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With a rising demand for kidney transplantation, reliable
pre-transplant assessment of organ quality becomes top
priority. In clinical practice, physicians are regularly in
doubt whether suboptimal kidney offers from older donors
should be accepted. Here, we externally validate existing
prediction models in a European population of older
deceased donors, and subsequently developed and
externally validated an adverse outcome prediction tool.
Recipients of kidney grafts from deceased donors 50 years
of age and older were included from the Netherlands
Organ Transplant Registry (NOTR) and United States organ
transplant registry from 2006-2018. The predicted adverse
outcome was a composite of graft failure, death or chronic
kidney disease stage 4 plus within one year after
transplantation, modelled using logistic regression.
Discrimination and calibration were assessed in internal,
temporal and external validation. Seven existing models
were validated with the same cohorts. The NOTR
development cohort contained 2510 patients and 823
events. The temporal validation within NOTR had 837
patients and the external validation used 31987 patients in
the United States organ transplant registry. Discrimination
of our full adverse outcome model was moderate in
external validation (C-statistic 0.63), though somewhat
better than discrimination of the seven existing prediction
models (average C-statistic 0.57). The model’s calibration
was highly accurate. Thus, since existing adverse outcome
kidney graft survival models performed poorly in a
population of older deceased donors, novel models were
developed and externally validated, with maximum
achievable performance in a population of older deceased
kidney donors. These models could assist transplant
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clinicians in deciding whether to accept a kidney from an
older donor.
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K idney transplantation is the treatment of choice for
patients with end-stage renal disease, in terms of sur-
vival and quality of life.1,2 With rising demand for kid-

ney transplantation and the kidney donor pool lagging
behind, the acceptance criteria for donor kidneys continue
to expand.3,4 Grafts recovered from suboptimal donors,
who are on average older with more comorbidities, come
with higher rates of early graft dysfunction and recipient mor-
tality.5,6 The decision whether to accept or decline a kidney
offer is largely subjective and depends on donor-, organ pres-
ervation–, and recipient-related characteristics. Discard rates
vary widely between individual physicians and across
geographic areas.7–9 Reliable pretransplant assessment of or-
gan quality and selection of the best recipient-to-donor match
to minimize unjust discard and maximize graft and patient
survival have thus become increasingly important.

Various regression-based mathematical models have been
developed that aim to predict outcomes after kidney trans-
plantation.10 As reliably predicting the risk of post-
transplant graft failure prior to transplantation has proved
to be challenging, several models have included predictors
measured during transplant surgery or shortly after trans-
plantation, such as the iBox risk score.11 Although these
models might be useful for monitoring patients, they cannot
be used to guide physicians to accept or decline a kidney
offer. One of the most widely used models predicting graft
survival (combined graft failure and mortality) is the Kidney
1459
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Donor Risk Index (KDRI).12 The Kidney Donor Profile
Index (KDPI), derived from this KDRI, has been imple-
mented in the new US kidney allocation system in effect
since 2014.13 Long-term consequences of this implementa-
tion are still unknown. Nevertheless, the KDPI has been
criticized as delayed graft function rates have increased, the
score is highly dependent on donor age, and KDPI labeling
may cause unjust and almost automatic discard of kidneys
with a high KDPI.14–17

In most European transplant systems, allocation prediction
models have yet to be implemented. Similar models to the
KDRI have been developed, but the vast majority of these
models have been constructed on transplant data from the
United States.18–20 As patient populations, kidney transplant
procedures, and policies differ considerably between Europe
and the United States, there is a need to develop and validate
such prediction models on European patients. Furthermore, a
prediction tool specifically tailored to older deceased donors
might allow for improved decision-making regarding the
transplantation of these suboptimal grafts for which there is
little consensus whether to accept or decline. Therefore, we
have externally validated existing prediction models that can
be used prior to transplantation and predict graft survival, in
a European and Northern American population of kidney
transplant recipients who received organs from deceased
donors aged $50 years. Subsequently, our aim was to
improve on these existing prediction models by developing
and externally validating new prediction models of adverse
outcome (AO) within 1 year after kidney transplantation
from older deceased donors.

RESULTS
Existing prediction models
Following the systematic screening, 6 studies, presenting 7
prediction models, were considered appropriate for validation
(flowchart in Supplementary Figure S1). Characteristics of the
validated models are shown in Table 1.

All models but one were developed on US transplant data
and showed similar C-statistics of around 0.63 in previous
internal validation. Most existing models had a high risk of
bias when assessed with the Prediction model Risk Of Bias
ASsessment Tool (PROBAST; Supplementary Table S1).23

Only 2 of the models provided the full model formula.
Included predictors vary considerably per study, and donor
age is the only predictor included in each model (Table 2).
Most existing models only included donor characteristics.

