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A

N ESTIMATED 23 MILLION
people in the United States
(11.5% of the adult population) have chronic kidney
disease (CKD) and are at increased risk
for cardiovascular events and progression to kidney failure.1-5 Similar estimates of burden of disease have been
reported around the world.6 Although
there are proven therapies to improve
outcomes in patients with progressive
kidney disease, these therapies may also
cause harm and add cost. Clinical decision making for CKD is challenging
due to the heterogeneity of kidney diseases, variability in rates of disease progression, and the competing risk of cardiovascular mortality. 7,8 Accurate
prediction of risk could facilitate individualized decision making, enabling
early and appropriate patient care.9,10
Currently, there are no widely accepted predictive instruments for CKD
progression; therefore, physicians must
make ad hoc decisions about which patients to treat, risking delays in treatment in those who ultimately progress
to kidney failure, or unnecessary treatment in those who do not progress. The
severity of CKD has been recommended to guide treatment-related de-
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Context Chronic kidney disease (CKD) is common. Kidney disease severity can be
classified by estimated glomerular filtration rate (GFR) and albuminuria, but more accurate information regarding risk for progression to kidney failure is required for clinical decisions about testing, treatment, and referral.
Objective To develop and validate predictive models for progression of CKD.
Design, Setting, and Participants Development and validation of prediction models using demographic, clinical, and laboratory data from 2 independent Canadian cohorts of patients with CKD stages 3 to 5 (estimated GFR, 10-59 mL/min/1.73 m2)
who were referred to nephrologists between April 1, 2001, and December 31, 2008.
Models were developed using Cox proportional hazards regression methods and evaluated using C statistics and integrated discrimination improvement for discrimination,
calibration plots and Akaike Information Criterion for goodness of fit, and net reclassification improvement (NRI) at 1, 3, and 5 years.
Main Outcome Measure Kidney failure, defined as need for dialysis or preemptive kidney transplantation.
Results The development and validation cohorts included 3449 patients (386 with kidney failure [11%]) and 4942 patients (1177 with kidney failure [24%]), respectively.
The most accurate model included age, sex, estimated GFR, albuminuria, serum calcium, serum phosphate, serum bicarbonate, and serum albumin (C statistic, 0.917; 95%
confidence interval [CI], 0.901-0.933 in the development cohort and 0.841; 95% CI,
0.825-0.857 in the validation cohort). In the validation cohort, this model was more accurate than a simpler model that included age, sex, estimated GFR, and albuminuria (integrated discrimination improvement, 3.2%; 95% CI, 2.4%-4.2%; calibration [Nam and
D’Agostino !2 statistic, 19 vs 32]; and reclassification for CKD stage 3 [NRI, 8.0%; 95%
CI, 2.1%-13.9%] and for CKD stage 4 [NRI, 4.1%; 95% CI, −0.5% to 8.8%]).
Conclusion A model using routinely obtained laboratory tests can accurately predict
progression to kidney failure in patients with CKD stages 3 to 5.
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cisions.11 Severity is commonly staged
according to the level of glomerular filtration rate (GFR) estimated from serum creatinine. Reporting estimated
GFR when serum creatinine is measured has increased awareness of CKD
and referrals to nephrologists, but estimated GFR is not sufficient for clinical decision making.12,13
Recent studies have shown that albuminuria provides additional prognostic
information for progression to kidney
failure.14 Some studies have examined the
use of estimated GFR and albuminuria
in prediction models, with additional

©2011 American Medical Association. All rights reserved.

clinical and laboratory data, but these
models are either specific to a particular type of kidney disease or not externally validated.7,15-18 The ideal model to
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predict progression would be accurate,
easy to implement, and highly generalizable across a spectrum of patients with
CKD in independent populations.
Using data from 2 separate CKD cohorts, the goal of our study was to develop and externally validate an accurate but simple prediction model for
progression of CKD. The goal was also
to use variables routinely measured in patients with CKD to create a model to predict progression to kidney failure that
could be easily implemented in clinical
practice. We were especially interested
in models that rely solely on information available to a clinical laboratory, enabling reporting the risk of kidney failure with laboratory test results.
METHODS
Study Population

