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Abstract. Frailty is associated with a higher risk of death among kidney
transplant candidates. Currently available frailty indices are often based on
clinical impression, physical exam or an accumulation of deficits across domains
of health. In this paper we investigate a clustering based approach that partitions
the data based on similarities between individuals to generate phenotypes of
kidney transplant candidates. We analyzed a multicenter cohort that included
several features typically used to determine an individual’s level of frailty. We
present a clustering based phenotyping approach, where we investigated two
clustering approaches—i.e. neural network based Self-Organizing Maps (SOM)
with hierarchical clustering, and KAMILA (KAy-means for MIxed LArge data
sets). Our clustering results partition the individuals across 3 distinct clusters.
Clusters were used to generate and study feature-level phenotypes of each group.
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1. Introduction

Frailty has been shown to be associated with a higher risk of death among dialysis
patients, kidney transplant recipients and even those who are waiting for a kidney
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transplant [1, 2]. Among waitlist candidates, the measurement of frailty often involves
established frailty measurement tools (i.e. the Fried Phenotype), clinical impression or
a comprehensive assessment based on a summation of deficits across several domains
(including social, function, mobility, health and cognition), known as a frailty index
[3, 4]. These tools all have advantages but may be informed by only a limited number
of variables[5]. Partitioning the data based on similarities between individuals, when
informed by a wide range of variables, may better help to identify waitlist candidates
who are at higher risk by virtue of having a high proportion of deficits.

In this paper, we present a clustering based phenotyping approach, where we
investigated two different clustering approaches applied to a multicenter, prospective
dataset of kidney transplant candidates with multi-type data and a large number of
features. We investigated neural network based self-Organizing Maps (SOM) [6] with
hierarchical clustering, and KAMILA (KAy-means for MIxed LArge data sets), a
density based clustering method [7]. Our clustering results show that the data has 3
distinct clusters which were further analyzed using statistical methods to understand
feature-level phenotypes of waitlist candidates grouped in each cluster.

2. Methods
2.1. Data description

We analyzed a cohort of 807 kidney transplant recipients who were previously
recruited to a multicenter prospective study evaluating the impact of frailty on
outcomes for kidney transplant waitlist candidates (from 2016-2022) [8]. The dataset
only included those individuals who were within 6 months of their date of being
placed on the kidney transplant waitlist (N=367) for whom there were 105 variables
across a number of domains. Patients in the original study were recruited from five
Canadian transplant centers located in London (Ontario), Hamilton (Ontario), Halifax
(Nova Scotia), Saint John (New Brunswick), and Montreal (Quebec). Variables in the
dataset included demographics, comorbid health conditions, self-reported functional
limitation, both self-reported and measured variables relating to cognitive function,
social and emotional well-being, and physical examination of low grip strength and
slow walking time. The dataset contained both categorical and continuous features.

2.2. Data Clustering

We used ML based clustering methods to partition the data into distinct clusters,
where each cluster represents patients with similar characteristics. We investigated
neural network based Self-Organizing Maps (SOM) as they have the inherent
properties of dimension reduction to a 2-diemnsional map through vector quantization,
and visualization of the clusters. For SOM we used the aweSOM library in R studio.
We applied the iterative clustering method KAMILA that uses kernel density
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estimation for continuous features and multinomial modelling for categorical features.
Clustering performance, was evaluated using the silhouette score, Dunn Index, and
Calinski-Harabasz (CH) Index. Silhouette score determined the optimal number of
clusters. Best clustering result was determined based on both silhouette and CH index.

3. Results

Table 1 presents the results for SOM based clustering experiments. The ideal SOM
had a dimension of 7x7, and the data was distributed into 3 reasonably sized clusters.
Figure 1 illustrates the clustering result generated by the 7x7 SOM. The experimental
results using KAMILA, showed sub-optimal cluster distributions with one dominant
and two small clusters. Therefore, the SOM based clusters were used for generating
phenotypes for the cohort of waitlist candidates.

Table 1: Results of SOM based clustering experiments.

Dimensions Linkage Cluster Sizes Silhouette Dunn CH
Tx7 Complete 198, 90, 79 0.1124315 0.1273989 39.7
10x10 Ward D.2 188, 131, 48 0.0878228 0.1323267 429
12x12 Ward D.2 202,51,114 0.0911939 0.07530532 41.9
15x15 Ward D 203,50, 114 0.1000332 0.1334696 40.5
17x17 Ward D.2 87,67,213 0.115904 0.1387107 39.6
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Figure 1. Distribution and structure of the three clusters generated by SOM.