Baseline characteristics
In total, 3333 transplant recipients of kidneys from deceased
donors aged $50 years were included from the Netherlands
Organ Transplant Registry (NOTR). These patients were split
into a development cohort (2510 patients) and a temporal
validation cohort (837 patients). From the US transplant
registry (Organ Procurement and Transplantation Network
[OPTN]), 31,987 recipients were included as the external
validation cohort. At baseline, the OPTN data set had slightly
1460
younger donors with more diabetes and hypertension and
substantially fewer donations after circulatory death (Table 3).
More extensive baseline tables, including percentage of
missing data and stratified by outcome, are given in
Supplementary Tables S2–S4. In the NOTR development
cohort, a total of 10.2% (n ¼ 257) experienced graft failure,
6.9% (n ¼ 172) experienced death, and 17.8% (n ¼ 446)
experienced chronic kidney disease (CKD) stage $4 within 1
year; 9 patients (<1%) were lost to follow-up. In the NOTR
temporal validation cohort, 8% (n ¼ 67) experienced graft
failure, 3.6% (n ¼ 30) experienced death, and 17.4% (n ¼
146) experienced CKD stage $4; 4% (n ¼ 35) were lost to
follow-up. In the OPTN validation cohort 6.2% (n ¼ 1992)
experienced graft failure, 5.3% (n ¼ 1711) experienced death,
and 12.8% (n ¼ 4094) experienced CKD stage $4. In total,
200 patients (<1%) were lost to follow-up. For the AO
models, patients lost to follow-up were assumed not to have
experienced the outcome.

Validation results of existing models
In total, 7 existing prediction models were validated. All these
models predicted graft survival (graft failure and recipient
death combined) and were therefore validated for this
outcome. In the Dutch study population of donors aged $50
years (NOTR), predictive performance ranged from poor to
mediocre. The C-statistics ranged from 0.538 (UKKDRI) to
0.611 (Vinson model), and the average C-statistic was 0.565
(Table 4). The models’ discrimination was slightly better in
the OPTN data of kidneys from donors aged $50 years
(average C-statistic, 0.587), which is unsurprising considering
that most models were developed on OPTN data. Overall,
the best discrimination was seen for the most recent model
by Vinson et al.19 Models were conservatively updated
to assess the calibration, which was generally reasonable
(Supplementary Table S5 and Supplementary Figures S2–S5).
The best calibration was seen for the Schold model and the
KDRI model.
AO models
For the newly developed AO models, the predicted outcome
was a combined end point, including at least one of the
following within 1 year after transplantation: graft failure,
recipient death, or CKD stage $4. In the AO full model, all
candidate predictors, predefined by the research team, as well
as additionally suggested predictors from a nephrologist panel
were included. This resulted in a model with 28 predictors. In
the AO data-driven model, logistic regression with backward
selection resulted in the inclusion of 14 predictors. In the AO
expert model, the 14 expert top-ranked predictors were
included. The predictors included per AO model are shown in
Table 2. The ranking results from the expert panel of 10
nephrologists are shown in Supplementary Table S6. In gen-
eral, there was a lot of variation in ranking between individual
nephrologists, although all agreed that donor age and donor
serum creatinine were the most important predictors.
Kidney International (2021) 99, 1459–1469



Table 1 | Characteristics of externally validated models

Prediction model
Time

horizon, yr Outcome
Development

cohort Population
Mean donor

age, yr
Reported
C-statistic

Overall
risk of bias

Model
information

Donor risk score by
Schold et al. (2005)21

— Death/GF US population
1996–2002
(OPTN: SRTR data)

First-time, single
kidney only, adult
recipients
Deceased donors

— — High Regression
coefficients given
(unclear what
statistical model
was used)

Rao et al. KDRI
(2009),12 full and
donor-only model

— Death/GF US population
1995–2005
(OPTN: SRTR data)

First-time, kidney
only, adult
recipients
Deceased donors

— 0.62 (IV) High Cox model, HRs
given

Kasiske et al.
pretransplant model
(2010)18

5 Death/GF US population
2000–2006
(OPTN: USRDS
data)

Single kidney
only, adult
recipients
Deceased donor

38 0.64 (IV) High Cox model, full
model formula
given

Watson et al. UKKDRI
(2012)22

9 Death/GF European
population 2000–
2007 (UK
Transplant
Registry)

Adult kidney
transplant
recipients
Adult deceased
donors

49a 0.62 (IV) High Cox model, HRs
given

Molnar et al. (2017)20 5 Death/GF US population
2001–2006
(OPTNb: SRTR
data)

