thirddothesis associates higher patient total
cost sharing with improvement in Diabetes compidret outcomes among Medicare and
dual eligible beneficiaries. For dual eligible kéniaries, patient cost sharing is defined
as state Medicaid investment per beneficiary ferdtate where each beneficiary resides

in.

The results for the predictive models are stronfgstephropathy complication, and
weakest for retinopathy complication. The residtshe explanatory models show that
for the first hypothesis, nephropathy has lowee aitDiabetes complication for higher

total treatment investment. For the second hymiheural providers have lower rate of
ii



Diabetes complications for nephropathy (non-dualffieiaries) and neuropathy (for
dual beneficiaries). Also, primary care proviglbave lower rates of Diabetes
complication for retinopathy and neuropathy (nomddweneficiaries) and retinopathy
(dual beneficiaries). For neuropathy, speciahistge lower rates of Diabetes
complications (for non-dual beneficiaries). Figafor the third hypothesis, no
complications are associated with lower Diabetesplation rates with higher patient
total cost sharing for non-dual beneficiaries. &aal beneficiaries, retinopathy and
nephropathy (to a lesser extent) show evidencevedi Diabetes complication rates with
higher State Medicaid investment per beneficidviodel performance results based on
the C-statistic are moderate overall, with nephtimpahowing the best performance and

retinopathy the lowest performing among all of Biabetes complications.
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Chapter 1 Introduction

This dissertation will focus on the roles that pinevider, treatment and patient play in
development of complications in Diabetes patiemisparticular, the dissertation will
explore the answers to the following questions:

Do different providers use different treatmentsaarohort of Diabetes patients, and are
their outcomes different? Also, do different patgeplay a role in different outcomes, for
a given provider and treatment regimen?

This dissertation will explore these types of qgisest with the hope of offering some
background into what factors may be playing a noline development of complications
in Diabetes patients, and ultimately to finding mg@ches to prevention of these

complications.

1.1 Study Description

This dissertation will be exploring the factorstthmpact the development of Diabetes
complications (retinopathy, nephropathy and neutgpan Medicare and dual eligible
beneficiaries. The study design will be basedvamyears of data, from 2010 (base year)
to 2011 (follow-up year). In 2010, patients aresdn who have Diabetes but who have
no complications. In other words, the patientsseimoare non-complicated Diabetes
patients. Then in 2011, the complications ratesHose patients are measured to see
which of these patients develop any of the threepdimations of interest in this study-

retinopathy, nephropathy or neuropathy.



One of the unique aspects of this study is theceleof a set of patients without any
Diabetes complications. Thus in the base yedeancsample of Diabetes patients is
selected in the sense of having patients with e@ipus record of any complications.
These patients are then observed for developmeardroplications in the follow-up year.
The selection of a pure sample of Diabetes patieansig no complications in their
background allows for a study design that attrisie much as possible the effect of
those factors on the development of Diabetes caaodns in patients. In other words,
the effect of the development of complications ialigtes patients is isolated as much as
possible in this study design by selecting a cksmple approach. Although this is an
observational study design, it creates a framewmgktribute as much of the impact as

possible to the various factors on developmentiab&tes complications.

In addition to selecting a clean sample of Diabgtdgents without having had any
complications, another unique aspect of this stadly its extensive focus on risk
adjustment. Once the factors have been isolatddregards to their impact on
complications development in patients, it is thenassary to apply risk adjustment to
make a comparison between similar risk groupss ot sufficient to simply compare
impact of factors on complications development,ibigt also important that those
impacts are adjusted based on risk levels. Riplksadent allows for comparison of

similar risk category of patients.



To study the exploration of the factors that imp#etelopment of Diabetes

complications in patients, the overall study wal #hvided into two parts.

In the first part, predictive models are obtainedtudy the impact of risk factors on
development of Diabetes complications in patiemtsthis part, only demographic
comorbidity and health utilization risk factors a@nsidered in their impact on Diabetes
complications development. These factors reprgsaignts’ health risk status. These
factors are considered non-controllable risk facthue to the fact that a patient does not
have control to change those factors’ status. iistance, health comorbidities for a
patient are typically not within the patient’s cmitto alter. These factors are present in
patients and there are usually no options to #iese factors in a patient. These factors
are medical risk factors that generally cannotltered in patients and impact their

development of Diabetes complications.

In this stage, predictive models will be used talgtthe impact that those non-
controllable risk factors in patients have on tegelopment of Diabetes complications in
those patients in the follow-up year. The resolthe predictive models allow the
identification of beneficiaries at risk of develogiDiabetes complications. It is the
purpose of the second stage (and the main purgdbkes aissertation) to identify ways to

control the rate of development of Diabetes conaplons for those beneficiaries at risk.

In the second stage, controllable risk factorsatfgmts are studied for their impact on

development of Diabetes complications. In contrashe non-controllable risk factors in



the first stage, these factors are controllabkbat they can in general be altered for a
given patient. For example, the type of treatnaepatient received, or the amount of
treatment spending given for a patient. In a sethese are social risk factors, in contrast

to the medical risk factors considered in the Stsige.

The controllable risk factors that are explorethis study will include: 1) total cost of
treatment 2) physician attributes (primary vs. sgggcand urban vs. rural) and 3) patient
cost sharing (or Medicaid cost per beneficiaryhia tase of dual eligible patients).
Explanatory models will be developed to evaluagithpact of each of those factors on
their impacts on the development of Diabetes carapbins in Medicare and dual eligible

patients.

There will be three hypothesis that will be exptbfer each of those factors and their
impact on Diabetes complications in the secondestagne following gives an overview

of the hypotheses that are explored in this study:

1. Higher treatment investment is associated with fawages of complications in
Diabetes patients
2. Provider type plays a role in development of coogilons in Diabetes patients
a. Specialist providers have lower rates of complaraithan generalist
providers in Diabetes patients
b. Urban providers have lower rates of complicatidratrural providers in

Diabetes patients



3. Patients with higher cost-sharing (or higher Medi@st per beneficiary for dual

eligible beneficiaries) have lower rates of DiaBatemplications

1.2 Specific Aims, Including Statement of Hypothesi

The aim of this dissertation is to study factoi tinfluence progression of complications
in Diabetes patients. There will be three factbeg will be explored for their influence
in development of complications in Diabetes pasetiie provider, the patient and the
treatment investment. These three factors withfthe core of the three hypotheses of
this dissertation, and each will be explored in endepth in the dissertation. The
following are the three hypothesis, along with tyyges of questions each will attempt to
answer:

1. Do different treatment investment levels influetice development of

complications in Diabetes patients, for given pdevitype?

a. Is higher treatment investment associated with toates of
complications in Diabetes patients?

b. Treatment investment consist of costs associatddimpatient, outpatient,
professional and other related expenses, for bahddes and
comorbidities.

2. Do provider types play a role in development of ptications in Diabetes
patients, for given treatment cost level? Thrdeint provider types will be

explored.



a. Generalist vs. Specialist-Do specialist providdivée superior care and
have lower rates of complications in their Diabgiagents?

b. Urban vs. Rural-Do urban providers have lower ratesomplications in
their Diabetes patients?

3. Does patient insurance cost sharing level playeainodevelopment of
complication in Diabetes patients, for given pr@ritype and treatment cost
level? This hypothesis will examine two areas:

a. Do patients with higher deductible (or coinsurarte&l more active role
in their Diabetes self-management and show lowesraf complications
development?

b. For patients who are dual eligible, does statédpeeficiary investment in
Medicaid influence the rate of complications depeh@nt in Diabetes

patients of that state?

It is hoped that by answering the above questielading to each hypothesis, that more
insight is gained into the factors that influencegression of complications in Diabetes
patients. These types of factors play a role enaverall care provided for Diabetes
patients. The insight gained from learning abbase factors will enable a Diabetes
delivery of care model that most effectively comsglthe role of provider, patient and

treatment leading to outcomes with lower ratesomhglications for Diabetes patients.



Chapter 2 Literature Review

2.1 Diabetes

Diabetes is a leading chronic condition, affeciovgr 25 million people in the US (or
8.3% of the US population) [1]. Approximately 19lman of those are diagnosed, with
another 7 million undiagnosed. The trends showttieprevalence of Diabetes has been
increasing and expected to continue rising in therg, especially in light of our growing
obesity trends [2]. Diabetes is the 7th leadiagse of death in the US [1]. Itis clear
that Diabetes is a growing concern and becomingpatemic for our country with trends
growing at an alarming rate. By 2030, 36 millicgople are expected tpdiagnosed

with Diabetes and 48 million by 2050 [3].

Diabetes is also a very costly chronic conditidwwcording to the American Diabetes
association, the total costs of Diabetes in thadUStimated to be $245 billion in 2012.
This is a 41% increase from the 2007 estimate, evliavas at $174 billion. Of that
amount, $176 billion is attributed to direct medlicasts (the remaining to indirect costs,
or cost due to lost productivity). People with betes typically cost on average 2.3 times
more than those without

Diabetes [4]. Further, people with Diabetes hawen2s higher risk of death than people
without Diabetes (and with similar age) [1]. Thends for future costs are increasing at

a fast rate and expected to at least double in¢lke25 years (from 2009) [5].



An estimated 26.9% of Medicare beneficiaries haabetes, or 10.9 million of the US
population [1]. According to the CMS, 32% of tokdédicare spending accounts for
Diabetes spending (or 1 in 3 dollars). Medicaral éligibles are beneficiaries who
gualify for both Medicare and Medicaid, generaliyedo their financial hardship. There
are nearly 9 million total dual eligibles (abou 2fe low income and >65) [6]. Dual
eligibles per beneficiary costs are more than 4sitne per beneficiary costs of Medicare
beneficiaries [6]. This dissertation will focuslpion Medicare and dual eligible
beneficiaries in the study of factors that influemevelopment of Diabetes

complications.

2.2 Diabetes Complications

Complications resulting from Diabetes make up aificant portion of the total cost
spent on Diabetes [7]. Overall, cost associated eomplications make up about 50% of
Diabetes total (direct) cost. In 2007, Diabetest @gas estimated at $174 billion, and
$116 billion was attributed to direct medical cosBf that amount, $27 billion (23.3%)
was spent to treat diabetes, $58 billion (50%]JeaattDiabetes complications and the
remaining (26.7%) was excess general medical dpstLlifetime costs attributed to
Diabetes complications are estimated at $47,24@at@ent over a 30 years period [8].

In a similar study, age-gender weighted averaghefifetime medical costs for Diabetes
patients was estimated at $85,200, of which 53%spast on treating Diabetes

complications [9].



Diabetes complications are usually classified #geeimicrovascular or macrovascular.
Microvascular complications usually include retiatipy (eye disease), nephropathy
(kidney disease) and neuropathy (nerve diseas#yuatid to foot amputations in
Diabetes patients) [7]. Macrovascular complicagiasually include complications such
as stroke and heart disease [7]. Macrovasculapboations comprise the biggest
portion of total Diabetes costs-up to 85% in thstfs years [9]. Another study found
macrovascular complications to account for 57%fefiine Diabetes costs [8].
Additionally, in that study, complications typesapercentage of costs over a 30 year
time period had the following percentage breakdawacrovascular (52%), nephropathy

(21%), neuropathy (17%) and retinopathy (10%).

Microvascular complications are a significant burd@ the health of Diabetes patients.
According to the CDC, retinopathy is the leadingssof blindness in the US among
adults 20-74 years. Also, 44% of all new casdadiey failure in 2008 are attributed to
diabetes. Finally, 60% of nontraumatic lower-lianibputations are attributed to patients
with Diabetes [1]. It is evident that microvaseutamplications have a significant
impact on the health of Diabetes patients. Thasetitation will be focusing

predominantly on microvascular complications inligites patients.

2.3 Diabetes Comorbidities

Although Diabetes complications are a costly congpbof total amount spent on

diabetes, costs are more significant in Diabetéigqa who have been diagnosed with a



comorbidity. Only 14% of Diabetes are reportethawing no comorbidities [10]. In
general, Diabetes costs are underestimated whearbdatities are not considered, as was
found in a Swedish study where Diabetes costs @& &mes higher than earlier
estimated when comorbidities were considered [Hgalth utilization in Diabetes
patients is increased as a result of having corditids. Having both Diabetes and non-
Diabetes related comorbidities were both foundaeehan impact on health utilization,
with certain comorbidities having greater impadi8][ Also, vascular and non-vascular
(i.e., non-Diabetes related) comorbidities werenfibto be equally important in their

effects on health utilization in Diabetes [12].

In general, having more than one comorbidity leadsn increase of health utilization
and costs in Diabetes patients. A higher numbepoforbidities is related with
increasing health utilization in patients [12].cAémparison of pairwise combinations of
three comorbidities in Diabetes patients showetharease in costs compared to patients
having only one of the comorbidities, and patidrasging all three comorbidities showed

the highest costs [13].

Hypertension is a common comorbidity in Diabetesepds [10]. Patients with both
Diabetes and hypertension comorbidities would befrein better adherence to drug
regimen [14]. Depression is also a frequent comddgbin Diabetes patients [7]. Having
depression in Diabetes patients (both minor andma associated with increased
mortality [15]. Further, it has been found thaaBetes can be a predictor of depression

in some patients-it can double the odds of comadejlression [16]. Obesity, is also a

10



common comorbidity among Diabetes patients [10d, israssociated with an increase in
total Diabetes costs [17]. Cardiovascular diseas@e of the most significant
comorbidities for patients with Diabetes [7]. Deds patients with comorbid
cardiovascular diseases experience increased abspgenditures [18]. Nephropathy, as
a comorbidity in Diabetes patients, is associateld iwcreases in higher medical care

costs in Diabetes patients who are also hyperterj&®j.

2.4 Prevention of Complications

As a result of the detrimental effects of diabebegh in terms of cost and health, it is
desirable to practice preventioRrevention should first and foremost be focused on
avoidance of getting Diabetes in the first plad@ere are a number of ways persons at
risk should consider in order to avoid developimpédtes, which generally include eating

healthy and remaining active [20].

If a person has already been diagnosed with diap#ten prevention should turn its
focus on avoidance of complications associated thig¢hdisease as much as possible.
This dissertation will be focused on this casehvidtabetes patients who have no
complications (as defined in our study) but whoatrask of developing Diabetes
complications. It is believed that there is aal#nce between those patients with
Diabetes who have developed complications and tivbeehave not. Patients with
Diabetes who have not yet developed a complicatimuld focus on maintaining that

state as long as possible.

11



Even if a Diabetes patient has developed a contitat may be worthwhile to avoid
developing further complications. Hence preventiorst continue to be observed even

after development of a complication has occurrea Diabetes patient [21].

Prevention of Diabetes complications is typicabg@mplished by controlling clinical
factors in Diabetes patiefitsThese clinical factors include glycemic (glucoaed non-
glycemic factors including blood pressure, cholegdtievels and body weight [22].
Generally, glycemic control and blood pressureedfiective in prevention against
microvascular complications. Non-glycemic confaadtors including blood pressure and
lipids are generally effective in prevention agamscrovascular complications [7].
There are numerous studies that show the bendfbtbf glycemic and non-glycemic
control in the prevention of Diabetes complicatidmsth interventional and

observational.

Two well-known interventional studies took placattlkstablished the benefit of
glycemic and other clinical factors in the preventof Diabetes complications. The
DCCT study, which occurred in the US from 1983-1,9%®wed that glycemic control
does have an impact on the prevention of comptinatin Diabetes | patients (also
applicable to Diabetes 2 patients [23]) [24]. TH&PDS was a seminal study that took

place in the UK from 1977-1997. The UKPDS showegllienefit of controlling

! This could be achieved in a number of ways, tylpicgith the use of medications or other regimen
proposed by the physician

12



glycemic clinical factors and the impact on prev@ambf complications (both

microvascular and macrovascular) in Diabetes piti@b].

Raised blood pressure was found to raise the fifkabetes complications using
UKPDS patients, both for microvascular and macrowks complications [26]. Also in
UKPDS patients, an association between glycaendaath microvascular and

macrovascular complications in Diabetes was detexth[27].

Numerous observational studies also highlightedrttpact of controlling various
clinical factors in the prevention of complicatiansDiabetes patients. Controlling for
glucose and blood pressure were shown to have pacinon microvascular
complications (nephropathy and retinopathy), amedlpressure an impact on
macrovascular complications (cardiovascular amaksjrin Diabetes patients [28].
Glycemic control demonstrated a reduced risk oftamchl complications in Diabetes
patients who already had one complication [21]a Btudy involving both commercial
and Medicare patients, it was found that controAd€, blood pressure and lipids lead to
improved probabilities of complications (using pabbities based on UKPDS risk
model) as well as improvements in cost [29]. Hindbiabetes patients with metabolic
syndrome (as defined by AHA/NHLBI and IDF critergxke at greater risk in the

development of all Diabetes complications [30].

The benefits of glycemic control are more effectiv@dministered to patients with early

onset of diabetes. In a study that used Markoveatsad quantify the benefits of

13



glycemic control (in the prevention of both blindseand end-stage renal disease in
Diabetes patient), substantial benefit was achiéned almost-normal glycemic control
in prevention of complications [31]. For Diabepegients with later onset, the study
found moderate glycemic control was effective ia inevention of most end-stage
microvascular Diabetes complications. The benefitseginning early treatment for
Diabetes patients is significant. Glycemic conisainore effective when given early to
Diabetes patients and in some cases may help grieveaterm macrovascular

complications when given at early stages of theattie in some patients [32].

For Diabetes patients who have comorbidities glycerontrol can be a challenge and is
not always easy to measure. In patients with genephropathy, assessing glycemic
control is a challenge and accuracy of glucoseyasssed for glycemic control) for

those patients is affected [33].

This dissertation considers a broader approadhetpitevention of complications in
Diabetes patients than the current focus on glycemd other clinical factors. The
approach in this dissertation is a multi-fold agmto that considers the role of the
provider, the patient and treatment type and tihgact in the development of
complications in Diabetes patients. This appraachore comprehensive in the
treatment of complications in Diabetes patients tsienply focusing on controlling
glycemic and nonglycemic factors. Fitch et alcdss the benefits of treatment of
Diabetes that goes beyond clinical factors [2%eiT discussion focuses on both

provider and patient programs that have the paktttiprovide more effective care
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programs for Diabetes patients. With innovativevider and patient programs, more
patients would receive Diabetes preventive carea@t appropriate times, leading to
better outcomes. Krein et al. offer suggestionBitbetes care management that will
lead to improved economic outcomes [34]. The ®pgiscussed include improved
patient cost sharing programs, more effective @sce designs and provider programs
that are aimed at quality improvement. This disdEm’s goals are to explore the impact
of these types of innovative approaches and tleethaly have in prevention of
complications in Diabetes patients. The threesaes@lored will include treatment
investment, provider type and patient cost shainrthe management and prevention of

Diabetes complications.

2.4.1 Treatment Investment

First, the amount of treatment investnfentill be explored. In this dissertation, the
amount invested in treatment of Diabetes will beduas a proxy for treatment type, as
this captures both the treatment intensity andjtiadity of the treatment provided. In
general, treatment investment increases after Bealmmplications take place in
Diabetes patients. Patients who had better cootrgllycemic, blood pressure and lipid
factors demonstrated cost savings, in both comaérensured and Medicare patients
[29]. Patients with maintained good glycemic coh¢at or below Alc levels of 7%) had

lower diabetes-related cost than Diabetes patightsdid not [35]. However, it is of

2 Treatment investment refers to all expenses iiaguitom inpatient, outpatient, physician officéjlied
nursing facility or home health
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interest to study the role treatment investmenggla Diabetes patients who have not yet

developed complications, and this will be explorethis dissertation.

In addition, certain patients may require specglireatment for their condition,
sometimes requiring administration of treatmerdaty stages of Diabetes (before
symptoms may arise) [32]. These types of patiewtsid require higher levels of
treatment investments. It is the goal of thisedrgation to evaluate the role of treatment
investment as a way to capture the impact thabuarireatments have on the

developments of complications in Diabetes patients.

2.4.2 Provider Type

This dissertation will also evaluate the impact fhr@viders play in the development of
complications in Diabetes patients. Two differemtnponents of provider type will be
explored. First the difference between generafisspecialist providers will be
considered. In general it is believed that spestiploviders provide better care for
Diabetes patients, especially in terms of complcest development [36-38]. However, it
has also been found that treatment of Diabetesrdatvith both a generalist and an
endocrinologist provides for best outcomes [39)thie second area, rural vs. urban
providers will be considered. Many studies havaneixed the impact of rural vs. urban
provider in the treatment of diabetes, and genetail believed that urban providers

deliver better care [40-43].
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2.4.3 Patient Cost Sharing

The last focus of this dissertation will be on tbke the patient in the management of
Diabetes and in the prevention of complicationsrekcent years, there has been an
increased interest in involving the patient in tieatment of Diabetes (and other chronic
diseases in general). This dissertation will stidyimpact that insurance plays in
providing the patient incentives to be active ia thanagement of their Diabetes disease.
Diabetes in particular is a disease that requicasainvolvement of the patient in
management of their treatment [44]. This study @xplore the impact that patients’ cost
sharing has on developments of complications ilb&es patients. There is conflicting
evidence about patient cost sharing’s relationeith outcomes. Increase in patient cost
share has been shown to have an adverse effeeiatih latilization, and particularly in
diabetes preventive services [45]. On the othedhthere improved health utilization
has been observed in consumer driven health pla2idIP) that offer patients high

deductible cost sharing [46-48]

One extension to patient insurance will be to eat@uhe dual eligible patients
separately. Dual eligible patients do not have @st sharing, as they are covered by
Medicaid in addition to their Medicare coveraga.tiis extension the study will explore
the impact that states’ per beneficiary investmemedicaid has on the outcome of

Diabetes dual eligible patients and their develapinoé complications.

2.5 Study Design
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The study design in this dissertation will considatients without any Diabetes
complications and examine the impact that variaasokrs have on whether they develop
Diabetes complications in the following year. Alsgk adjustment will play a pivotal
role, in order to ensure that there is a level camspn between various patient risk
groups. To some extent, there have been someasisnith study designs for various
different disease conditions. For instance, Meetial. consider a multivariate logistic
regression model to study the impact that meanlé&Jeals of patients had on Diabetes
related hospital inpatient admission [49]. In thtaidy, mean Alc is divided into five
distinct levels (from <7% to 10% and more). The@acot of mean Alc on patient
hospitalization was risk adjusted for a numberisK related covariates, including age,

sex, number of Alc test, diagnosis of cancer afidveup time.

