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Regional and Temporal Variations in 
Comorbidity Among US Dialysis  
Patients: A Longitudinal Study of  
Medicare Claims Data

Yi Mu, PhD1, Andrew I. Chin, MD2,3, Abhijit V. Kshirsagar, MD, MPH4,5, 
Yi Zhang, PhD6, and Heejung Bang, PhD1,2

Abstract
Medicare claims data are commonly used to query comorbidities for case-mix adjustment in research of patients with end-
stage renal disease (ESRD) in the United States. These adjustments may affect reimbursement and quality rating through 
comparative profiling and ranking of dialysis facilities. We studied regional and temporal variations in comorbidity from claims 
data in the United States Renal Data System. Patients with a previous 1-year Medicare history who initiated dialysis therapy 
between 2006 and 2009 were examined with a follow-up period until 2012. By linking pre- and post-ESRD Medicare claims 
with the Dartmouth Atlas, we carried out a longitudinal data analysis with multivariable adjustment to investigate regional and 
temporal variations in the Liu comorbidity index. We identified 23 336 incident hemodialysis patients who were covered by 
Medicare the year prior to dialysis initiation and had survived with complete 3 years of follow-up data. With the United States 
divided into 4 geographic regions, the Western region was found to have the lowest Liu index over all 3 follow-up years, 
compared with the respective years in the other regions (Midwest, Northeast, and South). In comparison with the first year, 
the Liu index dropped significantly during the second and third years of follow-up across all 4 regions. Significant regional and 
temporal variations observed in the comorbidity index cannot be explained by differences in reimbursement (average per 
state) or predialysis comorbidity. Based on our exploratory study, future studies should focus on identifying the factors and 
reasons for these variations which have the potential to affect health care policy and research.
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What do we already know about this topic?
Variations in practice based on geography are known to 
occur in US health care.
How does your research contribute to the field?
While confirming geographic variation, we also observed 
a significant, systematic pattern of temporal variations in 
patient comorbidity among incident dialysis patients, 
even after adjustments for reimbursement and predialysis 
comorbidity.
What are your research’s implications toward theory, 
practice, or policy?
The Centers for Medicare & Medicaid Services may con-
sider adjustment of regional and temporal variations in 
practice to allow for more equitable reimbursement to 
dialysis clinics.

By the end of 2014, there were a total of 678 383 patients 
with end-stage renal disease (ESRD) in the United States, 

with 421 219 on hemodialysis (62%). More than 104 000 
incident cases of hemodialysis were reported in 2014.1 The 

https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/inq
mailto:yi.mu@ucsf.edu


2 INQUIRY

number of people living with ESRD on dialysis has contin-
ued to increase and is anticipated to exceed 530 000 by the 
year of 2020.2

The 2 major data sources for comorbidity ascertainment 
in kidney research and health policy of US dialysis patients 
are the Centers for Medicare & Medicaid Services (CMS) 
Medical Evidence Form 2728 and Medicare claims data.3-6 
The reliability and agreement of information from these 2 
sources and the potential implications of their use in devel-
oping dialysis facility profiling and comparison (eg, stan-
dardized readmission ratio and 5-star rating) are issues that 
have been brought forth in recent studies.7-9 A study that 
examined the intensity of health care delivery based on diag-
nostic and claim codes of Medicare patients who moved 
from one region of the country to another suggests that there 
are differences in practice patterns based on geography rather 
than solely on patient characteristics or actual illness.10

In this study, we aimed to evaluate regional and temporal 
differences in comorbid conditions of incident hemodialysis 
patients treated at US dialysis facilities, which remained 
under-researched.11 Our goals for this study were 3-fold: (1) 
replication/validation of the finding by Song et al on regional 
variation in the intensity of health care services10; (2) exten-
sion of the finding to patients with ESRD, a population with 
high resource utilization; and (3) examination of the tempo-
ral variation of health care intensity as patients transition 
from predialysis through the first few years of ESRD. If sub-
stantial and systematic variations are observed, it suggests 
that the comorbidity index may be influenced by factors 
beyond those captured by claims, such as geographic prac-
tice pattern differences or other yet-to-be-defined variables. 
Consequently, it may be necessary to consider these varia-
tions when calculating case-mix–adjusted measures/pay-
ment in diverse geographic areas at different times.