Development Cohort. The development cohort was derived from the nephrology clinic electronic health record (EHR) at Sunnybrook Hospital, a
part of the University of Toronto Health
Network, Toronto, Ontario, Canada. Patients with CKD stages 3 to 5 (estimated GFR, "60 mL/min/1.73 m2) at
the time of initial nephrology referral
were included and were followed up between April 1, 2001, and December 31,
2008 (eFigure 1, available at http://www
.jama.com). Outcomes were ascertained by reviewing clinic records as well
as through a matching algorithm with
the Toronto Regional Dialysis Registry.
Validation Cohort. The validation
cohort was derived from the British Columbia CKD Registry (Patient Registration and Outcome Management Information System), which captures
clinical and laboratory data on all patients referred to nephrologists in the
province. Patients with CKD stages 3
to 5 at the time of initial nephrology referral between January 1, 2001, and December 31, 2009, were included. Outcomes such as dialysis, death, and
transplantation are all captured in the
database, which matches all kidney failure outcomes with provincial and national registry.17
The study was reviewed and approved
by the institutional review boards at
E2
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Sunnybrook Hospital, University of
Toronto, Toronto, Ontario, Canada; University of British Columbia, Vancouver,
British Columbia, Canada; and Tufts
Medical Center, Boston, Massachusetts.
Informed consent was waived at all participating institutions because of the presence of de-identified data and lack of feasibility of obtaining informed consent
from all participants in the cohorts.
Variables

Candidate Dependent Variables. Candidate dependent variables were selected by face validity and included
demographic variables, including age and
sex; physical examination variables, including blood pressure and weight; comorbid conditions, including diabetes,
hypertension, and etiology of kidney disease; and laboratory variables from serum and urine collected at the initial nephrology visit (eTable 1). All predictor
variables were obtained at baseline from
the nephrology clinic EHR in the development data set. The baseline laboratory value was defined as the first test result within 365 days of the initial
estimated GFR. Baseline values were restricted to #/−90 days in a sensitivity
analysis. Comorbid conditions were categorized as present or absent at the time
of initial nephrology visit.
Using a formula derived from the Irbesartan in Diabetic Nephropathy Trial
study,19 24-hour urinary protein excretion was transformed to an albumin-tocreatinine ratio. The albumin-tocreatinine ratio was log transformed due
to its skewed distribution. The remainder of the laboratory variables and physical examination characteristics were
evaluated as linear predictors. The presence of colinearity was examined using
a correlation matrix, followed by evaluation of variance inflation factors and
magnitude of standard errors. Variables
with more than 30% missing values were
not included in the analysis. All other
missing data were imputed using the
multiple imputation technique with 5
imputations based on PROC MI in SAS
version 9.1 (SAS Institute Inc, Cary,
North Carolina). The complete case was
examined as a sensitivity analysis.

Independent Variable. The outcome of interest was kidney failure,
which was defined by initiation of dialysis or kidney transplantation and censored for mortality before kidney failure. Although predicting mortality before
kidney failure is also important for patients with CKD, predicting the risk of
kidney failure alone is important for
many decisions made by patients, physicians, and health care systems. The time
horizons for risk prediction were 1, 3, and
5 years (eEquation). Risk categories for
CKD progression have not been previously defined. Based on input from clinicians, we defined stage-specific CKD
risk categories that would be useful for
management decisions. In CKD stage 3,
risk categories of 0% to 4.9%, 5.0% to
14.9%, and 15.0% or more risk of kidney failure over 5 years were considered as low, intermediate, and high risk,
respectively. In CKD stage 4, risk categories of 0% to 9.9%, 10.0% to 19.9%,
and 20% or more risk of kidney failure
over 2 years were considered as low, intermediate, and high risk, respectively.
Statistical Analysis