In Wagner et al used linear regression with rigkistthent to evaluate the impact that
HbAlc control had on both cost and utilization ngiy of patient [50]. Utilization
intensity included % admission to hospital, medaltaisits to primary care and mean
total visits to specialist visits. Patients wenadkd into two groups, those whose HbAlc
levels improved and those that did not improveusTtinere are two levels for
comparisons in this case. Risk adjustment factmtsded age, sex, baseline HbAlc

level and baseline presence of any of six Diabetegplications.

Bertoni et al. considered patients who did not harexalence of heart failure in the base

year (1994) and evaluated incident heart failurdenfollow-up period (1995-99) for
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those patients [51]. Proportional hazard regressias used to evaluate the risk of
incident heart failure among the cohort, with @eEustment of covariates including age,
sex, race and Diabetes related comorbidities. stindy population was Medicare
beneficiaries who are older (>= 65 years) and mobanaged care, similar to the

population in this dissertation.

2.5.1 Prediction

In addition to studying the impact of analyticattiars on disease outcomes, risk
adjusting for risk factors, another approach iglimteon of disease prevalence based on
risk factors. This dissertation will explore pretibn of Diabetes complications among
Medicare and dual eligible beneficiaries based wargety of socio-demographic and

health related risk comorbidities.

There are a number of studies related to predictivdeling of patient disease risk based
on a variety of risk factors, including patientefise history. Many of these recent
studies are employing more cutting edge analytidgbeir modeling using claims based
data sets. Davis et al. explored prediction oivigdial disease risk based on a patient’s
medical history (using ICD-9 diagnosis codes) [5&]though the data requirement is
fairly straightforward in Davis et al. (using ordlaims based data), the approach is fairly
sophisticated. Collaborative filtering combinedwtlustering is used to discover
disease risk for patient based on disease diagmogisor visits. This approach shows

improvements in prediction based on more numbersifs by the patient.
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Khalilia et al. is also an innovative approach tediction of disease based on patient
diagnosis history, using the National Inpatient $enData [53]. Random forests are
used for prediction of eight diseases. To dedhwie highly imbalanced nature of the
data, ensemble learning approach based on repeaigoim sub-sampling is used. The
results based on random forest ensemble learnadjgtion are shown to outperform
other prediction approaches (including supportaectachine (SVM), bagging and
boosting). Moturu et al. also tackle the imbalahdata issue in their Medicaid cost
prediction study, using claims based data (thedhdzHealth Care Cost Containment
System) [54]. Although this study is concernedwabst prediction, the classes of cost
can be viewed as a proxy for patient risk (i.esedse risk). Moturu et al. apply non-
random sampling (under-sampling and over-samplimgleal with the data imbalance
problem and apply several predictive modeling m@shacluding SVM, logistic

regression and logistic model trees.

Yu et al. apply SVM for prediction of common disessfor both Diabetes and pre-
Diabetes [55]. The data set was based on the iNdtidealth and Nutrition Examination
Survey, and only included common clinical measumn(&@ithout more sophisticated
laboratory tests). The results of the predictiaaddl on SVM were shown to be
equivalent to the more mainstream multivariatedogiregression that is more
commonly used in these studies. The advantagesimg SVM is it does not require any

distributional assumptions and this becomes vatuablmore variables are introduced in
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the model. Robinson explores using boosted reigret®es with simple claims data and

shows the advantages in consideration of all viimiberactions with this approach [56].
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Chapter 3 Methods

3.1 Data Source

The population that will be studied in this disagdn will be Medicare beneficiaries
(including dual eligible beneficiaries). The datarce will be based on Medicare
Limited Data Set (LDS) from 2010-2011. This daacontains both institutional and
non-institutional claim files for a 5% sample of eare Beneficiaries. Both Medicare
Parts A and B are included in the data set. A Weoyough introduction on the use of the

Medicare Limited Data Set is provided in Parental §57].

Within the Medicare LDS data set, five distincefilare investigated for beneficiary
claim utilization. These claim utilization filegrsist of: 1) Carrier 2) Outpatient (OP) 3)
Inpatient (IP) 4) Skilled Nursing Facility (SNF)&B) Home Health (HHA) files. The
following table shows summary results for eachhofse five claim files for the year 2010
(the base year), including results for total uniglams, total costs (claim payment

made) and total unique beneficiaries.

Total Total Total

Claims Costs Beneficiaries
Carrier 43,075,835 $4,278,138,670.8a,711,151
Outpatient 7,432,322 $2,696,479,024.90,210,151
Inpatient 622,201 $6,284,780,092.4(56,405
SNF 281,601 $1,366,641,320.1®6,850
HHA 350,082 $1,133,951,371.10.73,154

Table 1: Claim files utilization summaries by each compdnenthe year 2010
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In addition to the claim utilization data filespraaster beneficiary file (or denominator
file) is also included as a data source. The m&geeficiary file is also part of the LDS
Medicare data set and contains detailed informattwyut beneficiariesnrolled in
Medicare. For instance, some of the informatiariuded consists of demographics
(age/sex/race), original (and current) reason foolement of a beneficiary in Medicare,
enrollment in Part A or B (or both), and more. Tokowing table shows the total
unique beneficiaries included in the 2010 and 20&%ter beneficiary files that are used
in this study. Note that in 2011, the total in@sdall of the Medicare population (instead
of a 5% sample, as is the case in the Medicare d&3& set in general). However, this
study will only consider a 5% sample which will fgstricted based on the 2010

beneficiary data.

Year 1 Year 2
(2010) (2011)
Total Beneficiaries 2,499,647 51,548,729

Table 2: Total unique beneficiaries in master beneficidigsf in 2010 and 2011

For Medicare beneficiaries who are dual eligibtiJigonal data for State Medicaid per
beneficiary investment will be needed. The datas®for State Medicaid per
beneficiary investment will be obtained from the EMledicaid Statistical Information

System (MSIS) State Summary Datamart. This databastains Medicaid spending
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data by state for years prior to 2012, which isdase for this study (where data for the

year 2010 will be obtained)

3.2 Data Collection

Using the data sources as presented above, thewilide focused on investigating the
impact of factors that influence the developmenD@betes complications in Medicare
and dual eligible patients. The data collectiomcpss will proceed in the following two
phases. In the first phase, data for a beneficgacpllected during the base year (2010).
In the second data collection phase, data for afmary is obtained during the follow-
up year (2011). The following provides an overvigithe data collection process in the

dissertation:

A. Phase I:
Patients are chosen in year 1 (2010) who meebllaning criteria:
1. Have at least 1 Diabetes diagnosis in that year
2. Have no observed diabetes complications
For each beneficiary, the following informationcisllected in the base year:
1. Socio-demographic (age, sex, race)
2. Health utilization factors

3. Patient co-morbidities

3 The CMS MSIS data is locatedhtp://www.cms.gov/Research-Statistics-Data-andeSgs/Computer-
Data-and-Systems/MedicaidDataSourcesGenlnfo/MSIg-Mame.html
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4. Analytical factors-Total cost of treatment, MD faxg and patient cost
sharing/Medicaid state per beneficiary investmémtdual eligible
beneficiaries)

B. Phase 2:
In year 2 (2011), patients will be observed for¢benplications that they
develop.
1. They must have at least 1 Diabetes diagnosis inytde

2. Deceased patients are not included in study

3.3 Sample Selection

The sample selection process in this dissertati@mown in Figure 1. The following
describes the steps in the sample selection prac&sgure 1 in more detail. First,
patients are chosen in 2010 based on having a @mbegnosis. In this study, Diabetes
diagnosis is defined as having an ICHeeagnosis code of 250.xx [49]. Each of the five
claim utilization source files are used to deteemanDiabetes diagnosis for a beneficiary:
carrier, IP, OP, SNF and HHA. For carrier and O&ree files, at least two occurrences
of ICD-9 code 250.xx are used to define a patisritaving Diabetes. All other source
files (IP, SNF and HHA) only require at least onelsoccurrence of ICD-9 code 250.xx.
The reason for this distinction is that both theieaand OP claim files are much larger
sources of claim utilization than IP, SNF or HHAhis stricter guideline for carrier and
OP claim files minimizes the potential for errordentification of Diabetes patients from

those two sources [58, 59]. For all the claimizdiion source files, a patient’s primary

* International Classification of Diseases, NinthvR®n (ICD-9)
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diagnosis and an additional five diagnosis codesiaed in order to identify a patient as

having Diabetes diagnosis

The total number of beneficiaries that are obtaiaiger considering all five claim
utilization sources for occurrence of Diabetes dagjs in 2010 results in a total of

423,957 beneficiaries (see Figuré.1)

In addition to the restrictions above based orctaen utilization source files, additional
restrictions are also made that are based on teeentzeneficiary tables in both 2010 and
2011. These restrictions are meant to reduceethef beneficiaries to only those
presumed eligible for this study. These restricgiare all based on recommendations
obtained from the Research and Data AssistanceeCEESDAC) at the University of
Minnesotd. The justification provided for these adjustmeatat they are necessary in
order to obtain a complete data set for benefigsawho are enrolled in Medicare FFS. If
a beneficiary does not meet the restrictions pteseit would mean that there is missing

data for that beneficiary during a portion of tleay

®> Some claims utilization sources have anywhere ft6r25 additional diagnosis codes. Only the firgt
were considered in this study.

® Note that in Figure 1 the numbers represent tra fimounts after filtering is done, whereas the
discussion highlights the actual amounts filtereéach case (offering a different perspective).

" http://www.resdac.org/
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Claims Utilization

Master Beneficiary File

Figure 1: Sample selection process to obtain data sets foxdoal and dual beneficiaries
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Before using either of the master beneficiary talihe2010 and 2011 in the study, they
are first both scanned for any possible duplicategoth years, duplicates were found
but accounted for less than .01% duplicates in tadites. Those duplicates were

removed from both tables. The total beneficiamethe master beneficiary tables after

removing duplicates for both 2010 and 2011 weravshoreviously in Table 2 above.

The first adjustment made based on the master icergftables is to select only
beneficiaries who were not enrolled in HMO Mediceoserage in any of the 12 months
during 2010 or 2011. Any beneficiary with a recofdat least 1 month enroliment in an
HMO type coverage in either 2010 or 2011 would xeeled from the study A total

of 768,605 beneficiaries were found to have attl#asonth of enroliment in an HMO

plan and those beneficiaries were excluded fronsthey.

A second modification is to only select benefi@arwho were enrolled in both Medicare
parts A and B during either 2010 or 281 This refers to a beneficiary being enrolled in
both parts A and B in a year, in contrast to ba&ngplled in only one of those two parts
(either in part A or part B but not both). Therereva total of 226,769 beneficiaries who
did not meet this criteria of having enrollmenbioth parts A and B together during

either 2010 or 2011 and those beneficiaries wermved from the study.

8 patients may elect to be enrolled in Medicare Bast Medicare Advantage and that would qualifynthe
as being HMO beneficiary for that month

® Medicare consists of four parts: A, B, C and [artRA is the hospital component, part B is the jtigs
component. Part C is for Medicare managed careéPandD is for the drug component.
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A third modification was to only choose benefiogriwho had a full 12 months
enrollment in each year. This limited the totahéigciaries by a total of 135,382

beneficiaries.

The final modification was to select only aged Hemaries. In Medicare, a beneficiary
generally meets enroliment eligibility as a resiilbeing aged (reaching the age of 65).
However, being disabled or having ESRD may alsoenaakeneficiary qualified to enroll
in Medicare. In this study, only aged beneficiaraee selectédl This restriction limited

the set of beneficiaries by a total of 238,207 fieizies.

The final list of beneficiaries, after considerialfjthe restrictions imposed as outlined
above, comes to a total of 1,130,622 beneficiarigss is down from an original size of
2,499,585 beneficiaries in 2010 (or about 45% efdhginal size), after removing a total

of 1,368,963 beneficiaries that are not considetiggble for this analysis.

After obtaining the reduced set of beneficiariegilele for this study, the next step is to
limit the sample of beneficiaries having Diabete2010 as identified above to only
those meeting eligibility criteria as has been tdexl. The final set of beneficiaries after
combining those two results comes to a total of, 23 beneficiaries. Thus our previous
total of 423,957 beneficiaries having Diabetes0da@is now reduced to 273,715
beneficiaries (or about 65% of the original siziég¢raconsidering all the additional

beneficiary eligibility modifications that were disssed above. The new updated set of

10 Beneficiaries who were aged and having ESRD weosen. However, beneficiaries with only ESRD
were not chosen.
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Diabetes beneficiaries will now have complete datdahe study period, making them

suitable for the study.

After obtaining the eligible beneficiaries who hdeen diagnosed with Diabetes in
2010, additional restrictions are made to thisdfdbeneficiaries. The following two
restrictions are both based on events occurring 2FlIrst, beneficiaries that were
deceased in 2011 are removed from the sampletafdbl,674 beneficiaries in our
sample of 273,715 beneficiaries diagnosed with &edin 2010 were deceased in 2011.
These beneficiaries were removed from the samplér@new sample now consists of
272,041 beneficiaries. This list of beneficiatese complete data in 2011 which will be

suitable for this study.

A second restriction is made to select only thaseeficiaries who have also been
diagnosed with Diabetes in 2011. A similar progedsllowed in 2011 as was done in
2010 above to identify a beneficiary who is diagrtbwith Diabetes in 2011.
Beneficiaries are selected based on having at déeesbccurrence of Diabetes diagnosis
during that year (or at least 2 occurrences irctee of carrier and OP claim files as was
done previously). In addition, only the primanaginosis and five additional diagnosis
codes are evaluated for presence of ICD-9 codex5@fter evaluating the list of
272,041 beneficiaries diagnosed with Diabetes 10231,331 of these beneficiaries (or
11.5%) do not have a Diabetes diagnosis in 201d tlawse are removed from the

sample-resulting in a sample of 240,710 benefiesari

" There is a concern of a bias due to removing sibkeeficiaries who more likely may die in 2011neD
approach is to perform the analysis with and withhemoving the deceased. ldeally, the impact shoat
be significant; otherwise, deceased beneficiatiesiisl not be removed and censoring could be coreide
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At this point, the sample consists of beneficiahasing been diagnosed with Diabetes in
both 2010 and 2011. However, the study also requlrat the sample consist of
beneficiaries that do not have any of the thredo&t@s complications in 2010-
retinopathy, nephropathy and neuropathy. Ther@iter these three complications is
included in Appendix A where each complicationéfided by a list of ICD-9 codes.

The list of ICD-9 codes is obtained from surveyihg literature related to Diabetes
complications [14, 49, 60, 61]. In addition to theee complications in this study,
beneficiaries are chosen who do not show evidehaaylong-term Diabetes
complications. Long-term Diabetes complicatiors @efined with ICD-9 code range
250.4x-250.9x. The first three codes in that rasgeincluded in the three main
complications of this study. Thus the remaining¢hcodes (250.7x-250.9x) are added to
the list of codes defined in Appendix A in definiadgpeneficiary with Diabetes

complications in this study.

The process of identifying beneficiaries with Ditdsecomplications is similar to the
identification of beneficiaries who are diagnosathwWiabetes that was done previously.
Similar to the Diabetes diagnosis process, eatheofive claim utilization sources are
utilized in identifying Diabetes complications draggis. In the case of OP and carrier
claim utilization source files, at least two ocamces of the Diabetes complications
codes must be met for a beneficiary to be consitleréave a Diabetes complication
diagnosis-only one such occurrence is requiretiercase of the other claim utilization

source files (IP, SNF and HHA). Also, in each casly the principal and five additional
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diagnosis codes are used to determine Diabeteslioatigns diagnosis, as was done

previously.

Once a beneficiary is identified as having anyhef Diabetes complications defined
above, they are subsequently removed from the stahple. This will result in a
sample of beneficiaries for this study who 1) hBvabetes diagnosis in both 2010 and
2011 (as was obtained above) and 2) have no ocm@ i@ long-term Diabetes
complications. A total of 88,109 beneficiaries fmend to have at least one of the
defined long-term Diabetes complications. Aftanowing those beneficiaries from the

sample, the total sample size is reduced to a 162601 beneficiaries.

One additional data modification to the final de¢a related to negative costs. This will
be outlined in more detail in the next section whetussing the analytic factor of total
costs. Essentially, beneficiaries with any coshgonents that are negative are removed
from the final data set. A total of 113 are fowmith such negative costs (<0.1%) and the

final data set is reduced to 152,488 beneficidties

Finally, the data set is divided into a non-dual doal Medicare beneficiaries. Dual
beneficiaries are defined as those having at leasbtnth of state subsidy in the
beneficiary file. After making the split, the finm@on-dual data set has 126,942
beneficiaries and the dual data set has 25,54dibemies. Those are the final data sets

that will are used for modeling in the study.

12 This will be discussed in more detail in the smtielow related to cost analytical factors.
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3.4 Model Design and Variables

As has been discussed, the objective of this ggittyconsider the role that various
factors have on the development of complicatioriSiabetes patients. Some of those
factors have already been presented, includindferentiation that was made between
controllable and non-controllable risk factors.isTeection will highlight in detail all the
variables that are used in the model, includingaiygroaches used to derive some of

those variables.

The first part will highlight the independent vdres in the model. These will include
the: 1) socio-demographic variables 2) comorbidgly factors 3) health utilization
variables (hospital inpatient length of stay, ingatt and outpatient total admissions, total
office visits and SNF stay) and 4) analytical vales (total cost of treatment, physician
factors and patient cost sharing/Medicaid StateBegeficiary investment in the case of
dual eligible beneficiaries). The second part waler the outcome variables in the

study, including: 1) retinopathy 2) nephropathy 8paeuropathy.

3.4.1 Independent Variables

3.4.1.1 Socio-Demographic Variables

3.4.1.1.1 Age
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The first socio-demographic variable used in tlelgis age. Age is initially in the data
as a continuous variable representing a persosrmagears. The first modification
applied to age is to transform it into a discredeable called Age_group. The following
table shows the results of this transformation el & the frequencies obtained, for dual

and non-dual beneficiaries in the year 2010:

Non-Duals Duals
Age Age group Count Percent Count Percent
64<=age<70 64 to 69 39,415 31.05% 7,566 29.62%
70<=age<75 70to 74 33,558 26.44% 6,298 24.65%
75<=age<80 7510 79 25,126 19.79% 5032 19.70%
80<=age<85 80 to 84 17,412 13.72% 3,777  14.79%

85<=age 85 and over 11,431 9.00% 2,873 11.25%

Table 3: Frequency distribution of Age_group variable, hon-dual and dual
beneficiaries

After considering the frequencies of Age_group ablg 3, the last two categories ('80 to
84’ and '85 and over’) appear less frequent tharést. It was decided to merge those
two groups into one (to be called ‘80 and ovefhis allows a more smooth distribution
of the age groups in the new variable. This nexabée is called the Age_grp variable
and other than the merging of the last two groups,identical to Age_group variable.
The following table shows the frequencies for Agg wariable, for dual and non-dual

beneficiaries in the year 2010:
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Non-Duals Duals

Age grp Count Percent Count Percent
64 to 69 39,415 31.05% 7,566 29.62%
70to 74 33,558 26.44% 6,298 24.65%
751079 25,126 19.79% 5,032 19.70%

80 and over 28,843 22.72% 6,650 26.03%

Table 4: Frequency distribution of Age_grp variable, fonrdual and dual beneficiaries

3.4.1.1.2 Sex

The second socio-demographic variable used irsthidy is sex. The only adjustment

made to sex was to change the labeling from ‘1’'@2htb ‘M’ and ‘F’, respectively. The

following shows the frequency of sex in the study,dual and non-dual beneficiaries in

the year 2010:

Non-Duals Duals
Sex Count Percent Count Percent
F 65,662 51.73% 18,305 71.66%
M 61,280 48.27% 7,241 28.34%

Table 5: Frequency distribution of Sex variable, for noradand dual beneficiaries

3.4.1.1.3 Race

The last socio-demographic variable used in theysisirace. Race was adjusted in a

similar way to age above, by grouping categorieséate a more smooth distribution.

The adjustment essentially grouped all the lowdsstpy categories into one (this
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included Asian, Hispanic, North American, Other &lknown)®. The new updated
variable is called Race_1, with a new categoryagher’ for the grouped categories. The
following tables show the distribution of the Raegiable (table 6) and Race 1 variable

(table 7), for dual and non-dual beneficiarieshia year 2010:

Non-Duals Duals
Race Count Percent Count Percent
Asian 1,312 1.03% 2,426 9.50%
Black 10,311 8.12% 4,685 18.34%
Hispanic 957 0.75% 2,266 8.87%
North American 603 0.48% 305 1.19%
Other 2,163 1.70% 758 2.97%
Unknown 118 0.09% 72 0.28%
White 111,478 87.82% 15,034 58.85%

Table 6: Frequency distribution of Race variable, for naaldand dual beneficiaries

Non-Duals Duals
Race 1 Count Percent Count Percent
Black 10,311 8.12% 4,685 18.34%
Other 5,153 4.06% 5,827 22.81%

White 111,478 87.82% 15,034 58.85%
Table 7: Frequency distribution of Race_1 variable, for ol and dual beneficiaries

3.4.1.2 Comorbidity Risk Factors

Comorbidities are used in this study to risk adpesteficiaries to obtain a relatively
uniform population for the analysfs For this study, the primary approach used fk ri

adjusting comorbidities is with the Elixhauser cobidity measure. Elixhauser

13 All of these categories have frequencies less 2%
14 Comorbidities are also used as predictive fadtotee predictive models initially as well.
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comorbidity consists of 31 distinct disease categadefined based on ICD-9 codes [62].
In this study, the Elixhauser comorbidity measumesapplied to the five sources of
claim utilization (Carrier, IP, OP, SNF and HHA} was done with Diabetes diagnosis
above. Also, as was done with Diabetes diagnosa#) claim diagnosis and five
additional diagnosis codes are used with the Elishkacomorbidity measures to identify
occurrences of an Elixhauser disease category. eMenyvfor Elixhauser comorbidity
measures, unlike with Diabetes diagnosis abovdivaliclaim utilization sources are
based on only one occurrence of an ICD-9 codettabksh presence a disease condition
(i.e., Carrier and OP do not require at least 2Zimences of an ICD-9 code to attribute a

condition to a beneficiary).

A total of 31 disease comorbidities are include&limhauser measures. However, in
this study, the two comorbidity measures that diyeelate to Diabetes (for Diabetes
non-complicated and Diabetes complicated) are rexhénom the analysis. This is done
due to the fact that these two conditions haveadlydoeen captured in the analysis, in
both the Diabetes and complicated Diabetes diagruosiditions. The frequency
distribution of Elixhauser comorbidities for themaining 29 variables is shown in
Appendix B. These results are shown for both noal-dnd dual beneficiaries, in the

year 2010.

