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Abstract
Background: Older kidney transplant recipients have inferior outcomes compared to younger recipients, and this risk may 
be compounded by donor characteristics.
Objective: We applied an unsupervised machine learning clustering approach to group older recipients into similar phenotypes. 
We evaluated the association between each cluster and graft failure, and the impact of donor quality on outcomes.
Design: This is a nationally representative retrospective cohort study.
Setting and Patients: Kidney transplant recipients aged ≥65 years identified from the Scientific Registry of Transplant 
Recipients (2000-2017).
Measurements and Methods: We used unsupervised clustering to generate phenotypes using 16 recipient factors. Donor 
quality was evaluated using 2 approaches, including the Kidney Donor Risk Index (KDRI). All-cause graft failure was analyzed 
using multivariable Cox regression.
Results: Overall, 16 364 patients (mean age 69 years; 38% female) were separated into 3 clusters. Cluster 1 recipients were 
exclusively female; cluster 2 recipients were exclusively males without diabetes; and cluster 3 recipients were males with a 
higher burden of comorbidities. Compared to cluster 2, the risk of graft failure was higher for cluster 3 recipients (adjusted 
hazard ratio [aHR] = 1.25, 95% confidence interval [CI] = 1.19-1.32). Cluster 3 recipients of a lower quality (KDRI ≥1.45) 
kidney had the highest risk of graft failure (aHR = 1.74, 95% CI = 1.61-1.87) relative to cluster 2 recipients of a higher quality 
kidney.
Limitations: This study did not include an external validation cohort. The findings should be interpreted as exploratory and 
should not be used to inform individual risk prediction nor be applied to recipients <65 years of age.
Conclusions: In a national cohort of older kidney transplant recipients, unsupervised clustering generated 3 clinically distinct 
recipient phenotypes. These phenotypes may aid in complementing allocation decisions, providing prognostic information, 
and optimizing post-transplant care for older recipients.

Abrégé 
Contexte: Les personnes plus âgées qui reçoivent une greffe de rein présentent des résultats de santé inférieurs à ceux des 
receveurs plus jeunes, et cette différence peut être aggravée par les caractéristiques du donneur.
Objectif: Nous avons appliqué une approche de regroupement par apprentissage automatique non supervisé pour regrouper 
des receveurs âgés avec des phénotypes similaires. Nous avons évalué l’association entre les caractéristiques des groupes 
formés et l’échec de la greffe, et examiné l’impact de la qualité du donneur sur les résultats.
Conception: Étude rétrospective d’une cohorte nationale représentative.
Cadre et sujets de l’étude: Les receveurs d’une greffe rénale âgés de 65 ans et plus identifiés à partir du Scientific Registry 
of Transplant Recipients (de 2000 à 2017).

https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/cjk


2	 Canadian Journal of Kidney Health and Disease

Méthodologie et mesures: Nous avons utilisé le regroupement non supervisé pour générer des phénotypes à partir de 
16 facteurs liés aux receveurs. La qualité des donneurs a été évaluée par deux approches, notamment le Kidney Donor Risk 
Index (KDRI). La défaillance du greffon toutes causes confondues a été analysée par régression de Cox multivariée.
Résultats: Au total, 16 364 patients (âge moyen: 69 ans; 38 % de femmes) ont été séparés en trois groupes. Le groupe 1 
était constitué exclusivement de femmes; le groupe 2 était constitué exclusivement d’hommes non-diabétiques; et le groupe 
3 était composé d’hommes présentant un fardeau plus important de comorbidités. Comparés aux sujets du groupe 2, les 
receveurs du groupe 3 présentaient un risque plus élevé d’échec du greffon (risque relatif corrigé [RRc]: 1,25; IC95: 1,19-
1,32). Les sujets du groupe 3 qui avaient reçu un rein de moindre qualité (KDRI ≥ 1,45) présentaient le risque le plus élevé 
d’échec du greffon (RRc: 1,74; IC95: 1,61-1,87) lorsque comparés aux sujets du groupe 2 qui avaient reçu un rein de meilleure 
qualité.
Limites: Cette étude ne comportait pas de cohorte de validation externe. Les résultats doivent être interprétés comme 
étant exploratoires et ne devraient pas être utilisés pour éclairer la prévision du risque individuel ni être appliqués aux 
receveurs âgés de moins de 65 ans.
Conclusion: Dans une cohorte nationale constituée de personnes plus âgées recevant une greffe rénale, le regroupement 
non supervisé a généré trois phénotypes cliniquement distincts. Ces phénotypes pourraient aider à faciliter les décisions 
liées à l’attribution des organes, fournir des informations pronostiques et optimiser les soins post-transplantation pour les 
receveurs âgés.
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Introduction

Older adults represent a growing proportion of kidney trans-
plant recipients but experience worse survival than younger 
recipients.1,2 Several age-related comorbidities may contrib-
ute to increased mortality among older recipients, including 
diabetes and cardiovascular disease.3 Currently, few 
approaches exist to characterize older kidney transplant 
recipients. Adult kidney transplant candidates in the United 
States are risk stratified based on their Estimated Post-
Transplant Survival (EPTS) score, which considers age, time 
on dialysis, prior solid organ transplant, and diabetes.4 In 
older adults, incorporating a wider range of comorbidities 
into risk prediction tools could improve survival accuracy to 
better support kidney allocation decisions and post-trans-
plant care.

Machine learning can analyze complex relationships in 
large data sets and is increasingly being applied in the field 
of solid organ transplantation.5,6 Unsupervised clustering, a 
machine learning approach, can identify patterns within a 
heterogeneous population and group similar individuals 
without prior knowledge of outcomes.7 Prior unsupervised 

clustering studies in kidney transplantation have used donor, 
recipient, and peritransplant variables to derive clusters,8,9 
but peritransplant variables are not always known at the time 
of kidney allocation. A more clinically relevant approach is 
to produce phenotypes separately for donors and recipients 
and subsequently assess outcomes for combinations of donor 
and recipient clusters at varying risk levels.

