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ABSTRACT

Background. A prediction model for graft survival including donor and recipient characteristics could help clinical
decision-making and optimize outcomes. The aim of this study was to develop a risk assessment tool for graft survival
based on essential pre-transplantation parameters.
Methods. The data originated from the national Dutch registry (NOTR; Nederlandse OrgaanTransplantatie Registratie). A
multivariable binary logistic model was used to predict graft survival, corrected for the transplantation era and time
after transplantation. Subsequently, a prediction score was calculated from the β-coefficients. For internal validation,
derivation (80%) and validation (20%) cohorts were defined. Model performance was assessed with the area under the
curve (AUC) of the receiver operating characteristics curve, Hosmer–Lemeshow test and calibration plots.
Results. In total, 1428 transplantations were performed. Ten-year graft survival was 42% for transplantations before
1990, which has improved to the current value of 92%. Over time, significantly more living and pre-emptive
transplantations have been performed and overall donor age has increased (P < .05).The prediction model included
71 829 observations of 554 transplantations between 1990 and 2021. Other variables incorporated in the model were
recipient age, re-transplantation, number of human leucocyte antigen (HLA) mismatches and cause of kidney failure.
The predictive capacity of this model had AUCs of 0.89, 0.79, 0.76 and 0.74 after 1, 5, 10 and 20 years, respectively (P < .01).
Calibration plots showed an excellent fit.
Conclusions. This pediatric pre-transplantation risk assessment tool exhibits good performance for predicting graft
survival within the Dutch pediatric population. This model might support decision-making regarding donor selection to
optimize graft outcomes.
Trial registration. ClinicalTrials.gov Identifier: NCT05388955
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LAY SUMMARY

Kidney transplantation in children is rare and therefore relatively little research has been done in this population. We
do know that the success of a kidney transplantation is influenced by a combination of multiple factors. In order to
support clinical decision-making in pediatric kidney transplantation, we developed a risk assessment tool based on
554 pediatric kidney transplantations in the Netherlands. The tool predicts graft survival after transplantation using
only information that is available prior to transplantation such as donor age and underlying disease. In this way, this
tool could help to make a trade-off between different donors and determining the transplantation strategy to
optimize the outcomes of kidney transplantation.

GRAPHICAL ABSTRACT

Keywords: donor allocation, graft survival, pediatric kidney transplantation, prediction model

INTRODUCTION

Kidney transplantation is the treatment of choice for children
with kidney failure, and both patient and graft survival have
greatly improved over time [1, 2].

The success of individual transplants is influenced by a com-
bination of multiple factors. Whereas living donation (LD) and
pre-emptive transplantation are considered preferable [3, 4], ex-
panding the donor pool with suboptimal donors is controver-
sial and the risks must be evaluated in the context of fur-
ther increasing waiting lists [5, 6]. Early transplantation might
be beneficial regarding clinical conditions, whereas the use of
suboptimal donors might reduce graft survival. Furthermore, a
higher number of human leucocyte antigen (HLA) mismatches
might lead to sensitization and increase the waiting time for
a re-transplantation [7]. This balance is further complicated
since the parameters of a successful transplant depend on the

individual recipient and their clinical scenario. Hence, every fu-
ture transplantation must be carefully evaluated regarding the
specific donor and recipient details.

With the above background, predicting graft survival from
pre-transplantation donor and recipient parameters would be
of great value for making these complicated decisions [8].

Although several pre-transplantation parameters are known
to independently affect graft survival, little is known about their
weights and combined effect.

In adults, multiple prediction models are available to pre-
dict graft survival after either LD or deceased donation (DD)
[8–13]. However, the process of pediatric kidney transplantation
(PKT) differs significantly from that of adults, and most predic-
tion models for both adults [10] and children [14] include post-
transplantation parameters such as allograft histopathology and
post-transplantation renal function. To assist in donor selection
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for PKT recipients, a pre-transplantation prediction model in
which only commonly available pre-transplantation factors are
incorporated is needed.

In the Netherlands there are multiple options for donor
allocation: LD or DD, direct or cross-over donation, and
ABO-compatible or ABO-incompatible donors. This vari-
ety allows the analysis of donor characteristics within a
cohort and underlines the complexity of donor–recipient
matching.

The aim of this study is to develop and validate a pre-
transplantation risk assessment tool for PKT outcomes to as-
sist decision-making on the optimal donor and transplantation
strategy. In addition, this tool is expected to improve person-
alized healthcare and optimize the counseling of patients and
their parents.