First-time, adult
recipients on
dialysis
Deceased donors

39 0.63 (IV) Low Cox model, full
model formula
given

Vinson et al. model 3
(2018)19

— Death/GF US population
2000–2014
(OPTN: SRTR data)

Single kidney
only, adult
recipients
Deceased donors

39 0.63 (IV) High Cox model, HRs
given

—, Unknown/not reported; GF, graft failure; HR, hazard ratio; IV, internal validation; KDRI, Kidney Donor Risk Index; OPTN, Organ Procurement and Transplantation Network;
SRTR, Scientific Registry of Transplant Recipients (this data set, OPTN data that are supplemented with data from various secondary sources); USRDS, US Renal Data System
(OPTN data supplemented with data from Centers for Medicare & Medicaid Services).
Each of these models was developed for use at the time of kidney allocation. The predicted outcome was combined graft failure and recipient death for each of these models.
aMedian age.
bOPTN data linked to dialysis facility data.
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Discrimination of our AO models was moderate, but
nevertheless substantially better than for the existing models.
The C-statistics of the AO full model were 0.635 and 0.630 in
temporal and external validation, respectively. The AO data-
driven model showed similar C-statistics of 0.628 and
0.624, respectively, and the AO expert model had slightly
lower C-statistics of 0.609 and 0.619, respectively (Table 5).
Calibration was generally good, although the models tended
to overpredict in higher-risk patients (Table 5 and Figure 1).
Without recalibration, the AO models generally overpredicted
risks in the OPTN data set (Supplementary Table S7 and
Supplementary Figure S6). In sensitivity analyses, we also
built a model that predicts the more conventional graft sur-
vival outcome. The performance of this model was poorer
than that of the AO models, although slightly better than that
of most existing models (data not shown).
Clinical applicability of the AO models
An individual’s probability of having an AO in the first year
after receiving a kidney transplant from a deceased donor,
aged $50 years, can be calculated using the formulas pro-
vided in the Supplementary Material or R-script. Both a
European formula and a North American formula are pro-
vided. Risk predictions for 4 hypothetical patients are shown
in Supplementary Table S8. The characteristics of these
Kidney International (2021) 99, 1459–1469
example patients were defined by independent nephrologists,
to exemplify 4 realistic organ offer scenarios ranging from
ideal to poor. As these models might be of use to aid in the
clinical decision whether to accept or reject a kidney prior to
transplantation, diagnostic properties of various decision
thresholds are shown in Table 6. The specificity is generally
high; the prediction model correctly generates a low predicted
risk for recipients who do not experience AO. However, the
sensitivity is low, meaning there are many AO cases that are
missed by the prediction model. Of the recipient-donor pairs
with a high predicted risk, less than half will get an AO (the
positive predictive value is <50%). However, a low predicted
risk will usually mean that the recipient will not experience an
AO within 1 year after transplantation (high negative pre-
dictive value). These thresholds are solely given as examples.
The models should not be used to fully determine the
acceptance or decline of donor kidneys but may enhance the
physicians’ decision process.
DISCUSSION
In the current study, we developed and validated prediction
models of AO (graft failure, recipient death, or CKD
stage $4) after kidney transplantation from older deceased
donors, using pretransplant donor and recipient characteris-
tics. In addition, 7 existing prediction models of graft survival
1461



Table 2 | Final predictors in developed and validated models

Predictors
AO full
model

AO data-driven
model

AO expert
model

Schold
model

KDRI
full

KDRI
donor-only

Kasiske
model UKKDRI

Molnar
model

Vinson
model

Donor characteristics
Age U U U U U U U U U U
BMI U U
Cause of death U U U U U U U
Cold ischemic time U U U U U
CPR performed U
Days in hospital U
DCD * CIT U U U
Diabetes mellitus U U U U U U
Donor after cardiac death U U U U U
Double Tx U
ECD U
En bloc Tx U
Ethnicity U U U
HCV status U U U
Height U U
Hypertension history U U U U U U U U
Hypotension U U U
Inotrope use U U U
Last serum creatinine U U U U U
Left/right kidney U
Proteinuria U
Sex U
Smoking U
Warm ischemic time U U U
Weight U U U
Recipient characteristics
Age U U U U U U
Blood hemoglobin U
BMI U
Cardiovascular disease U U
Coronary artery disease U U
Diabetes mellitus U U U U
Dialysis duration U U U U U U
Ethnicity U U
HCV status U
Medical insurance U U
No. of previous kidney Tx U U U
Peripheral vascular disease U
Primary kidney disease U U U U
Serum albumin U
Sex U U
Donor-recipient
Donor age * recipient age U U U U
Donor-recipient CMV match U
Donor-recipient ethnicity difference U
Donor-recipient height difference U U
Donor-recipient weight difference U U U
HLA mismatches U U U U U U U U
Peak PRA U U