A summary of total comorbidities by beneficiarysigown in table 8 below, for both non-
dual and dual beneficiaries in 2010. This tabgghhghts the fact that most beneficiaries

have total comorbidities in the vicinity of threeftve (the median total comorbidity for
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both non-dual and dual beneficiaries is four). ldwer, beneficiaries with higher
comorbidities, even though constitute lower peragatwould typically have a higher
percentage of the cost. A grouping of beneficgahg total comorbidity will be

considered in the model as way to categorize gieleivel of a beneficiary.

Non-Duals Duals

Total

Comorbidity Count  Percent Count Percent
0 25 0.02% 6 0.02%
1 3,787 2.98% 471 1.84%
2 26,674 21.01% 3,868 15.14%
3 30,405 23.95% 5,052 19.78%
4 23,688 18.66% 4,560 17.85%
5 16,390 12.91% 3,625 14.19%
6 10,550 8.31% 2,718 10.64%
7 6,488 511% 1,907 7.46%
8 3987 3.14% 1,322  517%
9 2308 1.82% 811 3.17%

10+ 2,640 2.08% 1,206 4.72%

Table 8: Frequency distribution of total comorbidity, foomdual and dual beneficiaries

3.4.1.3 Health Utilization Variables

3.4.1.3.1 Inpatient Length of Stay

Length of stay was calculated for each benefidmaged on inpatient stays. This

measure was considered as providing valuable irdbom regarding a patient’s health

status. This would be valuable to use as a righksger, in addition to the Elixhauser

comorbidity risk factors above.
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The following describes the steps used in thisystadtalculate each patient’s total length
of stay, including any assumptions that were mdtishould be noted that this

calculation only uses inpatient claim utilizatiomasource (for the year 2010).

Length of stay for a patient was calculated basethe following formula:

Total length of stay (LOS) = sum [(date of discharg — date of admission) + 1]

The following assumptions were used in the caleutadbove of length of stay. First, for
each person, a date of admission was updated Jath 2010’ if it was found that the
date of admission for a patient was prior to 20T0is ensures that length of stay will
only go back only as far as Jan 1 2010. This altety allows total length of stay for a

patient to remain less than or equal to a year.

In addition, the date of discharge for each persbere the last occurring stay has a
blank is updated with ‘Dec 31 2010’. This is ddaaensure that no null length of stays
are obtained. For each person with at least cwdeof an inpatient stay, total length of

stay should at least be equal or exceed 1 day.

Also, for each occurrence of an inpatient stayn@is added to the calculation as is

shown in the formula above. This is done to engaethe last day is counted as

inclusive in the calculation and considered intthtal for that inpatient stay.
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Finally, there were some instances of patientsrgpsiuplicate admission and discharge
dates (i.e., having both of these the same). Hease patients, only one such occurrence

is counted in the total length of stay calculatm the duplicates are not considered.

In the tables below, the summary measures are sfavtine final results for length of
stay (n, min, max, mean and median). In the falle (table 9), the results are shown
only for patients who have an inpatient stay (Lagable). In the second table, length of
stay for patients without an inpatient stay is dedi to be 0. The results are defined in a

new variable called Los_1 and those results aresstio table 16°.

Non-Duals Duals

N 21,892 5,797
Mean 8.28 10.27
Median 5 6
Min 1 1
Max 266 366

Table 9: Summary measures of Los variable, for non-dualdaurad beneficiaries

Non-Duals Duals

N 126,942 25,546
Mean 1.43 2.33
Median 0 0
Min 0 0
Max 266 366

Table 10: Summary measures of Los_1 variable, for non-dodldual beneficiaries

3.4.1.3.2 Inpatient and Outpatient Admissions aatlTOffice Visits

15 Note that Los_1 also captures if a patient hasspitalization, since length of stay would be >ef that
patient.
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Other health utilization variables considered ia $tudy include inpatient and outpatient
total admissions and total office visits. Thedal®are for each beneficiary during the
year 2010. Table 11 below shows summaries fahedke of those measures (n, mean,

median, min and max) for non-dual and dual berefies in the year 2019

Non-Duals Duals
Office Office
Inpatient Outpatient Visit Inpatient Outpatient Visit
N 126,942 126,942 126,942 25,546 25,546 25,546
Mean 0.25 4.21 8.88 0.36 5.46 8.18
Median 0 2 7 0 3 6
Min 0 0 0 0 0 0
Max 13 249 170 14 124 112

Table 11: Summary measures for inpatient and outpatient sglonis and office visits,
for non-dual and dual beneficiaries

3.4.1.3.3 Skilled Nursing Facility Admission

In addition to inpatient and outpatient admissiand office visits, SNF stay was another
health utilization variable considered in this StuNF stay is a binary measure that
shows if a beneficiary has had at least one SNé&tiept admission during the year in
2010. For beneficiaries with no SNF stay during year, a value of zero is assigned.
Table 12 below shows the frequency distributiontf@e SNF stay variable, for both non-
dual and dual beneficiaries in 2010. It shouldhbted that dual eligible beneficiaries are

expected to have a significantly higher SNF stag tlhan Medicare beneficiaries [6].

16 As was done with LOS in table 10 above, all measin table 11 are assigned a value of zero when a
beneficiary does not have any utilization for thregasure during the year.
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This is reflected in Table 12, where the SNF rdtadmission is almost twice that for

dual eligible than for Medicare beneficiaries.

Non-Duals Duals
SNF_stay Count Percent Count Percent

0 122,451 96.46% 23,522 92.08%
1 4,491 3.54% 2,024 7.92%

Table 12: Frequency distribution of SNF_stay variable, fonrdual and dual
beneficiaries

3.4.1.4 Analytical Factors

Analytical factors are associated with each ofdifierent hypotheses presented above.
There are a total of three hypotheses and thus #malytical factors in the study. The
analytical factors in the study include total coktreatment, physician factors
(specialty/primary and rural/urban) and patienesimnent (patient cost and Medicaid
State per beneficiary investment in the case of éligible). Each of these analytical
factors are presented here. Note that these aadligctors are only used in the
explanatory models and not the base predictive lmpde was previously presented.
Also, as has already been discussed, these aalgotors are considered controllable
risk factors (this is in contrast to the previoudigcussed variables, which are treated as
non-controllable risk factors). The premise ig tha&ealth plan has the capability to vary
these factors for a desired outcome in the treatwieg patient. It is the intent of this
dissertation to find the levels of these analytfaators that yield the best outcomes in

patients’ progression of Diabetes complications.
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3.4.1.4.1 Total Cost of Treatment

Note: The discussion in this section is also aplie to patient cost sharing, which will

be discussed below as part of the third analytiaator.

Total cost of treatment includes all costs incutsgdedicare in treating the patient.
These costs are incurred in the base year (200g.idea behind total cost of treatment
is that it is a proxy for the quality of care giviena patient. The combination of all costs
incurred in treating the patient during the yeasent a picture of the level of care that a
patient received during the year. These costsistoofsall components of care provided.
These components are obtained from five differétrcutilization sources: Carrier, IP,

OP, SNF and HHA.

The following presents the calculation used to ioltiatal cost of care for each of these
five source’’. The final amount for total cost of treatmenittisn obtained as the sum of

the total cost of treatment of each of those fiomponents.
i. Carrier
TCecarrier 8=

Sum (Claim payment amount)

i. 1P

7 All of these calculations are obtained from RESDABGmM workshop presentation ‘Intro to Economic
Research’ (www.resdac.org)
8 TC stands for Total Cost
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TCp =
Sum (Claim Payment Amount + (Claim Pass Thru PenDAmount * Claim

Utilization Day Count))

ii. OP
TCop=

Sum (Claim payment amount)

iv. SNF (same as IP)
TCsnr=
Sum (Claim Payment Amount + (Claim Pass Thru PenDAmount * Claim

Utilization Day Count))

v. HHA

TChHa =

Sum (Claim payment amount)

Total cost of treatment is then calculated as time sf each of the above components, as

shown in the following formula:

Total cost of treatment= TCcarier+ TCp + TCop + TCsne + TChna
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One of the first adjustments applied to total ajdteatment is to examine and remove
beneficiaries with any negative costs from the ddtais process was applied to all five
components of cost, in addition to total cost @he of the five components, as
presented above). The following table shows thed teegative costs for each cost
component in the study Note that only components OP (107) and IP (6)ally had
negative costs, while the remaining componentsdid The table also shows the
percent of the total that is negative, which is 480 in each case. Since the percentage
is so low, the negative costs were removed fronsthdy sample. A total of 107
beneficiaries are removed, bringing the sample gizeneficiaries from 152,601 to
152,488 beneficiaries (this was presented earliéne data collection section and is

given here in more detalils).

Total Negative Percent
Total 6 0.00393%
Carrier - 0.00000%
OP 107 0.07012%
P 6 0.00393%
SNF - 0.00000%
HHA - 0.00000%

Table 13: Total occurrences of negative costs by cost compipm 2010

After removing any beneficiaries with negative spghe next consideration to make is
with regards to outlying observations in the ddtahealth insurance claims, it is not

unusual to have some extreme individuals with uallgtigh costs [63]. These extreme

19 The results shown in table 9 are for both non-aual dual beneficiaries
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cases are generally better to be left out of thdystather than to keep them in and bias
the outcome. One common approach to handle theseng observations is with the
Winsor technique, or winsorization [64]. Winsotipa is a technique that censors
extreme cases based on a designated percentile Tevis technique can be applied to
both low as well as high extreme value by desigugdi range of percentiles (i.e., 1 to 99
percentile). However, in this study, there is eedto censor low cost values, as the
minimum cost (after removing negative costs) izeab. It would not be appropriate to
censor those zero cost values to some specifiegpie level (for instance, 1
percentile), since it would be desired to studydfieraries who have zero costs.
However, winsorization is applied to the high cesiues. In this study, a percentile level
of 99 is designated as the value to censor extreghecost values. Thus any value
greater than 99 percentile is set at the 99 pdteerwinsorization is applied to each cost

component in addition to total cost.

After removing negative costs and applying the wirmation technique, the following
tables give the summary of the cost results, by east component and total cost. The
first table (table 14) shows the summary for noatdheneficiaries while the second table
(table 15) shows the summary for dual beneficiabesh for 2010. In both tables,

summary measures include the sum, mean, mediaramdimas’.

2 Note that the sum of the cost components doesqu! total cost, which is due to winsorizationnigei
applied to each of the cost components in addttdiotal cost.
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N Sum Mean Median Min Max
Total 126,942 $853,182,072.00 $6,721.04 $2,220.98  $0.00 $69,410.09
Carrier 126,590 $305,728,412.00 $2,415.11 $1,491.73  $0.00 $17,009.21
OP 95,962 $139,172,365.00 $1,450.29  $545.98  $0.00 $17,266.62
IP 21,892 $299,001,403.00 $13,658.02 $9,076.75  $0.00 $80,658.69
SNF 4,491 $59 294,697.26 $13,203.01 $10,196.46  $0.00 $52,313.05
HHA 9,872 $54,911,844.43 $5,562.38 $3,569.01  $0.00 $32,178.97

Table 14: Summary measures for total cost, for non-dual fieages in 2010

N Sum Mean Median Min Max
Total 25,546 $248,423,519.00 $9,724.56 $3,138.52  $0.00 $92,939.74
Carrier 25,393  $65,978,398.28 $2,598.29 $1,610.23  $0.00 $16,888.99
OoP 20,132 $36,362,234.62 $1,806.19  $752.74  $0.00 $20,319.32
IP 5,797  $84,237,071.57 $14,531.15 $8,945.29  $0.00 $94,881.76
SNF 2,024 $30,830,609.56 $15,232.51 $11,948.36  $0.00 $58,194.43
HHA 4,060 $31,291,360.01 $7,707.23 $4,976.32  $0.00 $54,030.22

Table 15: Summary measures for total cost, for dual beragfies in 2010

After obtaining the winsorized total costs (incluglieach cost component), a final

transformation was to create discrete bucketsd®miinsorized total cost variable. This
new variable is a discrete variable, in contragh&original total cost variable. Total
cost was divided into five equal groups (or quet)land the new variable is called
cost_all. Cost_all consists of five distinct lesjedach containing 25,388 values (or 20
percent of the entire set). Cost levels for cdbvaaiable are assigned in descending
order (i.e., the highest cost level is assignedlaevof ‘0’ and the lowest cost level a

value of ‘4’).

3.4.1.4.2 Physician Factors
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Physician factors consist of analytical factorated to the physician (MD). There are
two components that will be considered relatedh&NID factors, each according to the
hypotheses presented earlier. The first partasitisider whether primary vs. specialty
type physician has an impact on the developmeobwiplications in Diabetes patients.
In the second part, the impact of urban vs. rygae tphysician will be evaluated on the
development of complications in Diabetes patiefitse following will provide a

discussion for each of those components in morldet

One unique aspect of the MD factors (both primaryspecialty and urban vs. rural) is
that they are both applicable only to patients Wwhee had a physician visit during the
year. Thus, the data source for this part willilmited to beneficiaries who have had
claims for a physician visit in 2010. This is iontrast to all the other variables in the
model that use all of the data available for benefies without any such restrictidn
Thus, all models using the MD factors (both primesyspecialty and urban vs. rural)
will be limited to only beneficiaries who have redof carrier claim utilization.
However, in this study it appears that the majasitpatients do actually have a
physician visit during the year (and hence haveation in the carrier claim file). In
this study, out of 152,488 total beneficiaries\@s given earlier), only 505 do not have
any carrier claim utilization. As was shown inleh10 and 11 above, non-dual
beneficiaries have a total of 126,590 beneficiafiesg of 126,942) and dual beneficiaries
have a total of 25,393 beneficiaries (out of 25)34igh utilization in the carrier claim

file in 2010.

L Even though LOS and cost components are alsdatestiin their data sources, these variables are
updated to include zero for non-utilizers. With N tors, this is not possible and non-utilizerstrhe
eliminated from the study data set.
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3.4.1.4.2.1 Primary vs Specialty

To determine whether a primary vs. specialty typgsgian has an impact on a patient’s
development of Diabetes complications, it is firfetessary to determine the type of
physician attributed to a given patient (whetheémpry or specialty). This is not a
straightforward problem, due to the fact that agmattypically has multiple physician
visits during the course of the year with a ranfjgpecialty types. There is considerable
literature on the problem of provider attributiangatients [65, 66]. The approach taken
in this dissertation follows closely the procestlinad in a related CMS project, the
Generating Medicare Physician Quality PerformanesuRs (GEM) Projeét®® There
are two components to this process: first clagsifyphysicians as primary or specialty
and second, attributing a patient to a given plgsispecialty. The following describes

these two components.

First, all of a patient’s visits during the basay€010) are obtained from the carrier
claim utilization file. The classification of th@hysician specialty for each of these visits
is also obtained from the carrier claim utilizatida. The carrier claim utilization file
contains a specialty code associated with the panfg physician for each visit on
record. These physician specialty codes obtairmd the carrier claim utilization file

are then linked to a crosswalk available from Ckh®,CMS Specialty Codes/Healthcare

2 http://www.cms.gov/Medicare/Quality-Initiatives-fint-Assessment-
Instruments/GEM/downloads/GEMMethodologies.pdf

% The GEM project created quality measures for mhigsigroup practices in 2006-2007 based on
Healthcare Effectiveness Data and Information B&}IS) quality measures
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Provider Taxonomy Crosswafk This crosswalk provides a specialty description

associated with each of the physician specialtgsod

Not all physician specialties are suitable for ¢desation, as many represent entities
different from a physician provider (this includasysicians, physician assistants and
nurse practitioners). For instance, many speemlépresent labs, pharmacy or other
non-physician type of entities. These specialresexcluded from consideration, as the
main objective here is to classify a patient acecwydo that patient’s record of visits to a
physician provider. Following the approach in GEM project, a set of qualifying
physicians is obtained that restricts the totatvisonsidered in this study. The list of
eligible physician providers that are considerethia analysis can be obtained from the

GEM project, in Appendix B.

One impact of limiting the physician specialtieghis manner is that the data will also be
restricted (beyond simply the restriction of beaiafies having a physician visit in
2010). The impact will be illustrated below (ibka 17) where the frequency of a

physician specialty by beneficiary is presented.

After obtaining and limiting physician specialtis patient visits from the 2010 carrier
claim utilization file, these specialties are claed as either primary or specialty. Table
16 below shows the physician specialties that evaged as primary. All remaining

specialties are subsequently grouped as speci@lity important consideration in the

24 Available from CMS at http://www.cms.gov/MedicaPedvider-Enrollment-and-
Certification/MedicareProviderSupEnroll/downloadstnomy.pdf
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specialty grouping below is with regards to phyaicassistants and nurse practitioners.
In many cases, these health providers’ work vasegrimary or specialty, depending on
the physician specialty type they are associatéd \®i7’]. In the GEM project, these
specialties are classified based on the physidiactipe they are associated with (the
practice where the majority of the services byghgsician are performed). However
grouping physicians by practice is not part of tissertatiofr. Instead, physician

assistant and nurse practitioners are simply censttlas primary specialties here.

Primary Specialty

General practice
Family practice
Internal medicine
Geriatric medicine
Preventive medicine
Nurse practitioner
Physician assistant

Table 16 Physician primary specialty types

After each physician visit is classified as eithgmary or specialty, the next step is to
attribute each patients to a physician. Insteaattobuting a patient to a specific
physician; however, the approach taken here itttibaie a patient to a physician
specialty (primary or specialty). Total visits fesch patient are obtained in 2010 by
primary and by specialty physician types. Thesalsdor primary and specialty

physician types are then compared and the maxirsiatiributed as the physician

25
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specialty type for that patigfit Thus, a patient’s physician will be determinedading
to the specialty type (primary or specialty) mastgliently visited for that patient. The
following table shows the frequency results for ghian specialty type for beneficiaries
in the study, captured by a variable called ‘Prnfrif’ means primary and ‘0’ means

specialty). These results are shown for non-dodldual beneficiaries in the year 2010.

Non-Duals Duals
Prmry  Count Percent Count Percent

0 69,328 55.00% 12,025 47.82%
1 56,726 45.00% 13,121 52.18%

Table 17 Frequency distribution of Prmry variable, for rdumal and dual beneficiaries

The results in table 17 show that the total datéasseduced from only beneficiaries who
have a physician visit in 2010. As was mentionexVjously, limiting the physician
specialties to only physician providers would ferthestrict the data set. For non-dual
beneficiaries, the total is reduced from 126,59026,054 beneficiaries and for dual

beneficiaries the total is reduced from 25,3935126 beneficiaries.

Finally, one last restriction was considered infatting patients to physician specialty types. In
the Prmry variable above, all physician visits @@epared for their specialties being either
primary or specialty. However, in the GEM projemt]y a select set of primary care visits are
considered for this comparison. The visits arétéichto only those that are office visits or
consultations. Thus, provider specialty attriboti® limited to only primary care services

provided by physicians. This approach is alsmfedd in this dissertation. However, the

% |n the case of a tie, a primary care visit isgesi as the maximum for that patient
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definitions of office visits and consultations at#tained based on Current Procedure

Terminology (CPT) codes criteria as defined byHlealth Care Cost Institute (HCE1)

A new variable (called ‘Prmry_p’) is obtained wh@teysician visits are restricted to office visits
and consultations. Table 18 shows the frequersyltsefor the variable Prmry_p, for non-dual
and dual beneficiaries in 2010. Notice how theeertages change in table 18 in comparison to
table 17 (there is an increase in percentage ofgusi physician type). The analysis portion will

be based on Prmry_p variable, as it is the one likedy to capture the specialty type for a given

patient.
Non-Duals Duals
Prmry p Count Percent Count  Percent
0 43,872 34.80% 7,249 28.83%

1 82,182 65.20% 17,897 71.17%

Table 18 Frequency distribution of Prmry_p variable, fanadual and dual
beneficiaries

3.4.1.4.2.2 Urban vs Rural

In addition to considering physician specialty typebeneficiaries, a second objective
with regards to physician factors is to considerithpact that urban vs. rural physician
type has on development of Diabetes complicationmatients. As was done above with
physician specialty type, it is first importantassign each patient to either a rural or
urban physician type. However, as before, thimisa straightforward problem due to

patients having multiple physician visit types dgrihe year.

2 See Appendix 4.4 in the HCCI methodology docunasmilable at:
http://www.healthcostinstitute.org/files/HCCI%20Z3%20Methodology%20v3.3.pdf
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However, unlike with physician specialty, thereescode to identify urban vs. rural
physicians for a beneficiary in the carrier claitiization file. As a result, each patient’s
urban vs. rural physician designation will be apiorated using the patient’s location
(instead of the physician’s). This should yielthaly close approximation as it’s pretty
reasonable to assume that a patient is likelysi &iphysician close to where that patient
resides in most cases. Information about a baaefis location is available in the

beneficiary file.

To determine the patient’s urban vs. rural locatype, there are two steps involved.
First, the state and county for a beneficiary dentified using the beneficiary file. Then
the state and county are linked to a CMS crossvadile ‘County to CBSA Crosswaff

to obtain the beneficiary’s urban vs. rural clasation. A patient’s physician is then
assigned an urban vs. rural classification basetth@mnesults of the classification
obtained for the beneficiary. Hence, each berafyas assigned an urban vs. rural

physician type based on that beneficiary’s urbamwsl location.

Based on this approach, a new variable called ‘M created to capture whether a
patient is assigned an urban vs. rural physicipe.tyThe table below shows the

frequency results for the ‘Urb’ variable, for nonad and dual beneficiaries in 2010.

% For this study, the FY 2012 ‘County to CBSA Croalifile was obtained from CMS website
(http://www.cms.gov/Medicare/Medicare-Fee-for-SeevPayment/AcutelnpatientPPS/FY-2012-IPPS-
Final-Rule-Home-Page-ltems/CMS1250507.html)
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Table 19 Frequency distribution of Urb variable, for nonadland dual beneficiaries

As was mentioned above, the distribution displapeitie table above applies only for
beneficiaries actually having a visit to a physicthuring the year (i.e., having a record in
the carrier claim utilization file). But anothestriction occurs with rural vs. urban,
which further reduces the total number of casedlabla (from a total of 177,945 as
shown above). When linking the beneficiary fiethe ‘County to CBSA Crosswalk’
table, there were a total of 326 beneficiaries wehgiate/county combination did not
result with a match. Thus, those 326 cases wdrtoond in the ‘County to CBSA
Crosswalk’ and they were not classified as eithealror urban. These 326 cases would
be left out of this part of the analysis. The mddeurban vs. rural physician factors

will thus only consist of 177,619 cases.