Our team previously used unsupervised clustering to gen-
erate phenotypes of deceased kidney donors among older 
transplant recipients, revealing 5 donor clusters with differ-
ential risks of graft failure.10 While informative, we did not 
generate recipient clusters nor did we consider the combined 
impact of donor and recipient factors on post-transplant out-
comes. In this study, we used unsupervised clustering to 
characterize older kidney transplant recipients. The pri-
mary objective was to generate recipient phenotypes  
and evaluate their individual post-transplant outcomes. 
Secondary objectives included (1) assessing outcomes for 
different combinations of donors and recipients, using the 
Kidney Donor Risk Index (KDRI)11 or the 5 donor clusters 
identified in our previous study10 to classify donors and (2) 
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stratifying the primary analyses by each of these donor mea-
sures to investigate whether donor risk modifies the associa-
tion between recipient risk and post-transplant outcomes.

Methods

Study Design and Population

This study used data from the Scientific Registry of 
Transplant Recipients (SRTR). The SRTR data system 
includes data on all donor, waitlisted candidates, and trans-
plant recipients in the United States, submitted by the 
members of the Organ Procurement and Transplantation 
Network (OPTN). The Health Resources and Services 
Administration (HRSA), US Department of Health and 
Human Services provides oversight to the activities of the 
OPTN and SRTR contractors. The study population con-
sisted of patients ≥65 years of age who underwent 
deceased donor kidney transplantation from 2000 to 2017. 
We excluded patients with a previous kidney transplant, 
those receiving multiorgan transplants, and those without 
complete data across recipient characteristics of interest. 
This study was approved by the Nova Scotia Health 
Research Ethics Board (#1027260).

Data Collection

We used 16 recipient variables to generate the recipient clus-
ters for phenotyping: age, sex, race, height, weight, body 
mass index (BMI) category, functional status defined using 
the Karnofsky Performance Scale, cause of kidney failure, 
coronary artery disease (CAD), diabetes, hypertension, cere-
brovascular disease, peripheral vascular disease, malignancy, 
peak panel reactive antibody (PRA) level, and dialysis vin-
tage. Our approach was to utilize only those variables that 
would be available at the time of kidney allocation.

Variables that were not included in the cluster derivation 
but are important for post-transplant risk assessment consti-
tuted our adjustment set (Supplementary Table 1), including 
donor age, sex, race, height, weight, BMI category, cytomeg-
alovirus status, diabetes, hypertension, hepatitis C virus, 
cerebrovascular cause of death, donation after cardiac death, 
vasodilator use, arginine use, inotrope use, serum creatinine 
level, KDRI ≥1.45, cold ischemia time, and number of 
human leukocyte antigen (HLA) mismatches.

Unsupervised Cluster Generation

Given that our data had multiple types (ie, numerical and 
categorical), we employed multiview clustering methods. By 
treating numerical and categorical features as distinct views, 
where each “view” provides a unique representation of the 
data, we were able to integrate multiple aspects of the data to 
generate more meaningful clusters. This approach overcomes 

limitations of traditional clustering algorithms typically 
designed for single-view data analysis.

Our methodology consisted of 3 modules: (1) feature 
engineering, (2) data embedding, and (3) multiview cluster-
ing (Supplementary Figure 1). In the feature engineering 
module, we used one-hot encoding to transform categorical 
features into a multidimensional vector of numerical values 
as one of the views for multiview clustering. Numerical fea-
tures were normalized using maximum absolute scaling to 
preserve the sparsity of the data by ensuring values ranged 
approximately from −1 to 1, providing a second view for 
clustering. In the data embedding module, we reduced the 
dimensionality of the data using split autoencoders, a multi-
view variant of autoencoders.12 We implemented split auto-
encoders on the one-hot encoded categorical feature set as 
view 1 and the maximum absolute scaled continuous feature 
set as view 2. The view with the larger number of features, 
view 1, was used to create an auto-encoded embedding, 
which was then used to reconstruct both the categorical and 
continuous views. In the multiview clustering module, we 
used an ensemble clustering approach with multiview 
k-means and k-medoids clustering methods,13 as well as a 
co-training–based spectral clustering method.14 We experi-
mented with cluster numbers ranging from 2 to 5 clusters. 
We used the silhouette score, which measures both the cohe-
sion within clusters and separation from other clusters, to 
determine the optimal number of clusters. The clustering 
model (where k = 2-5) with the highest silhouette score is 
regarded as the best model, and its k value indicates the opti-
mal number of clusters within the data. The Davies-Bouldin 
score was used to further validate the quality of the cluster-
ing models.15 The Davies-Bouldin score measures the ratio 
of average dissimilarity between and within clusters (lower 
score indicates better cluster separation and compactness). 
The combination of silhouette and Davies-Bouldin was used 
to select the best clustering model.

Donor Risk

We ascertained donor risk in 2 ways, using the KDRI11 or 
using the donor clusters generated in our previous unsuper-
vised clustering study.10 The KDRI scores were dichoto-
mized as low (<1.45) or high (≥1.45) risk. Our selected 
threshold of 1.45 corresponds to a Kidney Donor Profile 
Index (KDPI) of 85%, the cutoff for high-risk donor kidneys 
within the current allocation system. For the donor clusters, 
the detailed approach to clustering is described in the origi-
nal paper.10 Briefly, we used unsupervised clustering to gen-
erate internally validated phenotypes of deceased donors 
among older kidney transplant recipients in the SRTR using 
several donor variables known to be associated with graft 
failure.10 This approach identified 5 unique donor clusters.10 
Their associated risks of graft failure are shown in 
Supplementary Figure 2.10
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Outcomes

The primary outcome was all-cause graft failure, defined as 
patient death or graft failure (permanent return to dialysis 
or need for preemptive re-transplantation). Secondary out-
comes included death despite kidney function, death- 
censored graft failure, and delayed graft function (DGF; 
defined as needing dialysis within the first week following 
transplantation).