Model Development. We developed a
sequential series of models and compared those with more variables (ie,
greater complexity) to simpler ones. We
used a combination of clinical guidance and forward selection to determine variable selection. In univariate
Cox proportional hazards regression
models, variables not associated with
kidney failure (P $ .10) were excluded from further analyses. Improvement in model performance through addition of new candidate variables in
multivariate Cox proportional hazards regression models was tested using
metrics for discrimination and goodness of fit. Models 1 through 3 were developed using age and sex, estimated
GFR, and albuminuria, successively, and
compared with each other. Models 4
through 7 were developed by adding
either clinical variables (diabetes and
hypertension), physical examination
variables (systolic and diastolic blood
pressure and weight), laboratory variables of CKD severity (which were as-
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sociated with the outcome in multivariate forward selection), or all of the
above and compared with model 3.
Prediction Model Validation. Models 2 and 3, the most accurate model
among models 4 through 6, and model
7 were evaluated in the external validation data set. The baseline hazard
function and % coefficients from the developed model were fixed and applied
to the validation data set.
Prediction Model Performance. We
used a series of methods to evaluate the
performance of the models in the development and the validation data sets.
Metrics were assessed in the overall
population and in relevant subgroups
(age dichotomized at 65 years, sex,
CKD stage 3 vs 4, urine albumin-tocreatinine ratio dichotomized at 300
mg/g, and diabetes status).
Discrimination. Discrimination refers to the ability of a model to correctly distinguish between 2 classes of
outcomes (kidney failure vs no kidney failure). Concordance statistics (C
statistics) and integrated discrimination improvement were computed as
measures of discrimination.20-23
Calibration. Calibration describes how
closely the predicted probabilities agree
numerically with the observed outcomes. We compared the observed vs predicted risk of kidney failure for each quintile of predicted risk and determined the
magnitude of the deviation using the
Nam and D’Agostino !2 statistic.24
Goodness of Fit. Overall model fit for
sequential models was compared using
the Akaike Information Criterion (AIC),
which takes into account both the statistical goodness of fit and the number
of parameters required to achieve this
particular degree of fit, by imposing a
penalty for increasing the number of
parameters.22
Reclassification. Reclassification refers to movement of patients from one
class to another based on changes to assignment to risk categories. Reclassification improvement was quantified using
the net reclassification improvement
(NRI) statistic.21
Sensitivity Analysis. To evaluate the
effect of definition of risk categories on

reclassification, we calculated NRI for alternative risk thresholds in CKD stages
3 and 4 and using an alternative method
that does not require categories.25 To
evaluate the effect of the competing risk
of mortality before kidney failure on risk
prediction, we compared the results of
our models with competing risk models. The competing risk models goal was
to estimate the cumulative incidence
function, which is defined by the probability of reaching kidney failure expressed in terms of the cause-specific hazards in the following manner:
IKidneyFailure =[!&KidneyFailure'(ti)'S'(ti–1)].

The quantities under the summation
denote the instantaneous hazard of kidney failure at event time ti and survival rate from kidney failure or death
past event time ti–1.26
All statistical analyses were performed using SAS version 9.2. Twosided P " .05 was considered statistically significant.
RESULTS
Cohort Description

The development and validation cohorts included 3449 and 4942
patients, respectively (TABLE 1 and

Table 1. Baseline Characteristics of Development and Validation Cohorts
No. (%) of Participants
Characteristics
Demographics
Age, mean (SD), y
(65
"65
Male sex
Physical examination, mean (SD)
Systolic BP, mm Hg
Diastolic BP, mm Hg
Weight, kg
Comorbid conditions
Diabetes
Vascular disease a
History of current or previous smoking
Laboratory data
GFR, mL/min/1.73 m2
Baseline, mean (SD)
30-59
15-29
"15
Serum creatinine, mean (SD), mg/dL
Hemoglobin, mean (SD), g/dL
Serum calcium, mean (SD), mg/dL
Serum phosphate, mean (SD), mg/dL
Serum albumin, mean (SD), g/dL
Serum bicarbonate, mean (SD), mEq/L
Urine albumin-to-creatinine ratio, mg/g
Median (IQR)
"30
30-299
(300
Outcome
Observation time, d
Kidney failure events
Dialysis
Transplantation

Development
Validation Cohort
Cohort (n = 3449)
(n = 4942)

P Value

70 (14)
2447 (71)
1002 (29)
1946 (56)

69 (14)
3292 (67)
1650 (33)
2833 (57)

".001
NA
NA
.41

130 (22)
71 (12)
76 (18)

138 (24)
74 (13)
79 (20)

".001
".001
".001

1278 (37)
1386 (40)
776 (23)

1907 (38)
1305 (26)
1149 (23)

