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Abstract
Kidney transplantation (KT) is the treatment of choice for end-stage renal failure, but such patients are increasingly older and have
additional comorbid conditions leading to high mortality rates after transplantation. Delayed graft function is a common complication after
KT, especially in recipients who receive expanded criteria donor, and these complications are associated with a poorer graft survival in the
long term. Taken together, an appropriate assessment of comorbidity grouped in prognostic indexes could be a useful tool to make crucial
therapeutic decisions at the time of transplant. Allocation systems based upon a recipient risk score, as well as identification of risk factors for
delayed graft function, may improve outcomes after KT. The aim of this review is to assess the contribution and utility of comorbid
conditions, grouped in prognostic indexes to predict and improve kidney transplant outcomes.
© 2008 Elsevier Inc. All rights reserved.

1. Introduction
Kidney transplantation (KT) is the treatment of choice for
end-stage renal failure, but such patients are increasingly
older and have additional comorbid conditions leading to
high mortality rates after transplantation. Indeed, there is
agreement that this poor prognosis is due to an interaction
between high prevalence of classic risk factors and inherent
conditions to KT [1]. Hence, cardiovascular death rate is
higher than in the general population, even after stratifying
for age, sex, and race. Moreover, comorbidity needs to be
adjusted in multiple clinical researching to assess the impact
of long-term transplantation on patients' outcomes. Despite
these facts, the relative performance of various comorbidity
indexes (CIs) in predicting outcome in this population is not
well known.
Delayed graft function (DGF), defined as the need for
dialysis within 1 week after KT, is strongly affected by the
quality of the deceased donor kidney. The presence of DGF
is an independent risk factor for both acute rejection and
impaired renal function at 1 year after KT. Moreover, DGF is
associated with decreased long-term graft survival. For these
reasons, a prognostic index for assessing the risk for DGF
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may be a very useful tool to improve outcomes in the short
and long term after KT.
The aim of this review is to assess the contribution of
kidney transplant recipient comorbid conditions grouped in
prognostic indexes on kidney transplant outcomes. We will
focus on (a) utility of a mathematical nomogram to predict
DGF in kidney transplant recipients and (b) prognostic
indexes for mortality after KT.
2. Predicting DGF in kidney transplant recipients
Delayed graft function is a frequent complication after KT
(20%–30%) and is defined as the need for dialysis in the first
week after transplantation. Although the mechanisms
involved in its pathogenesis are not well understood, the
detrimental effect of DGF on transplant outcomes is well
documented [2,3]. Delayed graft function may contribute to
graft loss and may predispose to acute rejection. Ischemia/
reperfusion injury of an allograft lead to immunologic events
such as leukocyte adherence, inflammation, and tissue
damage that can up-regulate immune response, increasing
organ alloreactivity [4]. Moreover, expanding the donor pool
by using marginal donors has been adopted at most
transplant centers, and this strategy makes up a great risk
for DGF, primary nonfunction, and shortened graft survival.
In addition, DGF has a considerable economic cost that is the
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result of prolonged patient hospitalization and the increased
cost of patient management (graft biopsies, immunosuppressive drug monitoring, dialysis, etc). Thus, interventions that
reduce the incidence of DGF or prevent development of
DGF are needed to save costs and improve the outcome after
KT in the modern transplant era.
Irish et al [5] developed an index, or nomogram, that
quantifies the likelihood of DGF after KT by using donor
and recipient potential risk factors before transplantation.
They used data available from 13 846 adult cadaveric renal
transplant recipients recorded in the United States Renal
Data System. Graft losses within the first 24 hours after
surgery were excluded from analysis as well as patients
whose DGF information was missing or unknown. By means
of a multivariable logistic regression analysis, factors
contributing to DGF were identified. There were 16 donor
or recipient variables significantly associated with DGF,
although the most significant were a history of pretransplantation dialysis followed by use of a non–heart-beating
donor and recipient of a single organ transplant. The
predictive accuracy of the model was assessed by a
concordance c index. In addition, the predictive accuracy
of the model was graphically displayed by receiver operating
characteristic (ROC) curve, whereby the c index is identical
to the area under the ROC curve. After validating the logistic
regression model, the 16 donor or recipient variables were
used to create a functional nomogram as a tool for
identifying patients at risk for developing DGF. Specific
points relative to the effect on DGF were assigned to the
11 categorical variables, and a point scale was used to assign
points to the 5 continuous variables (Fig. 1). A point score of
approximately 120 correlates with the current mean rate of

Fig. 1. Nomogram for predicting the risk of DGF in deceased kidney
transplant recipients [5]. HLAmm indicates HLA mismatch; S.Cr, serum
creatinine; PRA, panel-reactive antibody; CIT, cold ischemia time; RR,
recipient race; PID, pretransplantation dialysis; SOT, single organ
transplant; DCOD, donor cause of death. Reprinted with permission from
Irish et al [5].