Statistical Analysis

All analyses were performed on the recipient clusters with 
the best silhouette score and Davies-Bouldin score results, 
using Stata/SE version 17.0.16 Baseline characteristics were 
expressed as count (percentage) for categorical variables and 
as mean (standard deviation [SD]) or median (interquartile 
range [IQR]) for continuous variables. We assessed differ-
ences between clusters using the chi-square test for categori-
cal variables and the Kruskal-Wallis test for continuous 
variables. We used unadjusted Kaplan-Meier survival curves 
to model all-cause graft failure in each recipient cluster. We 
compared curves using the log-rank test and assessed propor-
tionality with visual examination of the log-log survival 
plots.

The association between recipient cluster assignment 
and the outcomes of all-cause graft failure, death despite 
kidney function, and death-censored graft failure was deter-
mined using Cox proportional hazards regression, pre-
sented as hazard ratios (HRs) with 95% confidence intervals 
(95% CIs). The outcome of DGF was assessed using logis-
tic regression, presented as odds ratios (ORs) with 95% 
CIs. The multivariable models were adjusted for donor and 
peritransplant variables (see section “Data Collection”). In 
total, 21% of all cases had missing data. Missing values are 
described in Table 1. We imputed missing values using 
multivariate imputation by chained equations.17 Our impu-
tation model included all factors used to derive the recipi-
ent clusters, nonmissing donor factors, and the outcomes. 
We imputed 20 complete data sets to approximate the pro-
portion of incomplete cases. The estimates from each 
imputed data set were pooled into 1 overall estimate using 
Rubin’s rules.18

In a secondary analysis, we evaluated the association 
between combined donor-recipient risk and our outcomes. 
For each donor risk construct (binary KDRI variable and 
5-level donor cluster variable), we used the recipient clusters 
to generate a multilevel categorical variable of combined 
donor and recipient risk (Supplementary Figure 2). We deter-
mined associations with the outcomes in multivariable 
regression analyses. In another secondary analysis, we 
assessed multivariable associations between recipient cluster 
assignment and the outcomes across subgroups of KDRI and 

the 5 donor clusters, to determine whether donor risk modi-
fies the risk of post-transplant outcomes.

Results

Participants

There were 165 081 adults who received a deceased donor 
kidney transplant between 2000 and 2017. After exclusions, 
we identified 16 364 adults ≥65 years of age who received a 
first, solitary kidney transplant and had complete data on 
recipient characteristics (Figure 1). The mean (SD) age of 
recipients was 69.4 (3.7) years and 6153 recipients (38%) 
were female (Table 1).

Clustering Results

The optimal number of clusters was 3. The multiview 
k-means method produced the best overall clustering perfor-
mance (silhouette 0.63, Davies-Bouldin 0.84) (Supplementary 
Table 2). Figure 2 shows the visual separation of clusters.

Baseline Characteristics by Recipient Cluster

Using the multiview k-means method, there were 6153 
patients (38%) in cluster 1, 4813 patients (29%) in cluster 2, 
and 5398 patients (33%) in cluster 3. Table 1 provides their 
baseline characteristics. Cluster 1 recipients were exclu-
sively female (100%) with a median (IQR) time on dialysis 
of 2.3 (0-4.5) years. They were less likely to have CAD (n = 
663; 11%) and a peak PRA level <20 (n = 3748; 61%) com-
pared to the other clusters. Their donors were younger (mean 
[SD] = 43.4 [16.9] years) and were less likely to be an 
expanded criteria donor (n = 1895; 31%) or have a KDRI 
≥1.45 (n = 2339; 38%). They were more likely to have zero 
HLA mismatches (n = 652; 11%).

Patients in cluster 2 were male (100%), slightly older 
(mean [SD] = 70.1 [4.2] years), and more likely to be White 
(n = 3947; 82%). They were more likely to have a BMI 
between 18.5 and 24.9 kg/m2 (n = 1750; 36%) and less likely 
to require functional assistance (n = 416; 9%) than the other 
clusters. They were less likely to have diabetes (0%) and 
more likely to have malignancy (n = 761; 16%). They were 
more likely to have glomerulonephritis (n = 1091; 23%) or 
hypertension (n = 2235; 46%) as the cause of kidney failure. 
They had a shorter dialysis vintage (median [IQR] = 2.1 
[0-4.1] years).

Cluster 3 recipients were exclusively male (100%). They 
had a higher burden of CAD (n = 1056; 20%), diabetes (n = 
5091; 94%), and peripheral vascular disease (n = 683; 13%). 
They were more likely to have diabetes as the cause of kid-
ney failure (n = 4067; 75%). They experienced a longer time 
on dialysis (median [IQR] = 2.7 [0.5-4.5] years).
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Table 1.  Baseline Characteristics by Recipient Cluster.

