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Background: To create an appropriate chronic kidney disease (CKD) management program,
we developed a predictive model to identify patients in a large administrative claims database
with CKD stages 3 or 4 who were at high risk for progression to kidney failure.
Methods: The predictive model was developed and validated utilizing a subset of patients
with CKD stages 3 or 4 derived from a large Aetna claims database. The study spanned 36
months, comprised of a 12-month (2015) baseline period and a 24-month (2016-2017)
prediction period. All patients were >18 years of age and continuously enrolled for 36
months. Multivariate logistic regression was used to develop models. Prediction model
performance measures included area under the receiver operating characteristic curve
(AUROC), calibration, and gain and lift charts.

Results: Of the 74,114 patients identified as having CKD stages 3 or 4 during the baseline
period, 2476 (3.3%) had incident kidney failure during the prediction period. The predictive
model included the effect of numerous variables, including age, gender, CKD stage, hyper-
tension (HTN), diabetes mellitus (DM), congestive heart failure, peripheral vascular disease,
anemia, hyperkalemia (HK), prospective episode risk group score, and poor adherence to
renin-angiotensin-aldosterone system inhibitors. The strongest predictors of progression to
kidney failure were CKD stage (4 vs 3), HTN, DM, and HK. The ROC and calibration
analyses in the validation sample demonstrated good predictive accuracy (AUROC=0.844)
and calibration. The top two prediction deciles identified 70.8% of patients who progressed
to kidney failure during the prediction period.

Conclusion: This novel predictive model had good accuracy for identifying, from a large
national database, patients with CKD who were at high risk of progressing to kidney failure
within 2 years. Early identification using this model could potentially lead to improved health
outcomes and reduced healthcare expenditures in this at-risk population.

Keywords: chronic kidney disease, kidney failure, predictive models, administrative claims
data, renin-angiotensin-aldosterone system inhibitors, chronic kidney disease management

Introduction

Chronic kidney disease (CKD) is a significant public health issue that affects
approximately 47 million individuals in the United States, nearly 15% of the
adult population.'* CKD stage 3 alone has the highest prevalence rate, at 6.4%."
CKD is associated with elevated morbidity, mortality, and healthcare expenditures,
due primarily to the high risk of hospitalization, cardiovascular disease, progression
to kidney failure, and death.' Similar estimates of disease burden and prevalence
have been reported for CKD around the globe.®’
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CKD exacts an enormous economic toll, particularly in
later stages of the disease.* In 2016, fee-for-service (FFS)
Medicare spending for all beneficiaries with CKD (and no
end-stage renal disease [ESRD]), which compose 12.5%
of all FFS Medicare beneficiaries, was reported to exceed
$79 billion. This represented more than 23% of all
Medicare costs that year.! On average, each beneficiary
without CKD costs Medicare $12,024 per person per year
(PPPY), compared to $23,558 PPPY for beneficiaries with
CKD.! However, costs for CKD rose in concert with
disease severity: from $19,074 PPPY for CKD stages
1-2, to $29,151 PPPY for CKD stages 4-5, to $78,852
PPPY for ESRD." We recently reported similar results in
CKD patients with hyperkalemia (HK), who utilize more
healthcare resources than CKD patients without HK, lead-
ing to more than double the healthcare costs.®

Earlier diagnosis and evidence-based management of
CKD are key to slowing its progression and preventing the
complications of advanced disease.’ The renin-angiotensin
-aldosterone system (RAAS) blockade plays a pivotal role
in delaying, and perhaps halting, kidney failure in most
types of CKD.?'? Brenner et al reported that ESRD can
be delayed by 2 years in patients with CKD and diabetes
mellitus (DM) when a RAAS blockade is induced with the
optimal dose of losartan. When a RAAS blockade is
induced with losartan, development of ESRD can be
delayed by 2 years in patients with nephropathy secondary
to type 2 diabetes.'® Paradoxically, CKD is the leading
cause of HK and can be exacerbated by the use of guide-
line-recommended RAAS inhibiting agents, leading to
and increased

life-threatening  cardiac

9,13-17

arrhythmias
mortality.