3.4.1.4.3 Patient Cost Sharing

3.4.1.4.3.1 Non-Dual Beneficiaries

For non-dual Medicare beneficiaries, patient cbsrisg (or patient total cost) refers to
the total amount of cost paid by the patient duthrggbase year. Patient total cost is
similar to total cost of treatment discussed abddewever, a major distinction is that

patient total cost refers to the total amount fgidhe patient, instead of by Medicare as
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was the case for total cost of treatment previouSigdicare does not cover all expenses,
and patients typically have to pay additional duypa@cket expenses to cover their care.
These patient out of pocket expenses typicallyuishela combination of a deductible,

coinsurance and/or copayment.

As was done with total cost of treatment abovegepatotal cost is obtained by first
calculating each component of cost based on eattteaflaim utilization sources

(Carrier, IP, OP, SNF and HHA). Then, as was dtmoe previously, the patient total

cost is obtained by summing each of those compsradgatient costs. The following
shows those steps, first the calculation of eash component, then the sum to obtain the

final patient total cost.

i. Carrier
PTCcarrier 9=
Sum (Line Coinsurance Amoufit+ Carrier Claim Cash Deductible Applied

Amount)

i. 1P
PTCp =
Sum (Beneficiary Inpatient Deductible Amount + Betiary Part A Coinsurance

Liability Amount + Beneficiary Blood Deductible Lidity Amount)

29 PTC stands for Patient Total Cost
% payment obtained at the line Item from carriemalatilization
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iii. OP
PTCop =
Sum (Beneficiary Part B Deductible Amount + Beniefig Part B Coinsurance

Liability Amount + Beneficiary Blood Deductible Lidity Amount)

iv. SNF (same as IP)
PTCsne =
Sum (Beneficiary Inpatient Deductible Amount + Betiary Part A Coinsurance

Liability Amount + Beneficiary Blood Deductible Lidity Amount)

v. HHA-Populated less than .05%, and is not calculégetto zero for all
home health beneficiari€’s)

PTCHH =0

Patient total cost is then calculated as the suaach of the above components, and is
shown in the following formula (in a similar way tadal cost of treatment was obtained

above):

Patient total cost= PTCcarrier+ PTGp + PTGop + PTGne+ PTGyH

After calculating patient total cost, additionajisiments are made similar to what was

done above with total cost of treatment. Firsy;, beneficiaries with negative patient cost

components or patient total cost are identifiethendata set so that they can be removed

31 From http://www.resdac.org/
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from the data (as was done with total cost of tneit). However, in this case there were
no negative cost values for any of the patient costponents or patient total cost for any

of the beneficiaries. Thus, no adjustment was s&09 in this case.

In addition to the consideration of negative c@steong beneficiaries, outlying patient
cost values are censored with the winsorizatiohrtiggie as was done with total cost of
treatment. The specifications for censoring apple patient costs are the same as those
used with total costs of treatment-censor only lagtlying values at 99 percentile, while
leaving the low outlying values uncensored (thesaas are all zero, due to no negative
patient costs among beneficiaries). After applyMgsorization to patient costs, the
following table shows the summary results for pateosts by components and for total

patient cost, for non-dual beneficiaries in yeat@@

N Sum Mean Median Min Max

Total 126,942 $164,118,690.00$1,292.86 $642.99  $0.00 $9,944.13
Carrier 126,590 $85470,663.13 $675.18 $451.52 $0.00 $4,281.33

OoP 95,962 $39,946,990.28 $416.28 $172.60 $0.00 $3,934.21
IP 21,892  $27,236,845.88 $1,244.15 $1,100.00 $0.00 $3,300.00
SNF 4,491  $9,969,184.00 $2,219.81 $275.00  $0.00 $11,000.00
HHA 9,872 $0.00 $0.00 $0.00  $0.00 $0.00

Table 20: Summary measures for patient cost, for non-dua¢fearies

Similar to what was done with total cost aboveisgretized variable for patient total cost
was also created. The new variable is called eflsp, and contains five discrete

buckets of patient total cost, as was done withl wist. Each cost bucket for cost_all_p

32 Only a summary for non-dual beneficiaries is gihene-for dual beneficiaries the results will use
Medicaid State investment (covered in the nextieekt
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contains 5,109 cases (or 20% of the whole). Theldefor cost_all_p are also assigned in

descending order, as was done with cost_all prelyou

3.4.1.4.3.2 Dual Beneficiaries

Patient total costs for dual eligible patients @o&ined differently than for non-dual
Medicare beneficiaries. Dual eligible beneficiarage generally not responsible for cost
sharing requirement as are non-dual beneficiaiase to their dual enrollment eligibility
(in both Medicare and Medicaid), the out of poakegbenses (or premiums) for dual
eligible beneficiaries are paid for by Medicaid [68 hese expenses that Medicaid pays

are funded in part by the state (along with a matcthe federal governmefit)

To obtain a sense of the patient investment fol eligible beneficiaries in this
dissertation, data regarding each state’s Medpgardeneficiary investment was
obtained. This data is available from the CMS Mail Statistical Information System
(MSIS) State Summary Datamart. The datamart uséaf the year 2010, corresponding
with the base year of this study. Two componemfthe 2010 datamart are used to
obtain total Medicaid investment per beneficiarystgte. First, total Medicaid paid
amount is obtained, which shows the total invebted state in Medicaid. In addition,
the unique beneficiary count is also obtained.sTount will be used to derive total
Medicaid investment by beneficiary in each staippendix C shows those results for

each state, including total Medicaid paid amounique beneficiary count and Medicaid

3 More detail on the Federal Medical Assistance &gsge (FMAP) is available at
http://kff.org/medicaid/state-indicator/federal-mlaing-rate-and-multiplier/
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invested by beneficiary. This latter value will iged in the analysis to evaluate the
Medicaid investment per beneficiary correspondirttp wach dual eligible beneficiary in
the study. Itis of interest in this dissertattorevaluate the impact that the amount
invested in Medicaid per beneficiary has on develept of complications Diabetes for

dual eligible patients.

After obtaining total Medicaid investment per becefy by state, those values are
assigned to each beneficiary based on that beasfigidesignated state (this value is
obtained from the beneficiary file). There is reed to apply winsorization in this case
as was done above, as the values obtained forie@ieidual beneficiary are an average
for that beneficiary’s state of residence. Thudeme values are already smoothed out
in this data, eliminating the need for winsorizatioThe summary results for Medicaid
investment by beneficiary in year 2010 is givemable 21 below. The results given
below are for all beneficiaries, including all gt For a summary listing by state,

Appendix C provides the amount invested in Medid¢nideneficiary by state.

N Sum Mean Median Min Max

Total 25,517 $131,286,625.00 $5,145.07 $4,744.25 $2,870.79 $9,520.27

Table 21: State Medicaid Investment by unique beneficiaryear 2010

Note that there are some missing beneficiariesarrésults above (29 out of a total
25,546 dual eligible beneficiaries, given earliefhe reason is that these beneficiaries
are from state and county regions that were natdaan the county list (the ‘County to

CBSA Crosswalk’ table, which was discussed above@fovider factors). There were 2
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cases out of those 29 that actually did have a stadl county in the ‘County to CBSA
Crosswalk’ table. However, for those 2 cases, these both from Puerto Rico-which is
not included in the list of Medicaid investment peneficiary (see Appendix C for a
complete list by State). As a result, the datdagpatient total cost for dual eligible
beneficiaries will only consist of a total of 254tbtal cases (instead of the full 25,546

cases for dual beneficiaries).

Finally, a discretized variable was created forah®unt spent by beneficiary in each
state (as was done for both total cost and paibalt cost above). The new variable is
called mcaid_all and also consists of five equakiets. Each bucket of mcaid_all
consists of values. Again, as was done previotis¢y/|evels of mcaid_all were assigned

in descending order.

3.4.2 Outcome Variables

There will be three outcomes in this study, alatielg to Diabetes complications:
retinopathy, nephropathy and neuropathy. Thes¢harthree main long-term
microvascular complications that patients with [@s typically develop [7]. This study
will seek to evaluate the impact that factors pmés@ up to this point have on
development of those complications in Diabetesep#di In particular, the first part of
the study will focus on the impact that health f@&tors (socio-demographic and health
comorbidities) have on development of those thoeeptications. The latter part of the

study will focus on answering the three hypothgsesented above, related to the impact

61



of the analytical factors on development of Diabatemplications in patients: total cost
of treatment, MD effect (primary vs. specialty amdan vs. rural) and patient cost

sharing (or Medicaid State investment by beneficfar dual eligible beneficiaries).

Beneficiaries in this study are selected as thesgndsed with Diabetes but having no
indication of any long-term Diabetes complicatiamshe first year (2010). In the
follow-up year (2011), development of three DiabBetemplications is evaluated for each
of those beneficiaries. The following describes pnocess used to identify beneficiaries
that develop complications in 2011. The data dsethis process involves all five claim

utilization source files for 2011 (Carrier, IP, GBNF and HHA).

As was performed for 2010, in each of the clainiaatiion file sources, the primary
diagnosis and five additional diagnosis codes weamned for any occurrence of any of
the three Diabetes complications. A diabetes caafpbn is defined based on a set of
criteria for each of those three complicationsd@fned in Appendix A). In this case;
however, only these three complications are evatuftdr occurrence for a beneficiary in
2011. The additional ICD-9 code range 250.7x-260shich were presented earlier for
2010, will not be considered as an outcome in A@idy are only used to remove
beneficiaries with a history of any long-term Ditdsecomplications). As was done in
2010, beneficiaries are defined to have a Diabsiawplication with at least one
occurrence in claim utilization source files IP,[S&hd HHA, or at least two occurrence

for claim utilization sources Carrier and OP.
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Based on this process, the following table preseetsesults of the frequency for the
Diabetes complications in this study-retinopathspimropathy and neuropathy. The

results are shown for both non-dual and dual beraeies in year 2011.

Non-Duals Duals
Complication Count Percent Count Percent
Retinopathy no 123,615 97.38% 24,677 96.60%
yes 3,327 2.62% 869 3.40%
Nephropathy no 119,330 94.00% 23,704 92.79%
yes 7,612 6.00% 1,842 7.21%
Neuropathy no 120,458 94.89% 23,698 92.77%
yes 6,484 5.11% 1,848 7.23%

Table 22: Frequency distribution of Diabetes complicatiagtiropathy, nephropathy and
neuropathy), for non-dual and dual beneficiaries
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Chapter 4 Model

There will be two different types of models thag axplored in this dissertation. First,
predictive models of Diabetes complications aresatered. These predictive models
explore the impact that various risk factors haweh® development of Diabetes
complications in Medicare and dual eligible benefies. The risk factors included in
the predictive models include all independent \dega presented in Chapter 3
previously, with the exception of not including asfythe analytical factors. Thus, the
risk factors that have an impact on developmemiabetes complications for

beneficiaries are explored in these predictive rnede

In addition to the predictive models, explanatorydels are then considered. The
purpose of explanatory models is to consider th@arhof the analytical factors on the
development of Diabetes complications in benefiegar However, in addition to the
analytical factors, these explanatory models witlude all the independent variables
considered in the predictive models (i.e., all peledent variables presented in Chapter 3
are included in the explanatory models). By inaigdhe other independent variables in
the model allows risk adjustment of the impact tralytical factors have on the
development of Diabetes complication rates in berafes. Thus, explanatory models
are concerned with evaluation of the risk adjustegghct that analytical factors have on
Diabetes complication development in beneficiarikss hoped that the findings from
those models would lead to conclusion regardindotést approaches of care for

beneficiaries.
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In both the predictive models and the explanatoogefs, logistic regression will be used
as the modeling approach. The main reason fontbideling approach is due to having
a binary outcome in the study. In both models aimeome is whether a beneficiary
develops a certain Diabetes complication in ye@e2 retinopathy in year 2). The
covariates in the logistic regression model willude both discrete and continuous
variables. All the modeling in this dissertatiorlwe performed using SAS statistical

software, version 9.3 (SAS Institute Inc., Cary,)NC

4.1 Predictive Model

The first part of the dissertation will explore gietive models of Diabetes complication
rates. These predictive models will include afl thdependent variables, as presented
previously, with the exception of the analyticatttars. The following illustrates the

mathematical notation of the predictive models.

In equation form, these components can be represest

Logit (P(Yi=1)= i X; i+ j Comorb,- it o« Utilx «

Where,
1. Logit (P(Yi=1) =In (P(Y;i=1)/ (1 - P(Yi=1)))
2. Yjis Diabetes complication outcome (0=no, 1=yes), aie

i=1, retinopathy; i=2, nephropathy; i=3 neuropathy
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3. X are socio-demographic factors (age, sex and race)
4. Comorb; are comorbidity factors
5. Util¢ are health utilization factors (LOS, SNF stay, outptient and inpatient

admissions and total office visits)

Each complication (i.e., retinopathy, nephropathg aeuropathy) will be modeled
separately. Thus, there will be three predictivedets for each complication. This
process is repeated for both non-dual and dualficearées. The total models that will

be fit will thus be six.

Stepwise logistic regression will be used to maaadh of the six predictive models.
Stepwise regression is a variable selection prosbsse variables are considered in a
model based on significance criteria. Howevegah variable is added to the model,
variables that become non-significant are removewh the model. This process
continues until a model with only significant vdrias remain (based on the set criteria).
Stepwise logistic regression will thus allow thegtictive models to contain only the
significant risk factors (all other non-significaactors are not included in the final
results). The criteria used in the stepwise regpesprocess in this study is as follows
(based on SAS terminology): slentry=.25 and stsi@f. In the case of slentry, this
refers to the significance probability required #ovariable to enter a model for
consideration. A fairly relaxed criteria (.25)used to allow for consideration of as large

a number of variables. On the other hand, slstfars to the significance probability
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needed for a variable to remain in the model. Aexstringent criteria is used (.05) to

ensure that only significant risk factors are inled in the final predictive model.

4.2 Explanatory Model

As discussed above, explanatory models will addattedytical factors to the variables
already included in the predictive models. Howetee purpose of the two types of
models is quite different. In the predictive magé¢he risk factors are evaluated for their
significance in development of Diabetes compligaion beneficiaries. However,
explanatory models will use the risk factors t@walifor risk adjustment of the impact
that analytical factors have on development of Biab complication development in

beneficiaries.

The modeling approach for explanatory models vall mse stepwise selection, as was
the case with the predictive models. The reasdmaisthere is no need to only consider
significant risk factors in risk adjustment. Ak factors are left in the model, along
with the analytical factors. The modeling approadhsimply use logistic regression to
evaluate the impact that the risk adjusted anallfactors have on the development of
Diabetes complications in beneficiaries. Howewaty the impact of the analytical
factors will be of interest in this case, as thmaaing risk factors are used solely for risk
adjustment of the analytical factors. The reswitssimply include the risk adjusted
impact of the analytical factors on the developnadridiabetes complications in

beneficiaries.
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The following will illustrate the mathematical nttan of the explanatory models. Note
that for each hypothesis (i.e., corresponding thheanalytical factor), there will be six
different explanatory models-three based on eattome, and this is repeated for both
non-dual and dual beneficiaries (as was the cattetiae predictive models). Hence,
there will be a total of 18 total explanatory madelfter consider the three different

hypotheses.

4.2.1 Hypothesis |

The variables in the explanatory models for hypsigheinclude all the variables

presented above in the predictive model. In aoldjtireatment cost levels are also added

to the list of covariates. The following shows tiation for the treatment cost levels.

k Treaty «

WhereTreaty refers to the cost levels for total treatment cdstere are a total of 5 cost

levels, ranging from the lowest cost (level ‘4’)tte highest cost (level ‘0’).

4.2.2 Hypothesis Il

The variables in the explanatory models for hypsighd include all the variables in the

predictive model. In addition, two physician fastare added to the model: specialist vs.
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generalist and urban vs. rural factors. Also,ititeraction between those two physician

factors is also added. The notation for the phgsitactors in the model is as follows:

x Physl 1, + Phys? 2, + , ,PhyskPhysz 3,

WherePhysl Phys2, refer to the specialist vs. generalist and urbamursl physician

factors, respectively (along with their interacdiomBoth of the physician factors consist

of two levels.

4.2.3 Hypothesis llI

4.2.3.1 Non-Dual Beneficiaries

The variables in the explanatory models for hypsighd include all the variables in the

predictive model. In addition, total patient cekaring levels are also added to the list of

covariates. The following shows the notation fog total patient cost sharing levels.

n Patient, |

WherePatient, refers to the levels for total patient cost shariigere are a total of 5

levels, ranging from the lowest cost (level ‘4’)tkee highest cost (level ‘0)

4.2.3.1 Dual Beneficiaries
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For dual beneficiaries, instead of adding totaiguatcost sharing, state per beneficiary
investment is added to the variables in the predichodel. This is due to dual
beneficiaries receiving cost sharing payment fromMedicaid program, as was
discussed. The following shows the notation fer$tate per beneficiary investment in

Medicaid:

m Capitam, m

WhereCapitan, refers to the cost levels for state per benefyaiavestment. There are a

total of 5 levels, ranging from the lowest costv@E'4’) to the highest cost (level ‘0")
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Chapter 5 Results and Discussion

5.1 Predictive Model Results

For the predictive models, results shown will imt#ithe outcomes of the stepwise
logistic regression models. The outcomes will shiogvsignificant factors for each

model. Those are the factors that are consideestiqtive of the Diabetes complication

in each model. In the tables shown, only the adties are presented for each significant
factor, along with confidence limits for those oddgos. In addition, in Appendix E, the
full results from the model output, including parter estimates and significance levels
are shown. Finally, a graphical output of the oddi®s are also included in Appendix E.
Those graphs plot the odds ratio in descendingrotadighlight those factor determined

to be the most predictive of the Diabetes compbecator each model.

In each of the predictive models, only positivenffigant comorbidity risk factors were
allowed to remain in the model. Thus, if a benefichad a negative significant
comorbidity (i.e., having the condition improvec tbomplication outcome rate), then
that comorbidity factor was removed from the model] the model was re-fit. The
justification for this process is that there isgm@able clinical interpretation for this result

and it is removed from consideration in the mdtel

5.1.1 Non-Dual Beneficiaries

34 For all model results presented below, the vaelare shown in abbreviated format. For a more
detailed description of the variables, refer to &pgix D, which contains a glossary of the modelaldes.
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5.1.1.1 Retinopathy

The following table shows the odds ratios for tlymicant factors for the predictive
model of retinopathy complication among non-dualdfesiaries. For this model, two
comorbidity factors were removed from considerafdue to having negative significant
results):.copd and rheum.aThe factors were removed and the model wad re-fiach

case. The final results are shown in Table 23.

Odds Lower Upper
Ratio 95% CL  95% CL

race_1 Other vs White 1.111 0.937 1.317
race_1 Black vs White 1.522 1.366 1.696

ov_1 1.008 1.004 1.013
snf_stay 1vs 0 0.792 0.645 0.973
HPTN_C 1vsO 1.131 1.01 1.267
Lymp 1vsO 1.347 1.02 1.78

Table 23: Odds ratios (with 95% CLs) for retinopathy comation, for non-dual
beneficiaries

5.1.1.2 Nephropathy

The following table shows the results for the neplathy complication, among non-dual
beneficiaries. For this model, there were no riegaignificant factors, and none were
removed from the model for re-fitting. Howevergeorariable was removed initially
from consideration, the rf variable (or renal fedy The rf variable is very highly
correlated with nephropathy and it was of intetestvaluate the other predictive factors

that had an impact on development of nephropathyptioation.
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Odds Lower Upper
Ratio 95% CL  95% CL

sex Mvs F 1.319 1.258 1.384
race_1 Other vs White 1.052 0.933 1.187
race_1 Black vs White 1.271 1.172 1.379

age_grp 80_overvs 64 _to_69 1.837 1.719 1.963
age_grp 75 to_ 79vs 64 to 69 1.458 1.359 1.564
age_grp 70 to 74vs 64 to 69 1.202 1.123 1.287

op_tot_stay 1 1.013 1.009 1.016
ov_1 1.003 1 1.007
snf stay 1vsO 0.852 0.759 0.956
CHF lvsO 1.63 1.534 1.733
PCD 1vsO 1.192 1.065 1.335
PVD 1vsO 1.134 1.069 1.204
HPTN_NC 1vsO 1.479 1.356 1.614
HPTN_C lvsO 1.561 1.458 1.671
COPD lvsO 1.097 1.035 1.164
Obesity 1lvsO 1.193 1.096 1.3
Fluid 1lvsO 1.323 1.235 1.418
DA 1vsO 1.167 1.083 1.257

Table 24: Odds ratios (with 95% CLs) for nephropathy comgtlian, for non-dual
beneficiaries

5.1.1.3 Neuropathy

The following table shows the results for the pcéde factors for the neuropathy

complication predictive model, among non-dual bemefies. Three comorbidity were

removed and the model re-fit, due to having negagignificant results. The factors

removed includedcoag, tumor and lymp
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Odds Lower Upper
Ratio 95% CL  95% CL

sex Mvs F 1.076 1.022 1.132
race_1 Other vs White 0.815 0.706 0.941
race_1 Black vs White 1.181 1.081 1.291
age_grp 80 _overvs 64 to 6 1.146 1.067 1.23
age_grp 75 to 7vs 64 to 6 1.076 1 1.158
age_grp 70 to_7vs 64 to 6 1.026 0.958 1.098
op_tot_stay 1 1.006 1.002 1.01
ov_1 1.023 1.02 1.026
snf_stay 1vsO 1.227 1.09 1.38
CHF lvsO 1.104 1.029 1.185
PVD 1lvsO 1.359 1.277 1.446
OthND 1vsO 1.214 1.097 1.344
COPD lvsO 1.065 1.001 1.133
RF lvsO 1.19 1.067 1.328
Rheum_A lvsO 1.119 1.012 1.237
Obesity 1lvsO 1.3 1.192 1.418
Alcohol 1vsO 1.439 1.097 1.888
Drug 1vsO 1.664 1.25 2.217
Dep 1vsO 1.192 1.098 1.295

Table 25: Odds ratios (with 95% CLs) for neuropathy comglaa, for non-dual
beneficiaries

5.1.2 Dual Beneficiaries

5.1.2.1 Retinopathy

The following table shows the odds ratios for tlgmiicant factors in the predictive

model for retinopathy complication, among dual bengies. The following

comorbidity factors were removed and the modeltrelfie to having negative

significance:copd and wl.
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Odds Lower Upper
Ratio 95% CL  95% CL

race_1 Other vs White 1.302 1.108 1.531
race_1 Black vs White 1.234 1.035 1.472
HPTN_NC 1vs 0 1.351 1.039 1.757
RF 1vsO 1.381 1.064 1.792

Table 26: Odds ratios (with 95% CLs) for retinopathy comation, for dual
beneficiaries

5.1.2.2 Nephropathy

The following table shows the odds ratios for tigmigicant factors in the predictive
model for nephropathy complication, among dual Bereies. In addition to removing
the rf comorbidity factor (as was done with nonddueneficiaries), thesycho

comorbidity factor was also removed due to haviegative significance.