.16
".001
.71

36 (13)
2303 (67)
926 (27)
220 (6)
2.23 (1.31)
12.4 (1.8)
9.36 (0.64)
3.96 (0.93)
4.0 (0.5)
26 (4)

31 (11)
2407 (49)
2095 (42)
440 (9)
2.30 (0.84)
11.8 (1.9)
9.16 (0.70)
3.93 (0.84)
3.9 (0.5)
25 (4)

".001
NA
NA
NA
.02
".001
".001
.30
".001
".001

93 (378)
814 (24)
1124 (33)
1511 (43)

110 (756)
973 (20)
1915 (39)
2054 (41)

".001
NA
NA
NA

757 (748)
386 (11)
358 (93)
28 (7)

1114 (635)
1177 (24)
1123 (95)
54 (5)

".001
".001
NA
NA

Abbreviations: BP, blood pressure; GFR, glomerular filtration rate; IQR, interquartile range; NA, not applicable.
SI conversions: To convert serum creatinine to µmol/L, multiply by 88.4; serum calcium to mmol/L, multiply by 0.25;
serum phosphate to mmol/L, multiply by 0.323.
a Vascular disease is defined as presence of coronary artery disease or peripheral vascular disease.
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0.926; P".001), did not improve with
the addition of diabetes and hypertension in model 4 (0.909; 95% CI, 0.8930.925; P =.40), and did improve with
the inclusion of blood pressure and
body weight in model 5 (0.915; 95% CI,
0.899-0.931; P " .001) and laboratory
values in model 6 (0.917; 95% CI,
0.901-0.933; P".001). Despite a similar C statistic, the AIC was lower for
model 6 than for model 5 (4432 vs
4463, respectively). The inclusion of all
variables in model 7 improved both the
C statistic and the AIC compared with
model 3 (0.921 [95% CI, 0.9050.937] vs 0.910 [95% CI, 0.8940.926] and 4378 vs 4520, respectively). Given these results, models 1,
4, and 5 were not considered in further evaluation steps.

eFigure 1. Patients in the development and validation cohorts were similar in age and sex and had similar prevalence of diabetes and smoking. Kidney
disease severity was greater (lower mean
estimated GFR and higher mean albuminuria) and median follow-up was
longer in the validation cohort than in
the development cohort. The proportion of events was greater in the validation cohort compared with the development cohort (1177 patients with
kidney failure [24%] vs 386 patients
with kidney failure [11%]).
Prediction Model Performance
in the Development Cohort

The hazard ratios for the variables and
statistics for discrimination and goodness of fit for successive models in the
development data set are shown in
TABLE 2. Model 1, including age and sex
only, performed poorly (C statistic,
0.561; 95% confidence interval [CI],
0.529-0.593). The C statistic improved with the inclusion of estimated GFR in model 2 (0.892; 95% CI,
0.874-0.910; P " .001) and albuminuria in model 3 (0.910; 95% CI, 0.894-

Prediction Model Performance
in the Validation Cohort

eTable 2 compares discrimination of
models 2, 3, 6, and 7 overall and in subgroups in the development and validation cohorts. In both cohorts, the C statistic was higher for model 6 compared
with models 2 and 3 in the entire popu-

lation, and in subgroups (P " .001 for
all comparisons). In the validation
cohort, no further improvement was
observed with the additional nonlaboratory variables (0.835; 95% CI, 0.8190.851 vs 0.841; 95% CI, 0.825-0.857;
P =.90 for model 7 vs model 6). eTable
3 shows discrimination at years 1, 3,
and 5. At all times, both the C statistic
and integrated discrimination improvement were greater for model 6 compared with models 2 and 3 (P".001 for
all comparisons). Model 6 was more accurate than model 3 (integrated discrimination improvement, 3.2%; 95%
CI, 2.4%-4.2%).
The FIGURE shows observed vs predicted probability of kidney failure at
3 years for models 2, 3, and 6 in the validation cohort. The mean absolute difference between the observed and predictive probabilities over quintiles of
risk was lower with model 6 compared with models 2 and 3 (1.9% vs
2.7% and 3.1%, respectively), and the
Nam and D’Agostino !2 statistic also indicated improved fit with model 6 compared with models 2 and 3 (!2 statistic, 19 vs 37 and 32, respectively).