In light of the above, a predictive model that shows an
individual patient’s risk of progression to kidney failure
could be useful for initiating timely therapeutic interven-
tions that limit nephrotoxin exposure and prevent further
reduction in glomerular filtration rate (GFR).>*'"'? Such
a model could be helpful in clinical decision-making as
well as public health interventions to improve both clinical
and cost outcomes of CKD.”'®

Very few existing predictive models for CKD progres-
sion possess the ideal characteristics of having good inter-
nal and external validity and being clinically useful.'”>*
Consequently, risk prediction models are not routinely
used in CKD management. The objective of this study
was to develop and validate a predictive model to identify
patients in a large national health plan who had CKD
stages 3 or 4 and were at high risk for progression to

kidney failure within 24 months. Such a model based on
demographic, comorbidity, and drug utilization informa-
tion routinely collected in administrative claims data could
potentially be used to create a CKD management program.

Methods
Study Design and Data Source

A non-interventional, observational study was conducted
using the Aetna administrative claims database. This data-
base contains integrated medical and pharmacy claims, as
well as enrollment data, covering more than 15 million
current and former Aetna members enrolled in commer-
cial, Medicare Advantage, and prescription drug plans. For
this study, both commercially insured and Medicare
Advantage populations were examined. A predictive
model to identify patients with CKD stages 3 or 4 who
were at high risk of progressing to kidney failure within
a 24-month period was developed and validated based on
a retrospective study cohort of patients with CKD. For
each patient, the predictive model used claims from a 12-
month baseline period (BY), beginning January 1, 2015,
and ending December 31, 2015. We then examined the
claims attributed to kidney failure during the 24-month
follow-up period (PY; January 1, 2016, through
December 31, 2017) that immediately followed the BY.
All data handling complied with federal and state require-
ments; the privacy and security of individually identifiable
personal health information, required by Health Insurance
Portability and Accountability Act (HIPAA) Standards,
were preserved. As this non-experimental study did not
require direct patient identification, a Limited Data Set, as
defined by the HIPAA Privacy Rule, was used. The study
protocol was approved by an independent institutional
review board, Sterling IRB, before proceeding.

Study Population

Patients aged 18 years or older on January 1, 2015, with
CKD stage 3—4 were identified during BY. Patients were
considered to have CKD stages 3 or 4 if they met the
following criteria: have either at least one estimated GFR
(eGFR) value indicating CKD stage 34 by the
Modification of Diet in Renal Disease equation (eGFR
15 mL/min/1.73 m? to <60 mL/min/1.73 m?); or one
medical claim with International Classification of
Diseases, Ninth/Tenth Revision, Clinical Modification
(ICD-9/10-CM) codes (585.3, 585.4, N18.3, N18.4) for

CKD stage 3—4.%>27 Patients with a diagnosis of kidney
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failure or ESRD (ICD-9/10-CM codes: 585.5, 585.6,
N18.5, N18.6) for CKD stage 5-6, who had hemodialysis
or a kidney transplant procedure during the PY, or were
enrolled in an end-of-life care program or hospice during
either the BY or PY were excluded. Patients were required
to have a minimum of 3 years (BY and PY) continuous
enrollment in commercial health plans and/or Medicare
Advantage with medical and pharmacy benefits. Half of
the individuals in the study cohort were then randomly
assigned to the model derivation group, and the other half
to the model validation group.

Patient Characteristics

In patients with CKD, characteristics that may have been
associated with progression to kidney failure (baseline
demographics, clinical characteristics, comorbidities, and
BY.
Demographic characteristics included age, sex, geographic
region (Midwest, Northeast, South, West), and type of
insurance (Medicare or commercial). Clinical characteris-
tics included CKD stage (defined by latest eGFR value or
ICD-9/10-CM code) during the BY, CKD stage switch
(from stage 3 to stage 4), and most recent episode risk