AO, adverse outcome; BMI, body mass index; CIT, cold ischemic time; CMV, cytomegalovirus; CPR, cardiopulmonary resuscitation; DCD, donor after cardiac death; ECD,
expanded criteria donor; HCV, hepatitis C virus; HLA, human leukocyte antigen; KDRI, Kidney Donor Risk Index; PRA, panel-reactive antibody; Tx: transplantation.

c l i n i ca l i nves t iga t i on CL Ramspek et al.: Predicting older kidney transplant outcomes
were validated in the same cohorts. The current study
improved on existing studies by employing advanced statis-
tical methods and choosing a broader outcome definition
with a shorter prediction horizon. In addition, we selected a
clinically relevant population of older deceased donors,
developed models in a European population, and subse-
quently updated these models for a North American popu-
lation, making them applicable to patients in both regions.
The discrimination of existing models was poor compared
1462
with a moderate discrimination of our new AO models in
external validation. Overall, the developed AO models display
a good calibration. When investigating various decision
thresholds for kidney acceptance, the AO full model showed
high specificity; the model can accurately classify donor-
recipient pairs as low risk.

To the best of our knowledge, this study presents the most
comprehensive external validation of existing kidney graft
survival models so far. Previously, the KDRI has been
Kidney International (2021) 99, 1459–1469



Table 3 | Baseline characteristics stratified by cohort

Characteristics

Development cohort
(NOTR 2006–2017)

(n [ 2510)

Temporal validation cohort
(NOTR 2017–2018)

(n [ 837)

External validation cohort
(OPTN 2006–2017)

(n [ 31,987)

Donor characteristics
Age, yr 60 (55–65) 61 (55–66) 56 (53–60)
Sex, % male 51.4 56.2 53.5
Cause of death, %
Trauma 14.4 16.9 21.1
Cerebrovascular accident 64.4 56.2 56.5
Anoxia 18.1 24.6 20.0
Other 3.1 2.2 2.4

DCD donor, % 46.1 58.8 13.8
Serum creatinine, mmol/L 66 (53–83) 64 (52–82) 80 (62–106)
Proteinuria, % 44.4 49.4 41.9
BMI, kg/m2 26 (4.7) 26 (4.4) 29 (6.4)
History of diabetes mellitus, % 8.1 9.3 12.7
History of hypertension, % 37.5 38.1 50.6
Hypotension, % 31.5 21.9 —

Use of inotropic medication, % 71.7 69.9 51.8
Left kidney, % 50.4 49.8 49.6
WIT in DCD donors, min 17 (14–21) 15 (13–18) 18 (11–27)
Cold ischemic time, h 15.8 (5.8) 13.3 (5.7) 18.2 (9.2)

Recipient characteristics
Age, yr 60 (49–67) 62 (51–69) 60 (51–66)
Sex, % male 60.6 63.6 62.2
BMI, kg/m2 26 (4.7) 27 (4.4) 27 (4.8)
Primary kidney disease, %
Diabetes mellitus 14.0 18.3 32.6
Hypertension 20.6 22.4 25.9
Glomerular nephritis 16.6 17.8 11.4
Cystic kidney disease 14.7 9.9 7.7
Other 34.2 31.5 22.4

Diabetes mellitus, % 21.5 26.8 43.0
Time on dialysis, mo 39 (25–57) 25 (15–42) 40 (13–66)
$1 Previous kidney transplant, % 12.9 15.2 8.9

Donor-recipient characteristics
Total No. of HLA mismatches 3 (2–4) 3 (2–4) 5 (4–5)
Peak PRA 0 (0–0) 0 (0–0) 0 (0–13)

BMI, body mass index; DCD, donation after circulatory death; HLA, human leukocyte antigen; NOTR, Netherlands Organ Transplant Registry; OPTN, Organ Procurement and
Transplantation Network; PRA, panel-reactive antibody; WIT, warm ischemia time.
Data are given as mean (SD) and median (interquartile range). Laboratory values are shown in SI units and can be converted to conventional units as follows: serum creatinine
in mg/dL, multiply by 0.011.