Recipient clustera  

Characteristic
Overall  

(N = 16 364)
Cluster 1  

(n = 6153)
Cluster 2  

(n = 4813)
Cluster 3  

(n = 5398) P

Recipient characteristics
Recipient age, yr, mean (SD) 69.4 (3.7) 69.1 (3.5) 70.1 (4.2) 69.0 (3.5) <.001
Recipient female sex 6153 (38) 6153 (100) 0 (0) 0 (0) <.001
Recipient race <.001
  White 11 502 (70) 4121 (67) 3947 (82) 3434 (64)  
  Black 3529 (22) 1511 (25) 597 (12) 1421 (26)  
  Other 1333 (8) 521 (8) 269 (6) 543 (10)  
Recipient height, cm, mean (SD) 169.5 (10.5) 160.9 (7.5) 175.0 (8.5) 174.5 (8.5) <.001
Recipient weight, kg, mean (SD) 80.1 (16.9) 72.1 (15.1) 82.3 (15.4) 87.4 (16.1) <.001
Recipient body mass index, kg/m2 <.001
  <18.5 233 (1) 135 (2) 63 (1) 35 (1)  
  18.5-24.9 4634 (28) 1887 (31) 1750 (36) 997 (18)  
  25-29.9 6466 (40) 2050 (33) 1941 (40) 2475 (46)  
  30-34.9 3740 (23) 1477 (24) 846 (18) 1417 (26)  
  ≥35 1291 (8) 604 (10) 213 (4) 474 (9)  
Requires assistance 1839 (11) 736 (12) 416 (9) 687 (13) <.001
Cause of kidney failure <.001
  Diabetes 6172 (38) 2105 (34) 0 (0) 4067 (75)  
  Glomerulonephritis 2090 (13) 842 (14) 1091 (23) 157 (3)  
  Hypertension 5011 (31) 1815 (30) 2235 (46) 961 (18)  
  Polycystic kidney disease 1316 (8) 687 (11) 576 (12) 53 (1)  
  Other 1775 (11) 704 (11) 911 (19) 160 (3)  
Recipient coronary artery disease 2428 (15) 663 (11) 709 (15) 1056 (20) <.001
Recipient diabetes 7751 (47) 2660 (43) 0 (0) 5091 (94) <.001
Recipient hypertension 14 926 (91) 5549 (90) 4379 (91) 4998 (93) <.001
Recipient cerebrovascular disease 682 (4) 250 (4) 159 (3) 273 (5) <.001
Recipient peripheral vascular disease 1366 (8) 396 (6) 287 (6) 683 (13) <.001
Recipient malignancy 1915 (12) 607 (10) 761 (16) 547 (10) <.001
Peak PRA group <.001
  <20 12 604 (77) 3748 (61) 4206 (87) 4650 (86)  
  20-80 2705 (17) 1531 (25) 520 (11) 654 (12)  
  >80 1055 (6) 874 (14) 87 (2) 94 (2)  
Dialysis vintage, yr, median (IQR) 2.4 (0-4.4) 2.3 (0-4.5) 2.1 (0-4.1) 2.7 (0.5-4.5) <.001
Donor characteristics
Donor age, yr, mean (SD) 44.6 (16.4) 43.4 (16.9) 44.9 (16.3) 45.6 (15.9) <.001
Donor female sex 6998 (43) 2665 (43) 2050 (43) 2283 (42) .52
Donor race .14
  White 13 842 (85) 5180 (84) 4123 (86) 4539 (84)  
  Black 1969 (12) 752 (12) 547 (11) 670 (12)  
  Other 550 (3) 219 (4) 142 (3) 189 (4)  
  Missing 3 (<0.5) 2 (<0.5) 1 (<0.5) 0 (0)  
Donor height, cm, mean (SD)b 170.4 (13.2) 169.7 (14.2) 170.8 (12.6) 170.8 (12.4) .005
Donor weight, kg, mean (SD) 81.2 (22.3) 80.2 (22.9) 81.3 (22.1) 82.3 (21.9) <.001
Donor body mass index <.001
  <18.5 690 (4) 336 (5) 175 (4) 179 (3)  
  18.5-24.9 5450 (33) 2051 (33) 1663 (35) 1736 (32)  
  25-29.9 5323 (33) 1936 (31) 1540 (32) 1847 (34)  
  30-34.9 2828 (17) 1052 (17) 855 (18) 921 (17)  
  ≥35 2072 (13) 778 (13) 579 (12) 715 (13)  
  Missing 1 (<0.5) 0 (0) 1 (<0.5) 0 (0)  

(continued)