MATERIALS AND METHODS

Data and study population

This cohort study (ClinicalTrials.gov Identifier: NCT05388955)
was performed using de-identified patient data from the
Dutch organ transplantation registry NOTR (Nederlandse Or-
gaanTransplantatie Registratie; Dutch Organ Transplantation
registry). All patients and/or their parents provided written in-
formed consent for data collection and data use. The study pop-
ulation included all Dutch PKT recipients between 1966 and
2021.

Data collection within NOTR started at the time of trans-
plantation. Follow-up data were collected yearly until graft
loss occurred or a patient died with a functioning graft. Graft
loss was defined as the start of dialysis or re-transplantation.
When a patient died with a functioning graft, this was con-
sidered as graft survival since the death was not due to renal
problems.

Extensive recipient, donor and transplantation-related data
were collected such as donor age, HLA mismatches and under-
lying disease causing kidney failure (Supplementary data, Table
S4). Administrative censoring was performed on 31 December
2021.

Underlying diseases causing kidney failure were clas-
sified as congenital anomalies of the kidney and uri-
nary tract (CAKUT), ciliopathy, glomerulopathy, metabolic
nephropathy, rare cause of hypertension, tubulopathy or other
(Supplementary data, Table S7).

In the Netherlands, the first living related transplantation
was performed in 1966, the first pre-emptive transplantation
was performed in 1980 and the first living unrelated transplan-
tation was performed in 2005. The Dutch protocols are devel-
oped and implemented on a national level and the three PKT
centers collaborate closely and evaluate provided care on a reg-
ular basis. National protocols regarding HLA matching changed
over time, along with the advancements in HLA identification
and insights, such as the influence of HLA-DR (mis)matching on
graft outcome [15, 16]. The aim is to pursue amaximum of 4 HLA
mismatches whereas no HLA-DR mismatches are accepted for
patients<12 years old, and 1mismatch for those between 12 and
18 years old. In addition, exceptions (<1%) could be made in liv-
ing donations (e.g. cross-over program), in which 6 mismatches
might be accepted.

Tacrolimus was introduced in 1986 and the immunosup-
pression protocol without steroids (TWIST protocol) was imple-
mented in 2012. These developments are comparable to interna-
tional literature [2, 17].

Statistical analysis

Predictive model

Variable selection was knowledge driven: literature review and
expert opinion were used to select possible predictors for graft
function [18]. These predictors were included in a final multi-
variable logistic regression model with the time after transplan-
tation modeled using restricted cubic splines (Supplementary
data, Table S6 and Table S8) [19, 20]. In the model, the following
parameters were included:

Recipient age, donor age, LD, pre-emptive transplantation,
re-transplantation, number of HLA mismatches, number of
HLA-DR mismatches, and primary disease causing kidney
failure, and the model was corrected for the decade (era) of
transplantation. Parameters such as sex mismatches, duration
of dialysis, HLA-DQ mismatches and donor health were ex-
cluded because of missing data, and ABO incompatibility was
excluded because of its low incidence. Complete-case analysis
was performed, with transplantations with missing data for
these parameters excluded for this model.

Because of the significant changes in protocols over time, a
separate analysis was executed for transplantations that were
performed after 1990. Eventually, two models were developed.
Model 1 including the data from all transplantations with com-
plete data, and Model 2 including the data from all transplanta-
tions with complete data transplanted after 1990.

A person period file was created in which each month of
follow-up was used as an individual observation point [21]. The
probability of graft loss was predicted for every patient for every
month after transplantation.

The effects of the variable “months after transplantation”
were fitted using restricted cubic splines to allow for nonlinear
relationships. Natural splines were used with five knots placed
at the quantiles 0.05, 0.275, 0.5, 0.725 and 0.95, as suggested
by Harrel [20]. We examined model calibration using smoothed
plots of observed versus predicted values (Supplementary data,
Fig. S5). As a result, six time-related variables were created,
which were used to estimate how graft failure probability de-
velops over the months following transplantation (V1–V6).

The hazard for graft failure was calculated for each patient
at a given time point after transplantation according to the β-
regression coefficients estimated from this final logistic model.
These hazards were used to calculate the predicted survival,
which was used to draw a survival curve for each patient based
on the available parameters.

Model performance

For internal validation we used a derivation cohort, which con-
sisted of a random sample of 80% of the datapoints, to develop
the model. This model was then validated using the remaining
datapoints, the validation cohort. As recommended by Steyer-
berg et al., the performance of the predictionmodelwas assessed
using both discrimination and calibration [22].