drug utilization) were evaluated during the

group (ERG) prospective score (using OPTUM Insight’s
ERG methodology, which relies on the patient’s under-
lying medical conditions, the source of which are the
ETGs produced by the software, ETG 10.0 version).?
Comorbidities identified by ICD-9/10-CM code included:
anxiety, atrial fibrillation, cerebrovascular disease, chronic
obstructive pulmonary disease (COPD), chronic thyroid
disorders, congestive heart failure, depression, DM, hyper-
lipidemia, hypertension, ischemic heart disease, malignant
neoplasms, obesity, osteoarthritis, osteoporosis, and per-
ipheral artery disease.”” The comorbid HK was identified
using previous described method.®**> Medications taken
during the BY were extracted from the National Drug
Codes of dispensed medications and categorized by drug
class as: angiotensin II receptor blocker (ARB), angioten-
sin-converting enzyme inhibitors (ACEi), beta-blocker,
calcineurin inhibitor, direct renin inhibitors (DRI), miner-
alocorticoid receptor antagonist (MRA), nonsteroidal anti-
inflammatory drug (NSAID), or potassium-sparing diuretic
(see specific generic drug names and their drug class in
Sharma et al).”> Among the aforementioned, RAAS inhi-
bitors (RAASI) included ACEi, ARB, MRA, and DRIL
Patients were deemed to have received optimal dosing of
RAASI if they were given the maximum dose recom-
mended by the Food and Drug Administration during the

BY, whereas those patients who received any dose less
than that were deemed to have received suboptimal
dosing.”® Adherence to RAASi was calculated using the
proportion of days covered (PDC); patients were consid-
ered adherent to RAASI if PDC was >0.8.

Outcomes

The primary study outcome was kidney failure during the
PY, which was defined as the patient satisfying at least one
of the following criteria during the PY: having >1 medical
claim for stage 5 CKD (ICD-10-CM: N18.5) or ESRD
(ICD-10-CM: N18.6); >1 medical claim for dialysis ther-
apy or kidney transplantation; an eGFR <15 mL/min/
1.73 m? lab value during the PY.

Descriptive Statistical Analysis

All baseline characteristics were analyzed descriptively.
Means (+standard deviation [SD]) and medians (interquar-
tile range [IQR]) were reported for continuous variables,
and frequencies (%) were reported for categorical vari-
ables. Statistical significance was assessed using either
the Student’s #-test, Wilcoxon rank-sum test, Kruskal—
Wallis test for continuous variables, or y* test for catego-
rical variables.

Model Development

To identify strength and precision for features predictive of
kidney failure, models were first developed and tested
using only specific feature variables; and then combined
feature variables, feature by feature. Last, we combined all
five feature variables to generate the final model (Full
model). To determine whether any of the predictive vari-
ables we used were indeed predictive factors, univariate
analysis was performed on each of the 44 predictive vari-
ables individually (Supplement Table 1), using the deriva-

tion dataset. Variables that achieved statistical significance
(p <0.05) were subjected to multivariate logistic regression
analysis. A stepwise selection procedure was applied: the
probability for entry of a variable was set at 0.01, and for
removal of a variable at 0.1; adjusted odds ratios (ORs)
were then calculated, along with the associated 95% con-
fidence intervals (CIs). We checked interactions between
predictive variables in the model by using a pooled inter-
action test.”” Multicollinearity was tested using Pearson’s
correlation coefficient. The model’s goodness-of-fit was
tested using deviance, the Hosmer-Lemeshow test, and

log-likelihood.?*-*°
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Model Validation

The models developed at each stage were validated using
the validation dataset. The area under the receiver operat-
ing characteristic curve (AUROC) was calculated to deter-
mine the model’s ability to discriminate between those that
progressed to kidney failure during the PY and those that
did not. AUROC was computed by a non-parametric
method.*' An AUROC of 1 implies perfect discrimination,
whereas an AUROC of 0.5 implies that the model per-
forms no better than chance.*'~**

Calibration was assessed using a calibration plot of
observed vs predicted probability of progressing to kidney
failure, among patients grouped by deciles of predicted
probability of progressing to kidney failure, as estimated
by the model (risk strata decile 1: lowest risk, decile 10:
highest risk). Risk accuracy was assessed by determining the
mean absolute difference (error) between the predicted and
observed (actual) probability of progressing to kidney failure
across the 10 risk strata. Two metrics were used to assess
performance of risk stratification performance: (1) the mean
actual risk (observed probability) found to increase between
strata; and (2) the risk ratio between the observed probabil-
ities in the highest and lowest risk strata.

The gain chart measures the extent to which the pre-
dictive model exceeds expectations compared to not using
a model. Data were sorted in descending order of the
probability of progressing to kidney failure as estimated
by the model and were binned by deciles. The cumulative
rate of progression to kidney failure at each decile was
evaluated beginning with the highest-risk decile and des-
cending to the lowest-risk decile. The greater the area
between the gain curve and the baseline value (without
predictive model, patients randomly selected), the better
the model.

