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Abstract

Objectives: This study aims to explore factors that influence progression of Diabetes complications among Medicare
non-dual beneficiaries. Three Diabetes complications explored are retinopathy, nephropathy and neuropathy. A second
objective of this study is to explore the impact that various patient management programs have on reducing the risk
of development of Diabetes complications. Three patient management programs are explored, including total cost of
treatment (for payer), total patient cost share and physician factors (rural vs. urban and primary care vs. specialist).

Methods: Predictive and descriptive logistic regression models are used with each Diabetes complication as
the outcome variable. For predictive models, the risk factors are obtained using stepwise logistics regression. For
explanatory models, the risks factors are included with each of the analytical factors in order to risk adjust the impact of
the analytical factors on the development of Diabetes complications.

Results: Nephropathy is found to be the most predictive of the three Diabetes complications. For nephropathy, both
total cost of treatment and total patient cost share show negative statistical relation with nephropathy development. For
physician factors, rural and specialist physicians are found to be associated with lower rate of nephropathy development
among beneficiaries.

Conclusions: There is evidence that prediction and management of Diabetes complications can lead to improved
outcomes among Medicare beneficiaries. Total cost of treatment, total patient cost share and physician factors (rural
vs. urban and primary care vs. specialist) all appear to play a role in improved outcomes in nephropathy development

among beneficiaries.

Introduction

Diabetes is one of the leading debilitating chronic conditions,
affecting nearly 25 million Americans. It is the 7" leading cause of death
among the US population [1]. The total cost of Diabetes in the US is
$245 Billion (2012), with treatment of Diabetes complications costing
as high as $58 Billion (2007) [2]. Diabetes is more significant among
the older population, with 1 in 3 dollars spent on Diabetes treatment
among Medicare beneficiaries in the US [1].

This study seeks to explore the development of novel complications
among non-dual Medicare beneficiaries who have not previously been
observed to have developed any complications. The goal is to explore
patient management programs that can alter or at least minimize the
impact of these new complications among Medicare beneficiaries. The
purpose of this study is to consider two overall goals:

1. Predicting beneficiaries who are likely to develop one of three
Diabetes complications in the follow-up year (who have no observed
long-term Diabetes complications in the base year)

2. Managing beneficiaries in the base year in order to avoid or
minimize the risk of developing a Diabetes complication in the follow-
up year. Three patient management programs are covered: 1) total
cost of treatment 2) total patient cost share and 3) physician factors
(primary care vs. specialist and urban vs. rural).

Various studies have previously looked at the impact of managing
Diabetes patients with impacts on both health outcomes and cost [3-
5]. These studies have typically focused on managing HBAlc levels
among patients. There have also been numerous studies that focus on
prediction of Diabetes among a cohort. Many of these studies employ
sophisticated statistical or machine learning techniques [6,7]. This

study hopes to build on this literature with both prediction and patient
management programs for those cases that are found to be risky.

Methods and Data

The data source for this study is Medicare’s Limited Data Set
(LDS) file for years 2010 and 2011. This data set contains a 5% sample
of Medicare beneficiaries with their full data from the Centers for
Medicare and Medicaid Services (CMS) [8]. The file components used
include the beneficiary file (or the denominator file) as well as the
following five claim utilization files: inpatient (IP), outpatient (OP),
carrier (MD), skilled nursing facility (SNF) and home health (HH).

The approach of this study is to consider a cohort of non-dual
Medicare beneficiaries who are diagnosed with Diabetes and who
do not have any long-term Diabetes complications in the base year.
Diabetes beneficiaries are identified as having at least one occurrence
of International Classification of Diseases, Ninth Revision (ICD-9)
diagnosis codes 250.xx, in both the first and second year [4] for OP
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and MD claim utilization sources, at least two occurrences are required
(due to their larger sizes)[9,10]. Beneficiaries are then observed
for development of one of three long-term microvascular Diabetes
complications in the follow-up year. The three Diabetes complications
that are observed are retinopathy, nephropathy and neuropathy. ICD-
9 code criteria used for these Diabetes complications are: retinopathy
(250.5x%, 362.0x, 379.23), nephropathy (250.4x, 585.xx, 581.81, 583.81)
and neuropathy (250.6x, 357.2x, 337.1x) [4,11].