The discrimination performance was evaluated using the
area under the curve (AUC) of the time-dependent receiver
operating characteristics (ROC) curve for each year after trans-
plantation [23]. AUC curves derived from the derivation cohort
were compared with those of the validation cohort. Calibration
was assessed using both the Hosmer–Lemeshow test and
calibration plots.

The prediction model was reported in accordance with
the TRIPOD statement [24]. Continuous baseline characteristics
were described as means and standard deviations or medians
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NOTR database
1428 transplantations

Whole cohort
1425 transplantations

Missing data
833 transplantations

Complete data
592 transplantations

Before 1990
38 transplantations

After 1990
554 transplantations

Model 1

Model 2

Lost to follow-up:
3 transplantations

Figure 1: Flowchart of transplantations included in analysis.

and interquartile ranges. Differences between groups were an-
alyzed using chi-square tests and independent sample T-tests,
with the Mann–Whitney U test used for data that were not dis-
tributed normally. Data were analyzed using SPSS Statistics 25.0
and R 4.1.3. Differences were considered significant at P < .05.

RESULTS

A total of 1428 PKT were executed between 1966 and 2021.
Three transplantations were excluded because of loss to

follow-up. In total, complete data were available on 592 trans-
plantations (Model 1), of which 554 were performed after 1990
(Model 2) (Fig. 1). Incomplete data were mainly due to missing
data on donor age (308), pre-emptive transplantation (436) or
HLA-mismatches (458) (Table 1).

Characteristics whole cohort (N = 1425
transplantations)

The follow-up time ranged from 0 to 52 years with an interquar-
tile range of 2–16 years. The majority of patients received a kid-
ney from a DD (Table 1). Over time, the use of LD increased
significantly, as did the number of pre-emptive transplanta-
tions. Appendix 2 shows the characteristics of different cohorts
(Supplementary data, Table S4).

Over the 55 years, graft loss occurred in 715 (51%) of the pa-
tients, and 84 (6%) patients died with a functioning graft. Graft
survival significantly improved over time (P< .01) (Fig. 2): 10-year
graft survival was 42% for transplantations before 1990, com-
pared with the current value of 92%. In the early days, the per-
centual graft loss was highest in the first year after transplan-
tation; however, this is less clear for the most recent cohorts
(Supplementary data, Fig. S5).

Characteristics Model 1 (N = 592 transplantations
1968–present)

Characteristics of the transplantations included in Model 1 are
shown in Table 1. In this cohort 39 patients (7%) were under the
age of 4 years with a mean weight of 14.2 kg. No patients un-
der 10 kg were transplanted and 30 patients weighed <15 kg.

Table 1: Patient characteristics.

Total,
N = 1425

Model 1,
N = 592

Model 2,
N = 554

Missing data,
N = 833

Age recipient (years), mean ± SD 12 ± 5 11 ± 5 11 ± 5 12 ± 5
Age donor (years), median (IQR) 39 (19–46) 39 (21–47) 40 (24–49) 41 (31–48)
Missing, n (%) 308 (22) 308 (48)
Donor type, n (%)

Living donor 498 (35) 170 (29) 176 (33) 328 (39)
Deceased donor 927 (65) 422 (71) 368 (66) 505 (61)

Underlying disease, n (%)
CAKUT 326 (23) 154 (26) 132 (24) 172 (21)
Ciliopathy 88 (6) 42 (7) 38(7) 46 ( 6)
Glomerulopathy 357 (25) 152 (26) 144 (27) 205 (25)
Metabolic nephropathy 81 (6) 39 (7) 35 (6) 42 (5)
Rare cause of hypertension 8 (1) 3 (1) 3 (1) 5 (1)
Tubulopathy 7 (1) 5 (1) 5 (1) 2 (0)
Other 531 (37) 197 (33) 187(34) 334 (40)
Missing 27 (2) 27 (4)

Pre-emptive transplantation, n (%) 255 (18) 107 (18) 101 (19) 148 (18)
Missing, n (%) 436 (31) 436 (52)
HLA mismatches, (n) median (IQR) 2 (2–3) 2 (2–3) 2 (2–3) 2 (1–3)
Missing, n (%) 458 (32) 458 (71)
First transplantation, n (%) 1197 (84) 484 (82) 441 (81) 713 (86)
Era of transplantation, n (%)

