Multiscale Classification of Heart Failure Phenotypes by Unsupervised Clustering of Unstructured Electronic Medical Record Data
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Supplementary Materials and Methods
TF-IDF Implementation
The vector of counts of complaints of each patient was transformed using the term frequency-inverse document frequency (TF-IDF) approach. Copy and pasting is common in clinical text and becomes even more prevalent in patients with longer records. To reduce the contribution of repeated text chunks and normalize term counts over patients with different timeline lengths, we utilized a logarithmic term frequency, followed by an L2 normalization of each patient vector. 

[bookmark: _GoBack]The relative frequency of complaints in the dataset follows a power law distribution. To limit the dimensionality of the representation and to exclude rare terms, we restricted the complaints vocabulary  to 99% the most frequent complaints, which reduced the vocabulary size from 9,375 to 1,276. Vectorizing the entire heart failure cohort results in a two-dimensional matrix of the form . Here, N denotes the number of patients in the cohort. 

Inferring Phenotypes from Clusters
[bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: Results][bookmark: _Results_1]To interpret clusters of patients discovered via K-means clustering, we used statistical testing to find complaints that were significantly overrepresented within the cluster as compared to the rest of the heart failure population. Doing so allows us to determine the distinguishing medical concepts, or features, of each cluster. More specifically, for each cluster  we break the patient matrix  into two submatrices,  and , where  contains the data points of all patients from cluster  () and , contains the data points from all other clusters (). For each feature , we then use a one-sided t-test to test the null hypothesis that the mean of the TF-IDF features in  are equal to  Rejection of the null hypothesis for feature  means that this complaint is overrepresented in cluster  and can be interpreted as a distinguishing characteristic of the cluster. Performing this test for each complaint within a cluster yields a vocabulary of significantly associated complaints . We employed Bonferroni correction for multiple comparisons. Samples were tested to confirm to be normally distributed. 

Clustering Model Evaluation
We hypothesized that clustering with different K values (numbers of clusters) would group HF patients by different levels of disease hierarchy (i.e., small values of K would result in cohorts grouped by broad disease features, whereas a large values of K would results in cohorts grouped by more granular disease features). To determine which values of K yield stable clusters for the HF patent dataset, we quantified cluster stability for each value of K with a bootstrapping strategy (1). For values of K that represent true clusters in the underlying dataset, these clusters should be re-identifiable in randomly subsampled portions of the original dataset. 

First, for , we clustered patients via K-means clustering to obtain reference clustering results . Then for each reference clustering result for each value of K, we utilized a cluster bootstrapping strategy in which we 1) subsampled a fixed fraction of the original dataset then 2) clustered again to generate a bootstrapped clustering result . We repeated the bootstrapping for varying fractions of data  to investigate whether the size of the available patient cohort would limit the level of accuracy and robustness of the cluster identification. This procedure was repeated 1,000 times for each value of K and each fraction of data. 

To evaluate the stability of clustering results, we compared the similarity of each bootstrapped clustering result to the corresponding reference clustering at each value of . The Jaccard index characterizes how robust the grouping of patients within a cluster is to changes in the specific population of patients through random subsampling of the data set. Similarity was thus calculated using the Jaccard index across the reference and bootstrapped clustering results: 

Here  denotes the number of datapoints used in both clustering models,  is the number of datapoints present in cluster  from reference clustering  and cluster  from bootstrapped clustering .  is the Jaccard index between in clusters  and : 



For each value of K and each fraction of data, this analysis yields a distribution of 1000 values of , which can be used to quantitatively compare the stability of clustering across different values of K. In this formulation, a value of  means that the data has been partitioned identically in the reference and bootstrapped clustering (perfect stability). As less data is sampled for bootstrapping (lower values of ), we can empirically test the amount of data at which the clustering result breaks down.

To test the stability of the medical concepts characterizing the different patient clusters, we utilized a semantic similarity measure based on a modification of the Jaccard index. Semantic similarity S quantifies the similarity of the significant complaints associated with each cluster between the reference and bootstrapped clustering results: 



As before,  denotes the number of datapoints used in both clustering models,  is the number of datapoints present in cluster  from reference clustering  and cluster  from bootstrapped clustering .  is the semantic similarity index between in clusters  and , and quantifies the overlap of the significantly associated complaints vocabularies between the two clusters:



As with the Jaccard index bootstrapping, we repeated the bootstrapping for varying fractions of data . Robust identification of local maxima in  and  across increasingly diminishing fractions of the data provides the basis for selection of stable clusters. 