There are additional restrictions that are also imposed on the
cohort. First, no deceased beneficiaries are included. Also, all claims
with negative costs are removed”. Beyond these restrictions, additional
criteria were to include only beneficiaries who were aged (65+), enrolled
in both Medicare Part A and Part B, had 12 months of full enrollment
(in both years) and who did not have any managed care enrollment in
the study period™. The final count of the total beneficiaries that met
eligibility for the study was 126,942 beneficiaries.

The variables included in the study, along with a brief description,
are shown in the Appendix (Table Al). The variables consist of three
categories: socio-demographic, health utilization and comorbidity
variables. Comorbidity variables are based on Elixhauser comorbidity
factors [12]". These variables are used as the input variables in
the model. The outcome variables are the new cases of Diabetes
complications that a beneficiary develops (retinopathy, nephropathy
and neuropathy). The distribution for those complications, based on
the follow-up year, is shown in Table 1.

The first model is the predictive model that identifies the risk
factors associated with development of Diabetes complications among
Medicare beneficiaries. The second model is the descriptive model that
evaluates the impact of the different patient management programs
on development of Diabetes complications among beneficiaries.
In the descriptive model, three analytical factors are introduced,
corresponding with each of the different patient management
programs. The first analytical factor is the beneficiary total cost of
treatment in the base year (these are the costs incurred by the payer, or
CMS). Total costs are obtained as the sum of components from the five
of claim utilization sources (IP, OP, MD, SNF and HH). Also, total costs
are divided into five equal tier levels (‘0’ is lowest and ‘4’ is highest).
The second analytical factor is the total patient cost share in the base
year-this includes deductible, coinsurance and copayment payments.
Similar to total costs, total patient cost share is also obtained as the sum
from five claim utilization sources, as well as being divided into five
equal tier levels. Finally, physician analytical factors are composed of
two parts, primary vs. specialist and urban vs. rural factors. In contrast
to the other analytical factors, physician factors are only obtained
from the MD claim utilization source (due to data regarding physician
utilization being only available from that claim source). However, most
beneficiaries appear to have physician utilization and this does not
have a significant impact'®.

The predictive model consists of the variables presented in Table
Al. Stepwise logistics regression is used to determine the statistically
significant predictive factors for each of the Diabetes complications®.
The descriptive model consists of the variables used in the predictive

13 Less than 0.1% of total claims were removed.

14 These criteria were obtained from the Research and Data Assistance Center
(RESDAC), http://www.resdac.org/

15 Two Elixhauser factors related to Diabetes were removed, leaving a total of 29
Elixhauser factors used in the study.

16 Out of the original 126,942 beneficiaries, 126,950 beneficiaries had physician
utilization in the base year.

17 Statistically significant is considered as having p-value < 0.05 in this study.
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Complication Count Percent
Retinopathy no 123,615 97.38%

yes 3,327 2.62%

Nephropathy no 119,330 94.00%
yes 7,612 6.00%

Neuropathy no 120,458 94.89%

yes 6,484 5.11%

Table 1: Distribution of the three Diabetes complications in follow-up year.

model, along with each of the analytical factors. These variables are
used as risk adjusters in the descriptive model, to enable comparison
of the risk adjusted impact of the analytical factors on the development
of Diabetes complications among beneficiaries. Both the predictive
and descriptive models are modeled using logistics regression. The
output variables for both models are the three dichotomous Diabetes
complications variables. All programming is performed using SAS
statistical software, version 9.3 (SAS Institute Inc., Cary, NC).

Results
Predictability

The results of the predictive models are shown in Figures 1-3,
respectively (corresponding with each of the Diabetes complications).
These results show graphs of odds ratios of only those factors that are
found to be statistically significant with the Diabetes complications
(odds ratios are also arranged in ascending order of significance, where
the factor at the bottom of the graph is the most statistically significant).

The results of the predictive models show that the nephropathy
model is the most predictive among all of the three complications.
This is evidenced with nephropathy having both a higher number of
significant factors, as well as tighter intervals for those odds ratios than
the other complications'®. As a result of having the best predictive
performance, nephropathy is the only complication presented below
with regards to patient management programs.