6	 Canadian Journal of Kidney Health and Disease

Recipient clustera  

Characteristic
Overall  

(N = 16 364)
Cluster 1  

(n = 6153)
Cluster 2  

(n = 4813)
Cluster 3  

(n = 5398) P

Donor cytomegalovirus .07
  Positive 10 521 (64) 3921 (64) 3066 (64) 3534 (65)  
  Negative 5769 (35) 2211 (36) 1724 (36) 1834 (34)  
  Missing 74 (<0.5) 21 (<0.5) 23 (<0.5) 30 (1)  
Donor diabetes .07
  Yes 1546 (9) 540 (9) 478 (10) 528 (10)  
  No 14 725 (90) 5580 (91) 4308 (90) 4837 (90)  
  Missing 93 (1) 33 (1) 27 (1) 33 (1)  
Donor hypertension <.001
  Yes 6157 (38) 2228 (36) 1773 (37) 2156 (40)  
  No 10 110 (62) 3876 (63) 3016 (63) 3218 (60)  
  Missing 97 (1) 49 (1) 24 (1) 24 (<0.5)  
Donor hepatitis C virus <.001
  Positive 261 (2) 56 (1) 72 (2) 133 (2)  
  Negative 16 079 (98) 6086 (99) 4734 (98) 5259 (97)  
  Missing 24 (<0.5) 11 (<0.5) 7 (<0.5) 6 (<0.5)  
Donor cerebrovascular cause of death 7330 (45) 2674 (43) 2168 (45) 2488 (46) .02
Donation after cardiac death 1913 (12) 656 (11) 543 (11) 714 (13) <.001
Vasodilator use .36
  Yes 2127 (13) 771 (13) 634 (13) 722 (13)  
  No 14 201 (87) 5371 (87) 4168 (87) 4662 (86)  
  Missing/unknown 36 (<0.5) 11 (<0.5) 11 (<0.5) 14 (<0.5)  
Arginine use .91
  Yes 7393 (45) 2804 (46) 2076 (43) 2513 (47)  
  No 6192 (38) 2336 (38) 1760 (37) 2096 (39)  
  Missing/unknown 2779 (17) 1013 (16) 977 (20) 789 (15)  
Inotrope use .12
  Yes 8255 (50) 3116 (51) 2451 (51) 2688 (50)  
  No 7275 (44) 2737 (44) 2069 (43) 2469 (46)  
  Missing/unknown 834 (5) 300 (5) 293 (6) 241 (4)  
Serum creatinine level, mean (SD)b 1.2 (1.0) 1.1 (0.9) 1.2 (1.0) 1.2 (1.0) .05
Expanded criteria donor 5398 (33) 1895 (31) 1629 (34) 1874 (35) <.001
Kidney Donor Risk Index <.001
  <1.45 9490 (58) 3736 (61) 2754 (57) 3000 (56)  
  ≥1.45 6688 (41) 2339 (38) 2010 (42) 2339 (43)  
  Missing 186 (1) 78 (1) 49 (1) 59 (1)  
Other characteristics
Cold ischemia time, hr, mean (SD)b 18.3 (9.2) 18.1 (9.0) 18.5 (9.4) 18.4 (9.3) .42
HLA mismatches <.001
  0 1409 (9) 652 (11) 364 (8) 393 (7)  
  1 404 (2) 180 (3) 129 (3) 95 (2)  
  2 681 (4) 265 (4) 202 (4) 214 (4)  
  3 2114 (13) 802 (13) 676 (14) 636 (12)  
  4 4095 (25) 1550 (25) 1186 (25) 1359 (25)  
  5 5042 (31) 1762 (29) 1467 (30) 1813 (34)  
  6 2617 (16) 942 (15) 788 (16) 887 (16)  
  Missing 2 (<0.5) 0 (0) 1 (<0.5) 1 (<0.5)  

HLA = human leukocyte antigen; IQR = interquartile range; PRA = panel reactive antibody; SD = standard deviation.
aData are expressed as no. (%) of recipients unless otherwise indicated. Percentages may not total 100 because of rounding.
bData on donor height were missing for 1 patient, data on serum creatinine level were missing for 10 patients, and data on cold ischemia time were 
missing for 740 patients.

Table 1. (continued)
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Figure 1.  Flow chart of kidney transplant recipients included in the study cohort.

Figure 2.  Results of t-SNE mapping depicting 3 distinct clusters 
of older kidney transplant recipients.

Figure 3.  Kaplan-Meier survival curves for time to all-cause 
graft failure for each recipient cluster. The log-rank P-value was 
< .001.

Post-transplant Outcomes in Each  
Recipient Cluster

For the primary outcome of all-cause graft failure, there were 
9042 events over 78 129 total years at risk. The rate of graft 
failure was 51.7% in cluster 1, 56.0% in cluster 2, and 58.7% 
in cluster 3. Figure 3 shows the unadjusted survival curves 
for each recipient cluster (log-rank P < .001). Compared to 
cluster 2, the adjusted risk of all-cause graft failure was lower 
in cluster 1 (adjusted hazard ratio [aHR] = 0.95, 95% CI = 
0.90-0.997) and higher in cluster 3 (aHR = 1.25, 95% CI = 
1.19-1.32). Similar associations were observed for the indi-
vidual subcomponents of all-cause graft failure. Compared 
to cluster 2, there were higher odds of DGF in cluster 3 
(adjusted odds ratio = [aOR] = 1.42, 95% CI = 1.30-1.55) 
but no difference in cluster 1 (aOR = 0.96, 95% CI = 0.88-
1.05) (Table 2).

Post-transplant Outcomes According to Combined 
Donor-Recipient Risk

The rate of all-cause graft failure ranged from 47.1% to 
62.9% for the different KDRI-recipient cluster combinations 
(Supplementary Table 3), with adjusted risks presented in 
Table 3. All recipient clusters had a higher risk of all-cause 
graft failure at KDRI ≥1.45 vs KDRI <1.45. Compared to 
the reference group (cluster 2 recipients of KDRI <1.45 kid-
neys), cluster 3 recipients of KDRI ≥1.45 kidneys had the 
highest risk of all-cause graft failure (aHR = 1.74, 95% = CI 
1.61-1.87). We observed similar patterns of association for 
the secondary outcomes, with some exceptions. The combi-
nation of KDRI <1.45 and recipient cluster 1 was protec-
tive against death despite kidney function compared to the 
reference group (aHR = 0.91, 95% CI = 0.84-0.98) 



8	 Canadian Journal of Kidney Health and Disease

Table 2.  Post-transplant Outcomes According to Recipient Cluster.