1966–1990 467 (33) 38 (6) 429 (52)
1991–2000 336 (24) 158 (27) 158 (29) 178 (21)
2001–2010 346 (24) 217 (37) 217 (40) 129 (15)
2011–2021 276 (19) 169 (29) 169 (31) 107 (13)

The column “total” represents all pediatric kidney transplantations between 1966 and 2021; Model 1 are all kidney transplantations between 1966 and 2021, of which
complete data were available; Model 2 are all pediatric kidney transplantation after 1990 of which complete data were available; missing data are all pediatric kidney

transplantation between 1966–2021, of which at least one parameter was missing.
IQR: interquartile range; SD: standard deviation.
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Figure 2: Kidney graft survival over time for each transplantation era.

Table 2: Patient characteristics by cohort (Model 2).

Total, N = 554
Derivation

cohort, N = 435
Validation

cohort, N = 109 P-value

Age recipient (years) mean ± SD 11 ± 5 11 ± 5 11 ± 5 .89
Age donor (years) median (IQR) 40 (24–49) 40 (23–49) 40 (24–48) .75
Donor type*, n (%) .02
Living donor 176 (33) 131 (30) 45 (41)
Deceased donor 368 (66) 304 (70) 64 (59)

Underlying disease, n (%) .62
CAKUT 132 (24) 112 (26) 20 (18)
Ciliopathy 38 (7) 32 (7) 6 (6)
Glomerulopathy 144 (27) 112 (26) 32 (29)
Metabolic nephropathy 35 (6) 29 (7) 6 (6)
Rare cause of hypertension 3 (1) 2 (1) 1 (1)
Tubulopathy 5 (1) 4 (1) 1 (1)
Other 187 (34) 144 (33) 43 (39)

Pre-emptive transplantation, n (%) 101 (19) 78 (18) 23 (21) .26
HLA mismatches, (n) median (IQR) 2 (2–3) 2 (2–3) 2 (2–3) 1.00
First transplantation, n (%) 441 (81) 354 (81) 87 (80) .40
Era of transplantation, n (%) .55
1991–2000 158 (29) 131 (30) 27 (25)
2001–2010 217 (40) 171 (39) 46 (42)
2011–2021 169 (31) 133 (31) 36 (33)

Derivation cohort is random 80% (N = 435) sample of whole cohort, validation cohort is random 20% (N = 109) sample of whole cohort.
IQR: interquartile range; SD: standard deviation.
*Significant difference between groups (P < .05).

Characteristics were comparable to the whole cohort, although
the percentage of deceased donors was higher in this cohort
(71%).

Characteristics Model 2 (N = 554 transplantations
1990–present)

Themajority of transplantationswas performed after 2000 (71%)
and had a DD (66%). Characteristics were comparable to those
of the whole cohort. As in Model 1, in this cohort 39 patients
(7%) were under the age of 4 years. In total 25 patients weighted
<15 kg. Because this model was most representative for current
care, outcome of this model will be described in the following
paragraphs. More detailed descriptions of Model 1 can be found
in Appendix 5 (Supplementary data, Table S9).

Prediction Model 2

In total, 958 transplantations were performed after 1990, of
which 554 had complete data. Therefore 71 829 datapoints for
554 transplantations were used to create a derivation and vali-
dation cohort (Table 2) and develop the multivariate binary lo-
gistic model. The exponents of the β-coefficients are shown in
Table 3. These values were used to develop the risk assessment
tool described in the next paragraphs. The total significance of
the model was P < .01.

Model performance

The discrimination ability of the model was assessed by calcu-
lating the AUC of the ROC curve for every year after transplanta-
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Table 3: Independent determinants of graft loss in derivation cohort:
multivariable binary logistic analysis.

Predictor Exp B 95% CI Exp B

Re-transplantation 1.214 0.81–1.20
Pre-emptive transplantation 0.995 0.61–1.62
Underlying disease

CAKUT 1.383 0.94–2.04
Ciliopathy 1.644 0.88–3.06
Glomerulopathy 1.590 1.09–2.31
Metabolic nephropathy 1.481 0.86–2.55
Rare cause of hypertension 0.000 0.000
Tubulopathy 0.587 0.08–4.34
Other Ref N/A

Recipient age at transplantation (years) 1.003 0.97–1.04
Donor age at transplantation (years) 1.006 0.99–1.01
Living donor 0.709 0.46–1.09
HLA mismatches (n) 1.106 0.96–1.27
HLA-DR mismatches (n) 0.981 0.81–1.20

The exponent B is the odds ratio for graft loss for every 1 unit of change in the
predictor variable. Era of transplantation was included to test the model for ear-

lier transplantations.
CI: confidence interval; N/A: not applicable.

tion (Fig. 3A) for up to 25 years after transplantation (Fig. 3B) for
the validation cohort.