Methods

Study Population, Setting, and Design

Our study used the United States Renal Data System (USRDS), 
a national registry that includes all patients in Medicare’s 
ESRD program, the largest administrative database of its kind. 
This database incorporates extensive baseline and follow-up 
demographic and clinical data on patients with ESRD. The ini-
tial study cohort comprised elderly (aged ≥67) patients who 
were enrolled in Medicare before ESRD, with incidence of 
hemodialysis between 1 July 2006 and 30 June 2009 (N = 81 
800; see Figure S1). This allows for “baseline,” pre-ESRD 
Medicare claims data evaluation. To ensure Medicare enroll-
ment, we linked USRDS (2006-2012) to pre-ESRD (2005-
2009) Medicare claims data to ascertain Medicare plan A or B 
as primary payer for 1 year prior to dialysis initiation.

Both institutional claims and physician/supplier claims 
from pre- and post-ESRD Medicare claims were used in our 
study. We required diagnostic codes from at least 1 inpatient 

facility, home health agency, skilled nurse facility, or hospice 
claim or at least 2 different claims when using outpatient and 
physician/supplier claims to prevent overestimation. Similar 
algorithms were used by other investigators in earlier 
 studies.9,12 The final data set consisted of a longitudinal 
cohort of patients (N = 23 336) who had 3 years of dialysis 
follow-up, similar to the study by Song et al.10

Outcomes

We used the Liu index as the comorbidity summary score, 
which was developed based on the 2000 US incident dialysis 
population with mortality as the outcome. It has been inde-
pendently validated, is more relevant to the ESRD context, 
and improves upon the Charlson comorbidity index among 
patients with ESRD.13 The Liu index consists of 11 comor-
bidity conditions (with a score ranging from 0 to 21) with 
unequal weights: diabetes and atherosclerotic heart disease 
receive a score of 1, congestive heart failure receives a score 
of 3, and each of the remaining conditions gets a score of 2: 
peripheral vascular disease, cerebrovascular accident/tran-
sient ischemic attack, dysrhythmia, other cardiac diseases, 
cancer, liver disease, gastrointestinal bleeding, and chronic 
obstructive pulmonary disease. We computed the Liu index 
at 4 time points (predialysis baseline and years 1 through 3 
when on hemodialysis). We additionally examined results 
for specific, individual comorbid conditions.

Geographic Regions and Reimbursement Measure

Four regions were assigned based on USRDS networks: 
Northeast (networks 1, 2, 3, 4), South (5, 6, 7, 8, 13, 14), 
Midwest (9, 10, 11, 12), and West (15, 16, 17, 18).3 We linked 
USRDS to the 2006-2009 Dartmouth Atlas of Health Care by 
matching patient’s resident state and year of dialysis initiation 
and selected the state average reimbursement per decedent for 
inpatient hospitalization during the past 6 months.14 We termed 
this measure “reimbursement” and categorized it into quartiles. 
Thus, the reimbursement was a regionally defined time-invari-
ant (over 3 years), categorical covariate (in 4 levels) in our 
analysis. A prior study on non-ESRD patients had used a simi-
lar “intensity of services” measure when looking at regional 
differences in quintiles, but did not designate the locations.10

Statistical Analysis

Standard descriptive statistics (eg, mean, standard deviation, 
median, and interquartile range) and box plots were used to 
summarize the data. To examine regional and temporal dif-
ferences in the Liu comorbidity index with the 3-year follow-
up data in the longitudinal cohort, we adjusted reimbursement 
along with other covariates in the model—ones traditionally 
incorporated in the ESRD setting based on administrative 
databases: age, sex, ethnicity, race, institutionalization, and 
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prior nephrology care. Linear mixed-effects models with 
repeated measures for each patient and compound symmetry 
as covariance structure were fitted. We conducted secondary/
sensitivity analyses to check the robustness of the findings 
from our primary analysis: (1) we fitted the model excluding 
reimbursement to avoid collinearity with region; (2) we fit-
ted the model with unstructured covariance; (3) we evaluated 
regional difference with the full baseline cross-sectional data 
(N = 81 800); (4) we counted unique diagnosis codes per 
patient in different regions and years; and (5) we assessed the 
potential impact of survivor bias and checked the consis-
tency of the patterns. All analyses were conducted using SAS 
version 9.4 and R version 3.3.1.