Outcome Cluster 1 (n = 6153) Cluster 2 (n = 4813) Cluster 3 (n = 5398)

Primary outcome
  All-cause graft failure  
  % 51.7 56.0 58.7
  Unadjusted HR (95% CI) 0.93 (0.89-0.98) 1 [Reference] 1.26 (1.20-1.33)
  Adjusted HR (95% CI)a 0.95 (0.90-0.997) 1 [Reference] 1.25 (1.19-1.32)
Secondary outcomes
  Death despite kidney function  
  % 38.4 42.3 44.5
  Unadjusted HR (95% CI) 0.92 (0.87-0.97) 1 [Reference] 1.30 (1.22-1.37)
  Adjusted HR (95% CI)a 0.92 (0.87-0.98) 1 [Reference] 1.29 (1.21-1.37)
Death-censored graft failure  
  % 13.3 13.7 14.2
  Unadjusted HR (95% CI) 0.98 (0.88-1.08) 1 [Reference] 1.17 (1.05-1.29)
  Adjusted HR (95% CI)a 1.02 (0.92-1.13) 1 [Reference] 1.15 (1.03-1.27)
Delayed graft function  
  % 22.7 24.1 31.6
  Unadjusted OR (95% CI) 0.93 (0.85-1.01) 1 [Reference] 1.45 (1.33-1.59)
  Adjusted OR (95% CI)a 0.96 (0.88-1.05) 1 [Reference] 1.42 (1.30-1.55)

CI = confidence interval; HR = hazard ratio; OR = odds ratio.
aAdjusted for donor factors (age, sex, race, height, weight, body mass index category, cytomegalovirus status, diabetes, hypertension, hepatitis C virus, 
cerebrovascular cause of death, donation after cardiac death, vasodilator use, arginine use, inotrope use, serum creatinine level, Kidney Donor Risk Index 
≥1.45), cold ischemia time, and number of human leukocyte antigen mismatches.

Table 3.  Time to All-Cause Graft Failure According to Kidney 
Donor Risk Index and Recipient Cluster Combinations  
(n = 16 178).

Hazard ratio (95% CI)a

  KDRI <1.45 KDRI ≥1.45

Recipient cluster 1 0.94 (0.87-1.01) 1.37 (1.27-1.47)

Recipient cluster 2 1 [Reference] 1.43 (1.32-1.54)

Recipient cluster 3 1.29 (1.21-1.39) 1.74 (1.61-1.87)

CI = confidence interval; HR = hazard ratio; KDRI = Kidney Donor Risk 
Index.
aAdjusted for donor sex, donor body mass index, donor cytomegalovirus 
status, donor vasodilator use, donor arginine use, donor inotrope use, 
cold ischemia time, and number of human leukocyte antigen mismatches. 
Green (HR <1.00), yellow (HR 1.00-1.49), orange (HR 1.50-1.99), and 
red (HR >2.00). Colors only apply to significant results.

(Supplementary Table 4). Recipients of KDRI ≥1.45 kid-
neys had considerably higher point estimates for death-cen-
sored graft failure (Supplementary Table 5). For DGF, point 
estimates were higher across all KDRI-recipient combina-
tions (Supplementary Table 6).

The rate of all-cause graft failure ranged from 31.4%  
to 63.0% across donor-recipient cluster combinations 
(Supplementary Table 7), with adjusted risks presented in Table 
4. Relative to the reference (donor cluster 3-recipient cluster 2), 
there was a high risk of graft failure for recipients of kidneys 
from donor clusters 2 and 4. Focusing on recipient clusters, 
those in recipient cluster 3 were at higher risk when receiving 
kidneys from donor clusters 1, 2, and 4; the risk was not as high 
when receiving from donor clusters 3 and 5. Similar associa-
tions were observed for death despite kidney function, although 
point estimates varied (Supplementary Table 8). The findings 
were not as consistent for death-censored graft failure, particu-
larly for recipients of kidneys from donor cluster 4, whereby 
the point estimate was high for all recipient clusters 
(Supplementary Table 9). The DGF was increased for cluster 3 
recipients across all donor pairings. Cluster 1 and 2 recipients 
had higher odds of DGF only when receiving kidneys from 
donor clusters 2 and 4 (Supplementary Table 10).

Post-transplant Outcomes Stratified  
by Donor Risk

Table 5 shows the risk of post-transplant outcomes stratified 
by KDRI. The KDRI modified the association between 

recipient cluster assignment and DGF for cluster 3 recipients 
(P = .04). Among recipients of a higher quality (KDRI 
<1.45) kidney, the odds of DGF were 58% higher in cluster 
3 compared to cluster 2 (aOR = 1.58, 95% CI = 1.40-1.79). 
Among recipients of a lower quality (KDRI ≥1.45) kidney, 
the odds of DGF were 31% higher in cluster 3 compared to 
cluster 2 (aOR = 1.31, 95% CI = 1.15-1.49). There were no 
other statistically significant interaction terms.

Supplementary Table 11 shows the risk of post-transplant 
outcomes stratified by previously derived donor clusters.10 
Compared to cluster 2 recipients, cluster 3 recipients were at 
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Table 4.  Time to All-Cause Graft Failure According to Donor-Recipient Cluster Combinations (n = 13 294).

Hazard ratio (95% CI)a

 
Donor cluster 3 

(lowest risk donors) Donor cluster 5 Donor cluster 1 Donor cluster 4
Donor cluster 2 

(highest risk donors)

Recipient cluster 1 0.82 (0.66-1.03) 1.03 (0.87-1.23) 1.28 (1.02-1.60) 1.63 (1.37-1.94) 1.64 (1.33-2.01)

Recipient cluster 2 1 [Reference] 1.17 (0.98-1.40) 1.40 (1.10-1.78) 1.64 (1.38-1.95) 2.05 (1.66-2.54)

Recipient cluster 3 1.25 (1.01-1.55) 1.42 (1.19-1.70) 1.87 (1.51-2.33) 2.12 (1.79-2.52) 2.12 (1.72-2.60)

CI = confidence interval; HR = hazard ratio.
aAdjusted for cold ischemia time and number of human leukocyte antigen mismatches. Green (HR <1.00), yellow (HR 1.00-1.49), orange (HR 1.50-1.99), 
and red (HR >2.00). Colors only apply to significant results.

Table 5.  Post-transplant Outcomes Stratified by Kidney Donor Risk Index..