DGF. Likewise, a point score of 145 predicts a 50% chance
of DGF. This nomogram can be used to determine optimal
allograft strategies and direct interventions to prevent or
minimize DGF. However, notable risk factors that may affect
the incidence of DGF, such as body mass index, type of
dialysis, or expanded criteria characteristics of the donors,
were excluded. In addition, this model was estimated using
data from the late 1990s, and the risk of DGF has changed
over time.
Recently, the validity of the Irish nomogram in the United
States was questioned by other authors using all deceased
renal transplants performed at a single center [6]. There was
overlapping in nomogram score values between patients
with and without DGF. In particular, the mean nomogram
DGF risk was 0.45 ± 0.14 (95% confidence interval, 0.40–
0.49) for the 42 DGF-positive patients and 0.40 ± 0.14 (95%
confidence interval, 0.38–0.43) for the DGF-negative
subjects (P = .07). The calculated risk of DGF ranged from
10% to 78% for recipients with DGF and 10% to 83% for
those without DGF. However, the sample size was too small
in the study of Grossberg et al [6], and these authors used the
mean and median risk scores to evaluate the nomogram.
These statistical tests cannot be used to validate a predictive
model. Therefore, there exists controversy about prospective
application of this nomogram on a case-by-case basis as a
reliable tool for making treatment decisions at the bedside
after KT, focused at ameliorating DGF.
Neural networks may be useful tools in predicting overall
clinical outcomes such as DGF. In particular, artificial neural
networks are an extension of traditional statistical techniques
and may offer a more flexible modeling environment than
any of the traditional approaches, including other statistical
methods [7,8]. In addition, they are most closely related to
regression models such as logistic regression for prediction
and discriminant analysis for classification. The dependent
variable DGF is predicted as a nonlinear function of a linear
combination of the product of the independent variables and
the neural network parameters. However, an artificial neural
network cannot identify individual risk factors for a given
clinical event such as DGF. In a retrospective cohort study
performed in 304 kidney transplant recipients who received
prednisone, cysclosporine, and azathioprine for induction,
predictions for DGF from the neural network were compared
with a standard technique of logistic regression, which
allows us to evaluate specific risk factors for DGF [9].
Logistic regression analysis was more sensitive to prediction
of no DGF (91% vs 70%), whereas the neural network was
more sensitive to prediction of yes for DGF (56% vs 37%).
Moreover, overall prediction accuracy for logistic regression
and the neural network was 64% and 63%, respectively.
Logistic regression was 36.5% sensitive and 90.7% specific,
whereas the neural network was 63.5% sensitive and 64.8%
specific. These findings indicate that the use of computers to
predict DGF may be useful in guiding the selective use of
immunosuppressants to minimize these complications,
especially in high-risk patients.
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Finally, changes in urine concentrations of biomarkers
such as urine neutrophil gelatinase–associated lipocalin
(NGAL) and interleukin 18 (IL-18) have been used as an
index of DGF after renal transplantation. Both urine NGAL
and IL-18 have been significantly higher since day 0
posttransplant in patients with DGF compared with recipients of living-donor and deceased-donor kidney without
DGF. In addition, the ROC curve for prediction of DGF
based on urine NGAL or IL-18 at day 0 showed an area
under the curve of 0.9 for both biomarkers. By multivariate
analysis, both urine biomarkers were able to predict the trend
in serum creatinine in the posttransplant period after
adjusting for other confounder variables [10]. Other serum
biomarkers such as plasma concentrations of hypoxanthine
and xanthine have also been used as predictors of DGF [11],
but future studies are needed to confirm these findings.
In summary, comorbidities grouped in CI and scoring
systems based on recipient risk factors and deceased donor
characteristics may allow us appropriate allocation systems
and to identify high-risk patients to make crucial therapeutic
decisions at the time of transplant for improving outcome
after KT.