CL Ramspek et al.: Predicting older kidney transplant outcomes c l i n i ca l i nves t iga t ion
externally validated numerous times and consistently showed
a moderate discrimination with a C-statistic of around
0.62.10,12,24 When considering that these validation cohorts
also included many young donors, where the transplant cli-
nicians are not in doubt whether to accept or decline the
kidney offer, the added value of these models over physicians’
judgement is unsure. Regrettably, most existing studies pre-
senting prediction models, including the KDRI, do not report
the full prediction model and therefore cannot be used to
calculate absolute risks for individuals. The KDRI is rescaled
to the KDPI, which is a relative measure and relates to the
average kidney transplanted in the year prior in the United
States. By doing so, the same KDPI score may translate to
different absolute risks of graft failure in different years
(Salkowski N, Gustafson S, Wey A, Snyder J. KDPI obscures
trends in absolute donor risk [abstract]. Am J Transplant.
2017;17(suppl 3):A98. Available at: https://atcmeeting
abstracts.com/abstract/kdpi-obscures-trends-in-absolute-donor-
risk/. Accessed February 15, 2021). If, over time, more
Kidney International (2021) 99, 1459–1469
high-risk kidneys are discarded on the basis of their KDRI
score, the donor pool will continue to decrease each year.
So far, no prediction model has been developed that is also
recommended for use in European populations. Existing
models show a substantial variety in included predictors,
which exemplifies the difficulty of predicting future trans-
plantation outcomes.10 Our conducted expert ranking
shows that nephrologists also have different opinions on
which factors have prognostic value when appraising a
kidney offer.

Our present study has several limitations. The most
important limitation is that, although we aimed to provide
prediction models that are applicable prior to trans-
plantation, we only have outcome data for those kidneys that
were actually transplanted. This means that the included
donor-recipient pairs were subjected to the current alloca-
tion system and the health care professionals’ judgment.
Declined kidneys were not included in the current analyses,
although these models would be used on such kidneys in
1463
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Table 4 | External validation results: the Harrel C-statistics for 1-year risk of the combined end point: graft failure and recipient
death

Model NOTR 2006–2017 NOTR 2017–2018 OPTN 2006–2017

Schold 0.562 (0.532–0.591) 0.555 (0.495–0.615) 0.577 (0.567–0.586)
KDRIfull model (Rao) 0.572 (0.542–0.601) 0.560 (0.495–0.625) 0.592 (0.582–0.601)
KDRIdonor-only model (Rao) 0.571 (0.541–0.600) 0.559 (0.495–0.623) 0.590 (0.581–0.600)
Kasiske 0.584 (0.556–0.612) 0.547 (0.484–0.610) 0.609 (0.599–0.618)
UKKDRI (Watson) 0.544 (0.515–0.574) 0.538 (0.473–0.603) 0.552 (0.542–0.562)
Molnar 0.566 (0.537–0.596) 0.575 (0.515–0.636) 0.578 (0.569–0.588)
Vinson 0.598 (0.569–0.626) 0.573 (0.510–0.636) 0.611 (0.601–0.620)

KDRI, Kidney Donor Risk Index; NOTR, Netherlands Organ Transplant Registry; OPTN, Organ Procurement and Transplantation Network.
Data are given as C-statistic (95% confidence interval).

c l i n i ca l i nves t iga t i on CL Ramspek et al.: Predicting older kidney transplant outcomes
clinical practice. This may bias the model’s predictions and
is a limitation of all studies similar to the present one.
Ideally, we would provide a recipient’s risk of AO if this
recipient remains on the waiting list (dialysis) versus if the
patient receives a particular kidney offered for trans-
plantation. The comparison of these risks could truly guide
decision making. Such a model would require assumptions
on what would happen to an individual had he or she not
received a particular kidney that was offered for trans-
plantation. This is extremely difficult to assess without a
randomized controlled trial but could be attempted in future
studies using inverse probability weighting. In addition, by
using a combined outcome measure, some interpretability of
the predicted risks is lost. This may be a limiting factor when
trying to reduce mismatches between a donor kidney’s
longevity and a recipient’s life expectancy.25 Furthermore,
the 7 existing models were not specifically developed for an
older donor population. By validating these in such a sub-
population, the discrimination will invariably be lower.
Although calibration was reasonably good, the discrimina-
tion of our developed AO models was moderate at best. It
remains to be seen if models with such moderate discrimi-
nation can actually improve clinical practice and patient
Table 5 | AO models: development and internal and external va

Model performance measure
Development

(NOTR 2006–2017)
In
va

AO full model
C-statistic (95% CI) 0.680 (0.657–0.703) 0
Calibration slope 1
Calibration intercept 0 –