Modela KDRI <1.45 (n = 9490) KDRI ≥1.45 (n = 6688) Interaction P

All-cause graft failure  
  Cluster 1 0.94 (0.88-1.01) 0.96 (0.89-1.04) .68
  Cluster 2 1 [Reference] 1 [Reference] −
  Cluster 3 1.30 (1.21-1.39) 1.21 (1.13-1.31) .27
Death despite kidney function  
  Cluster 1 0.91 (0.84-0.99) 0.94 (0.85-1.03) .62
  Cluster 2 1 [Reference] 1 [Reference] −
  Cluster 3 1.32 (1.22-1.43) 1.25 (1.14-1.37) .42
Death-censored graft failure  
  Cluster 1 1.06 (0.90-1.24) 1.01 (0.88-1.15) .60
  Cluster 2 1 [Reference] 1 [Reference] −
  Cluster 3 1.21 (1.02-1.43) 1.13 (0.99-1.30) .50
Delayed graft function  
  Cluster 1 1.01 (0.89-1.14) 0.90 (0.79-1.03) .31
  Cluster 2 1 [Reference] 1 [Reference] −
  Cluster 3 1.58 (1.40-1.79) 1.31 (1.15-1.49) .04

KDRI = Kidney Donor Risk Index.
aAll models were adjusted for donor sex, donor body mass index, donor cytomegalovirus status, donor vasodilator use, donor arginine use, donor 
inotrope use, cold ischemia time, and number of human leukocyte antigen mismatches. Results are expressed as hazard ratios (95% confidence intervals) 
for the outcomes of all-cause graft failure, death despite kidney function, and death-censored graft failure. Results are expressed as odds ratios (95% 
confidence intervals) for the outcome of delayed graft function.

higher risk of all-cause graft failure when receiving kidneys 
from donor clusters 1, 4, and 5. Cluster 1 recipients were at 
lower risk of all-cause graft failure when receiving kidneys 
from donor clusters 2 and 5. Cluster 3 recipients had higher 
odds of DGF when receiving kidneys from all donor clusters 
except 2, while cluster 1 and 2 recipients had comparable 
odds of DGF across all donor clusters.

Discussion

In a national cohort, we used an unsupervised machine learn-
ing clustering approach to characterize kidney transplant 
recipients aged ≥65 years. Unsupervised clustering gener-
ated 3 recipient phenotypes exhibiting differential risks of 
all-cause graft failure. Recipients belonging to a high-risk 

recipient phenotype who received high-risk donor kidneys 
were at even higher risk of graft failure. Our results align 
with established risk factors for graft failure, highlighting the 
utility of using an objective, data-driven approach to quan-
tify post-transplant risks in older kidney transplant 
recipients.

Our clustering approach revealed natural occurrences 
splitting older kidney transplant recipients into groups. 
Cluster 1 recipients were exclusively female, cluster 2 recipi-
ents exclusively males without diabetes, and cluster 3 recipi-
ents exclusively males of whom 94% had diabetes. This 
separation raises the question of why males were divided by 
diabetes status, while females were not. One may surmise 
that this separation reflects true differences; females with 
and without diabetes who undergo kidney transplantation 
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may be more similar than their male counterparts. However, 
this hypothesis is not supported by existing literature; a study 
of 7529 individuals from the United Kingdom found greater 
differences in cardiovascular risk factors between women 
with and without diabetes than between men with and with-
out diabetes.19 We speculate that the observed homogeneity 
among females in our study may stem from differential 
access to kidney transplantation between males and females. 
Females have lower rates of referral,20-23 activation on the 
waitlist,24 and eventual transplantation once waitlisted.24 
Health care providers may perceive women as more frail and 
unable to tolerate major surgery,25 making them less likely to 
discuss kidney transplant as a preferred option with women.26 
Women may also be less likely to seek a referral or more 
likely to have concerns or decline information about trans-
plantation.27,28 Globally, nephrologist-identified barriers to 
women accessing kidney transplantation include caregiving 
duties, pressure to maintain appearance, fertility concerns, 
lower health literacy, and lack of material support.29 
Disparities in access to kidney transplantation are particu-
larly evident among older age groups.21,22 In a large popula-
tion in the United States, women aged 65 to 80 years were 
28% less likely to be referred for kidney transplant than men 
of the same age, compared to 7% at ages 45 to 64 years and 
no difference at ages 18 to 44 years.22 Therefore, older 
women who successfully overcome the aforementioned bar-
riers to enter the recipient pool may represent a more selected 
group than men. Indeed, cluster 1 exhibited the lowest risk of 
all-cause graft failure in our study, even when compared to 
cluster 2 which was representative of a healthy population of 
male recipients.

We are aware of only one other study that has used an 
unsupervised machine learning approach to cluster older kid-
ney transplant recipients. Thongprayoon et al9 identified 3 
distinct clusters among 419 recipients aged ≥80 years in the 
United States from 2010 to 2019, where clusters were based 
on donor-, recipient-, and transplant-related characteristics. 
Our study differs in that our unsupervised clustering approach 
was based solely on recipient factors, providing an objective 
method to stratify risk in older kidney transplant recipients 
irrespective of the donor or transplant procedure. We also 
used a younger age cutoff of ≥65 years and thus included a 
larger cohort of recipients than the previous study.