Manageability

Both total cost of treatment (for the payer) and patient cost share
analytical factors are presented in Table 2 below for nephropathy.
These results show the risk adjusted impact of those factors on the
development of nephropathy among beneficiaries. For both factors,
statistical significance is shown by tier levels (where ‘0’ is the reference
tier). None of the tiers are found to be statistically significant in those
results. A different approach was taken that considered alternative
risk adjustment than Elixhauser comorbidity factors to see if any
of the results would be impacted. Risk adjustment based on CMS’
Hierarchical Condition Category (HCC) risk score was considered [13]
In addition, another approach was used that simply used the sum of
the number of Elixhauser comorbidities that a beneficiary has. Both
of these approaches yielded negative statistically significant results for
both factors on the development of nephropathy among beneficiaries®.
These results indicate that both a higher treatment cost by the payer,
as well as higher total patient cost share, are associated with improved
outcomes among beneficiaries with regards to development of
nephropathy.

For physician factors, both primary vs. specialty and urban vs.
rural factors are presented in Table 3 (where primary ‘1° and urban

18 This result is further confirmed with the C-statistic for the predictive models
(0.541, 0.639 and 0.604 for retinopathy, nephropathy and neuropathy,
respectively).

19 Three of the four tier levels (‘2’, ‘3’, and ‘4’) were found negatively statistically
significant for both factors, with both risk adjustment approaches

J Health Med Inform
ISSN: 2157-7420 JHMI, an open access journal

Volume 6 - Issue 5 + 1000203



Citation: Abujamra R, Randall D, Parente ST, Bershadsky B (2015) Predictability and Manageability of Diabetic Complications among Non-Dual
Medicare Beneficiaries. J Health Med Informat 6: 203. doi:10.4172/2157-7420.1000203

Payer (CMS) Patient Cost Share
Cost Tiers | Estimate (SE) p-value Estimate (SE) p-value
4 .004 (.054) 0.9355 -.079 (.054) 0.1478
3 .056 (.045) 0.2176 -.0003 (.044) 0.9952
2 -.001 (.044) 0.9899 -.026 (.043) 0.5517
1 .076 (.042) 0.072 .025 (.042) 0.554
0 0 . 0

Table 2: Nephropathy complication outcome for payer and patient cost share, by
cost tiers.

Provider Estimate (SE) p-value

Primary 0 -.010 (.030) 0.7315
1 0

Urban 0 -.118 (.037)* 0.0013
1 0

Table 3: Nephropathy complication outcome by provider type (primary vs specialty,
urban vs rural)
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Figure 1: Odds ratio results for retinopathy Diabetes complication predictive
model.
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Figure 2: Odds ratio results for nephropathy Diabetes complication predictive
model.
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Figure 3: Odds ratio results for neuropathy Diabetes complication predictive
model.

‘1’ are the reference levels, respectively). Only urban vs. rural factor
is statistically significant. The results also indicate that rural providers
have better outcomes on beneficiaries with regards to development of
nephropathy. However, using the other risk adjustment approaches,
primary vs. specialist factor is also found to be statistically significant
showing evidence that specialists have better outcomes than primary
care physicians on development of nephropathy among beneficiaries.

Conclusion and Implications

This study identifies the risk factors for each of three Diabetes
complications among non-dual Medicare beneficiaries. We find
that nephropathy was the most predictable of the three Diabetes
complications considered. Furthermore, for nephropathy, we find that
total amount invested, both by the payer (CMS) and the patient (in the
form of cost share), can lead to lower risk of developing nephropathy
among beneficiaries with no previous Diabetes complications. We also
note that higher investment by both payer and patient is associated
with improved outcomes for nephropathy. This result underscores
the importance of the increasing role of the patient in paying for care
in high deductible health plans [14]. For physician factors, both rural
and specialist physicians appeared to have an improved outcome on
beneficiaries with regards to developing nephropathy. These results
highlight the importance of both predicting and managing Diabetes
complications among beneficiaries. Future studies can consider more
sophisticated prediction models for the complications. In addition,
alternative patient management programs could be explored that lead
to better management of those beneficiaries identified as risky for a
given complication.
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