All data management, statistical analyses, and predic-
tive modeling were performed using SAS version 9.4
statistical software and SAS Enterprise Miner version
15.1 (SAS Institute, Cary, NC, US). All p values were
two-sided, with p <0.05 considered as statistically
significant.

Results

Baseline Characteristics

A total of 74,114 patients with CKD stage 3 or stage 4 met
the inclusion and exclusion criteria. Among these, 57.2%
were female, and the mean age was 74.4 years.
Approximately one-third (33.7%) of the BY cohort resided

in the Northeast, 41.4% resided in rural areas, and 92.9%
were enrolled in a Medicare Advantage plan (Figure 1,
Table 1). Table 1 compares the characteristics of study-
group patients during the BY who progressed (N=2476;
3.3%) or did not progress (N=71,638; 96.7%) to kidney
failure during the PY. Patients who had kidney failure
during the PY tended to be younger, female, an urban
resident, and had a higher prospective ERG risk score
than those who did not have kidney failure. They were
also more likely to have comorbid hypertension, hyperli-
pidemia, diabetes, congestive heart failure, ischemic heart
disease, peripheral vascular disease, COPD, and more
CKD stage 4 (Table 1).

Among the 74,114 patients identified with CKD stages
3 or 4 during the BY, 67,762 (91.4%) had CKD stage 3
and 6352 (8.6%) had CKD stage 4 (Table 1). Among
patients who had CKD stage 3, 1200 (1.8%) progressed
to kidney failure during the PY, an average of 403 days
after entering the PY period. Among patients who had
CKD stage 4, 1276 (20.1%) progressed to kidney failure,
an average of 330 days after entering the PY period.
Overall, a total of 3.3% (2476) of patients with CKD
stages 3 or 4 after the BY progressed to kidney failure
during the PY, an average of 365 days after entering the
PY period (Figure 2).

In addition, patients who developed kidney failure
were more likely to use a RAASI during the BY (70.0%
vs 66.2% for the non-kidney failure group, p <0.0001;
Table 1). While use of submaximal RAASi dosing was
widespread, overall adherence—as measured by PDC
>80%—was lower among patients who developed kidney
failure compared to those who did not (41.7% vs 44.8%,
p=0.0029; Table 1).

Prediction Model

Seven predictive models were developed, all of which were
compared by their AUROCs during validation (Figure 3).
Among the models using only the specific-feature variables,
the CKD stage-only model (M2) performed best (AUROC:
0.724), followed by the Comorbidities model (M3, AUROC:
0.701). In contrast, the models based solely on RAASI use
(M4) or the Combined Age plus Gender model (M1) yielded
poor AUROCs. While the AUROC of some of the combined
feature models exceeded the M2 or M3, the Full model
yielded the best AUROC (0.844). Thus, using all the pre-
dictive feature variables yielded a logistic regression with 12
non-zero coefficients plus an intercept (Table 2), demonstrat-
ing good discriminative performance. ORs and 95% Cls for
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Final cohort
N=74,114

Figure | Patient attrition.

Abbreviations: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; ICD-9/10-CM, International Classification of Diseases, Ninth/Tenth Revision.

individual parameters in the final logistic regression predic-
tive model are provided in Table 2. After adjusting for
covariates, the strongest predictors of progression to kidney
failure during the PY were CKD stage 4 vs stage 3 (OR:
15.18, 95% CI: 13.77-16.73), hypertension (OR: 2.59, 95%
CL: 1.97-3.42), DM (OR: 1.75, 95% CI: 1.59-1.92), HK
(OR: 1.36, 95% CI: 1.21-1.53), and peripheral vascular
disease (OR: 1.35, 95% CI: 1.21-1.50).

Figure 4 shows the prediction model’s risk estimation
and stratification performance. The model’s estimated
average risk of kidney failure across the population closely
matched the average actual risk (3.49% vs 3.26%, respec-
tively). The mean absolute error was 2.39%. The risk
increases in tandem with stratum such that those in the
highest risk stratum had 68.7 times the probability of
progressing to kidney failure in 2 years than those in the
lowest risk stratum (18.55% vs 0.27%). The second-
highest risk stratum had actual risks of 4.38%, signifi-
cantly higher than the overall mean of 3.34% for the
cohort. Model calibration showed that the top 2 prediction

deciles (20% of the study population) identified 70.79% of
patients who progressed to kidney failure during the PY.