4. Discussion

We analyzed the distribution of characteristics within each cluster to generate
phenotypes across three main dimensions: Comorbidity, Functional/Mobility
impairment, and Mental and Social Function. Table 2 illustrates the phenotype for
each cluster based on the values of select features. The cells highlighted in red
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indicate a known high risk feature, orange cells indicate medium risk, and green cells
indicate low-risk. According to the analysis, cluster 3 (79 patients) represents patients
with the highest number of impairments across all domains, followed by cluster 2
(N=90 patients), and finally cluster 1 (N=198 patients).

Table 2. Baseline Characteristics of Patients Stratified by Cluster Assignment.

Variable Cluster 1 Cluster 2 Cluster 3 P
N=198 N=90 N=79

Demographics
Age (years +/- standard deviation) 55+/-13 48 +/-13 |
Comorbidity: N (%) ]
Diabetes 68 (34) 8 (9) |
Coronary Artery Disease 33(17) 33 |
Cerebrovascular Disease 8(4) 8(9) |
Prior Cancer 21 (11) 2(2) |
Functional : N (%) _
Exhaustion 28(14) 44 (49) |
Weak Grip 58 (29) 28 (31) |
Slow Walking Speed 15 (8) 15(17) |
Trouble lifting 10 pounds 32 11 (12) \
Help with Housework 11 (6) \
Help with Groceries 19 (10) 38 (42) |
Help Climbing Stairs 0 1(1) \
Limited in Walking 100 Metres 6 (3) 5(6) |
Limited in Moderate Activity 25 (13) 46 (51) |
Limited in Climbing One Flight of Stairs 6(3) 44 |
Cuts Work Due to Physical Function 71 (36) |
Social, Emotional, Cognitive _—
Feels Everything is an Effort 37 (19) |
Feels Alone 16 (8) |
Cannot recall 3 words
Rarely Socializes 60 (30)
Cuts Work Due to Emotional Reasons 2 ()

Analysis of Cluster 1: The largest group of patients (198 patients) have the
fewest issues with functional limitation. From a social and emotional perspective they
tended to have the least degree of impairment, with the exception of cognitive recall;
a sizable portion of them had trouble recalling 3 words. In terms of comorbidity, these
patients were at intermediate risk with high proportions of prior coronary artery
disecase (17%) and diabetes (34%). Overall, patients in this cluster were mostly
independent and emotionally healthy, but with a moderate burden of comorbidity.

Analysis of Cluster 2: This group of 90 patients was the youngest and contained
the highest proportion of individuals of female sex (60%). Patients in this cluster had
a minimal burden of comorbidity. In terms of functional status patients in this cluster
did require a degree of assistance for a number of tasks, a tendency to exhaustion and
impaired grip strength. Interestingly, these patients did exhibit impaired social, and
emotional function, most notably in perceived effort, although cognitive recall was
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not as impaired as for those in clusters 1 and 3. Patients in this cluster have enough
functional capacity to perform many basic tasks, they have very few comorbidities
emphasizing that functional impairment is not synonymous with medical conditions.

Analysis of Cluster 3: The smallest cluster (79 patients) is the highest-risk
cluster made up of the largest percentage of patients with severe health problems such
as diabetes (68%), coronary artery disease (33%), and prior malignancy (16%). In
terms of functional status, this group had trouble performing basic tasks such as
walking, bathing, climbing stair and doing groceries. With respect to emotional and
social function, this cluster has the largest percentage of patients who felt lonely and
socially isolated. Overall, this group was characterized by individuals with a high
frailty severity and impairments across a number of health domains.

5. Conclusions

ML-based clustering provides an automated approach to generate phenotypes of
kidney transplant candidates using a large number of multi-type variables. Our
clustering methods grouped similar patients, given a heterogeneous population, to
generate phenotypes based on all the patient features, as opposed to just some
important features which is the case with manual phenotyping. The generated
phenotypes can be used to identify waitlist candidates who are at higher frailty risk.
Frailty is important for all organ transplant candidates and recipients, as such our
approach can be applied broadly to other organ transplants.
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