The discriminative performance decreased with time after
transplantation, with AUCs of 0.89, 0.79, 0.76 and 0.74 after 1, 5,
10 and 20 years, respectively (P < .01). In Model 1 these were 0.85,
0.83, 0.80 and 0.75 after 1, 5, 10 and 20 years (Supplementary data,
Fig. S7).

In order to test whether this risk model could predict the
actual graft survival of our cohort we performed a calibration
plot for the whole cohort. Visual inspection of the calibration
plot showed good agreement of both mean predicted hazard
with mean observed hazard and mean predicted survival with
mean observed survival up to 25 years after transplantation
(Fig. 4), with both significantly correlated (P < .01). The Hosmer–
Lemeshow test confirmed a good fit (8.941, P = .347).

Implementation

Based on the estimates of the β-coefficients, a risk assessment
tool was built for predicting graft survival for each year up to
25 years after transplantation.

A predicted graft survival curve was drawn for individual pa-
tients. By changing the donor characteristics, the influence of
these parameters on predicted survival can be compared (Fig. 5).

For example, for a 12-year-old recipient with CAKUT as the
underlying disease, 25-year graft survival is 66% for LD with 3
HLA mismatches (1,1,1) and 52% for DD with a 3 mismatches
(1,1,1).

DISCUSSION

In this large multicenter study, we developed a pre-
transplantation risk assessment tool for graft survival in
pediatric kidney recipients in the Netherlands. This risk calcu-
lator showed good performance for this population. Therefore,
this tool is expected to be helpful in daily practice to optimize
transplantation outcomes through personalized medicine.

Over recent decades, short-term graft survival has markedly
increased and might have reached its plateau. As children who
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Figure 3: Discrimination ability of risk assessment tool. (A) ROC curve for pre-
diction of graft survival 1 year after transplantation in validation cohort. (B) AUC

of time-dependent ROC curves in validation cohort. Performance of prediction
model in validation cohort. Solid lines represent AUC point estimates of time-
dependent ROC curves and dotted lines represent 95% confidence intervals.

are transplanted nowadays have a graft half time of >15 years
[15], it has becomemore important to focus on long-term effects.

This study underlines the complexity of donor–recipient
matching, since the prediction of outcome is based on an inter-
action of multiple factors rather than single predictors.

In the literature,most studies have concentrated on indepen-
dent prognostic factors and conflicting findings have been pub-
lished on the importance of HLA matching. Some authors have
stated that fully mismatched LD is preferable to fully matched
DD, whereas others stated that proper HLA matching is the
strongest predictor for graft survival [15, 16, 25, 26]. In a recent
analysis, LDwith 4–6mismatches lost the LD advantage and had
similar allograft survival to DD with 0–3 mismatches [25, 26].
Previous research suggested that HLA-DQ mismatching might
be a risk factor for graft survival, independent of HLA-ABDR [27,
28]. However, information on HLA-DQ was not available for our
population.

Previous studies on the outcomes of re-transplantation are
inconclusive [29, 30]. In general, repeat transplantations are con-
sidered less successful compared with first transplantations.
However, this might be misleading because patients under-
going re-transplantations by definition have failed a previous
transplantation.
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Figure 4: Calibration plot of mean predicted graft survival and mean observed graft survival after kidney transplantation in 554 transplantations. Solid dots represent
mean actually observed survival in this cohort (N = 554), open dots represent mean survival as predicted by the prediction model (N = 554).

It is known that pre-emptive transplantation is beneficial for
cognitive development and reducing long-term cardiovascular
complications [31, 32]. In addition, pre-emptive transplantation
might be undervalued due to the relatively short time on dialysis
in children compared with adults [33]. The duration of dialysis
was not incorporated in the model, since this information was
not available and because of the relatively short of time on dial-
ysis in children the influence of being on dialysis was expected
to be more important than the duration.

Whereas Chesnaye et al. showed that the risk of graft failure
for older LD (50–75 years old) was similar to that for younger LD
[34], other authors showed that an increased age difference be-
tween donor and recipient was associated with decreased graft
survival [16].