The model somewhat over-predicted deciles 1-8 and
was very close for deciles 9 and 10 in patients who
progressed to kidney failure. Model gains are shown in
Figure 5. For a given decile, gain is the cumulative number
of patients correctly identified with kidney failure up to
that point, divided by the total number of patients with
kidney failure (blue line). For example, for the second-
highest decile, the gain was 681/992, or 70.8%. This was
much greater than the 20% of target patients who were
randomly selected without use of the predictive model (red
line).

Discussion

We have developed and internally validated a model to
predict 2-year risk of kidney failure among patients with
CKD stage 3 or stage 4. We compared five commonly used
machine learning algorithms with traditional logistic
regression to predict CKD progression and found that the
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g discrimination performance of the logistic regression
g model was comparable to those of neural network, support
o . ..
% vector machine, or random forest, and better than decision
X~
55555538 +9s5833%|; tree model (Supplemental Figure 1). In a recent meta-
scdgses 58523383 analysis of 71 studies, Christodoulou et al also showed
[=%
L‘;’_ no performance benefit of machine learning over logistic
i regression for clinical prediction models.>> We therefore
2 selected the logistic regression model because of its gen-
E eral applicability in a clinical or care-management setting.
Q . . . .
8 A recent systematic review of predictive models for
8 . . . . .
° CKD progression to kidney failure identified only two
05 studies that met the criteria for clinical utility (ease of
§3 use and applicable to clinical decision-making): a risk
;E score developed at Kaiser Permanente Northwest, and
s 2 . ..
é ] a series of predictive models based on the nephrology
23 clinical electronic health record developed at Sunnybrook
0 i . . . 20-2
&8 && & & S - Hospital, University of Toronto.*" 3 The former has been
SEIsscR I8s $8%F|:22 . - -
STIISEsd T oeoT TS| 8E updated and includes eight predictors: age, sex, eGFR,
ZhSngoe xS 2eSHSS|°E teinuria/albuminuria. h lobin. diabet toli
23R 23a RSBRyzneg|ed proteinuria/albuminuria, hemoglobin, diabetes, systolic
6 & . . . . 2
£ blood pressure, and antihypertensive medication; 3 the
- 9 . . .
S s latter has been extensively validated worldwide and
(Ol . . . ..
0= includes eight predictors: age, sex, eGFR, albuminuria,
gl . .
gz serum calcium, serum phosphate, serum bicarbonate, and
2 3 . :
T serum albumin.*' Both models included three or more
o c
?g g laboratory result data predictors, and most of the other
c
§ £ currently existing models used laboratory and demo-
2} . . .
S g graphic data to predict CKD progression. However, these
fa o . . .
2% laboratory data are not always available. Diagnosis tests/
b} .
53 measurements (eg, blood pressure, body weight) and
gé laboratory result data (eg, proteinuria, hemoglobin, and
SETRET 4 S5 gsRI|8® serum albumin) are usually not in the administrative
adddazz= < TeegsdT|Es .
R N E - essdam|bs claims databases.
o 0 N — - N — Vv — Vv - - . . . . . .
B e Despite the potential benefits of risk stratification in the
§ g CKD population and many models published, risk predic-
= 0. . . .
¥ tion models are not routinely used in CKD management.
- 'c . « qege
) Our model uses demographics, comorbidities, and drug
I &a &8 & &= moR|<8g o . . . .
NS Y Y aae P~ _ 84q9%F g s utilization data that are obtained routinely in patients
SccogphR cs T2 < . . )
R828 433 S 3sS88% gjﬁ. with CKD in the enrollment, medical, and pharmacy
S o = 0w o 0 S N O o Y m I . . .
&« ==2808K SRIB=F =23 g’g claims databases, and the variables can be automatically
£ 3 O . .. ..
2 g generated and easily integrated into a clinical decision-
o . . . . . .
i g making system. Similar to the systematic review studies
7]
g g g discussed,?* 2***3* we found that younger age, male sex,
3 B E . .
% £ % 5 9 €< advanced stage CKD, hypertension, DM, congestive heart
a 5 3 0 o ;< . . . . .
s 3 s Ei > 2 g b failure, peripheral vascular disease, iron deficiency ane-
£ @ “w O @ @ 2 £ = A U
c © 2 S o o ¢ ) . . . . .
g2 8 8558|, 2 £ 5 3 Q : g mia, and higher prospective ERG risk score predict
v < e g v 4] £ 0 — 0o - . . . . .
E2o 58z |2 £ <83 Eo|5% a higher risk of CKD progression to kidney failure. In
2 g .';;::n.‘: " w m o S <€ |S 5 . X
2838258 f,: RZE5 3 § S g g addition, we found two new predictors; the presence of
o 2 8 . ..
<E HK and poor RAASi adherence are significantly
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Figure 2 Kaplan-Meier curve for percent of patients and time to progress to kidney failure within 2 years follow-up. Among the 67,762 patients with CKD stage 3, 1.77%
(1200) progressed to kidney failure, average 403 days after baseline to kidney failure. Among the 6352 patients with CKD stage 4, 20.09% (1276) progressed to kidney
failure, average 330 days after baseline to kidney failure. Overall (patients with CKD stage 3 or 4), of a total of 74,1 14 patients, 3.34% (2476) progressed to kidney failure,
average 365 days after baseline to kidney failure. The overall log-rank is p <0.0001 (CKD stage 3 vs stage 4).