The recipient clusters exhibited differential risks of post-
transplant outcomes. Cluster 1 had the lowest risk of graft 
failure and was comprised of female recipients with a lower 
proportion of CAD and higher peak PRA levels. High  
PRA levels have been associated with an increased risk  
of all-cause mortality and death-censored graft failure.30 
Interestingly, despite cluster 1 recipients being more sensi-
tized, this did not translate to poorer outcomes in our study, 
further suggesting that multiple recipient factors act collec-
tively to influence post-transplant outcomes. Cluster 3 had 
the highest risk of graft failure and the highest proportion of 
recipients with known risk factors, including diabetes,31 

CAD,32 peripheral vascular disease,33 and a longer dialysis 
vintage.34,35 Cluster 2 had several low-risk features compared 
to the other clusters, including more recipients at a normal 
BMI,36 no diabetes,31 better functional status,37,38 and a 
shorter dialysis time.34,35 Despite this, the rate of all-cause 
graft failure was higher in cluster 2 compared to cluster 1. 
Cluster 2 recipients were 1 year older on average and more 
likely to be male, have CAD, and have cancer than cluster 1 
recipients. While each of these factors individually may have 
an insignificant or modest impact on graft failure,39 collec-
tively they could pose a heightened risk.

Our results demonstrate that pairing the recipient clusters 
with different donor groups leads to different post-transplant 
outcomes. The role of nonimmunologic donor-recipient pair-
ing in kidney transplantation has been explored previously 
for age,40-42 ethnicity and race,43,44 sex,45-47 and size.42,45,48-51 
In addition, Bae et al52 estimated post-kidney transplant sur-
vival for different donor-recipient risk combinations, ranging 
from 53.0% (KDPI = 100%, EPTS = 100) to 97.4% (KDPI 
= 28%, EPTS = 1). In this study, we observed graft failure 
rates ranging from 31.4% to 63.0% across all donor-recipient 
cluster combinations, with lower rates for favorable risk 
pairings and higher rates for high-risk pairings. This further 
emphasizes that there are significant differences in post-
transplant survival among older adults when evaluating com-
bined pairings of donors and recipients.

To our knowledge, our study is the first to evaluate post-
transplant outcomes for different combinations of machine 
learning-generated donor and recipient phenotypes. Our 
approach aligns with the United Network for Organ Sharing’s 
continuous distribution framework, a holistic organ alloca-
tion strategy that prioritizes evaluating multiple attributes 
simultaneously over inflexible and sequential patient catego-
rization.53 The continuous distribution system, which was 
implemented for lung transplantation in March 2023 and is 
being developed for kidney transplantation, is projected to 
decrease waitlist deaths and improve equity in allocation.54 
Given that our unsupervised clustering model generated 
recipient clusters at differential risks of graft failure, such a 
strategy may be a novel way to estimate post-transplant sur-
vival and subsequently inform kidney allocation policy. 
While a risk stratification system limited to older individuals 
is unlikely to offer the most equitable solution, we believe 
our findings contribute valuable insights about phenotypes 
of older kidney transplant recipients that merit refinement in 
broader allocation strategies. However, efforts to incorporate 
unsupervised clustering into kidney allocation practices must 
be weighed against the need to ensure equitable distribution 
of organs based on factors beyond utility metrics alone.

This study has several strengths. We used a nationally 
representative database of kidney transplant recipients to 
generate the recipient clusters. We used 2 approaches to 
define donor risk, including the validated KDRI as well as 
novel donor clusters previously generated by our team 
using unsupervised clustering. Unlike earlier studies of 
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unsupervised clustering to predict outcomes after kidney 
transplantation, which used donor, recipient, and peritrans-
plant variables to derive clusters, our study is the first to 
develop a model based exclusively on recipient factors that 
would be available at the time of a kidney offer. We found 
that known risk factors emerge naturally through unsuper-
vised clustering analysis, reinforcing existing evidence while 
also providing a quantitative framework. By subsequently 
looking at different combinations of donors and recipients, 
our goal was to simulate real-world allocation scenarios 
more authentically. This approach may help inform prognos-
tication and clinical decision-making for older recipients 
undergoing kidney transplantation; by gaining insight into a 
recipient’s potential outcomes after receiving a particular 
donor kidney, we can tailor our management and proactively 
address anticipated challenges. For instance, recipients 
belonging to a high-risk cluster may benefit from more inten-
sive cardiovascular monitoring, tighter glucose control, and 
more frequent follow-up.

This study has some limitations. Although our use of a 
large SRTR cohort provided robust data for cluster genera-
tion, we did not include an external validation cohort. In the 
absence of external validation, our results should be inter-
preted as exploratory and further research is needed to con-
firm the generalizability of these clusters in different 
populations. For example, other regions may use different 
allocation strategies (eg, Eurotransplant Senior Program) 
and our approach of combining donor and recipient clusters 
would be less applicable in those regions. In addition, the 
mean age of donors in our study was 44.6 years, further lim-
iting the applicability of our results to countries with old-for-
old allocation systems. From a clustering standpoint, the 
selection of 3 recipient clusters, while deemed optimal based 
on model performance metrics, may not fully capture the 
complex diversity within this patient population. Incor
porating additional clusters could provide greater nuance but 
would need to be carefully balanced with clinical interpret-
ability. National registry data also inherently lack informa-
tion about factors that could influence post-transplant 
outcomes in older recipients, including frailty status, medi-
cation use and adherence, psychosocial and socioeconomic 
factors, and lifestyle behaviors. Furthermore, our findings 
should not be used to inform individual risk prediction nor be 
applied to recipients younger than 65 years of age.

Conclusions

In a national cohort of older kidney transplant recipients, an 
unsupervised machine learning clustering approach gener-
ated 3 clinically distinct recipient phenotypes at differential 
risks of graft failure. Unsupervised clustering offers an 
objective framework for stratifying recipients which may 
mitigate biases that can arise from more traditional risk 
assessments. The phenotypes may aid in complementing 
allocation decisions, providing insights into prognosis, and 

optimizing post-transplant care for older kidney transplant 
recipients.
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