Odds Lower Upper
Ratio 95% CL  95% CL

sex Mvs F 1.217 1.096 1.353
race_1 Other vs White 0.866 0.764 0.982
race_1 Black vs White 1.083 0.956 1.226
age_grp 80_overvs 64 _to 6 1.463 1.284 1.667

age_grp 75 to_7vs 64 to 6 1.216 1.055 1.401
age_grp 70 to 7vs 64 to 6 0.964 0.838 1.109

op_tot_stay 1 1.007 1 1.013
snf stay 1vsO 0.804 0.674 0.959
CHF lvsO 1.49 1.333 1.667
PVD 1vsO 1.121 1.005 1.25
HPTN_NC 1vsO 1.364 1.129 1.647
HPTN_C 1vsO 1.575 1.388 1.787
Obesity lvsO 1.241 1.062 1.452
Fluid 1vsO 1.429 1.263 1.616

Table 27:0Odds ratios (with 95% CLs) for nephropathy congtiien, for dual
beneficiaries

75



5.1.2.3 Neuropathy

The following table shows the odds ratios resutdlfie significant factors in the
predictive model for neuropathy complication. OtiHlgpsycho comorbidity factor was

removed and the model re-fit, due to being negatigeificant in the model.

Odds Lower Upper
Ratio 95% CL  95% CL

age_grp 80 _over vs 64 _to_6 0.88 0.769 1.006
age_grp 75_to_7 vs 64_to_6 1.015 0.884 1.165
age grp 70 _to_7vs 64 _to 6 1.069 0.941 1.214
ov_1 1.018 1.012 1.023
CHF 1vsO 1.261 1.127 1.411
PVD 1vsO 1.338 1.201 1.49
RF 1vsO 1.274 1.058 1.534
Rheum_A1vsO 1.213 1.02 1.443
Obesity 1vs 0 1.331 1.147 1.543
Drug 1vsO 1.665 1.147 2.418
Dep 1vsO 1.213 1.075 1.37

Table 28: Odds ratios (with 95% CLs) for neuropathy comglaa, for dual
beneficiaries

5.1.3 Individual Risk Profiles

In addition to the odds ratios for the predictiaetbrs in each model for the Diabetes
complications, individual risk profiles were alseated. Based on the significant risk
factors generated in each model, the complicaata fior a range of risk profiles based
on the risk factors is obtained. The complicatiate for the two most extreme risk

profiles (best and worst) are presented in theréigielow (Figures 2 shows the results
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for non-dual beneficiaries and Figure 3 for duaidficiaries}®. It is interesting to note

the wider range for the complication rates in thsecof nephropathy and neuropathy,
compared to retinopathy. This is due to retinopatimplication having resulted in

fewer risk factors than the other complications.géneral, retinopathy has been the least
predictive among all the complications. Both nepathy and neuropathy were
comparable in their prediction results. Nonetrgl@sall three cases, it is interesting to
note that a risk profile provides a useful resnlévaluate beneficiaries’ potential risk of
developing a complication in the following year,ev no such complication has been so
far detected. Care management approaches carpbEmented for various risk profiles
among beneficiaries to allow for improved outcomis delay of the complication
development. This is the purpose of the explagatwdels, and their results will be

presented next.
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Figure 2: Complication rate by risk profile, for non-dualnediciaries

% For continuous significant factors (i.e., losataiffice visits), best and worst were defined @8 &nd
10" percentiles, respectively
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Figure 3: Complication rate by risk profile, for dual berugdiries

5.2 Explanatory Model Results

The results for the explanatory models will incleddimate results for only the analytical
factors (corresponding with each of the hypothes@gpendix F contains a more
detailed listing of the estimates for all the vahes in the model. These remaining
variables are the risk adjustment variables foheddhe analytical factors, as was
discussed prior. However, the only variable oéiigst in evaluation of each hypothesis is
the effect that the analytical factor has on th@lication outcome, risk adjusted for all

the other variables that depict the various riskele of the beneficiaries.
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In all the estimate results presented, the estiofatee analytical factor is shown along
with the standard error (in parenthesis) as welhag-value. In all analysis, a p-value of
less than 0.05 was considered to be statisticghifscant. Estimates found statistically

significant are accompanied with an asterisksr{*thie results below.

In all the models presented, comorbidity risk fastare based on Elixhauser factors (as
was presented). However, two other comorbiditly agjustment factors are considered,
in order to consider the impact that these may loavihe results beyond those based on
Elixhauser. The first alternative risk adjustmtaator used is the Medicare Hierarchical
Condition Category (HCC) risk score [69]. Thikrgore is calculated based on ICD-9
diagnosis variables, socio-demographics factomgedisas other related factors (such as
enrollment in Medicaid). HCC is derived as a senggk score, which is used in place of
the 29 Elixhauser variables in risk adjustment nhodée risk score is transformed into a

discrete variable by creating five groups (or clesy*®.

The other approach used as an alternative to Elsdrarisk adjustment is calculated
based on the total number of comorbidities thagrzeliciary has. These comorbidities
are actually based on the Elixhauser factors, wadreneficiary’s total comorbidities are
summed up based on their total number of Elixhacseditions. A tiered variable is
created based on the beneficiary having 0-2 candt(first tier), 3-4 conditions (second
tier) and >=5 conditions (third tier). The varialfbr the total number of comorbidities

for a beneficiary is called ‘Comorb’, and this rtaia will be used in the tables below.

% The risk score used in the models is the commuisikyscore (instead of the institutional risk scor
any of the other derived risk scores)
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The results below are presented first based oklikbauser risk adjustment. These
results are presented for each hypothesis, formathdual and dual beneficiaries. In
addition to the results based on Elixhauser rigksaohent, results based on HCC and
Comorb risk adjustments are also presented. Hawaabke with Elixhauser risk
adjustment, HCC and Comorb risk adjustment resuisnot presented in every case.
HCC and Comorb risk adjustment results are onlggmed when they demonstrate a
difference of some significance from results oladibbased on Elixhauser risk
adjustment. If the results based on HCC and Comskladjustment are comparable to
the results based on Elixhauser risk adjustmeat dmly Elixhauser risk adjustment are
shown. Conclusions for those cases will be dersiegbly from the results shown based

on Elixhauser risk adjustment.

5.2.1 Hypothesis |

5.2.1.1 Non-Dual Beneficiaries

The following table shows the estimate resultshertotal cost of treatment analytical
factor (cost_all). The results are shown for noatdeneficiaries. In these results,
cost_all estimates are shown relative to levelridéach case (which is the lowest cost
level). Based on the results, only retinopathy a@dropathy show statistical
significance. For both of these complicationgppears that higher cost of treatment is

associated with increase in complication ratesis Tdsult is not in agreement with what
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was expected (it was believed that an increaseatrhent investment would lead to
lowered complication rates in beneficiaries). Rartexploration was performed for all
of the complications using both HCC and Comorb adjustment methods, as was

previously discussed.

Retinopathy Nephropathy Neuropathy
Estimate Estimate Estimate

Parameter (SE) p-value (SE) p-value (SE) p-value
cost_all 0 .317(.079)* <.0001 .004 (.054)  0.9355 534 (.057)*  <.0001
cost_all 1 .307 (.064)* <.0001 .056 (.045) 0.2176 459 (.049)* <.0001
cost_all 2 .291(.060)* <.0001 -.001 (.044) 0.9899 .332 (.048)*  <.0001
cost_all 3 .139(.060)* 0.021 .076 (.042)*  0.072 .164 (.048)*  0.0007
cost_all 4 0 0 0

Table 29: Parameter estimate resulté for hypothesis | (edi}s,tjor.non-dual

beneficiaries

The results in table 30 show total cost of treatnbased on both HCC and Comorb risk
adjustment. The results yield interesting condusj in comparison to the above results.
First, for retinopathy, it appears that although éstimates are positively significant,
there is a decreasing trend from level ‘2’ to |€@&l This is observed with both HCC
and Comorb risk adjustment. This indicates thdtesment investment increases from
level '2" and beyond, there is a lower rate of ctingtion for retinopathy. For
nephropathy, although the results were not sigmitién the table above they appear
significant in this case. In fact, the estimatlksw negative significance in all cases
(with the exception of level ‘3’). These negatestimates are decreasing as investment
increases, meaning that rate of complication f@hnepathy continues to improve
relative to level ‘4’ with an increase in treatmé@mntestment. Finally for neuropathy, in

general the results appear consistent with theiquevable with one small exception.
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For HCC risk adjustment, there is a slight dip aing from level ‘1’ to level ‘0’. This
means that at very high treatment investmentdhitjieer investment shows improvement

in neuropathy complication rate (only based on HGBK adjustment).

Table 30: Parameter estimate results for hypothesis | (cstoanon-dual
beneficiaries, using HCC and Comorb risk adjustment

5.2.1.2 Dual Beneficiaries

The following table shows the estimate resultgliertotal cost of treatment analytical
factor (cost_all) for dual beneficiaries. In thessults, cost_all estimates are shown
relative to level ‘4’ in each case (which is thevest cost level). The results are
somewhat comparable to those for non-dual benegsiabove. Only retinopathy and
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neuropathy complications show statistically sigrafit results; nephropathy does not
show any statistical significance. In both retiathyy and neuropathy, it appears that
there is a positive trend, where higher treatmevestment leads to higher complication
rate (again, this is not what was hypothesized)weler, for retinopathy, there is a dip
in going from level ‘2’ to level ‘1’, meaning thaicreasing investment at those levels
does lead to improved outcome. This would havsetoorroborated with the other risk

adjusters, shown below.

Retinopathy Nephropathy Neuropathy
Estimate Estimate Estimate

Parameter (SE) p-value (SE) p-value (SE) p-value
cost_all 0 .632(.158)* <.0001 .019 (.115) o0.8621 962 (.112)*  <.0001
cost_all 1 .354(.129)* 0.0065 .018 (.094)  0.8475 .739 (.096)*  <.0001
cost_all 2 429 (.119)* 0.0003 .033(.089) 0.7073 579 (.093)*  <.0001
cost_all 3 .154(.119) 0.1942 .075 (.086)  0.3807 .357 (.095)*  0.0002
cost_all 4 0 . 0 0

Table 31: Parameter estimate results for hypothesis | (edi¥tfor dual beneficiaries

In Table 32, the results for the estimates of totst of treatment are shown using HCC
and Comorb risk adjustment. These results werasiohpactful as they were for non-
dual beneficiaries. Retinopathy has two signiftcaalues (at level ‘2’ and level ‘0’) and
both support a positive increasing trend. Likewfee neuropathy, the results support a
positive trend, similar to the results based omltuser risk adjustment. For
nephropathy, using HCC risk adjustment shows siamt results, at level ‘1’ and level
‘0’. Both of these results are negatively sigrafit, meaning that they both are
improvements from level ‘4’ (the lowest level) alegel ‘0’ is a higher improvement than

level ‘1’. These conclusions are more in line whke expected hypothesis result.
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However, these are not replicated with Comorb adjkistment and they do not show
statistical significance for other levels (beyoaddls ‘0’ and ‘1’). They appear to have
some validity but further investigation may be vaated to make a conclusion regarding

nephropathy complication rate.

Table 32: Parameter estimate results for hypothesis | (cbstoadual beneficiaries,
using HCC and Comorb risk adjustment

5.2.2 Hypothesis I

5.2.2.1 Non-Dual Beneficiaries
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The following table shows the estimate resultstierphysician analytical factor, both
generalist vs. specialist (prmry_p) and urban wsalr(urb). The results are shown for
non-dual beneficiaries. In these results, prmmgsgmates are shown relative to level ‘1’
(primary) and urb estimates are shown relativaitban’ level. The results based on
Elixhauser risk adjustment were comparable to thesed on HCC and Comorb risk
adjustment, and those results were not shown. Memyvéhere was one distinction that

appeared with relation to nephropathy complicatwimich will be discussed further.

Based on the results below, retinopathy and netinggzoth appear to have higher
complication rates among specialist vs. primarg gdrysician. For both of these
complications, the results are not significant wegards to urban vs. rural physician.
For nephropathy complication on the other handrelerse is true-primary vs. specialist
does not have significant results; however, urtmmyral providers show statistical
significance and it appears that rural to have loweenplication rates than urban
providers. However, primary vs. specialist did egpsignificant for nephropathy when
using both HCC and Comorb risk adjustment. Basethose risk adjustments, specialist
appeared to have a lower complication rate thaergdiat for nephropathy (which is the
trend obtained using Elixhauser but which was tatistically significant). Thus, there

is evidence that for nephropathy, complicate ratgsove both with visiting a specialist

as well as a rural provider.
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Table 33: Parameter estimate results for hypothesis Il (prm@and urb), for non-dual
beneficiaries

5.2.2.2 Dual Beneficiaries

Table 34 shows the estimate results for the preysianalytical factor, both generalist vs.
specialist (prmry_p) and urban vs. rural (urb), agndual beneficiaries. The results are

similar in format to the results shown in Tabled&®ve.

For dual beneficiaries, only retinopathy showed stayistical significance for specialist
vs. primary care physician, with specialist havimgher complication rate than primary
care physician (similar to the result obtainedrfon-dual beneficiaries). For urban vs.
rural physician type, only neuropathy shows sigaifit results, and in this case rural
appear to have better complication rate results tinean physicians. This is comparable
to the previous result obtained for nephropathynfmm-dual beneficiaries. Nephropathy
does not show any statistically significant resutis neither specialist vs. generalist or

urban vs. rural physician type.
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Table 34: Parameter estimate results for hypothesis Il (prmiand urb), for dual
beneficiaries

5.2.3 Hypothesis Il

5.2.3.1 Non-Dual Beneficiaries

The following table shows the estimate resultslierpatient total cost sharing analytical
factor (cost_all_p). The results are shown for-daal beneficiaries. In these results,
cost_all_p estimates are shown relative to levah'4ach case (which is the lowest cost
level). The results using Elixhauser risk adjusttrage pretty straightforward (and
comparable to those obtained for total cost oftineat in hypothesis I): both retinopathy
and neuropathy show positive significant trendyghg that increase in total patient cost
sharing leads to higher complication rates (orgnather way, reduced patient cost
sharing leads to better outcomes with lower comagibn rates). Nephropathy does not

show any statistical significance using Elixhaussk adjustment.
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Retinopathy Nephropathy Neuropathy

Estimate Estimate Estimate
Parameter (SE) p-value (SE) p-value (SE) p-value
cost_all p 0 .345(.079)* <.0001 -.079 (.054) 0.1478 410 (.057)* <.0001
cost_all_p 1 .269 (.063)* <.0001 -.0003 (.044) 0.9952 .400 (.048)* <.0001
cost_all_p 2 .260 (.060)* <.0001 -.026 (.043) 0.5517 .265 (.047)* <.0001
cost_all_p 3 .103(.059) 0.0869 .025 (.042) 0.554 .154 (.048)* 0.0013
cost all p 4 0 . 0 0

Table 35: Parameter estimate results for hypothesis IIIt(_caiIs_p); for non-dual
beneficiaries

The results in table 36 are based on using HCGCamdorb risk adjustments. For
retinopathy, there is positive statistical sigrafice at levels ‘2’ up to level ‘0’.

However, there appears to be a dip going from |&/éb level ‘1’, appearing for both
HCC and Comorb risk adjustments. This means tHaval ‘2’ and higher, complication
rates for retinopathy are higher than at level athough there is an improvement in
complication rate from going from level ‘2’ to ldvé’. Nephropathy shows significant
results with HCC and Comorb risk adjustment, intcast to the results based on
Elixhauser risk adjustment. There is decreasiagdifrom going from level ‘2’ and
upward, where each increasing level shows impromemenephropathy complication
rate. Finally for neuropathy, HCC risk adjustmsindws a positive increasing trend
(similar to that obtained based on Elixhauser adkistment), with the exception at level
‘0’ where there appears to be a dip-or an improvermeoutcome-in comparison to level

1.
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Table 36: Parameter estimate results for hypothesis Ilit(@k p) for non-dual
beneficiaries, using HCC and Comorb risk adjustment

5.2.3.2 Dual Beneficiaries

Table 37 shows the estimate results for the settbgneficiary Medicaid investment
analytical factor (mcaid_all). The results aredaal beneficiaries. In these results,
mcaid_all estimates are shown relative to leveiri4éach case (which is the lowest cost
per beneficiary level). Based on the results shaetmopathy appears to have negative
significant results for all levels, with the exdept of level ‘0’. This means that higher
state Medicaid investment per beneficiary leadsaroved outcome in complication
rate for retinopathy, up to level ‘1’. There istmmough evidence to make a conclusion
regarding level ‘0’. For nephropathy, levels ‘3ich'0’ are both negatively significant,
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which means that state Medicaid investment perfizaey at those levels leads to
improved outcomes in comparison to state Mediaaréstment per beneficiary at level
‘4’ (the lowest level). Finally, neuropathy doest show any significant results and no
conclusions can be made regarding its relationat® $edicaid investment per

beneficiary levels.

Table 37: Parameter estimate results for hypothesis Il (chadl), for dual beneficiaries

5.3 Model Performance

The last part of this analysis will present the sueas of performance for the models in
the study. The model performance measure considetae area under the receiver
operating curve (ROC), also known as the AUC (femaunder the curve) or c-statistic.
This measure captures the ability of the modeldesify outcomes correctly [70]. The
values for the c-statistic range from 0.5 to 1 hwvititcreasing levels signifying a better

performing model.
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Table 38 shows the c-statistic results for bothpiteglictive and explanatory models in

the study.

# H#H HH#H
0.541 0.563 0.555 0.561
0.639 0.694 0.694 0.694
0.604 0.609 0.606 0.607
0.543 0.591 0.585 0.592
0.619 0.682 0.681 0.684
0.600 0.622 0.612 0.611

Table 38: C-statistic performance results for predictive ardlanatory models in study

The results in Table 38 show relatively moderatelehpredictive capability. In general,
both nephropathy and neuropathy demonstrate batidel performances than does
retinopathy (this is the case for both non-dual @nal beneficiaries). Nephropathy
typically has a slightly better performance thaesloeuropathy. Also, for both
retinopathy and neuropathy, dual beneficiaries apfzehave better model performances
than non-dual beneficiaries. This is the oppositeyever, with nephropathy, where
model performance for non-dual beneficiaries isdvehan for dual beneficiaries.
Finally, for all complications, explanatory modélsve superior performance than
predictive modef. A demonstration for one of the models (nephriopéor dual
beneficiaries for Hypothesis Il) is shown in Figdreéelow. The figure illustrates the
distribution of the predicted outcomes (y_predatsfied based on actual outcome (y=0

or 1, if a beneficiary has a nephropathy compla3gti As expected, the figure shows a

%" This is expected, as the explanatory models adtyteal factors to the predictive models, whichuleb
improve performance.
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higher frequency of higher predicted outcomeslierdase when y=1 (showing an added
peak for those higher predicted outcomiesHowever, the model’s discriminating ability
is not very strong (where c-statistic is .681, as whown in Table 38). A model with
higher c-statistic would have a greater discrimoratapability than what Figure 4

illustrates, and likely a higher second peak fer¢hse where y=1.

Distribution of y_pred
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Figure 4: Distribution of predicted outcome for nephropaiypred) stratified by actual
outcome (y=0 or 1), for dual beneficiaries (Hypdaikdl)

An attempt was made to improve the c-statistic @ute for the models based on an

innovative approach. This approach (which willdadled ‘spline logistic regression’)

% The original peak is demonstrably higher for ykart for y=1, showing lower predicted outcome foBy=
having higher frequency than for y=1.
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was based on splitting the data based on residbtdsned from fitting of the original
models. Cases with high residuals (poor fit) waeparated from cases with low residual
(good fit). Then a model was fit for those twoesseparately. However, instead of
dividing the cases based on their actual residpatslicted residuals were obtained first.
Those predicted residuals were obtained by fittiregoriginal model, but with an
outcome indicator showing each case as havingdridbw residual. This creates a
propensity score for each case, or the predictkeb\iar each case of either having a
high or low residual. The propensity scores aem thplit by a chosen percentilealue

to obtain both data set of predicted low residaalpor prediction probability) and
another data set of predicted high residual (odgwediction probability). Separate
models were fit in each case and finally those $ets are combined into a final data set.
Performance measures (c-statistic) are obtainethi®final data set based on predicted
outcomes obtained from the two model fits. Thigrapch is essentially spline logistic
regression (or also segmented logistic regressiamgre the segmentation is based on
propensity scores for good and poor predictabilifhe results of this spline logistic
regression approach do not show a significant ingmreent in c-statistic compared to the
original predictive models (in table 38). In gealermprovements were in the range of
0.29%-3.42% (based on all the model results). rei§ubelow shows the results for the
spline logistic regression approach based on the peesented in Figure 4 (nephropathy
for dual beneficiaries for Hypothesis Il). Theteisstic for this model improved from
.681 (in the original model) to .692 (in the spllogistic regression model)-or a 1.62%
improvement. Figure 5 illustrates the improvemgaisl it appears, for instance, that the

additional peak for y=1 is higher compared to tha&igure 4. However, the results are

3980" percentile for good prediction results was chdaethis study
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still moderate and this is due to modest improveasibased on the c-statistic. Further
improvements would be interesting to explore, lwith regards to this spline regression
approach as well as other approaches beyond dpgistic regressiolf. Other
approaches-including other variants of this apdnesttould be explored to seek to

improve performance results for the models in shusly.
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Figure 5: Distribution of predicted outcome for nephropafiypred_spline) stratified
by actual outcome (y=0 or 1), for dual beneficiarielypothesis Il)

“0 For instance, further breakdown of poor predictitin poor prediction for positive results (y=1)dan
negative results (y=0) could be explored. This gield a propensity score model with three outeem
which would require multinomial logistic regression
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Chapter 6 Conclusion

This dissertation set out to explore factors théitience development of Diabetes
complications for Medicare and dual eligible beciafies. Three Diabetes
complications were of interest in this study: repathy, nephropathy and neuropathy.
These three complications are the most commonigndisant microvascular types of
complications among Diabetes patients, both frdmamcial and health standpoint.
Results from both predictive and explanatory modedse obtained, to gain a better
understanding of those factors that influence #heetbpment of Diabetes complications.
Predictive models were used to study significaotdis in development of Diabetes
complications among Medicare and dual eligible lieragies. Explanatory models were
used to explore the three main hypotheses in thsedation. Each of the hypotheses set
out to study the impact that various analyticatdex have on development of Diabetes
complications in Medicare and dual eligible benefies. These factors included:
treatment investment, physician factors and patiest sharing (or state Medicaid per

beneficiary investment for dual eligible beneficeg).