Calibration in the large, %c 32.8 vs. 32.8 32.9
AO data-driven model

C-statistic 0.667 (0.644–0.690) 0
Calibration slope 1
Calibration intercept 0 –

Calibration in the large, %c 32.8 vs. 32.8 33.0
AO expert model

C-statistic 0.658 (0.634–0.682) 0
Calibration slope 1
Calibration intercept 0 –

Calibration in the large, %c 32.8 vs. 32.8 32.9

AO indicates adverse outcome; CI, confidence interval; NOTR, Netherlands Organ Trans
aCorrection factor was added to the model, to recalibrate to the US outcome incidence
bNo CIs computed as it concerns a bootstrap shrinkage corrected C-statistic.
cCalibration in the large is given as predicted vs. observed.
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outcomes. Although our models are clearly better than
chance, their effect on patients should be evaluated in
impact studies. Finally, over the span of the current study
(2006–2018), some gradual, but nevertheless important,
new developments took place, such as the increasing use of
older donors, acceptance of older recipients, change in
immunosuppressive regimens, and increasing use of hypo-
thermic machine perfusion to improve preservation of
grafts. Nonetheless, the AO models showed consistent per-
formance in the recent 2017 to 2018 NOTR temporal vali-
dation cohort, indicating model robustness.

One of the strengths of this study is that a large number
of existing models and a newly developed model were
compared in external validation on independent data,
allowing for a fair comparison of predictive performance.
Furthermore, as most existing models were exclusively
developed and validated on US data, the use of a large
contemporary European cohort improves generalizability.
As the US population is structurally different from the Eu-
ropean cohort, using the OPTN as external validation cohort
allowed us to adequately test transportability of the newly
developed AO models. To increase clinical relevance, only
older deceased donors in whom there is relatively little
lidation model performance results

ternal
lidation

Temporal validation
(NOTR 2017–2018)

External validation
(OPTN 2006–2017)a

.646b 0.635 (0.593–0.678) 0.630 (0.622–0.637)
0.809 0.885 0.739
0.125 –0.319 –0.366
vs. 32.8 32.2 vs. 27.5 21.9 vs. 21.1

.637b 0.628 (0.586–0.669) 0.624 (0.617–0.631)
0.813 0.909 0.796
0.122 –0.284 –0.286
vs. 32.8 31.8 vs. 27.5 21.7 vs. 21.1

.638b 0.609 (0.566–0.653) 0.619 (0.612–0.627)
0.869 0.776 0.761
0.087 –0.391 –0.327
vs. 32.8 32.2 vs. 27.5 21.7 vs. 21.1

plant Registry; OPTN, Organ Procurement and Transplantation Network.
. The results without recalibration are shown in the Supplementary Material.
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Figure 1 | Calibration plots of adverse outcome (AO) models in internal, temporal, and external validation. The external validation
plots are recalibrated to the US outcome incidence. Predicted risk on the x-axis and observed risk on the y-axis per decile of predicted
probability, augmented by a smoothed (lowess) regression line. The 45�dotted line indicates perfect agreement between predicted and
observed risks. NOTR, Netherlands Organ Transplant Registry; OPTN, Organ Procurement and Transplantation Network.
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consensus among physicians whether to accept or decline
were included. Last, by including a multitude of donor and
recipient characteristics, interaction terms, nonlinear asso-
ciations, and multiple validation steps, we strove to create
the most optimal prediction models that could be obtained
with the available data, working in accordance with the most
Kidney International (2021) 99, 1459–1469
recent methodological and statistical recommendations on
model development and validation.

The developed AO models can aid clinicians’ decision-
making surrounding acceptance or decline of kidneys,
especially from older deceased donors. Considering the
high specificity of the AO model, it can accurately classify
1465



Table 6 | Sensitivity, specificity, PPV, and NPV for various hypothetical risk thresholds based on the developed AO full
prediction model

Thresholds Sensitivity, % Specificity, % PPV, % NPV, %
No. risk <
threshold

No. of false
negatives

No. risk ‡
threshold

No. of false
positives

P $ 70% 0.4 99.8 50.0 72.6 835 229 2 1
P $ 65% 0.9 99.3 33.3 72.6 831 228 6 4
P $ 60% 2.2 99.0 45.5 72.8 826 225 11 6
P $ 55% 4.3 98.0 45.5 73.0 815 220 22 12
P $ 50% 8.7 94.9 39.2 73.3 786 210 51 31
P $ 45% 19.1 89.1 40.0 74.5 728 186 110 66
P $ 40% 35.7 81.2 41.8 76.9 641 148 196 114