Table 2. Hazard Ratios and Goodness of Fit for Sequential Models in the Development Data Set a
Models
Variable
Baseline GFR, per 5 mL/min/1.73 m2
Age, per 10 y
Male sex
Log spot urine ACR c

1

2
0.54

3
0.57

4
0.58

5
0.60

6
0.61

7
0.64

0.86
1.03 b

0.75
1.46

0.80
1.26
1.60

0.80
1.27
1.61

0.79
1.34
1.55

0.82
1.16 b
1.42

1.15

0.82
1.26
1.37
0.88 b
0.89 b
1.14

1.10
0.91

1.15
0.91

0.86 b
1.17 b

Diabetes
Hypertension
Systolic BP, per 10 mm Hg
Diastolic BP, per 10 mm Hg
Body weight, per 10 kg
Serum albumin, per 0.5 g/dL
Serum phosphate, per 1.0 mg/dL

0.84
1.27

0.83
1.34

Serum bicarbonate, per 1.0 mEq/L
Serum calcium, per mg/dL

0.93
0.82
0.92
4378
".001

C statistic d
Akaike Information Criterion d
P value

0.56
5553

0.89
4834

0.91
4520

0.91
4521

0.92
4463

0.92
0.81
0.92
4432

".001

".001

.40

".001

".001

Abbreviations: ACR, albumin-to-creatinine ratio; BP, blood pressure; GFR, glomerular filtration rate.
a Data are presented as hazard ratios unless otherwise specified. Models 2, 3, and 6 columns indicate models based on laboratory data. P values are for comparison of C statistics
between successive models, except for models 5, 6, and 7, which are compared with model 3.
b Hazard ratios with P$.05; all other hazard ratios are significant (ie, P".05).
c Hazard ratio for ACR represents a 1.0 higher ACR on the natural log scale. For the average patient with 20 mg/g of albuminuria, this represents an increase to 55 mg/g.
d Null values for C statistic and Akaike Information Criterion are 0.50 and 5569, respectively. Higher values for C statistic and lower values for Akaike Information Criterion indicate
better models.
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Figure. Observed vs Predicted Probability of Kidney Failure at 3 Years Using Models 2, 3, and 6 in the Validation Cohort
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The predicted and observed event probability estimates represent the mean predicted probability from the Cox proportional hazards regression model and the mean
observed probability from the population (Kaplan-Meier estimate) divided into quintiles of predicted probability. Predicted risk categories for quintiles 1 through 5
correspond with 0% to 4.3%, 4.4% to 8.1%, 8.2% to 12.9%, 13.0% to 24.5%, and 24.6% to 53.9%, respectively, for model 2; 0% to 1.6%, 1.7% to 5.3%, 5.4%
to 11.0%, 11.1% to 23.1%, 23.2% to 61.7%, respectively, for model 3; and 0% to 1.4%, 1.4% to 4.8%, 4.9% to 10.7%, 10.8% to 24.0%, 24.1% to 61.6%,
respectively, for model 6. Nam and D’Agostino !2 statistic is 37, 32, and 19 for models 2, 3, and 6, respectively.

The NRI risk for CKD stages 3 and
4 overall (TABLE 3) and by relevant subgroups (eTable 4) in the validation cohort were analyzed. Overall, model 6
outperformed models 2 and 3 with an
NRI of 50.4% (95% CI, 42.7%-58.1%)
and 8.0% (95% CI, 2.1%-13.9%), respectively, for CKD stage 3, and 26.7%
(95% CI, 20.1%-33.3%) and 4.1% (95%
CI, −0.5% to 8.8%), respectively, for
CKD stage 4. The improvement in reclassification was similar across relevant subgroups.
Sensitivity Analyses

Reclassification analysis examining the
effect of different thresholds for definitions of risk categories for CKD stages
3 and 4 showed consistent improvement with model 6 over models 2 and
3. Similarly, a category-less NRI showed
a 30% (95% CI, 16%-44%) improvement in the overall reclassification for
model 6 compared with model 3. Survival analysis using the competing risk
approach showed no significant differences between the observed KaplanMeier method estimate and the cumulative incidence function, or between the
predicted probabilities of kidney failure from the Cox proportional hazards
regression model and the competing risk
model (eFigure 2 and eFigure 3).