Over recent decades conflicting results have been published
on the outcome in very young children [33, 35, 36]. In our co-
hort, small children had comparable outcomes to older recipi-
ents. However, this might be due to the limited number of very
small children (no patients under 10 kg were included) in our co-
hort and therefore the applicability of this model for these pa-
tients might be limited.

Comparing existing prediction models is complicated be-
cause of the large heterogeneity between studies [8], in which
multiple predicting factors and definitions for graft loss were
used and follow-up time varied widely [9, 10, 14, 37]. As we aim
to help decision-making in donor and recipient selection, we in-
cluded only pre-transplantation parameters rather than post-
transplantation information such as biopsy results, proteinuria
and graft function.

Moreover, in literature different methods are used to pre-
dict graft survival such as Cox regression analysis, decision tree
methodology or Bayesian belief [8–10, 37–40]. However, these
continuous-time models are based on the unrealistic assump-
tion that the effect of a predictor is constant over time. In reality,
these effects vary over time [41]. Hence, we used binary logistic

regression analysis to model the influence of time after trans-
plantation with time as a discrete value, allowing us to clarify
the influence of the different parameters over time [20, 21, 42].
Clinical practice is continuously evolving and influenced by new
knowledge and innovations. Proper registration and prospective
data collection will help in developing future clinical tools.

The risk calculator assesses the risk for a given time point
after transplantation and predicts the course of graft survival
over time. Although many factors are unchangeable (such as
the recipient age and underlying disease), this prediction model
can be used in the context of (shared) decision-making regard-
ing donor selection prior to transplantation. Therefore, it should
also be made available to parents or caregivers to help them to
better understand the impact of different donor choices on the
predicted graft survival. We are currently developing an online
tool that can be freely accessed by both patients and healthcare
professionals.

Strengths and limitations

An important strength of this study is the detailed database.
We used a large population-based prospective data set which
is unique in the field of PKT. Secondly, all the required variables
for the prediction model are definite, objective and commonly
available to clinicians at the time of transplantation. Finally, we
assessed the discrimination and accuracy of our model with a
second separate group of patients (validation cohort) to avoid
biased conclusions from overfitting. The model showed good
performance, especially when compared with earlier models in
adults [8]. Moreover, two models were developed to determine
whether the transplantations that were performed before 1990
could be excluded from the analysis to make to model more ac-
curate for current healthcare patients, since it is less affected by
themany changes in care that were implemented over the years
in the early period.
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Figure 5: Example of risk assessment of various hypothetical donors for 12-year-old recipient; first pre-emptive transplantation, CAKUT as origin of kidney failure.

Several limitations of this study can be identified. First, ex-
pected donor selection criteria (especially for DD) might have
changed over time. Second, detailed information, such as du-
ration of dialysis and cold ischemia, ethnicity, socioeconomic
status and the medical history of the donor, was not in-
cluded in this model. However, a lower number of variables
increases the precision and usability of the model. Third, a
large amount of missing data caused the exclusion of 833
transplantations from analysis. Because of the multiple pa-
rameters that were missing, imputation would result in cu-
mulative bias. Therefore, a complete case analysis was cho-
sen. Although the transplantations that were included in Model
2 had characteristics comparable to the whole cohort, this
might bias outcome. On the other hand, the majority of ex-
cluded transplantations were before 1990 and therefore less
suited for this model. These missing data underline the im-
portance of proper, complete data collection for which reg-
istries might be of great additional value. Last, it is unknown
whether this exact model is suitable outside the Netherlands
since it is based on a Dutch population. However, it provides
a valuable example to which other countries can apply their
own data. Nevertheless, we believe that our cohort is of great
value because of the high percentage of LD and pre-emptive
transplantations.

New research is needed to investigate whether the model
is strengthened by including data from other countries. Since
there are (slight) differences in daily practice among coun-
tries, the model might be most accurate when separately de-
veloped for each country. Analyses of large, (inter)national co-
horts could answer this question. Therefore, future research
could benefit from international collaboration as well as the

standardization of data and linking between the different
registries.

Conclusion

In conclusion, our proposed pre-transplantation risk assess-
ment tool exhibits very good performance for predicting long-
term graft survival in this cohort of Dutch pediatric kidney re-
cipients and might be of clinical use for comparing suitability of
different potential donors. In addition, the tool can be used in
shared decision-making and to educate and manage the expec-
tations of patients. In the future thismodel needs to be validated
in a completely independent large cohort.
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