AO, adverse outcome; NPV, negative predictive value; P, predicted risk; PPV, positive predictive value.
Calculated on the temporal Netherlands Organ Transplant Registry validation cohort. The “No. risk < threshold” would be the number of accepted kidneys. The false negatives
are the number of these transplanted recipients who would experience graft failure, death, or chronic kidney disease stage$4 within 1 year of transplantation. The "No. risk$
threshold" would be the number of rejected kidneys. The false positives are the number of rejected donor-recipient pairs who did not experience the outcome within 1 year.
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recipients as low risk. Besides augmenting individualized
decision-making, these models could be a useful learning
tool for more inexperienced physicians, as they help
develop a feeling for risks associated with various patient
characteristic profiles and donor-recipient combinations.
For clinical use, we would recommend either the AO full
model or the AO data-driven model. Although the full
model has a slightly higher discrimination, the data-driven
model is more convenient as it contains fewer predictors.
These models cannot replace a physician’s judgment but
can provide added value to a clinician’s decision of donor
kidney acceptance and a more objective assessment that
may improve uniformity between transplant centers. As
our predictive models remain moderately precise at best,
the transportability to different settings, without recali-
bration, is questionable.

Predicting post-transplantation outcomes prior to trans-
plantation remains difficult, and future research might
explore novel biomarkers or ex vivo perfusion parameters that
could improve predictions. However, because of the large
number of unpredictable and dynamic post-transplantation
factors that affect transplant outcomes, there may only be
limited room for improvement. Future studies may also look
into using competing risk prediction models to predict
various outcomes separately. In addition, the prediction of
other outcome parameters related to patient-reported out-
comes and quality of life deserves more attention. Such out-
comes are often overlooked, although they are extremely
important to many patients and can play a valuable role in
shared decision making. A comprehensive allocation scheme,
including donor and recipient characteristics, various out-
comes, an individual’s prognoses for various treatment op-
tions, and longevity matching, is difficult to capture within a
single or even multiple prediction models. More research is
needed to further elucidate these important prognoses and
ultimately design the most optimal organ allocation policy.

In conclusion, we externally validated 7 existing prediction
models and developed as well as externally validated new AO
prediction models for kidneys from deceased donors
aged $50 years. These AO models may be used to aid de-
cisions on acceptance of kidneys from older deceased donors
1466
and were developed on European transplant data. Although
their predictive performance was moderate, it was superior to
existing models. Therefore, given current registry data and
known predictors, our study provides new AO prediction
models with maximum achievable performance for renal
grafts recovered from older deceased donors.

METHODS
This study was conducted in accordance with the transparent
reporting of a multivariable prediction model for individual prog-
nosis or diagnosis statement (checklist in the Supplementary
Material).26,27

Existing models
To identify existing prediction models that were suitable for external
validation, a systematic search was performed, of which the details
are reported in the Supplementary Material. The identified models
were validated on both the Dutch and US transplant registry for the
combined outcome of graft failure and recipient death at 1 year after
transplantation.

Dutch transplantation cohort
The NOTR prospectively collects data from all 8 transplant centers in
the Netherlands and contains post-transplantation follow-up infor-
mation at 3 months, 1 year, and yearly thereafter. It is also linked to
the Dutch national dialysis registry. Recipients of a single kidney
transplant from a deceased donor aged $50 years were included.
Recipients aged <18 years were excluded as were recipients of
multiple-organ transplants. For the development and temporal
validation of our AO models, the NOTR data set was split on the
basis of transplant date. The AO model development took place on
NOTR patients transplanted between 1 January 2006 and 31
December 2016; these models were temporally validated on patients
transplanted between 1 January 2017 and November 2018. Follow-
up data were available up to November 2019.

US transplantation cohort
Patients who received a solitary deceased donor kidney transplant in
the United States between 1 January 2006 and 1 January 2017 were
included as validation cohort. Data from a United Network for
Organ Sharing Standard Transplant Analysis and Research File from
the OPTN, as of 1 March 2018, were used. Deceased donors
aged <50 years were excluded, as were recipients aged <18 years and
recipients wait-listed for a multiple-organ transplant.
Kidney International (2021) 99, 1459–1469
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Selected predictors
A priori, a list of candidate predictors was compiled by the research
group based on existing literature, identified prediction models, and
clinical experience.10,28–31 This list was presented to an expert panel
of 10 nephrologists working at 4 different transplant centers in the
Netherlands. These nephrologists were asked to add any missing
potential predictors and to rank the list of candidate predictors from
most important to least important. A full model was developed using
all predictors, and 2 approaches were explored to shorten this model
to a more parsimonious one. Besides the full model, a data-driven
model was developed using backward elimination. Finally, an
expert model was developed on the basis of the 14 expert top-ranked
predictors. The experts were only involved in selecting the pre-
dictors; the regression coefficient (weight) given to these predictors
was based on the data. Interaction terms between recipient and
donor age, height, and weight, donation after circulatory death, and
cold ischemic time were added on the basis of clinical expertise and
literature.19,32,33