Table 3. Net Reclassification in the Validation Data Set for CKD Stages 3 and 4 a
No. (%) of Participants
NRI
Events
Models
3 vs 2
6 vs 2
6 vs 3

(n = 248)
76 (30.6)
91 (36.7)
21 (8.5)

Non-NRI
Events
CKD Stage 3
(n = 2159)
296 (13.7)
296 (13.7)
−11 (−0.5)

Models
3 vs 2
6 vs 2
6 vs 3

(n = 400)
10 (2.5)
5 (1.3)
−2 (−0.5)

CKD Stage 4
(n = 1695)
374 (22.1)
432 (25.5)
78 (4.6)

NRI and Non-NRI Events,
No. (%) [95% CI]

372 (44.4) [36.5 to 52.2]
387 (50.4) [42.7 to 58.1]
10 (8.0) [2.1 to 13.9]

384 (24.6) [17.7 to 31.4]
437 (26.7) [20.1 to 33.3]
76 (4.1) [−0.5 to 8.8]

Abbreviations: CI, confidence interval; CKD, chronic kidney disease; NRI, net reclassification improvement.
a Risk categories for CKD stage 3 are 0% to 4.9%, 5.0% to 14.9%, and 15.0% or more over 5 years, and for CKD
stage 4 are 0% to 9.9%, 10.0% to 19.9%, and 20.0% or more over 2 years.

COMMENT
We have developed and validated a set
of risk prediction models for progression to kidney failure among patients
with moderate to severe CKD. Accuracy was robust across relevant subgroups. Our models use laboratory data
that are obtained routinely in patients
with CKD and could be easily integrated into a laboratory information system or a clinic EHR. The incremental
improvement in NRI and integrated discrimination improvement using our
best model (model 6) compared with
simpler models (models 2 and 3) is
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greater than the improvements observed with recent refinements to prediction tools used in other chronic diseases, such as the addition of C-reactive
protein to traditional cardiovascular risk
factors and the addition of serum sodium concentration to the Model for
End-Stage Liver Disease score.27,28
Among patients with CKD, there can
be considerable heterogeneity in risk for
progression to kidney failure. For example, TABLE 4 shows clinical and laboratory findings in 2 hypothetical patients with the same estimated GFR and
kidney failure risk predictions from modJAMA, Published online April 11, 2011
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Table 4. Predicted Probability of Kidney
Failure for 2 Hypothetical Patient Profiles
Using Our Prediction Models a
Probability of Kidney Failure, %
Patient A
Patient B
(70-year-old male, (50-year-old male,
with estimated
with estimated
GFR of 30
GFR of 30
mL/min/1.73 m2
mL/min/1.73 m2
and urine ACR
and urine ACR
of 200 mg/g) b
of 50 mg/g) c
Model
2

19.8

32.7

3

16.3

13.6

6

26.0

10.7

Abbreviations: ACR, albumin-to-creatinine ratio; GFR, glomerular filtration rate.
a For risk calculator, see http://www.jama.com. For smartphone app, see http://www.qxmd.com/Kidney
-Failure-Risk-Equation.
b Patient A had the following serum laboratory values: calcium (9.0 mg/dL), phosphate (4.5 mg/dL), albumin (3.5
g/dL), and bicarbonate (21 mEq/L).
c Patient B had the following serum laboratory values: calcium (9.8 mg/dL), phosphate (3.8 mg/dL), albumin (4.0
g/dL), and bicarbonate (26 mEq/L).