3. Predicting mortality after KT
The construct comorbidity reflects the aggregate effect of
all clinical conditions that a patient may have, excluding the
disease of primary interest. Because there is no gold
standard, researchers validate measures of comorbidity by
how well they predict worse outcomes, more health care use,
and increased heath care expenditures. For these reasons and
given the difficulties measuring comorbidity, an appropriate
assessment of comorbidity could be CIs [12,13]. They intend
to collect the cumulative impact of multiple comorbid
diseases to predict survival. Moreover, single scores for
summarizing comorbidity are of particular interest to
researchers who use large databases because the first stage
of such studies is to leak information into an intelligible and
manageable set of proxy variables. In this process, the
benefits of simplification usually seem much greater than the
risks of oversimplification.
Several such CIs have been validated in uremic patients,
and each index has been accurately shown to predict
mortality among a dialysis population. Indeed, based on age
and number of comorbid conditions, these patients have
been successfully classified to have low, medium, or high
risk of death [14-17]. However, the application of CIs in KT
has not been widely studied. A prognostic index that
estimates long-term mortality in these patients may be a
useful tool in identifying groups at high risk for poor
outcomes in whom early targeted treatment interventions
may be indicated and, consequently, help minimize
mortality. In addition, prognostic indexes are also essential
for comparing outcomes among different clinical studies
and populations, including kidney transplant recipients.
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Finally, they provide an objective means to characterize
case mix, which may help to administer more reasonably
the health resources.
The usefulness of a CI lies in its relative objectivity in
assessing the risk of mortality in any given patient. In
general, the predictive performance of comorbidity scores
derived from databases depends on several factors, including
(1) the clinical conditions included in a score and their
relative weights, (2) the distribution of comorbid conditions
in the source population, (3) the end point of a study, and (4)
the accuracy of the data [18,19]. To assess the data quality,
information should be obtained from medical records with
great precision to identify implausible values. Moreover,
missing data must be recognized and introduced in the final
analysis. Accordingly, we developed and validated, for the
first time, a new prognostic index that met these criteria in
1293 kidney transplant recipients who were randomly
assigned to 2 groups: a modeling population (n = 646),
used to generate the new index, and a testing population (n =
647), used to test this new index, so that every patient in the
database had an equal probability of being included in the
modeling or testing population [20]. Thus, this testing group
was used to validate the new index. We estimated the
predicted risk of death for each subject on the basis of a
multivariable Cox model in the modeling population. The
largest weights (β coefficient) were obtained for being older
than 60 years, impaired renal function at discharge, and
pretransplant cardiovascular disease, followed by left
ventricular hypertrophy, diabetes, vascular calcifications,
time on dialysis of more than 48 months, and acute tubular
necrosis. We calculated a score based on the sum of the
respective weights and allocated patients into tertiles of risk
(low, medium, and high). Resembling the clinical practice in
KT, we elaborated a risk index combining peritransplant risk
factors for mortality in the final model using a simple 8-point
checklist: age, pretransplant cardiovascular disease, renal
dysfunction at discharge, cardiac hypertrophy, vascular
calcification, diabetes, time on dialysis, and acute tubular
necrosis (Table 1). As a result, our new index accurately
predicted the risk of death in this population. Overall lower
survival rates were observed with increasing risk classes in
the testing population (log-rank test = 18, P = .0001; Fig. 2).
The 8-year survival rate ranged from 96% in the lowest-risk
tertile to 64% in the highest-risk tertile in the modeling
population and from 89% to 64% in the testing group. The
discrimination of the final model for overall score was better
in the modeling population (ROC area = 0.69) than in the
testing group (ROC area = 0.65). Finally, univariate Cox
regression in the testing population showed that mortality
risk significantly increased with increasing risk classes
(medium risk: relative risk = 3.8, 95% confidence interval =
1.5–9.5, P = .004; high risk: relative risk = 6.3, 95%
confidence interval = 2.4–16.2, P = .0001). The predictive
power of this new index is likely related to the inclusion of
multiple comorbidity and variables specific to the transplant
population. Although important risk factors of comorbidity,
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Table 1
Stratification of mortality for kidney transplant recipients according to the
Hernandez et al [20] CI
Risk
group

Inclusion criteria

Low
Medium

Age b50 yr and no comorbid illness *
Age 50–60 yr
or
Age b50 yr with pretransplant cardiovascular disease †
or impairment of renal function at discharge (SCr N2.5 mg/dL)
or
Age b60 yr with any one of the following: LVH, diabetes,
vascular calcifications, time on dialysis N48 mo, or acute tubular
necrosis
Age N60 yr
or
Age 50–60 yr with pretransplant cardiovascular disease † or
impairment of renal function at discharge (SCr N2.5 mg/dL)
or
Any age with pretransplant cardiovascular disease † or
impairment of renal function at discharge (SCr N2.5 mg/dL)
and any one of the following: diabetes, vascular calcification,
LVH, or time on dialysis N48 mo
or
Any age with pretransplant cardiovascular disease † and
impairment of renal function at discharge (SCr N2.5 mg/dL)