Predicted outcome
For the newly developed AO models, the predicted outcome was a
combined end point, including at least one of the following within 1
year after transplantation: graft failure, recipient death, or CKD
stage $4. This composite outcome was defined by an expert panel of
nephrologists, transplant surgeons, and epidemiologists. The esti-
mated glomerular filtration rate was calculated using the Chronic
Kidney Disease Epidemiology Collaboration formula, and CKD
stage $4 was defined as an unrecovered estimated glomerular
filtration rate <30 ml/min per 1.73 m2.34 In the NOTR, creatinine
was measured at the 1-year follow-up visit for all patients. In the
OPTN, creatinine is not recorded at a set time point; therefore, all
serum creatinine registrations between 90 days and 1 year after
transplantation were considered. For the validation of the existing
prediction models, their original outcome was used. This was graft
survival (graft failure and recipient death combined) for all included
models. As the outcome between our AO models and the existing
models differs, we performed a sensitivity analysis in which we
changed the predicted outcome to graft survival.
Statistical analysis
Baseline characteristics are presented as percentages, means with
SDs, or medians with interquartile ranges. Missing data were
assumed to be largely missing at random, and a 10-fold multiple
imputation, including all predictors and outcome, was
performed.35,36

Validation of existing models. The existing models were
validated by calculating a risk score based on the reported regression
coefficients per predictor for each included donor-recipient pair. As
these models were Cox models, they were validated as such and it
was assessed how well the risk scores (prognostic index) corre-
sponded to the observed time until graft failure/recipient death
within 1 year. Discrimination was calculated by the Harrel C-sta-
tistic. The C-statistic is a relative measure and examines if patients
with the outcome had a higher risk score than patients without the
outcome. A C-statistic of 0.5 is equivalent to chance, and 1 is perfect
discrimination.37,38 Most reports on existing models did not publish
the full model formula, meaning that it was not possible to calculate
individuals’ probabilities or assess calibration. Calibration is the
agreement between the absolute predicted risk and observed risk.39

Therefore, we recalibrated all existing models in a conservative
Kidney International (2021) 99, 1459–1469
manner by updating the baseline hazard of the outcome (updated
results and model formulas are given in the Supplementary
Material). In addition, the 2 models for which full formulas were
available were validated without updating.

AO model development and validation. To develop the AO
full model, all candidate predictors and interaction terms were
entered in a logistic regression model.37 Nonlinear continuous pre-
dictors were modeled using restricted cubic splines.40 For the data-
driven models, we used a backward elimination procedure with
P < 0.157 as stopping criterion.41 For the AO expert model, the top-
ranked predictors were entered in a logistic regression model. The 3
developed AO models were first internally validated. This internal
validation was done by a 250-fold bootstrapping analysis, as rec-
ommended by the transparent reporting of a multivariable predic-
tion model for individual prognosis or diagnosis guidelines. On the
basis of the bootstrapped results, the models were adjusted for
overfitting by multiplying each coefficient by a shrinkage factor (the
bootstrapped slope).42 These optimism-corrected models were sub-
sequently validated in the Dutch temporal and US external validation
cohorts. Temporal validation can be seen as midway between internal
and external validation; the patients are from the same region and
included in the same manner but do not overlap with the develop-
ment population. In addition, certain practices may change over
time, which differentiates the temporal validation cohort from the
development cohort. As the incidence of AO differs between the
Netherlands and the United States, the models were conservatively
recalibrated for the US outcome incidence, by adding a correction
factor to the model formula.43 This improves calibration but does
not affect discrimination. Discrimination was assessed in the devel-
opment, internal validation, temporal validation, and external vali-
dation cohorts by calculating the C-statistic. Calibration was assessed
by plotting the predicted risks against the observed risks in cali-
bration plots. In addition, the calibration in the large, which is the
average predicted risk in the entire population compared with the
proportion of patients who actually experience the outcome, was
computed. Finally, the calibration slope and intercept were calculated
by fitting the prognostic index in a new regression model in the
validation cohorts. In development, the calibration slope is 1 per
definition; a slope <1 indicates the predicted risks are too extreme,
which is generally seen in overfitted models. As a sensitivity analysis,
the AO models were validated in the US population without reca-
libration. The full model formula of all final models is given in the
Supplementary Material. Model performance measures and co-
efficients were pooled over the 10 imputation data sets, according to
the rules of Rubin.44 All analyses were performed in R version 3.6.1.
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