Abbreviation: CKD, chronic kidney disease.

Age + Gender, M1

CKD stage only, M2

Comorbidities only, M3

RAAS:I use only, M4

M1 + M2

M1+ M2 + M3

Full model, M1 + M2 + M3 + M4

0.0 0.2

0.4 0.6 0.8 1.0

Area Under the Operating Characteristic Curve

Figure 3 Predictive model variation: AUROC. Seven candidate models based on single or combinations of variables. Comparison of seven models by AUROC.
Abbreviations: AUROC, area under the receiver operating characteristic curve; CKD, chronic kidney disease; RAASi, renin-angiotensin-aldosterone system inhibitor.

associated with progression of CKD. The RAASI are reno-
protective and may slow or even halt the progression of
diabetic kidney disease.'""'> Maximized RAAS inhibition,
combined with intensified blood-pressure control, ameli-
oration of dyslipidemia, and metabolic control in diabetics
in a multimodal approach that includes lifestyle modifica-
tions may stabilize renal function and decrease progression
among patients with CKD. Our findings contribute to the
literature on whether RAASi should be initiated or even

continued in patients at risk of HK and/or with worsening
kidney function. Ongoing studies will evaluate whether
novel potassium binders, such as patiromer or sodium
zirconium cyclosilicate,**>? may offer additional benefits
to those with high risk of both CKD progression and HK.*

Despite the dissemination of clinical practice guidelines
on kidney disease and DM,***! more than one-third of new
ESRD patients receive little or no pre-ESRD nephrology

care.'"® To accelerate the improvement of the quality and
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Table 2 List of Predictive Variables in the Final Logistic Regression Model

Parameters Regression Coefficient (SE) Odds Ratios (95% CI) p-value
Intercept —-1.96 (0.22) <0.0001
Age?, years —0.04 (0.00) 0.96 (0.95-0.97) <0.0001
Gender: F vs M —0.32 (0.05) 0.73 (0.66-0.79) <0.0001
CKD stage 4 vs 3 2.72 (0.05) 15.18 (13.77-16.73) <0.0001
CKD stage switch: Yes vs No —1.05 (0.04) 0.35 (0.32-0.38) <0.0001
Hypertension 0.95 (0.14) 2.59 (1.97-3.42) <0.0001
Diabetes mellitus 0.56 (0.05) 1.75 (1.59-1.92) <0.0001
Congestive heart failure 0.28 (0.06) 1.32 (1.18-1.45) <0.0001
Peripheral vascular disease 0.30 (0.06) 1.35 (1.21-1.50) <0.0001
Iron deficiency anemia 0.29 (0.07) 1.33 (1.14-1.56) 0.0003
Hyperkalemia 0.31 (0.06) 1.36 (1.21-1.53) <0.0001
Prospective ERG risk scores® 0.04 (0.01) 1.04 (1.03-1.05) <0.0001
RAASi PDC 20.80 —0.17 (0.03) 0.84 (0.75-0.93) 0.0029

Notes: *Per unit variable.