Results

We identified 81 800 elderly incident hemodialysis patients 
in the study period who had Medicare coverage during the 
year prior to dialysis initiation (Figure S1). The reasons for 
exclusion were as follows: 47 945 patients (59%) died before 
3 years of hemodialysis, 922 (1.1%) received a kidney trans-
plant within the first 3 years, 3207 (3.9%) had renal function 
recovery that allowed dialysis to be stopped, 503 (0.6%) 
were lost to follow-up, 2202 (2.7%) lost Medicare coverage, 
and 3685 (4.5%) were censored for moving out of their origi-
nal State of residence. Table 1 outlines the characteristics of 
the patients in the final study cohort of 23 336 (29%) patients 
who completed 3 years of hemodialysis.

Figure S2 shows the state-level reimbursement across 
regions from 2006 to 2009. We observed differences in reim-
bursement distribution across regions. Looking at the pro-
portion of patients in the highest quartile of reimbursement 
within each region, we found a difference based on geogra-
phy: 10% (833 of 8527) in the South, 32% (1964 of 6180) in 
the Midwest, 64% (2515 of 3931) in the West, and 79% 
(3710 of 4698) in the Northeast were in this highest reim-
bursement quartile (see Table S1).

The prevalence of 11 individual comorbidities included in 
the Liu index, along with the summed/total score for the 3 years 
of follow-up when on hemodialysis, is shown in Table 2. We 
noted that certain comorbid conditions such as cancer and liver 
disease were relatively stable during the follow-up. However, 
the prevalence of all comorbid conditions decreased after the 
first follow-up year, for example, congestive heart failure 
(55%, 42%, and 46% for years 1-3, respectively). Accordingly, 
the overall index was highest in the first dialysis year and 
decreased in the second and third years (6.9, 5.7, and 6.3 in 
mean, respectively). The same reporting pattern (ie, highest in 
year 1 of dialysis and lower afterward) was consistently 
observed across all 4 regions, as demonstrated in Figure 1.

The observed temporal variation was also confirmed by 
longitudinal analysis, controlling other factors and account-
ing for correlation within patient (Y2: –1.13 and Y3: –0.57 
vs Y1; P < .0001). In the same model, in comparison with the 
West region as reference, all 3 other regions (Midwest, 0.54; 

Northeast, 0.71; South, 0.49; P < .0001) showed significantly 
higher Liu index values (Table 3). Notably, effect sizes and 
standard errors for regions and reimbursement quartiles were 
quite comparable when they were included in the same 
model. In addition, the oldest age group and nonwhites 
showed lower Liu index values, whereas institutionalization 
and the absence or unknown status of prior nephrology care 
showed higher values.

In the 3 sensitivity analyses that excluded reimbursement 
in the model and used either unstructured covariance or the 
baseline data only, qualitatively similar results were obtained 
(ie, ordering, relative magnitude, and statistical significance 
of differences remained). We also found the number of 
unique diagnosis codes per patient was highest at year 1 of 
dialysis but decreased during the follow-up 2 years across 
regions, confirming our original findings (see Table S2). 
Finally, in the additional analysis of a cohort of 9193 patients 
who were censored during the third year of follow-up (8401 
died, 257 transplants, 50 lost to follow-up, 383 lost Medicare 
as main payer, and 102 changed resident state), the patients 
had similar Liu index values at baseline (mean = 5.5) and 
higher values during the 2 follow-up years on hemodialysis 
(Y1: 8.3 and Y2: 7.9). There was still a trend of decreasing 
Liu index during the second year of follow-up, although the 
magnitude (–0.39, P <.0001) was smaller compared with the 
primary analysis (see Table S3).