The results of the predictive models showed theofadhat are predictive for each of the
Diabetes complications in the study. Odds ratsults for the predictive factors were
shown (including a graphical presentation of thodds ratios in the appendix). In
general, retinopathy complication resulted in femedictive factors than for either
nephropathy or neuropathy complications. Thisgpattvas consistent for the results for

both non-dual and dual beneficiaries.
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The results of the explanatory models set out soventhe three hypothesis that were
defined initially in the study. The first hypotlestated that higher treatment investment
would lead to lower rate of complications among Matke and dual eligible
beneficiaries. The results were significant fothbi@tinopathy and neuropathy, but in
both cases contrary to the stated hypothesis lfioth, showed an increasing relation
between treatment investment and complicationaateng Diabetes beneficiaries, both
for non-dual and dual beneficiaries). Results 8aseHCC and Comorb risk adjustment
showed negative significant results for treatmawestment for nephropathy (for
treatment investments level ‘2’ and higher among-doal beneficiaries and level ‘1’
and higher among dual beneficiaf®s These result show support for the initial
hypothesis regarding the impact of treatment irmest on nephropathy complication

rates among non-dual and dual beneficiaries.

Hypothesis Il explored the impact of physician éaston complication rates among
beneficiaries. For non-dual beneficiaries, retatby and neuropathy both showed
higher complication rates among specialist comptrgaimary care physician (no
significant result was found regarding urban vsalréactor). For nephropathy, rural
physicians were shown to have lower complicatiagas#han urban providers. Although
no significant results were found regarding primesyspecialist physician for
nephropathy, HCC and Comorb risk adjustment shdexsdr complication among
specialist compared to primary care physicians. deal beneficiaries, there were two

significant outcomes. Retinopathy showed highenglacation rates among specialist

“1 Based only on HCC risk adjustment (not Comorb aigjustment)
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(similar to the result obtained for non-dual beciefies). Also, neuropathy was shown
to have a lower complication rate among rural camgao urban providers (similar to

results obtained for nephropathy complication eat®ng non-dual beneficiaries).

Hypothesis Il explored the impact that patientt&isaring had on development of
complication rates in beneficiaries. For non-cheneficiaries, significant results were
obtained for retinopathy and neuropathy, both shgwai positive relation between patient
cost sharing and rate of complications developm®&mk adjustment based on HCC and
Comorb showed negative significant results for mepathy, for levels ‘2" and upward.
Also, dips were found for both retinopathy (froméés ‘2’ to ‘1’) and neuropathy (from

levels ‘1’ to ‘0).

For dual beneficiaries, patient cost sharing wag8an state Medicaid investment per
beneficiary. For retinopathy, there is evidenca okgative relation between state
Medicaid investment per beneficiary and complicatievelopment. This negative trend
is observed for all levels, with the exceptionlod highest cost level (at level ‘0’).
Nephropathy showed some negative significant restilsome of the investment cost
levels, mainly from levels ‘3’ and ‘0’, both shovgmmprovement from the lowest cost
level ‘4", with level ‘O’ (highest cost) having thgreater outcome improvement. No

significant results were obtained for neuropathmpbcation rate.

In conclusion, the results appear to support santieechypothesis defined initially in the

study, although there are some departures for doation types and among non-dual
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compared to dual beneficiaries. With regardsdatment investment, nephropathy
appears to be the only complication that showsfstgnt decrease with higher treatment
investment levels for beneficiaries (consistentwite initial hypothesis). For physician
factors, the conclusions vary. Only nephropathgoissistent with the initial hypothesis
that specialist providers have better complicatate outcomes than primary care
providers. For urban vs. rural factors, none efecbmplications showed improvements
among urban compared to rural physicians, as vedsdsin the initial hypothesis. The
reverse was found for both nephropathy (among n@i{oeneficiaries) and neuropathy
(among dual beneficiaries). For patient cost slgaitigher patient cost sharing was
found to be associated with higher complicatioesamong non-dual beneficiaries, for
retinopathy and neuropathy (which is contrary @ithitial hypothesis). Some evidence
of a negative relation was found for nephropatlgm@ HCC risk adjustment), which is
the only complication that supported the initiapbthesis to some extent. For dual
beneficiaries, retinopathy (and to an extent negpdtoy) showed a significant negative
relation with state Medicaid investment per benafic These result support the stated
hypothesis that higher state investment leadswerd@omplication rates among dual

eligible beneficiaries.

In addition to the results presented, this studyad the value of the kind of risk
adjustment used in a model. HCC and Comorb rigkstdents were used to
complement results based on Elixhauser risk adgistmin general, these were found to
have an impact for cost based results (i.e., totaktment investment and patient cost

sharing). This could be due to the nature of HEK adjustment, which is based on risk
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score to predict health cost for Medicare benegfiesa It is not clear how Comorb would
show similar impact as HCC, as it is obtained basethe total number of Elixhauser
comorbidities in a beneficiary. However, both meas are obtained as a single measure
of risk (compared to a list of variables with Eladser risk adjustment). This could be
one reason for the similarity in the results betwge HCC and Comorb risk adjustment

results.

Finally, model performance results show that th& performing models are for
nephropathy and neuropathy complications, in coraparo retinopathy complication.

In general, retinopathy complication did not haeeywstrong results (which is also
evident in the total number of factors obtainethia predictive models). However, for
all models, the c-statistics show that improvementdd be further made to improve the
results obtained in this study. It would be ing¢ireg to consider further improvement in
the models for future studies, perhaps with mon@wative machine learning approaches
that have been shown to have high performing resitowever, the results in this
dissertation shed some light to the factors tHaiemce development of Diabetes
complications among Medicare and dual eligible fierzgies. The results should be
helpful in implementing preventive types of carenagement programs for this
population, in order to reduce the risk of Diabetesiplications among beneficiaries and

improve health outcomes.
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Appendix A: ICD-9 codes for Diabetes complications: retinogattephropathy and
neuropathy

Complication ICD-9 codes
Retinopathy 250.5x, 362.0x, 37923
Nephropathy 250.4x, 585.xx, 581.81, 583.81

Neuropathy 250.6x%, 357.2x, 337.1x

“2 Does not include diagnosis for cataract or glawcom
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Appendix B: Elixhauser Comorbidities Frequencies, for non-dual dual beneficiaries
in 2010
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Non-Duals Duals
Comorbidity Count Percent Count Percent
Rheumatoid Arthritis/collagen no 120,035 94.56% 23,898 93.55%
yes 6,907 5.44% 1,648 6.45%
Coagulopathy no 122,227 96.29% 24,545 96.08%
yes 4,715 3.71% 1,001 3.92%
Obesity no 117,586 92.63% 23,244 90.99%
yes 9,356 7.37% 2,302 9.01%
Weight Loss no 122,505 96.50% 24,113 94.39%
yes 4,437 3.50% 1,433 5.61%
Fluid and Electrolyte Disorders no 114,003 89.81% 21,594 84.53%
yes 12,939 10.19% 3,952 15.47%
Blood Loss Anemia no 124,942 98.42% 25,014 97.92%
yes 2,000 1.58% 532 2.08%
Deficiency Anemia no 115,581 91.05% 22,453 87.89%
yes 11,361 8.95% 3,093 12.11%
Alcohol Abuse no 126,247 99.45% 25,306 99.06%
yes 695 0.55% 240 0.94%
Drug Abuse no 126,455 99.62% 25,310 99.08%
yes 487 0.38% 236 0.92%
Psychoses no 124,640 98.19% 23,789 93.12%
yes 2,302 1.81% 1,757 6.88%
Depression no 115,988 91.37% 21,431 83.89%
yes 10,954 8.63% 4,115 16.11%
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Appendix C: Medicaid Investment Amount per Beneficiary, in y2@i 0 by State
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Appendix D: Glossary of Model Variables
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Appendix E: Base Model Results

A. Non-Dual Beneficiaries-Retinopathy

Wald

Parameter DF Estimate Std Err Chi-Sgq  p-value
Intercept 1 -3.7457 0.0294 16201.22 <.0001
race_1 Other 1 0.105 0.087 1.4558 0.2276
race 1 Black 1 0.4201 0.0553 57.6385 <.0001
ov_1 1 0.00842 0.00237 12.5649 0.0004
snf_stay 1 1 -0.2332 0.1049 4.9415 0.0262
HPTN_C 1 1 0.1232 0.0579 4.529 0.0333

1 0.298 0.1421 4.4003 0.0359

Lymp 1

Odds Ratios with 95% Wald Confidence Limits

snf_stay 1vs 0 b

ov_1 [ ]
race_1 Other vs White f ® !
HPTN_C 1vs 0O F—e—H
Lymp1vsO f ® i
race_1 Black vs White —e—

0.6 0.8 1.0 1.2 1.4 1.6
Odds Ratio
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1.8

0.792 (0.6448, 0.9728)

1.0085 (1.0038, 1.0132)

1.1107 (0.9365, 1.3172)

1.1311 (1.0098, 1.2671)

1.3472 (1.0198, 1.7798)

1.5221 (1.3656, 1.6964)



B. Non-Dual Beneficiaries- Nephropathy

Wald
Parameter Estimate StdErr Chi-Sq  p-value
Intercept 1 -3.8961 0.0515 5717.83 <.0001
sex M 1 0.2772 0.0242 131.0616 <.0001
race_1 Other 1 0.0507 0.0614 0.6811 0.4092
race 1 Black 1 0.24 0.0414 33.6761 <.0001
age_grp 80_over 1 0.6083 0.0339 322.6536 <.0001
age _grp 75 _to 7 1 0.3771 0.0359 110.4345 <.0001
age_grp 70 _to 7 1 0.184 0.0347 28.1257 <.0001
op_tot stay 1 1 0.0126 0.00183 47.6859 <.0001
ov_1 1 0.00337 0.00166 4.1337 0.042
snf_stay 1 1 -0.1603 0.0587 7.4704 0.0063
CHF 1 1 0.4888 0.0311 247.7805 <.0001
PCD 1 1 0.1758 0.0577 9.2898 0.0023
PVD 1 1 0.1261 0.0302 17.4745 <.0001
HPTN_NC 1 1 0.3916 0.0443 77.9467 <.0001
HPTN_C 1 1 0.4452 0.0347 164.8844 <.0001
COPD 1 1 0.0929 0.03 9.5502 0.002
Obesity 1 1 0.1767 0.0436  16.403 <.0001
Fluid 1 1 0.28 0.0353 62.8034 <.0001
DA 1 1 0.1541 0.0379 16.5391 <.0001
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Odds Ratios with 95% Wald Confidence Limits

snf stay1vs 0 | —e—

ov_1

op_tot_stay_1

race_1 Other vs White
COPD1vs O

PVD1vs O

DA1vsO

PCD1vsO

Obesity 1vs 0

age grp 70 _to_7 vs 64 _to_6
race_1 Black vs White

sex Mvs F

Fluid 1vs O

age grp 75 to 7vs 64 to 6
HPTN_NC 1vs 0

HPTN_C 1vs O

CHF 1vsO

age_grp 80_overvs 64_to_6

®
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1.00 1.25
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1.50 1.75 2.00

Odds Ratio
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0.8519 (0.7593, 0.9557)
1.0034 (1.0001, 1.0066)
1.0127 (1.0091, 1.0163)
1.052 (0.9327, 1.1866)
1.0973 (1.0345, 1.1639)
1.1344 (1.0693, 1.2035)
1.1666 (1.0831, 1.2566)
1.1922 (1.0647, 1.3348)
1.1933 (1.0955, 1.2999)
1.202 (1.123, 1.2866)
1.2713 (1.1723, 1.3786)
1.3195 (1.2583, 1.3836)
1.3232 (1.2346, 1.4181)
1.458 (1.359, 1.5642)
1.4793 (1.3561, 1.6136)
1.5609 (1.4583, 1.6706)
1.6304 (1.5341, 1.7327)
1.8373 (1.7193, 1.9634)



C. Non-Dual Beneficiaries- Neuropathy

Wald
Parameter Estimate Std Err Chi-Sq  p-value
Intercept 1 -3.4332 0.033410594.43 <.0001
sex M 1 0.073 0.0261 7.8132 0.0052
race_1 Other 1 -0.2043 0.0733 7.7656 0.0053
race 1 Black 1 0.1667 0.0451 13.6521 0.0002
age_grp 80 _over 1 0.1359 0.0363 14.0465 0.0002
age_grp 75 to_7 1 0.0732 0.0375 3.8239 0.0505
age_grp 70 _to 7 1 0.0254 0.0349 0.5321 0.4657
op_tot_stay 1 1 0.00576 0.00203 8.0122 0.0046
ov_1 1 0.0227 0.00162195.7852 <.0001
snf_stay 1 1 0.2042 0.06 11.5798 0.0007
CHF 1 1 0.0991 0.0362 7.51 0.0061
PVD 1 1 0.3068 0.0317 93.696 <.0001
OthND 1 1 0.1942 0.0518 14.0663 0.0002
COPD 1 1 0.0627 0.0317 3.9136 0.0479
RF 1 1 0.1742 0.0559 9.7171 0.0018
Rheum_A 1 1 0.1127 0.0512 4.8343 0.0279
Obesity 1 1 0.2623 0.0442 35.18 <.0001
Alcohol 1 1 0.3638 0.1385 6.8959 0.0086
Drug 1 1 0.5094 0.1462 12.1394 0.0005
Dep 1 1 0.176  0.0421 17.4914 <.0001
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Odds Ratios with 95% Wald Confidence Limits

race_1 Other vs White | —e—

op_tot_stay 1

ov_1

age_grp 70 _to_7 vs 64_to_6
COPD 1vs O

sex Mvs F

age_grp 75_to 7 vs 64_to_6
CHF 1vs O

Rheum_A 1vs 0

age_grp 80_over vs 64_to_6
race_1 Black vs White
RF1vsO

Dep1vsO

OthND 1vs O

snf_stay 1vs 0

Obesity 1vs 0

PVD1vs O

Alcohol 1vs O

Drug1vs O

Odds Ratio

0.8152 (0.7061, 0.9412)
1.0058 (1.0018, 1.0098)
1.0229 (1.0197, 1.0262)
1.0258 (0.958, 1.0983)
1.0647 (1.0006, 1.133)
1.0757 (1.0221, 1.1322)
1.076 (0.9998, 1.158)
1.1042 (1.0286, 1.1853)
1.1192 (1.0123, 1.2375)
1.1456 (1.067, 1.23)
1.1814 (1.0814, 1.2907)
1.1903 (1.0668, 1.3281)
1.1924 (1.098, 1.295)
1.2144 (1.0972, 1.3441)
1.2266 (1.0905, 1.3797)
1.2999 (1.192, 1.4176)
1.3591 (1.2772, 1.4462)
1.4388 (1.0967, 1.8876)
1.6643 (1.2496, 2.2167)



D. Dual Beneficiaries- Retinopathy

Wald
Parameter DF Estimate StdErr Chi-Sq  p-value
Intercept 1 -3.7482 0.1324 801.5499 <.0001
race 1 Other 1 0.2643 0.0824 10.2822 0.0013
race_1 Black 1 0.2106 0.0899 5.4868 0.0192
HPTN_NC 1 1 0.3007 0.134 5.0355 0.0248
RF 1 1 0.3226 0.1331 5.8779 0.0153
Odds Ratios with 95% Wald Confidence Limits
race_1 Black vs White f ® !
race_1 Other vs White f ® !
HPTN_NC 1vs 0 | | a |
RF1vsO f ® {

1.0 1.2 1.4 16 18
Odds Ratio
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1.2344 (1.035, 1.4723)

1.3025 (1.1082, 1.5308)

1.3508 (1.0388, 1.7565)

1.3807 (1.0638, 1.7921)



E. Dual Beneficiaries- Nephropathy

Wald
Parameter Estimate StdErr Chi-Sq  p-value
Intercept 1 -3.333  0.1077 958.3138 <.0001
sex M 1 0.1967 0.0538 13.3906 0.0003
race_1 Other 1 -0.1436 0.064 5.0349 0.0248
race 1 Black 1 0.0795 0.0634 15737 0.2097
age_grp 80_over 1 0.3806 0.0666 32.7075 <.0001
age_grp 75 to_7 1 0.1956 0.0724  7.3053 0.0069
age_grp 70 _to 7 1 -0.0371 0.0715 0.2694 0.6037
op_tot_stay 1 1 0.00674 0.00325 4.3106 0.0379
snf_stay 1 1 -0.2181 0.0901 5.865 0.0154
CHF 1 1 0.3991 0.057 49.0149 <.0001
PVD 1 1 0.114 0.0558 4.1707 0.0411
HPTN_NC 1 1 0.3102 0.0963 10.3764 0.0013
HPTN_C 1 1 0.4541 0.0643 49.8123 <.0001
Obesity 1 1 0.2162 0.0798 7.3404 0.0067
Fluid 1 1 0.3569 0.0629 32.2196 <.0001
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F. Dual Beneficiaries- Neuropathy

Wald
Parameter DF Estimate Std Err Chi-Sq  p-value
Intercept 1 -2.9273 0.05432908.764 <.0001
age_grp 80 _over 1 -0.1283 0.0684 3.519 0.0607
age_grp 75 to 7 1 0.0148 0.0705 0.0438 0.8343
age_grp 70 _to_7 1 0.0664 0.0652 1.0392  0.308
ov_1 1 0.0173 0.00271 40.9632 <.0001
CHF 1 1 0.2318 0.0574 16.3135 <.0001
PVD 1 1 0.2913 0.055 28.0431 <.0001
RF 1 1 0.2422 0.0948 6.5265 0.0106
Rheum_A 1 1 0.1933 0.0885 4.7731 0.0289
Obesity 1 1 0.2857 0.0756 14.269 0.0002
Drug 1 1 0.5098 0.1903 7.1791 0.0074
Dep 1 1 0.1935 0.0619 9.761 0.0018

120



Appendix F: Explanatory Model Results
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A. Non-Dual Beneficiaries-Retinopathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.8873 0.0742 2746.562 <.0001
6.01E-
cost_all 3 1 1.39E-01 02 5.3298 0.021
cost_all 2 1 0.2908 0.0603 23.2304 <.0001
cost_all 1 1 0.3065 0.064 22.9067 <.0001
cost_all 0 1 0.3168 0.0793 15.9744 <.0001
sex M 1 -0.0562 0.0369 2.3182 0.1279
race_1 Other 1 0.1099 0.0872 1.5857 0.2079
race 1 Black 1 0.4035 0.0561 51.6578 <.0001
age_grp 80 _over 1 -0.0921 0.0519 3.146 0.0761
age_grp 75_to_7 1 0.00652 0.0512 0.0162 0.8988
age_grp 70 _to 7 1 0.0697 0.046  2.2908 0.1301
ip_tot_stay 1 1 -0.00787 0.0496 0.0251 0.8741
op_tot_stay 1 1 0.000218 0.00335 0.0042 0.9482
ov_1 1 0.00503 0.00298 2.8457 0.0916
snf_stay 1 1 -0.2971 0.117 6.4439 0.0111
los_1 1 0.00254 0.00528 0.2325 0.6297
CHF 1 1 0.1093 0.0557 3.8419 0.05
Arrhy 1 1 -0.0123 0.0469 0.0682 0.794
VD 1 1 -0.1228 0.0553 4.9232 0.0265
PCD 1 1 -0.00363 0.1083 0.0011 0.9733
PVD 1 1 0.0663 0.0481 1.9022 0.1678
HPTN_NC 1 1 0.0426 0.0575 0.5479 0.4592
HPTN_C 1 1 0.0944 0.0595 25142 0.1128
Para 1 1 -0.0199 0.1909 0.0109 0.917
OthND 1 1 -0.0391 0.0851 0.2106 0.6463
COPD 1 1 -0.1455 0.0482 9.0988 0.0026
Hptothy 1 1 -0.0296 0.043 0.4721 0.492
RF 1 1 0.1074 0.0829 1.6814 0.1947
LD 1 1 -0.0401 0.0866 0.2145 0.6433
PUD_NB 1 1 -0.0878 0.1671 0.276  0.5994
HIV 1 1 0.8234 0.5177 25295 0.1117
Lymp 1 1 0.2908 0.1429 4.1383 0.0419
METS 1 1 -0.1517 0.1785 0.7217 0.3956
Tumor 1 1 -0.1075 0.0552 3.7954 0.0514
Rheum_A 1 1 -0.2432 0.0847 8.2498 0.0041
Coag 1 1 -0.1686 0.1001 2.8353 0.0922
Obesity 1 1 -0.0247 0.0675 0.1342 0.7142
WL 1 1 0.075 0.0934 0.6449 0.422
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Fluid 1 1 0.0699 0.0607 1.325 0.2497
BLA 1 1 0.1952 0.1293 2.2814 0.1309
DA 1 1 0.0357 0.0618 0.3339 0.5634
Alcohol 1 1 0.1315 0.225 0.3414  0.559
Drug 1 1 -0.2891 0.3218 0.8069 0.3691
Psycho 1 1 -0.2218 0.1505 2.1724 0.1405
Dep 1 1 -0.019 0.0649 0.0854 0.7701