High

The sum of each β-coefficient (multivariate Cox analysis) in medium- and
high-risk groups ranged from 0.57 to 1.38 and from 1.39 to 3.12,
respectively.
LVH, left ventricular hypertrophy; SCr, serum creatinine.
Reprinted with permission from Hernandez et al [20].
* No comorbid illness includes absence of diabetes, pretransplant
cardiovascular disease, LVH, vascular calcifications, impairment of renal
function at discharge, acute tubular necrosis, and time on dialysis more than
48 months.
†
Pretransplant cardiovascular disease includes ischemic heart diseases,
stroke, and peripheral artery disease.

such as immunosupressants, metabolic disorders, or infections, emerging during follow-up were not recorded, this
simple prognostic index applicable at the bedside may
accurately predict survival in kidney transplant recipients
after discharge. In addition, this may facilitate decisions on
the most appropriate therapeutic measures for minimizing
mortality, especially in high-risk groups.
A more recent study using data from the Canadian Organ
Replacement Registry tested the ability of 4 CIs (the
Charlson comorbidity index [CCI], the Index of Coexistent
Diseases, the Davies index and the Khan scoring system) to
predict mortality by using a Cox regression model [21]. The
CCI is the most commonly used and most validated index
for both peritoneal dialysis and hemodialysis population
[15-17,22-24]. This index uses a simple weighted scoring
system based on the presence or absence of each of 19
variables (Table 2) [22]. Given that one of the variables is the
presence or absence of moderate to severe renal disease, the
minimum score for all patients with end-stage renal disease
is 2. The Index of Coexistent Diseases scores both severity
and type of comorbidity [17]. The final score normally is
summarized as 1 of 4 categories (normal, mild, moderate,
and severe) but can be reported as a detailed description of

Fig. 2. Kaplan-Meier curves for the Hernandez et al [20] index according to
risk groups in the testing population (n = 647; log-rank analysis, P = .0001).
Broken line indicates low risk; solid line, medium risk; dotted line, high risk.
Reprinted with permission from Hernandez et al [20].

comorbidity. The Davies index uses the nonweighted sum of
7 variables to determine comorbidity risk [25]. It reports
results as 3 distinct risk groups (mild, moderate, and severe).
The Khan scoring system uses a combination of age cutoff
values with selected comorbid conditions [15]. This score
also is reported as 3 different categories of risk. For each

Table 2
Assigned weights of comorbidity according to the Charlson comorbidity
index
Assigned weights

Conditions

1

Myocardial infarction
Congestive heart failure
Peripheral vascular disease
Cerebrovascular disease
Dementia
Chronic pulmonary disease
Peptic ulcer
Connective tissue disease
Mild liver disease
Diabetes
Hemiplegia
Moderate or severe renal disease
Diabetes with end-organ damage
Tumor
Leukemia
Lymphoma
Moderate or severe liver disease
Metastatic solid tumor
AIDS

2

3
6

Reprinted from Journal of Chronic Diseases, Vol 40, Charleson ME et al, A
new method of classifying prognostic cormorbidity in logitudinal studies:
development and validation, 11, 1987, with permission from Elsevier.
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individual, comorbidity was scored by using (1) individual
disease indicators, (2) a single summary score equal to the
total number of comorbid conditions, and (3) the CIs
mentioned. Table 3 shows methods used to convert
registered comorbidity data into CIs. The various scores
were introduced into the regression models. The best
comorbidity score was judged to be the score for the
model with the highest likelihood ratio statistic. Model
covariates included donor source, age, race, sex, treatment
period, primary renal disease cause, months on dialysis, and
comorbidities. From a total of 6324 patients included, 22%
had at least 1 comorbid condition at baseline, but a large of
proportion of patients (71%) had no comorbid conditions at
the time of registration. After adjustment for age, sex, and the
cause of renal disease, increased comorbidity was associated
with reduced patient survival. Of all CIs tested, the model
containing the CCI offered the best fit achieving the highest
likelihood ratio statistic. In addition, the model containing
log-CCI had an index of concordance of 74%. Thus, this
index may be a useful tool for the measurement of
comorbidity in kidney transplant recipients. Hence, this
same group elaborated charts of survival based on comorbid
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condition in these patients [26]. However, multiple risk
factors inherent to the peritransplant process, such as acute
rejection, acute tubular necrosis, and immunosuppressants,
among others, were not included in the model. Thus, the
relative impact of each of these conditions on survival could
be omitted. In addition, the application of this CI is time
consuming, which may limit its utility and diffusion in the
field of renal transplantation.
Later, the CCI was used to assess the comorbidity
conditions in 715 patients who underwent KT in a single
center [27]. The impact of pretransplantation comorbidity on
the development of acute cellular rejection after transplantation and patient and graft survival was examined. The most
common comorbid conditions found in the population of this
study were diabetes (30%) and heart failure (12%).
Unadjusted graft survival and patient survival were significantly decreased in patients with higher comorbidity
(CCI score, ≥5). In multivariate-adjusted models, high
comorbidity (CCI score, ≥5) was associated with an
increased risk for patient death, both in the perioperative
period (hazard ratio, 3.2; 95% confidence interval, 1.32–
7.78 P = .01) and after first 3 months of KT (hazard ratio,