Table 1. Cohort Characteristics (N = 23 336).

Variable Category N %

Age, y [67,75) 10 984 47.1
[75,85) 10 282 44.1
≥85 2070 8.9

Race Black 5429 23.3
White 16 621 71.2
Other 1286 5.5

Ethnicity Non-Hispanic 21 167 90.7
Hispanic 2169 9.3

Sex Female 11 212 48.1
Male 12 124 52

Prior nephrology care <6 months 2926 12.5
6-12 months 5485 23.5
>12 months 7446 31.9
No 5089 21.8
Unknown 2390 10.2

Institutionalization No 21 857 93.7
Yes 1479 6.3

Region Northeast 4698 20.1
South 8527 36.5
Midwest 6180 26.5
West 3931 16.9

Reimbursement quartile 1 2038 8.7
2 5093 21.8
3 7183 30.8
4 9022 38.7
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Discussion

In this study, we examined regional and temporal variations 
in comorbidities using Medicare claims records and the 
USRDS. We observed significant variation in the Liu comor-
bidity index over time and by region. This variation could 
not be explained by differences in reimbursement (average 
by state of residency) or by preexisting comorbidities. 
Similar patterns were observed in individual comorbidities 
as in the Liu index. The variation in the Liu index could be 

explained by 4 potentially overlapping factors: (1) differ-
ences in baseline characteristics captured and not captured 
by the Liu index, (2) more effective care in some regions 
than in other, (3) differences in patient adherence to recom-
mended treatments, and (4) accumulation of more illness 
with time (eg, related to differential smoking behaviors that 
are correlated with region). Based on our exploratory study, 
a future study should investigate these 4 issues to determine 
the extent to which they may explain the variation and 
whether there may be additional factors.

Table 2. Liu Index and the Individual Comorbidities for the Baseline Predialysis Year and the 3 Follow-up Years on Hemodialysis  
(N = 23 336).

Liu index Baseline Year 1 Year 2 Year 3

Mean ± SD 5.3 ± 4.0 6.9 ± 4.1 5.7 ± 4.0 6.3 ± 4.2
Median 5 7 5 6

Comorbidity Weight % % % %

AHD 1 43.5 55.3 48.7 51.3
CHF 3 46.5 55.1 41.9 45.8
COPD 2 22.5 29.3 24.9 28.3
CVA/TIA 2 15.4 21.2 18.5 21.1
Cancer 2 13.1 13.9 12.4 12.9
Diabetes 1 58.5 67.8 65.3 65.2
Dysrhythmia 2 29.1 40.7 35.3 40.1
GI bleeding 2 9.1 11.4 7.8 9.8
Liver disease 2 1.6 7.8 6.3 6.0
Other cardiac 2 28.1 33.7 25.8 30.0
PVD 2 26.9 40.9 35.9 39.3

Note. SD = standard deviation; AHD = atherosclerotic heart disease; CHF = congestive heart failure; COPD = chronic obstructive pulmonary disease; 
CVA = cerebrovascular accident; TIA = transient ischemic attack; GI = gastrointestinal; PVD = peripheral vascular disease.

Figure 1. Box plots for the Liu index by year and region.
Note. The lines of box plot display first quartile, median, and third quartile. Data are at the patient level.
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Using Hospital Referral Regions across the United States 
grouped by the intensity of hospital and physician services, 
Song et al found that the number of diagnosis codes and 
Hierarchical Condition Categories (HCC) score changed 
based on “moving status,” that is, increased to a greater 
extent among Medicare beneficiaries who moved to a region 
with a higher intensity of practice than those who moved to a 
region with an equal or lower intensity of practice.10 Due to 
the high mortality rate of elderly patients with ESRD, as well 
as the low frequency of patient residency movement, we 
could not carry out a similar analysis.