123



B. Non-Dual Beneficiaries- Nephropathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.9255 0.0576 4643.804 <.0001
4.24E-
cost_all 3 1 7.62E-02 02 3.2364  0.072
cost_all 2 1 -0.00055 0.0437 0.0002 0.9899
cost_all 1 1 0.0556 0.0451 1.52 0.2176
cost_all 0 1 0.00436 0.0539 0.0065 0.9355
sex M 1 0.2371 0.0257 85.117 <.0001
race_1 Other 1 0.0633 0.0629 1.0117 0.3145
race 1 Black 1 0.2236 0.0427 27.3631 <.0001
age_grp 80_over 1 0.5436 0.0351 239.9502 <.0001
age _grp 75 _to 7 1 0.3347 0.0368 82.5151 <.0001
age_grp 70 _to 7 1 0.1679 0.0354 22.4946 <.0001
ip_tot_stay 1 1 -0.0471 0.0304 2.3964 0.1216
op_tot _stay 1 1 0.00767 0.00201 14.5057 0.0001
ov_1 1 0.00265 0.00195 1.8454 0.1743
snf_stay 1 1 -0.1695 0.0677 6.2749 0.0122
los_1 1 0.00104 0.00315 0.1091 0.7412
CHF 1 1 0.404 0.0339 142.308 <.0001
Arrhy 1 1 0.0429 0.0309 1.9268 0.1651
VD 1 1 0.00731 0.0349 0.044 0.8339
PCD 1 1 0.1531 0.0614 6.2197 0.0126
PVD 1 1 0.1171 0.0314 13.8595 0.0002
HPTN_NC 1 1 0.3344 0.0451 54.9281 <.0001
HPTN_C 1 1 0.1834 0.037 24.6033 <.0001
Para 1 1 -0.1451 0.1282 1.281 0.2577
OthND 1 1 -0.0621 0.0552 1.2633 0.261
COPD 1 1 0.1029 0.0311 10.9294 0.0009
Hptothy 1 1 -0.0284 0.0298 0.9115 0.3397
RF 1 1 2.0007 0.0337 3529.091 <.0001
LD 1 1 -0.0875 0.0604 2.097 0.1476
PUD_NB 1 1 -0.0145 0.1066 0.0184 0.892
HIV 1 1 -0.2656 0.6101 0.1895 0.6633
Lymp 1 1 0.1418 0.1033 1.884 0.1699
METS 1 1 0.1055 0.1064 0.9823 0.3216
Tumor 1 1 0.0395 0.036 1.2063 0.2721
Rheum_A 1 1 -0.0297 0.0534 0.3096 0.5779
Coag 1 1 -0.036 0.0596 0.3648 0.5459
Obesity 1 1 0.1633 0.0451 13.1256 0.0003
WL 1 1 0.0447 0.0609 0.5396 0.4626
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Fluid 1 1 0.1581 0.0386 16.8076 <.0001
BLA 1 1 0.0891 0.0875 1.0368 0.3086
DA 1 1 0.1302 0.0399 10.6327 0.0011
Alcohol 1 1 0.2024 0.1462 19161 0.1663
Drug 1 1 -0.00186 0.1869 0.0001  0.992
Psycho 1 1 0.0101 0.0856 0.0139 0.9061
Dep 1 1 0.0615 0.0436  1.9954 0.1578
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C. Non-Dual Beneficiaries- Neuropathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.5852 0.0566 4006.947 <.0001
4.84E-
cost_all 3 1 1.64E-01 02 11.3918 0.0007
cost_all 2 1 0.3321 0.0476 48.7446 <.0001
cost_all 1 1 0.4593 0.0485 89.643 <.0001
cost_all 0 1 0.5335 0.0567 88.5906 <.0001
sex M 1 0.0916 0.0269 11.5485 0.0007
race_1 Other 1 -0.1996 0.0734 7.3875 0.0066
race 1 Black 1 0.177 0.0455 15.1436 <.0001
age_grp 80 _over 1 0.1354 0.0367 13.5999 0.0002
age_grp 75 to_7 1 0.0732 0.0376 3.7816 0.0518
age_grp 70 _to 7 1 0.0254  0.035 0.528 0.4675
ip_tot_stay 1 1 -0.0595 0.0305 3.809 0.051
op_tot_stay 1 1 0.0025 0.00217 1.3216 0.2503
ov_1 1 0.0184 0.00186 97.3392 <.0001
snf_stay 1 1 0.1183 0.0659 3.2279 0.0724
los_1 1 0.00646 0.00295 4.7999 0.0285
CHF 1 1 0.0827 0.0382 4.7031 0.0301
Arrhy 1 1 -0.0317 0.0327 0.938 0.3328
VD 1 1 -0.0728 0.0375 3.7661 0.0523
PCD 1 1 -0.0402 0.0698 0.3319 0.5646
PVD 1 1 0.266  0.032 69.1537 <.0001
HPTN_NC 1 1 -0.0401 0.0419 0.9146 0.3389
HPTN_C 1 1 0.0321 0.0423 0.5767 0.4476
Para 1 1 -0.0156 0.1196 0.0171 0.8961
OthND 1 1 0.1434 0.0531 7.3026 0.0069
COPD 1 1 0.0435 0.0324 1.8027 0.1794
Hptothy 1 1 -0.0142 0.0308 0.2133 0.6442
RF 1 1 0.1704 0.0565 9.097 0.0026
LD 1 1 0.0362 0.0585 0.3837 0.5356
PUD_NB 1 1 -0.0268 0.1106 0.0587 0.8085
HIV 1 1 0.193 0.5188 0.1383 0.71
Lymp 1 1 -0.2617 0.1223 45771 0.0324
METS 1 1 -0.0174 0.1149 0.0229 0.8797
Tumor 1 1 -0.1688 0.0395 18.2632 <.0001
Rheum_A 1 1 0.0841 0.0513 2.6885 0.1011
Coag 1 1 -0.1318 0.0648 4.1311 0.0421
Obesity 1 1 0.2342 0.0444 27.8205 <.0001
WL 1 1 -0.0818 0.066 1.5338 0.2155
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Fluid 1 1 -0.013 0.0422 0.0942 0.7589
BLA 1 1 -0.00436 0.095 0.0021 0.9634
DA 1 1 -0.0118 0.0435 0.0737 0.786
Alcohol 1 1 0.3128 0.1396 5.0217  0.025
Drug 1 1 0.4587 0.1464 9.8147 0.0017
Psycho 1 1 0.1019 0.0842 1.4627 0.2265
Dep 1 1 0.1398 0.0425 10.8379 0.001
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D. Dual Beneficiaries-Retinopathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.7948 0.1633 539.9824 <.0001
1.19E-
cost_all 3 1 1.54E-01 01 1.6853 0.1942
cost_all 2 1 0.4295 0.1185 13.1448 0.0003
cost_all 1 1 0.3535 0.1299 7.4062 0.0065
cost_all 0 1 0.6318 0.158 15.9847 <.0001
sex M 1 -0.03 0.0801 0.1399 0.7084
race_1 Other 1 0.2455 0.0855 8.2484 0.0041
race 1 Black 1 0.2041 0.092 4.9261 0.0265
age_grp 80 _over 1 -0.1298 0.0986 1.7325 0.1881
age_grp 75 to_7 1 -0.0955 0.1031 0.8577 0.3544
age_grp 70 _to 7 1 0.0537 0.0924 0.3377 0.5612
ip_tot_stay 1 1 -0.0735 0.0936 0.6159 0.4326
op_tot_stay 1 1 -0.00067 0.00538 0.0154 0.9011
ov_1 1 -0.00337 0.00533 0.4003 0.5269
snf_stay 1 1 -0.0221 0.1583 0.0195 0.8889
los_1 1 -0.00994 0.0112 0.7865 0.3752
CHF 1 1 0.0542 0.0954 0.323 0.5698
Arrhy 1 1 -0.1251 0.0937 1.7828 0.1818
VD 1 1 0.0727 0.1049 0.4796 0.4886
PCD 1 1 0.2075 0.1972 1.1069 0.2928
PVD 1 1 0.0488 0.0846  0.3322 0.5643
HPTN_NC 1 1 0.2555 0.1358 3.5413 0.0599
HPTN_C 1 1 0.0677 0.1055 0.4116 0.5212
Para 1 1 0.3317 0.2169 2.3395 0.1261
OthND 1 1 0.085 0.1263 0.4534 0.5007
COPD 1 1 -0.3248 0.0873 13.8546 0.0002
Hptothy 1 1 0.024 0.0821 0.0856 0.7698
RF 1 1 0.3485 0.1369 6.4789 0.0109
LD 1 1 0.034 0.1428 0.0566 0.8119
PUD_NB 1 1 -0.2004 0.2672 0.5626 0.4532
HIV 1 1 0.1005 0.7268 0.0191 0.8901
Lymp 1 1 -0.3511 0.458 0.5876 0.4433
METS 1 1 0.3519 0.3295 1.1412 0.2854
Tumor 1 1 -0.2817 0.1367 4.2449 0.0394
Rheum_A 1 1 -0.1021 0.1474 0.4794 0.4887
Coag 1 1 -0.1027 0.1902 0.2915 0.5892
Obesity 1 1 0.0482 0.1201 0.1608 0.6884
WL 1 1 -0.505 0.1916 6.9503 0.0084
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Fluid 1 1 -0.1287 0.11 1.3686 0.2421
BLA 1 1 -0.3175 0.2871 1.2232 0.2687
DA 1 1 0.0732 0.1071 0.4674 0.4942
Alcohol 1 1 0.2427 0.3319 0.5346 0.4647
Drug 1 1 0.2145 0.3296 0.4235 0.5152
Psycho 1 1 -0.2294 0.1576 2.1166 0.1457
Dep 1 1 0.0657 0.0985  0.4448 0.5048
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E. Dual Beneficiaries-Nephropathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.3549 0.1197 784.9242 <.0001
8.59E-
cost_all 3 1 7.53E-02 02 0.7684 0.3807
cost_all 2 1 0.0334  0.089 0.141 0.7073
cost_all 1 1 0.018 0.0935 0.037 0.8475
cost_all 0 1 0.0199 0.1145 0.0302 0.8621
sex M 1 0.139 0.0565 6.0494 0.0139
race_1 Other 1 -0.1346 0.0664 4.1098 0.0426
race 1 Black 1 0.0794 0.0664 1.4308 0.2316
age_grp 80_over 1 0.3046 0.0694 19.2466 <.0001
age_grp 75 to_7 1 0.1566 0.0745 4.4163 0.0356
age_grp 70 _to 7 1 -0.0724 0.0732 0.9773 0.3229
ip_tot_stay 1 1 -0.032 0.0519 0.3808 0.5372
op_tot_stay 1 1 0.00262 0.00359 0.5331 0.4653
ov_1 1 0.00132 0.00361 0.1331 0.7152
snf_stay 1 1 -0.2128 0.1076 3.9117 0.048
los_1 1 -0.00341 0.00513 0.4412 0.5066
CHF 1 1 0.3059 0.0633 23.3547 <.0001
Arrhy 1 1 0.0883 0.063 1.9643 0.1611
VD 1 1 -0.00116 0.0735 0.0003 0.9874
PCD 1 1 0.1124 0.1269 0.7849 0.3757
PVD 1 1 0.097 0.0591 2.6965 0.1006
HPTN_NC 1 1 0.2385 0.0988 5.8281 0.0158
HPTN_C 1 1 0.2008 0.0696 8.3224 0.0039
Para 1 1 -0.1335 0.1823 0.5364 0.4639
OthND 1 1 0.0201 0.0888 0.051 0.8214
COPD 1 1 0.0606 0.0584 1.0772 0.2993
Hptothy 1 1 0.0213 0.0587 0.1313 0.7171
RF 1 1 1.9015 0.0671 803.4205 <.0001
LD 1 1 0.184 0.0989 3.4652 0.0627
PUD_NB 1 1 -0.1566 0.1814 0.7451 0.388
HIV 1 1 -1.3788 1.0244 1.8115 0.1783
Lymp 1 1 -0.0251 0.2702 0.0086 0.9261
METS 1 1 0.061 0.2326 0.0689 0.793
Tumor 1 1 -0.00793 0.0872 0.0083 0.9276
Rheum_A 1 1 -0.2397 0.1074 4.9785 0.0257
Coag 1 1 -0.0678 0.1226 0.3062 0.58
Obesity 1 1 0.1816 0.0833 4.7539 0.0292
WL 1 1 -0.0697 0.1097 0.4041 0.525
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Fluid 1 1 0.2368 0.07 11.4272 0.0007
BLA 1 1 0.1085 0.1587 0.4677  0.494
DA 1 1 0.0456 0.0748 0.3722 0.5418
Alcohol 1 1 -0.0497 0.2599 0.0366 0.8482
Drug 1 1 0.3153 0.2335 1.8229 0.177
Psycho 1 1 -0.3069 0.1103 7.7391 0.0054
Dep 1 1 -0.0543 0.072 0.5694 0.4505
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F. Dual Beneficiaries-Neuropathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.1278 0.1144 748.0233 <.0001
9.46E-
cost_all 3 1 3.57E-01 02 14.2529 0.0002
cost_all 2 1 0.5794 0.0934 38.4477 <.0001
cost_all 1 1 0.739 0.0962 59.0534 <.0001
cost_all 0 1 0.9622 0.1124 73.226 <.0001
sex M 1 -0.0177 0.0562 0.0992 0.7528
race_1 Other 1 -0.078 0.0627 1.5437 0.2141
race 1 Black 1 -0.1216 0.0686 3.1448 0.0762
age_grp 80 _over 1 -0.1513 0.0704 4.6184 0.0316
age_grp 75 to_7 1 0.00523 0.0714 0.0054 0.9417
age_grp 70 _to 7 1 0.0612 0.0656 0.8708 0.3507
ip_tot_stay 1 1 -0.0286 0.0526 0.2961 0.5863
op_tot_stay 1 1 -0.0035 0.00356 0.9645 0.3261
ov_1 1 0.00861 0.0032 7.2107 0.0072
snf_stay 1 1 -0.1715 0.1032 2.7638 0.0964
los_1 1 -0.00745 0.00604 1.5218 0.2173
CHF 1 1 0.1716 0.0627 7.492 0.0062
Arrhy 1 1 -0.1265 0.0625 4.1014 0.0428
VD 1 1 -0.0677 0.0717 0.8914 0.3451
PCD 1 1 0.00395 0.1283 0.0009 0.9755
PVD 1 1 0.2315 0.0561 17.0378 <.0001
HPTN_NC 1 1 -0.0705 0.088 0.6419 0.423
HPTN_C 1 1 0.0579 0.071 0.6652 0.4147
Para 1 1 -0.0642 0.1666 0.1484 0.7
OthND 1 1 0.00421 0.086 0.0024 0.961
COPD 1 1 0.0274 0.0556 0.2431 0.622
Hptothy 1 1 -0.0504 0.0571 0.7797 0.3772
RF 1 1 0.2285 0.0964 5.6192 0.0178
LD 1 1 -0.1323 0.099 1.7854 0.1815
PUD_NB 1 1 -0.0482 0.1639 0.0864 0.7688
HIV 1 1 0.3087 0.4783 0.4166 0.5187
Lymp 1 1 0.1191 0.2459 0.2347 0.6281
METS 1 1 -0.11 0.236 0.2174 0.6411
Tumor 1 1 -0.1515 0.0868 3.0476 0.0809
Rheum_A 1 1 0.1472 0.0888 2.7476 0.0974
Coag 1 1 0.1472 0.1123 1.7171 0.1901
Obesity 1 1 0.2484 0.0765 10.5491 0.0012
WL 1 1 -0.0883 0.1075 0.675 0.4113
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Fluid 1 1 0.1061 0.0693 2.3398 0.1261
BLA 1 1 -0.2681 0.1762 2.315 0.1281
DA 1 1 0.0215 0.0728 0.0874 0.7675
Alcohol 1 1 -0.1146 0.252 0.2068 0.6493
Drug 1 1 0.484 0.1915 6.3885 0.0115
Psycho 1 1 -0.3555 0.1084 10.7588 0.001
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A. Non-Dual Beneficiaries-Retinopathy

Wald
Parameter DF Estimate Std Err  Chi-Sg  p-value
Intercept 1 -3.7893 0.0694 2979.882 <.0001
4.41E-
prmry_p 0 1 8.83E-02 02 4.0109 0.0452
urb rural 1 -0.0305 0.0525 0.3374 0.5613
prmry_p*urb 0 rural 1 0.1228 0.0858 2.0463 0.1526
sex M 1 -0.0678 0.0371 3.3308 0.068
race_1 Other 1 0.0931 0.0888 1.0988 0.2945
race 1 Black 1 0.3977 0.0569 48.8418 <.0001
age_grp 80_over 1 -0.0751 0.0522 2.0727 0.15
age_grp 75 to_7 1 0.0172 0.0515 0.1121 0.7378
age_grp 70 _to 7 1 0.0731 0.0463 2.4917 0.1145
ip_tot_stay 1 1 0.015 0.0457 0.1083 0.7421
op_tot_stay 1 1 0.00199 0.00332 0.3615 0.5477
ov_1 1 0.00889 0.00283 9.8505 0.0017
snf_stay 1 1 -0.2753 0.1166 5.5698 0.0183
los_1 1 0.00122 0.0054 0.0506 0.8219
CHF 1 1 0.1126 0.056 4.0336 0.0446
Arrhy 1 1 0.00446 0.0471 0.009 0.9245
VD 1 1 -0.1133 0.0556 4.1541 0.0415
PCD 1 1 -0.018 0.1089 0.0272  0.869
PVD 1 1 0.0878 0.0481 3.3333 0.0679
HPTN_NC 1 1 0.0573 0.0578 0.9806 0.3221
HPTN_C 1 1 0.1019 0.0597 29116 0.0879
Para 1 1 -0.00466 0.191 0.0006 0.9805
OthND 1 1 -0.022 0.0853 0.0666 0.7964
COPD 1 1 -0.1321 0.0484 7.4435 0.0064
Hptothy 1 1 -0.0217 0.0431 0.2539 0.6143
RF 1 1 0.1067 0.0832 1.6444 0.1997
LD 1 1 -0.0192 0.0867 0.049 0.8247
PUD_NB 1 1 -0.0736 0.1672 0.1939 0.6597
HIV 1 1 0.8647 0518 2.7873  0.095
Lymp 1 1 0.273 0.1443 3.5801 0.0585
METS 1 1 -0.1715 0.1785 0.9231 0.3367
Tumor 1 1 -0.0994 0.0554 3.2206 0.0727
Rheum_A 1 1 -0.2457 0.0851 8.3466 0.0039
Coag 1 1 -0.1732 0.1003 2.9807 0.0843
Obesity 1 1 -0.0144 0.0678 0.0452 0.8316
WL 1 1 0.0879 0.0936 0.8822 0.3476
Fluid 1 1 0.0892 0.0609 2.1428 0.1432
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BLA 1 1 0.2026 0.1294 24526 0.1173
DA 1 1 0.0487 0.062 0.6177 0.4319
Alcohol 1 1 0.1069 0.2303 0.2157 0.6424
Drug 1 1 -0.2906 0.3219 0.8153 0.3665
Psycho 1 1 -0.1959 0.1507 1.6899 0.1936
Dep 1 1 0.000794 0.0651 0.0001 0.9903
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B. Non-Dual Beneficiaries-Nephropathy

Wald
Parameter DF Estimate Std Err  Chi-Sg  p-value
Intercept 1 -3.8604 0.0546 4999.326 <.0001
-1.04E- 3.03E-
prmry_p 0 1 02 02 0.1178 0.7315
urb rural 1 -0.1182 0.0367 10.3623 0.0013
prmry_p*urb 0 rural 1 0.037 0.0612 0.3661 0.5451
sex M 1 0.2365 0.0258 83.9462 <.0001
race_1 Other 1 0.0609 0.0634 0.922 0.3369
race 1 Black 1 0.2033 0.0432 22.1081 <.0001
age_grp 80_over 1 0.5409 0.0352 236.1332 <.0001
age_grp 75_to 7 1 0.3326 0.037 80.932 <.0001
age_grp 70 _to 7 1 0.1695 0.0355 22.791 <.0001
ip_tot_stay 1 1 -0.0543 0.0281 3.7429 0.053
op_tot_stay 1 1 0.00914 0.00201 20.6556 <.0001
ov_1 1 0.00163 0.00191 0.7337 0.3917
snf_stay 1 1 -0.187 0.067  7.7833 0.0053
los_1 1 0.00104 0.00313 0.1097 0.7404
CHF 1 1 0.4076 0.0338 145.0286 <.0001
Arrhy 1 1 0.0432 0.0309 1.9555 0.162
VD 1 1 0.00195 0.0349 0.0031 0.9555
PCD 1 1 0.1486 0.0615 5.8336 0.0157
PVD 1 1 0.1161 0.0313 13.7374 0.0002
HPTN_NC 1 1 0.3378 0.0454 55.2995 <.0001
HPTN_C 1 1 0.1807 0.037 23.8043 <.0001
Para 1 1 -0.1511 0.1282 1.3889 0.2386
OthND 1 1 -0.0613 0.0552 1.2336 0.2667
COPD 1 1 0.1064 0.0311 11.6645 0.0006
Hptothy 1 1 -0.0302 0.0298 1.0259 0.3111
RF 1 1 2.0025 0.0338 3510.897 <.0001
LD 1 1 -0.0958 0.0605 25075 0.1133
PUD_NB 1 1 -0.0146 0.1066 0.0188 0.8909
HIV 1 1 -0.2695 0.6114 0.1944 0.6593
Lymp 1 1 0.1467 0.1034 2.0132 0.1559
METS 1 1 0.0987 0.1063 0.8613 0.3534
Tumor 1 1 0.0376 0.0361 1.0837 0.2979
Rheum_A 1 1 -0.0337 0.0535 0.3959 0.5292
Coag 1 1 -0.0421 0.0597 0.4986 0.4801
Obesity 1 1 0.1635 0.0451 13.1455 0.0003
WL 1 1 0.0474 0.0609 0.6066 0.4361
Fluid 1 1 0.161 0.0386 17.4315 <.0001
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BLA 1 1 0.0881 0.0875 1.0138 0.314
DA 1 1 0.1285 0.04 10.3386 0.0013
Alcohol 1 1 0.1981 0.1463 1.834 0.1757
Drug 1 1 -0.00036 0.1868 0 0.9985
Psycho 1 1 0.0146 0.0856 0.0292 0.8643
Dep 1 1 0.06 0.0436 1.891 0.1691
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C. Non-Dual Beneficiaries-Neuropathy