Abbreviations: Cl, confidence interval; CKD, chronic kidney disease; ERG, episode risk group; F, female; M, male; PDC, proportion of days covered; RAASI, renin-
angiotensin-aldosterone system inhibitor; SE, standard error.

outcomes of kidney care, the US Department of Health and

Human Services recently launched the Advancing American

Kidney Health initiative, targeting early CKD identification

and incentivizing evidence-based management of advanced

CKD and ESRD.*4!

20 -

Patients With Kidney Failure, %

u Observed Values

2 3 4 5

Our model provides good discriminating perfor-

mance and adequate calibration: AUROC was 0.844;

the numbers of predicted vs observed individuals with

kidney failure were well matched in the highest prob-

ability deciles; and a cutoff of the top 20% scores

= Predicted Values

6 7 8

Decile of Predicted Risk

Figure 4 Calibration plot of observed vs predicted risk of kidney failure during follow-up period. Observed risk for kidney failure in the testing data within deciles of
predictive risk strata. The predicted risk estimated by the model stratifies the population and yields estimates of the average risk of kidney failure (blue bar) within each

decile (risk stratum). The estimates are compared to the actual (observed) probability of kidney failure in each decile (gray bar).
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Figure 5 Cumulative gain chart. The predicted risk stratifies the population and evaluates cumulated rate of actual kidney failure at each decile (blue line) within each decile.
Gain chart started from highest-risk decile to lowest-risk decile. The cumulated rate of kidney failure is compared to the rate without predictive model (patients randomly

selected) in each decile (red line).

captured more than three-fourths of those who pro-
gressed to kidney failure. This model has some impor-
tant implications for case management, clinical practice,
comparative effectiveness safety research, and public
health policy. First, it could be used in population-
based CKD management with autoscoring from an
administrative claims database. The risk score could be
used to personalize and provide high-quality CKD care.
By focusing on patients with a high risk of CKD pro-
gression, benefit plans, insurers, and healthcare provi-
ders may be able to target more effectively such
interventions as patient education, pharmacist outreach,
and referrals to nephrology care. Second, for clinicians,
the risk scores could be used to triage patients for
decisions regarding dialysis modality education, vascu-
lar access creation, and preemptive kidney transplanta-
tion. Third, the model could be used to select patients
based on different risk thresholds
traditional clinical trials, pragmatic randomized con-

for enrollment in

trolled trials, or cost effectiveness studies of health
plan initiatives to identify and manage patients at risk
for progression in accordance with evidence-based clin-
ical guidelines.’

Limitations

Our study has a few limitations. First, this is an adminis-
trative healthcare claims data analysis. A potential advan-
tage of using administrative claims over clinical data is

that the analysis essentially covers an individual’s entire
continuum of care. Still, claims data could contain coding
errors of omission and incomplete claims information;
therefore, we may have underestimated comorbidities and
other results. Second, although the classification of CKD
based on ICD-10-CM codes and eGFR values are widely

8.21-25 e could not differentiate the

used in the literature,
decreased renal function caused by excessive use of diure-
tics, NSAIDs, or hospital admissions in this claim-based
retrospective study, which may pose a risk of overestimat-
ing CKD and underestimating CKD progression. Third,
the model has been developed based on claims data from
one large US national health plan, and this model have not
been validated externally; therefore, the generalizability of
our findings to other population remains to be determined.
Fourth, our data lack race and ethnicity parameters, and
clinical parameters such as smoking status and blood
pressure measurement values that could influence CKD
progression. In addition, although patients with CKD are
at a higher risk of mortality, we did not conduct
a competing risk analysis. Consequently, our model may
overestimate the risk of kidney failure, especially for the
highest-risk patients."’

Conclusion

We have developed a predictive model to identify patients
with CKD stage 3 or 4 at high risk for progression to kidney
failure over a 24-month period using routinely collected
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healthcare data from administrative claims data. The model
provides an acceptable level of accuracy in identifying both
very high- and very low-risk CKD patients for kidney failure
in a large US health plan. The model includes 12 predictors:
age, gender, CKD stage, CKD stage switch, hypertension,
DM, congestive heart failure, peripheral vascular disease,
anemia, HK, prospective ERG risk score, and poor RAASI
adherence. Although external validation is needed, the find-
ings support the use of claims-based predictive models to
better target intervention. Early identification of high-risk
patients may enable timely management and lead to
improved outcomes and reduce healthcare expenditures.
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