els 2, 3, and 6. Predictions based on estimated GFR alone are not sufficient for
risk prediction in these 2 patients. The
addition of the laboratory variables in
models 3 and 6 provides a substantially
different risk prediction compared with
model 2. Compared with model 3, model
6 increases the predicted risk by 9.7% for
patient A and decreases the risk by 2.9%
for patient B.
Risk prediction has gained increasing attention over the last 2 decades,
with emerging literature suggesting improved patient outcomes with individualized risk prediction and with advances in information technology that
allow for easy implementation of risk
prediction models as components of
EHRs.29-33 The availability of these risk
prediction tools and their inclusion in
clinical practice guidelines have led to
better adherence to treatment guidelines and have encouraged individual
decision making.31-33 Despite these benefits, the lack of easily applicable and
externally validated models have delayed the widespread integration of risk
prediction in all fields of medicine.34,35
Our models rely on demographic data
and laboratory markers of CKD severity to predict the risk of future kidney
failure. Similar to previous investigators from Kaiser Permanente and the
RENAAL study group,15,16 we find that
E6
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a lower estimated GFR, higher albuminuria, younger age, and male sex predict
faster progression to kidney failure. In
addition, a lower serum albumin, calcium, and bicarbonate, and a higher serum phosphate also predict a higher risk
of kidney failure and add to the predictive ability of estimated GFR and albuminuria. These markers may enable a
better estimate of measured GFR or they
may reflect disorders of tubular function or underlying processes of inflammation or malnutrition.36,37
Although these laboratory markers
have also previously been associated
with progression of CKD, our work integrates them all into a single risk equation (risk calculator and eTable 5, available at http://www.jama.com, and
smartphone app, available at http:
//www.qxmd.com/Kidney-Failure
-Risk-Equation). In addition, we demonstrate no improvement in model performance with the addition of variables obtained from the history
(diabetes and hypertension status) and
the physical examination (systolic blood
pressure, diastolic blood pressure, and
body weight). Although these other
variables are clearly important for diagnosis and management of CKD, the
lack of improvement in model performance may reflect the high prevalence of these conditions in CKD and
imprecision with respect to disease severity after having already accounted for
estimated GFR and albuminuria.
Our risk prediction models have important implications for clinical practice, research, and public health policy.
For example, in CKD stage 3, the relative contribution of the nephrologist vs
the primary care physician to CKD care
is uncertain.38 Using our models, lowerrisk patients could be managed by the
primary care physician without additional testing or treatment of CKD complications; whereas, higher-risk patients could receive more intensive
testing, intervention, and early nephrology care. Similarly, in CKD stage 4, the
timing of appropriate predialysis interventions remains uncertain.39 Using our
models, different risk thresholds could
be used to triage patients for decisions

regarding dialysis modality education, vascular access creation, and preemptive transplantation. Furthermore, our models could be used to
select higher-risk patients for enrollment in clinical trials and for evaluation of risk-treatment interactions.40,41
In addition, our models may also be
useful for identifying high-risk patients with CKD stage 3 for public
health interventions, thereby improving the cost-effectiveness of CKD care.42
The strengths of our analysis are the
development and validation of highly accurate prediction tools. The models are
practical because all the variables included are collected routinely in clinical care for CKD. The models can be easily integrated into laboratory information
systems and clinic EHRs, enabling integration of a risk prediction tool as a clinical decision support aid in outpatient
care. In addition, the models were developed in a single-payer health care system, thereby disparities in referral patterns and CKD care were less likely to
be present.43 In addition, we have proposed several possible applications for
our risk prediction tools in clinical decision making for CKD stages 3 and 4,
which can be tested in pragmatic cluster randomized trials and formal costeffectiveness analyses, that could help
translate our models to the bedside.
Our analysis has a few limitations.
First, our study population consisted of
2 distinct nephrology referred CKD
populations; therefore, the generalizability of our findings to a nonreferred CKD
population remains to be determined.
Second, although we included patients
with a wide spectrum of CKD and ranges
of estimated GFR, certain ethnic minorities with increased risk for kidney failure, such as black and Native American
individuals are underrepresented. Third,
we did not explicitly model the risk of
all-cause mortality in our CKD population. Although patients with CKD are at
higher risk for mortality, knowing the
probability of kidney failure among the
survivors has clinical use. In addition, we
did not observe a systematic overprediction of kidney failure risk in our models and using a competing-risk ap-

©2011 American Medical Association. All rights reserved.

Downloaded from jama.ama-assn.org by guest on April 14, 2011

PROGRESSION OF CHRONIC KIDNEY DISEASE TO KIDNEY FAILURE

proach did not significantly change our
predicted probabilities.
In conclusion, we have developed and
validated highly accurate predictive models for progression of CKD to kidney failure. Our best model uses routinely available laboratory data and can predict the
short-term risk of kidney failure with accuracy and could be easily implemented in a laboratory information system or an EHR. External validation in
multiple diverse CKD cohorts and evaluation in clinical trials are needed.
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