Building on the important work of Song et al by extending 
the idea of regional variation in health care intensity to 
patients with ESRD, we conducted our study with a focus on 
regional and temporal variations in comorbidities in incident 
hemodialysis patients. We feel that the dialysis population, 
one in which health care quality, policy, and costs are closely 
monitored, deserves this type of scrutiny.8,15,16 Our finding 
appears to agree with the previous findings based on general 
Medicare beneficiaries, that a higher intensity of services as 
measured by reimbursement is associated with a higher 
reporting of common comorbidities.10 However, adjustment 
for reimbursement did not eliminate the regional variation. 
Also, a much higher percentage of patients in the Northeastern 
and Western regions were in the highest reimbursement 
quartile. The significant difference in the Liu index between 
the Northeast and the West suggests varying practice patterns 
based on geography. Such practice pattern variances may be 
better captured by other measures, or it may turn out to be 
difficult to fully quantify these differences with available 
data or variables.

The observed temporal variation might be partly due to 
systematic, increased recording in the first year of observa-
tion and documentation of patients’ medical conditions; 
some degree of such increased recording would be expected, 
as clinicians meticulously reconcile medical records of 
“new” dialysis patients in this critical juncture of their health 
care. Our study suggests, however, that the increased number 
of submitted diagnostic codes in the first incident year of 
hemodialysis is likely a true reflection of increased comor-
bidity. Consistently, the first year mortality rate of hemodi-
alysis patients approaches 23% and is the greatest in the first 
3 months of dialysis1,17,18; cost peak is also demonstrated in 
this period with ESRD onset.19 Notably, elderly incident 
dialysis patients are more likely to initiate dialysis in the  
hospital setting, with 65% starting dialysis in the hospital 
and 24% of the index hospitalization being ≥2 weeks in  
duration.20 Therefore, it is conceivable that the first year of 
dialysis entails more intensive medical monitoring and inter-
ventions than the predialysis or subsequent years in patients 
who survive. In future studies, it is perhaps worth utilizing 
both electronic health records and claims data to examine the 
differences in claim codes between the first and second dial-
ysis years.21

Our findings may have health policy implications. The 
30-day readmission rate is widely used in public reporting 
and value-based payments.22-25 It is also one of the outcome 
measures adopted in the publicly available 5-star dialysis 
facility rating system.15 In the current profiling models devel-
oped by CMS and health policy researchers, case-mix adjust-
ment uses a broad range of comorbidities based on the past 
year’s claims data (using various types of claim files as listed 
in the “Methods” section) prior to the index discharge date.8 
Current case-mix–adjusted payment systems do not account 
for differences in geography and collapse the first 2 years on 
ESRD as one category in adjustment. The potential impact of 

Table 3. Longitudinal Analysis of Liu Index During 3 Years of 
Follow-up (N = 23 336).

Parameter Estimate SE P value

Region
 Midwest 0.54 0.06 <.0001
 Northeast 0.71 0.07 <.0001
 South 0.49 0.06 <.0001
 West Reference  
Reimbursement
 Quartile 1 Reference  
 Quartile 2 0.48 0.08 <.0001
 Quartile 3 0.70 0.07 <.0001
 Quartile 4 0.72 0.07 <.0001
Follow-up year
 1 Reference  
 2 −1.13 0.03 <.0001
 3 −0.57 0.03 <.0001
Baselinea 0.45 0.005 <.0001
Age, y
 [67,75) Reference  
 [75,85) −0.08 0.04 .05
 ≥85 −0.35 0.07 <.0001
Sex
 Male −0.09 0.04 .02
 Female Reference  
Ethnicity
 Hispanic 0.13 0.07 .05
 Non-Hispanic Reference  
Race
 Black −0.13 0.05 .005
 Other −0.22 0.09 .01
 White Reference  
Institutionalization
 Yes 0.45 0.08 <.0001
 No Reference  
Prior nephrology care
 <6 months 0.10 0.05 .04
 6-12 months 0.09 0.06 .14
 >12 months Reference  
 No 0.46 0.05 <.0001
 Unknown 0.45 0.07 <.0001