Wald
Parameter DF Estimate Std Err  Chi-Sg  p-value
Intercept 1 -3.4417 0.0511 4531.255 <.0001
3.13E-
prmry_p 0 1 1.19E-01 02 14.5139 0.0001
urb rural 1 -0.0454 0.0389 1.3605 0.2434
prmry_p*urb 0 rural 1 0.00346 0.0632 0.003 0.9563
sex M 1 0.0785 0.027 8.4278 0.0037
race 1 Other 1 -0.2026 0.0738 7.5255 0.0061
race_1 Black 1 0.1703 0.0459 13.7986 0.0002
age_grp 80_over 1 0.1536 0.0368 17.4126 <.0001
age_grp 75 to_7 1 0.0841 0.0378 4.9673 0.0258
age_grp 70 to_7 1 0.0314 0.035 0.8049 0.3696
ip_tot_stay 1 1 -0.00058 0.0283 0.0004 0.9836
op_tot_stay 1 1 0.00675 0.00213 10.0217 0.0015
ov_1 1 0.0229 0.0018 161.4299 <.0001
snf_stay 1 1 0.1608 0.0661 5.9258 0.0149
los_1 1 0.00387 0.00305 1.612 0.2042
CHF 1 1 0.1034 0.0384 7.2552 0.0071
Arrhy 1 1 -0.013 0.0329 0.1548 0.694
VD 1 1 -0.0573 0.0377 2.3084 0.1287
PCD 1 1 -0.0547 0.0703 0.6064 0.4361
PVD 1 1 0.3006  0.032 88.3443 <.0001
HPTN_NC 1 1 -0.00506 0.0422 0.0144 0.9044
HPTN_C 1 1 0.0421 0.0425 0.9832 0.3214
Para 1 1 0.0107 0.12 0.008 0.9289
OthND 1 1 0.1611 0.0535 9.0838 0.0026
COPD 1 1 0.0654 0.0325 4.0442 0.0443
Hptothy 1 1 -0.00663 0.0309 0.0461 0.83
RF 1 1 0.1684 0.0567 8.8297  0.003
LD 1 1 0.0577 0.0587 0.9658 0.3257
PUD_NB 1 1 -0.00058 0.111 0 0.9958
HIV 1 1 0.2064 0.5192 0.1581 0.6909
Lymp 1 1 -0.2481 0.1226 4.093 0.0431
METS 1 1 -0.0261 0.1152 0.0514 0.8207
Tumor 1 1 -0.1512 0.0397 14.5225 0.0001
Rheum_A 1 1 0.0977 0.0514 3.6092 0.0575
Coag 1 1 -0.1357 0.0651 4.3426 0.0372
Obesity 1 1 0.2522 0.0445 32.1295 <.0001
WL 1 1 -0.0678 0.0663 1.0469 0.3062
Fluid 1 1 0.00793 0.0426 0.0347 0.8521
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BLA 1 1 -0.00177 0.0957 0.0003 0.9852
DA 1 1 0.00299 0.0437 0.0047 0.9455
Alcohol 1 1 0.3479 0.1399 6.1882 0.0129
Drug 1 1 0.4702  0.147 10.2356 0.0014
Psycho 1 1 0.1262 0.0848 2.2139 0.1368
Dep 1 1 0.1659 0.0427 15.1224 0.0001
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D. Dual Beneficiaries-Retinopathy

Wald
Parameter DF Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.651 0.1585 530.934 <.0001
8.67E-
prmry_p 0 1 1.77E-01 02 4.1553 0.0415
urb rural 1 -0.1611 0.1049 2.3568 0.1247
prmry_p*urb 0 rural 1 -0.2681 0.1898 1.9951 0.1578
sex M 1 -0.0194 0.0804 0.058 0.8097
race_1 Other 1 0.2008 0.0877 5.2488 0.022
race_1 Black 1 0.1886 0.0928 4.1269 0.0422
age_grp 80_over 1 -0.1118 0.0994 1.2653 0.2606
age_grp 75 to_7 1 -0.0848 0.1041 0.6641 0.4151
age_grp 70 _to 7 1 0.0758 0.093 0.6658 0.4145
ip_tot_stay 1 1 0.0151 0.0865 0.0305 0.8615
op_tot_stay 1 1 0.00543 0.0053 1.0485 0.3059
ov_1 1 0.000983 0.00509 0.0372 0.847
snf_stay 1 1 0.097 0.1554 0.3901 0.5323
los_1 1 -0.0119 0.0112 1.1327 0.2872
CHF 1 1 0.0967 0.0958 1.02 0.3125
Arrhy 1 1 -0.1282 0.0947 1.8333 0.1757
VD 1 1 0.0907 0.1054 0.7405 0.3895
PCD 1 1 0.1899 0.1976 0.9236 0.3365
PVD 1 1 0.0774 0.0847 0.8341 0.3611
HPTN_NC 1 1 0.2896 0.1375 4.4332 0.0352
HPTN_C 1 1 0.0804 0.1057 0.5789 0.4467
Para 1 1 0.3756 0.2177 2.9756 0.0845
OthND 1 1 0.1233 0.1268 0.9447 0.3311
COPD 1 1 -0.2877 0.0878 10.7356 0.0011
Hptothy 1 1 0.0284 0.0826 0.1183 0.7309
RF 1 1 0.3488 0.1372 6.4629 0.011
LD 1 1 0.0387 0.1431 0.0733 0.7866
PUD_NB 1 1 -0.1862 0.2673 0.4851 0.4861
HIV 1 1 0.1176 0.7288 0.026 0.8718
Lymp 1 1 -0.3449 0.4578 0.5677 0.4512
METS 1 1 0.38 0.3295 1.3297 0.2489
Tumor 1 1 -0.2766 0.1371 4.0678 0.0437
Rheum_A 1 1 -0.0905 0.1488 0.37 0.543
Coag 1 1 -0.113 0.1908 0.351 0.5536
Obesity 1 1 0.0363 0.1215 0.0892 0.7652
WL 1 1 -0.4884 0.1919 6.4764 0.0109
Fluid 1 1 -0.0925 0.1107 0.6981 0.4034

141



BLA 1 1 -0.3186 0.2876 1.2277 0.2679
DA 1 1 0.0776 0.1077 0.5194 0.4711
Alcohol 1 1 0.2731 0.3326 0.6741 0.4116
Drug 1 1 0.2452 0.33 0.5523 0.4574
Psycho 1 1 -0.2432 0.1608 2.2856 0.1306
Dep 1 1 0.1031 0.0989 1.0874 0.297
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E. Dual Beneficiaries-Nephropathy

Wald
Parameter DF Estimate Std Err  Chi-Sg  p-value
Intercept 1 -3.3081 0.1165 806.8484 <.0001
-1.38E-  6.54E-
prmry_p 0 1 02 02 0.0446 0.8328
urb rural 1 0.00221 0.0716 0.0009 0.9754
prmry_p*urb 0 rural 1 -0.00224 0.125 0.0003 0.9857
sex M 1 0.1352 0.0569 5.6466 0.0175
race 1 Other 1 -0.1261 0.068 3.4378 0.0637
race_1 Black 1 0.0857 0.0669 1.6419 0.2001
age_grp 80_over 1 0.3 0.0697 18.5417 <.0001
age_grp 75 to_7 1 0.1522 0.0748 4.1356  0.042
age_grp 70 _to 7 1 -0.0865 0.0737 1.3777 0.2405
ip_tot_stay 1 1 -0.0391 0.0483 0.6544 0.4185
op_tot_stay 1 1 0.0036 0.00363 0.9874 0.3204
ov_1 1 0.00105 0.00351 0.0901 0.764
snf_stay 1 1 -0.2238 0.1043 4.6028 0.0319
los_1 1 -0.00305 0.00505 0.3645 0.546
CHF 1 1 0.3088 0.0631 23.9749 <.0001
Arrhy 1 1 0.0913 0.063 2.1015 0.1472
VD 1 1 -0.00369 0.0735 0.0025 0.9599
PCD 1 1 0.1129 0.1269 0.7923 0.3734
PVD 1 1 0.0934 0.0589 2.5138 0.1129
HPTN_NC 1 1 0.233 0.0998 5.4518 0.0195
HPTN_C 1 1 0.1893 0.0698 7.3593 0.0067
Para 1 1 -0.1594 0.1844 0.7467 0.3875
OthND 1 1 0.0154 0.0889 0.03 0.8624
COPD 1 1 0.0624 0.0584 1.1435 0.2849
Hptothy 1 1 0.0298 0.0588 0.2571 0.6121
RF 1 1 1.8984 0.0673 794.5444 <.0001
LD 1 1 0.1853 0.0989 3.5098 0.061
PUD_NB 1 1 -0.1582 0.1813 0.7614 0.3829
HIV 1 1 -1.3338 1.0264 1.6889 0.1937
Lymp 1 1 -0.025 0.2702 0.0086 0.9263
METS 1 1 0.0596 0.2323 0.0659 0.7974
Tumor 1 1 -0.0151 0.0876 0.0297 0.8632
Rheum_A 1 1 -0.2471 0.1078 5.2589 0.0218
Coag 1 1 -0.0677 0.1226 0.3046  0.581
Obesity 1 1 0.1768 0.0835 4.4826 0.0342
WL 1 1 -0.0709 0.1097 0.4172 0.5183
Fluid 1 1 0.2401 0.0698 11.8281 0.0006
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BLA 1 1 0.1091 0.1587 0.4723 0.4919
DA 1 1 0.0478 0.0748 0.4088 0.5226
Alcohol 1 1 -0.0368 0.2605 0.02 0.8876
Drug 1 1 0.3134 0.2335 1.801 0.1796
Psycho 1 1 -0.3006 0.1105 7.4073 0.0065
Dep 1 1 -0.0606 0.0721 0.7062 0.4007

144



F. Dual Beneficiaries-Neuropathy

Wald
Parameter DF Estimate Std Err  Chi-Sg  p-value
Intercept 1 -2.8439 0.1045 740.9165 <.0001
6.21E-
prmry_p 0 1 2.68E-02 02 0.1858 0.6665
urb rural 1 -0.1734 0.0734 5.5779 0.0182
prmry_p*urb 0 rural 1 0.0536 0.1254 0.183 0.6688
sex M 1 -0.0397 0.0566 0.4906 0.4837
race 1 Other 1 -0.1071 0.0642 2.7844 0.0952
race_1 Black 1 -0.1382 0.0692 3.9823 0.046
age_grp 80_over 1 -0.107 0.0708 2.2838 0.1307
age_grp 75 to_7 1 0.0305 0.072 0.1799 0.6715
age_grp 70 _to 7 1 0.0904 0.0659 1.881 0.1702
ip_tot_stay 1 1 0.0702 0.0494  2.0252 0.1547
op_tot_stay 1 1 0.0033 0.00354 0.8704 0.3508
ov_1 1 0.0153 0.00308 24.8887 <.0001
snf_stay 1 1 -0.0451 0.1025 0.1936 0.6599
los_1 1 -0.0103 0.00621 2.7654 0.0963
CHF 1 1 0.2259 0.0632 12.7771 0.0004
Arrhy 1 1 -0.1049 0.0634 2.7367 0.0981
VD 1 1 -0.0413 0.0724 0.3252 0.5685
PCD 1 1 -0.0445 0.1298 0.1175 0.7317
PVD 1 1 0.2907 0.0563 26.6752 <.0001
HPTN_NC 1 1 0.00166 0.0891 0.0003 0.9851
HPTN_C 1 1 0.0907 0.0713 1.6173 0.2035
Para 1 1 -0.00549 0.1678 0.0011 0.9739
OthND 1 1 0.0533 0.0869 0.3757 0.5399
COPD 1 1 0.0826 0.056 2.1779 0.14
Hptothy 1 1 -0.0413 0.0574 0.5169 0.4721
RF 1 1 0.2241 0.0969 5.3508 0.0207
LD 1 1 -0.1078 0.0995 1.1749 0.2784
PUD_NB 1 1 -0.014 0.1643 0.0072 0.9322
HIV 1 1 0.3914 0.4803 0.6639 0.4152
Lymp 1 1 0.1697 0.246  0.4758 0.4903
METS 1 1 -0.0625 0.2371 0.0696 0.792
Tumor 1 1 -0.1256 0.0876 2.0566 0.1516
Rheum_A 1 1 0.1976 0.0891 4.9157 0.0266
Coag 1 1 0.1645 0.113 2.1199 0.1454
Obesity 1 1 0.279 0.0767 13.2495 0.0003
WL 1 1 -0.0606 0.108 0.3151 0.5746
Fluid 1 1 0.156 0.0701 4.9469 0.0261
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BLA 1 1 -0.2691 0.1772 2.3052 0.1289
DA 1 1 0.0437 0.0732 0.3563 0.5506
Alcohol 1 1 -0.0437 0.253 0.0299 0.8628
Drug 1 1 0.5257 0.1922  7.4838 0.0062
Psycho 1 1 -0.3269 0.1097 8.8748 0.0029
Dep 1 1 0.1923 0.0653 8.6618 0.0032
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A. Non-Dual Beneficiaries-Retinopathy

Wald
Parameter Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.8646 0.0741 2723.547 <.0001
5.99E-
Cost_all_p 3 1 1.03E-01 02 2.9314 0.0869
Cost_all_p 2 1 0.2603 0.0601 18.7818 <.0001
Cost_all_p 1 1 0.2699 0.0634 18.1254 <.0001
Cost_all_p 0 1 0.3453 0.0791 19.0744 <.0001
sex M 1 -0.0595 0.0369 25926 0.1074
race_1 Other 1 0.1084 0.0872 15453 0.2138
race 1 Black 1 0.4052 0.0562 52.0719 <.0001
age_grp 80 _over 1 -0.0844 0.0519 2.6398 0.1042
age_grp 75 to_7 1 0.011 0.0512 0.0462 0.8298
age_grp 70 _to 7 1 0.072 0.046  2.4461 0.1178
ip_tot_stay 1 1 -0.0294 0.0492 0.3584 0.5494
op_tot_stay 1 1 -0.00034 0.0034 0.0101 0.9199
ov_1 1 0.00472 0.003 2.4822 0.1151
snf_stay 1 1 -0.3093 0.1167 7.029 0.008
los_1 1 0.00292 0.00524 0.3101 0.5776
CHF 1 1 0.1131 0.0557 4.1236 0.0423
Arrhy 1 1 -0.0107 0.0469 0.0522 0.8193
VD 1 1 -0.1242 0.0554 5.0322 0.0249
PCD 1 1 -0.0038 0.1082 0.0012 0.972
PVD 1 1 0.0653 0.0481 1.8443 0.1744
HPTN_NC 1 1 0.0416 0.0575 0.5231 0.4695
HPTN_C 1 1 0.0947 0.0595 25294 0.1117
Para 1 1 -0.0188 0.1908 0.0097 0.9215
OthND 1 1 -0.0393 0.0851 0.2131 0.6443
COPD 1 1 -0.1441 0.0483 8.9196 0.0028
Hptothy 1 1 -0.0257 0.043 0.356 0.5508
RF 1 1 0.1103 0.0829 1.7698 0.1834
LD 1 1 -0.0398 0.0866 0.2106 0.6463
PUD_NB 1 1 -0.0908 0.1671 0.2953 0.5868
HIV 1 1 0.8473 0.5177 2.6779 0.1017
Lymp 1 1 0.2891 0.1429 4.0904 0.0431
METS 1 1 -0.1599 0.1784 0.8027 0.3703
Tumor 1 1 -0.1089 0.0552 3.8865 0.0487
Rheum_A 1 1 -0.2429 0.0847 8.2244 0.0041
Coag 1 1 -0.1668 0.1002 2.7744 0.0958
Obesity 1 1 -0.0252 0.0675 0.1395 0.7088
WL 1 1 0.0759 0.0934 0.6606 0.4164
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Fluid 1 1 0.0695 0.0607 1.3123  0.252
BLA 1 1 0.1949 0.1293 2.2736 0.1316
DA 1 1 0.0402 0.0618 0.4241 0.5149
Alcohol 1 1 0.1338 0.225 0.3538  0.552
Drug 1 1 -0.2849 0.3218 0.7837 0.376
Psycho 1 1 -0.2202 0.1505 2.1419 0.1433
Dep 1 1 -0.0182 0.0649 0.0787 0.7791
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B. Non-Dual Beneficiaries-Nephropathy

Wald
Parameter Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.9044 0.0574 4627.81 <.0001
4.20E-
Cost_all_p 3 1 2.48E-02 02 0.3502 0.554
Cost_all_p 2 1 -0.0257 0.0431 0.3544 0.5517
Cost_all_p 1 1 -0.00027 0.0443 0 0.9952
Cost_all_p 0 1 -0.0785 0.0543 2.0948 0.1478
sex M 1 0.2369 0.0257 84.9435 <.0001
race_1 Other 1 0.0605 0.0629 0.9241 0.3364
race 1 Black 1 0.2207 0.0428 26.6355 <.0001
age_grp 80_over 1 0.5434 0.0351 239.954 <.0001
age _grp 75 _to 7 1 0.3358 0.0368 83.1135 <.0001
age_grp 70 _to 7 1 0.1686 0.0354 22.6742 <.0001
ip_tot_stay 1 1 -0.0358 0.0303 1.3998 0.2368
op_tot _stay 1 1 0.00843 0.00202 17.3768 <.0001
ov_1 1 0.00363 0.00196 3.4277 0.0641
snf_stay 1 1 -0.1606 0.0677 5.6277 0.0177
los_1 1 0.000622 0.00316 0.0387 0.8441
CHF 1 1 0.4046 0.0338 143.0927 <.0001
Arrhy 1 1 0.0449 0.0309 2.1072 0.1466
VD 1 1 0.0108 0.0349 0.0958 0.7569
PCD 1 1 0.1511 0.0614 6.0501 0.0139
PVD 1 1 0.1219 0.0315 15.002 0.0001
HPTN_NC 1 1 0.3378 0.0451 56.0204 <.0001
HPTN_C 1 1 0.1864  0.037 25.4013 <.0001
Para 1 1 -0.1417 0.1282 1.2216  0.269
OthND 1 1 -0.0588 0.0553 1.1332 0.2871
COPD 1 1 0.1049 0.0311 11.3646 0.0007
Hptothy 1 1 -0.0271 0.0298 0.8275 0.363
RF 1 1 2.0002 0.0337 3526.776 <.0001
LD 1 1 -0.0852 0.0605 1.9873 0.1586
PUD_NB 1 1 -0.011 0.1066 0.0105 0.9182
HIV 1 1 -0.2699 0.6111 0.1951 0.6587
Lymp 1 1 0.1446 0.1034 1.9583 0.1617
METS 1 1 0.1061 0.1064 0.9932 0.319
Tumor 1 1 0.0454 0.036 1.5884 0.2076
Rheum_A 1 1 -0.0276 0.0534 0.2668 0.6055
Coag 1 1 -0.0364 0.0596 0.3716 0.5421
Obesity 1 1 0.166 0.0451 13.5659 0.0002
WL 1 1 0.046 0.0609 0.5722 0.4494
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Fluid 1 1 0.1603 0.0386 17.2568 <.0001
BLA 1 1 0.0915 0.0875 1.0937 0.2956
DA 1 1 0.1321 0.0399 10.9384 0.0009
Alcohol 1 1 0.2042 0.1463 1.9468 0.1629
Drug 1 1 9.56E-06 0.1869 0 1
Psycho 1 1 0.0128 0.0856 0.0223 0.8812
Dep 1 1 0.0642 0.0436  2.1674 0.141
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C. Non-Dual Beneficiaries-Neuropathy

Wald
Parameter Estimate Std Err  Chi-Sq  p-value
Intercept 1 -3.5668 0.0564 4001.818 <.0001
4.76E-
Cost_all_p 3 1 1.54E-01 02 10.4062 0.0013
Cost_all_p 2 1 0.2653 0.0472 31.589 <.0001
Cost_all_p 1 1 0.4001 0.0478 70.1636 <.0001
Cost_all_p 0 1 0.4103 0.0569 52.0026 <.0001
sex M 1 0.0886 0.0269 10.82 0.001
race_1 Other 1 -0.2012 0.0734 7.509 0.0061
race 1 Black 1 0.1786 0.0455 15.421 <.0001
age_grp 80_over 1 0.1467 0.0367 15.9751 <.0001
age_grp 75 to_7 1 0.0797 0.0376 4.4856 0.0342
age_grp 70 _to 7 1 0.0289 0.0349 0.686 0.4075
ip_tot_stay 1 1 -0.0417 0.0303 1.9013 0.1679
op_tot_stay 1 1 0.00325 0.00218 2.2204 0.1362
ov_1 1 0.0197 0.00187 110.5867 <.0001
snf_stay 1 1 0.1392 0.066 4.4486 0.0349
los_1 1 0.00583 0.00297 3.8442 0.0499
CHF 1 1 0.0921 0.0382 5.8211 0.0158
Arrhy 1 1 -0.0257 0.0328 0.6125 0.4338
VD 1 1 -0.0695 0.0376 3.4233 0.0643
PCD 1 1 -0.0422 0.0699 0.3647 0.5459
PVD 1 1 0.2731 0.032 72.7312 <.0001
HPTN_NC 1 1 -0.0361 0.0419 0.7409 0.3894
HPTN_C 1 1 0.0371 0.0423 0.7681 0.3808
Para 1 1 -0.00425 0.1197 0.0013 0.9717
OthND 1 1 0.1492 0.0531 7.8868 0.005
COPD 1 1 0.0476 0.0324 2.1629 0.1414
Hptothy 1 1 -0.00893 0.0308 0.0842 0.7717
RF 1 1 0.1706 0.0565 9.1038 0.0026
LD 1 1 0.0409 0.0585 0.4883 0.4847
PUD_NB 1 1 -0.024 0.1107 0.0471 0.8281
HIV 1 1 0.2092 0.519 0.1625 0.6868
Lymp 1 1 -0.2516 0.1224 4.2256 0.0398
METS 1 1 -0.00946 0.1149 0.0068 0.9344
Tumor 1 1 -0.16 0.0395 16.3879 <.0001
Rheum_A 1 1 0.0903 0.0513 3.0987 0.0784
Coag 1 1 -0.1283 0.0649 3.9041 0.0482
Obesity 1 1 0.2386 0.0444 28.8833 <.0001
WL 1 1 -0.0792 0.0661 1.4384 0.2304
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Fluid 1 1 -0.00899 0.0423 0.0452 0.8316
BLA 1 1 -0.00062 0.0951 0 0.9948
DA 1 1 -0.00307 0.0435 0.005 0.9439
Alcohol 1 1 0.32 0.1396 5.2547 0.0219
Drug 1 1 0.4699 0.1465 10.2882 0.0013
Psycho 1 1 0.1072 0.0843 1.6172 0.2035
Dep 1 1 0.145 0.0425 11.6557 0.0006
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D. Dual Beneficiaries-Retinopathy
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E. Dual Beneficiaries-Nephropathy
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F. Dual Beneficiaries-Neuropathy
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