Table 3
Comorbidity scoring method used by Jassal et al
Comorbid Conditions

CORR Database Entry and
Comments About Interpretation

CCI Score
(original)

CCI Scoring
Used

Hemmelgam CCI
Scoring Used

Davies
Score

Angina
Previous myocardial infarct
Coronary artery bypass surgery
Pulmonary edema/congestive cardiac failure
Diabetes or diabetes with end-organ disease

Y/N
Y/N
Y/N
Y/N
Y/N; details if type 1 or 2 only
Assumed to be diabetes with
end-organ disease
Y/N
No details of deficit recorded
Therefore assumed to have deficit
Y/N
Not recorded
Y/N
Recorded under other serious illness
and/or as primary renal cause
Not recorded in registry
Recorded under other serious illness
Assumed to be-present in all patients
Only recorded as malignancy Y/N

0
1
0
1
1
2

0
1
0
1
2*

0
2
0
2
2

1
1

2
1
1
1
1
1

2*

2

0

1
(1) †
1
1

1
(1) †
1
1

1
0†
0
1

1
1
2
2

(1)
1
2
2†

d)
0
2
2†

0
0
0
2†

Recorded under other serious illness
Recorded under other serious illness
Y/N with text description

6†
3
6
NA

3†
6
NA

2†
0
NA

0†
0
1‡

Cerebrovascular accident
With residual deficit
Without residual deficit
Peripheral vascular disease
Dementia
Chronic obstructive lung disease
Connective tissue disease
Ulcer disease
Mild liver disease
Moderate or severe renal disease
Any tumor or leukemia or lymphoma
or metastatic solid tumor
Moderate or severe liver disease
Acquired immunodeficiency syndrome
Other serious disease

NOTE. Parentheses denote the score that is appropriate for the comorbid condition; however, data about presence or absence were not available on the registry
database. Y/N indicates the comorbid condition is recorded as a unique variable as being present or absent.
Abbreviation: NA, not applicable.
Reprinted with permission from Jassal et al [21]. This article was published in Am J Kidney Dis, Vol 46, Jassal et al, Baseline cormorbidity in kidney transplant
recipients: a comparison of cormorbidity indices, 13642, Copyright Elsevier, 2005.
* A higher score was assumed for all patients because detailed information was not available through the registry.
†
Comorbid conditions believed to be unlikely in transplant candidates.
‡
Using the Davies score, 1 point is given if there is any other serious illness(es); eg, chronic obstructive lung disease, cirrhosis, or psychotic illness.
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2.63; 95% confidence interval, 1.62–4.28; P b .001). A CCI
score of at least 5 was also associated with graft failure,
although the adjusted risk did not reach statistical significance (hazard ratio, 1.36; 95% confidence interval, 0.97–
1.90; P = .08). Finally, acute cellular rejection was not
associated significantly with comorbidity. Thus, the CCI
may be a practical tool for evaluation of comorbidity in these
patients, but the relatively small sample size of this study and
the fact that some of the comorbid conditions in the CCI lack
the precision of using more transplant-related risk factors
may dispute these results. Future studies are needed to clarify
this concern.
Under this scenario, comorbidity is an important factor
to determine patient survival after KT. Thus, the application
of CI may be useful in predicting patient and graft survival
in clinical trials and observational studies. Consequently,
this may provide an objective, well-founded basis for
decision making on the most appropriate therapeutic
measures for kidney transplant recipients, thus helping to
minimize mortality.
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