aBaseline: Liu index based on past year claims data prior to starting 
dialysis.
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geographic and temporal variations has been studied with 
some suggestions and directions on how to handle regional 
variations in diagnostic practices.9,10,25,26 Potential options 
include (1) using regions (eg, intensity of services/reimburse-
ments and indicators of regions) and time (eg, percentage of 
new dialysis patients) as risk adjustors, or (2) taking regions 
into account in stratification (eg, budget allocation, distribu-
tion, or payment formula). In addition, the findings from our 
study might help to improve payment allocation for an indi-
vidual facility in practice. Payments that are tied to an indi-
vidual facility’s case-mix burden would implicitly reflect the 
surrounding geography. Because geographic areas and tem-
poral trends in comorbid conditions can be reflected in an 
individual facility’s case-mix burden, information on these 
factors might not be considered a component in a case-mix 
adjuster for payments. However, given the significant regional 
and temporal variations found in this study, further investiga-
tion on these factors may lead to improved case-mix adjust-
ers. For example, it may justify an opportunity to investigate 
the extent to which geographical and temporal variations in 
comorbidity can influence ESRD Prospective Payment 
System (PPS) patient-level adjustments. The PPS payment 
formula may benefit from being region-specific and being 
regularly updated to reflect case-mix changes. As part of any 
payment system update, CMS should consider examining the 
geographic variation as well as temporal trend of each comor-
bidity eligible for adjustment in ESRD PPS to potentially 
improve the rate-setting process.

Limitations

Limitations of our study should be noted. First, we only 
focused on incident in-center hemodialysis patients ≥67 
years of age at the time of ESRD with 3 years of complete 
follow-up. The mortality rate of elderly patients experienc-
ing incident dialysis is very high within 3 months of dialysis 
initiation. In fact, 59% of patients with pre-ESRD Medicare 
coverage were excluded from our study due to death during 
3 years. Thus, our study cohort of patients with complete 
3-year follow-up may suffer severe survival/selection bias. 
However, our intent was to thoroughly evaluate comorbidity 
over time in a “clean” cohort of survivors and to perform a 
standard longitudinal data analysis, thus necessitating a sur-
viving cohort. In addition, it was important in our study 
design to ensure complete follow-up, just as it was similarly 
enforced in the study by Song et al.10 Joint modeling of sur-
vival and longitudinal data accounting for competing risks 
may need to be applied in future studies. Notably, our sec-
ondary/sensitivity analyses using the entire baseline popula-
tion and a cohort of censored patients (those who did not 
survive through the third dialysis year) showed qualitatively 
similar patterns.

Second, we used a single index/indicator for potentially 
complex variables and constructs so that residual confound-
ing is quite possible. Specifically, we selected widely accepted 

“reimbursements per decedent for inpatient hospitalizations 
during the past 6 months of life” from the Dartmouth Atlas. In 
patients with ESRD, resource expenditures in the last month 
of life are higher than those of many other Medicare benefi-
ciaries with severe chronic illnesses.27 It could be worthwhile 
to explore other indexes, such as the End-of-Life Expenditure 
Index.10,28 Also, reimbursements are often not based so much 
on value of care as they are on historical precedents resulting 
from effective lobbying by interested parties (eg, professional 
societies) and possibly misguided models of how to reim-
burse for health care—for example, Ricardo/Marx theories of 
payment for level of effort rather than more modern concepts 
of pay for value.29 Moreover, we used the Liu index as the 
currently best-suited comorbidity index for the ESRD popu-
lation in the United States, and it captures comorbidities from 
administrative claims data from days 91 through 270 after 
dialysis initiation. It has been reported that using different 
claim periods, such as days 0 through 90, can capture a larger 
number of patients with a wider breadth of health status and 
survival.30 Besides the Liu index, other outcomes such as the 
ESRD-specific CMS-HCC score may be explored for the 
dialysis population in the future.31,32

Conclusions

We observed significant regional and temporal variations in 
patient comorbidity as recorded in claims data, even after 
adjusting for reimbursement measure and predialysis comor-
bidity. Current CMS case-mix–adjusted payment systems do 
not consider these variations. We hope our study, along with 
the body of related literature, encourages further discussion 
and actions, such as risk adjustment and new payment for-
mulas, that will result in more equitable health care policies.
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