Selection of K and Inferring Phenotype Hierarchies
In this analysis, we considered local maxima when sampling 50% of data () resulting in  values of . After choosing to analyze a set of clusters satisfying both local maximum criteria at a given value of , which we denote , we aimed to visualize the hierarchical structure of the clustering result. Doing so allows us to understand which phenotypes are more similar to each other and thus frame the results at various levels of hierarchy. To do so, we computed the Jaccard index between the clustering results  and the clustering result for all local maxima for values of  less than  , . This results in a Jaccard similarity matrix of size ; we then computed the pairwise distance between each cluster in . We repeated this for each value of , computed the average, then use the resulting combined distance matrix to create a dendrogram using hierarchical clustering (complete linkage). The resulting phenotype dendrogram allows us to understand the hierarchical relationship between clusters at different values of  and provides a phylogenetic tree of complaints and symptoms.

Quantifying associations between medical concepts
Finally, we performed an analysis to quantify the co-occurrence rate of important (significantly overrepresented) concepts associated with each cluster. To quantify the co-occurrence of concepts associated with each phenotype, we considered the top 10 most significantly associated (smallest p-value) concepts in each cluster. Thus, for a given value of , we consider  concepts; we then calculate a concept association score  between a pair concepts  and , using the Jaccard index:



Here,  denotes the number of patients in which  and  are both mentioned, while  and  denote the number of patients in which  and  occur, respectively. 

To quantitatively compare associations in published literature, we also computed the same pairwise scores using PubMed queries. For PubMed,  denotes the number of articles in which  and  are both mentioned, while  and  denote the number of articles in which  and  occur, respectively. 

Statistical Package Versions
TF-IDF vectorization, K-means clustering, and t-SNE were implemented using Python’s Scikit-learn (0.19.1). Statistical tests were implemented using Scipy (1.3.0). 


Supplementary Results
[bookmark: Discussion][bookmark: _Discussion_1]Characterizing Properties of Discovered Phenotypes
Non-Ischemic Heart Disease
Congenital Heart Disease
A branch point in Fig. 3A () occurs within non-ischemic heart disease and separates neonates with congenital heart disease from the rest of the non-ischemic heart disease groups. These two clusters contain infants (Neonatal ICU and Congenital Heart Defects, median age of 1.33 and 0.08 years, respectively). Within each of these clusters over 98% of patients are coded with the ICD-10 group Q20-Q28 (congenital malformations of the circulatory system); this and the young age of patients within these groups points to a congenital origin of HF, a common etiology of heart failure in younger patients (2). This conclusion is supported by the significant concepts associated with these clusters, including terms such as congenital heart defects, congenital heart disease, congenital abnormality, atrial septal defects, ventricular septal defects, and atrioventricular septal defects.

From Fig. 3A, we can see that patients within these two phenotypes cluster together even at  and only break into two groups at . Although these clusters share the same etiology of heart failure, the patients in Neonatal ICU have a much more severe condition than those in Congenital Heart Defects. In addition to containing mentions of congenital heart disease, the patients in Neonatal ICU also contain mentions of medical concepts such as surgical wound (found in 76.7% of patients), hypotension (80.0%), respiratory failure (71.2%), acute kidney failure (41.9%),  air embolism (62.2%), oxygen saturation below reference range (46.8%), and ventricular hemorrhage (37.1%); the severity of their condition is reflected in an in-hospital mortality rate of 16.6%. Additionally, 57.% of these patients had mentions of infants, premature and 57% had mentions of premature birth, a condition associated with HF in the young (3). 

Cardiomyopathy 
We observed causes of heart failure corresponding to cardiomyopathy, including hypertrophic cardiomyopathy (4,5) as well as unspecified cardiomyopathies. These are distributed within four clusters where a majority of the patients have several types of cardiomyopathy according to both significant concepts and ICD-10 codes: Hypertrophic cardiomyopathy (HCM), Isolated cardiomyopathy (adult), and Pediatric cardiomyopathy. Aside from the neonates, these three groups have some of the youngest patients (median age of 55, 45, and 11 respectively). 

Patients with HCM were well-clustered within the HF cohort; the complaint Hypertrophic cardiomyopathy is mentioned in the clinical text 100% of the patients of the eponymous cluster (and is only present in 2.58% of patients outside the cluster), and 98.0% of these patients received the I42 ICD-10 code for cardiomyopathy. These patients also exhibit complaints that are typical complications of HCM, including syncope (16.9% of patients), heart murmur (34.0%), and mitral valve insufficiency (77.1%) (6). Interestingly, although most studies show a bias toward men of up to 60% in HCM cohorts, our study contains a relatively gender-balanced cohort (53.9% female), which is consistent with the autosomal dominant inheritance pattern of this disorder (7). 

The Isolated cardiomyopathy cluster is predominantly female (69.3%) and is characterized by high rates of thyroid disorders, including mentions of autoimmune thyroiditis (20.3% of patients), nodular goiter (20.3%), hypothyroidism (12.5%), thyrotoxicosis (7.50%), toxic diffuse goiter (4.13%), and Grave’s disease (3.01%). After cardiomyopathies, the next most common diagnostic codes in this group were associated with thyroid disease. This is consistent with the fact that thyroid disorders are more common in females (8) and can serve as a driver of heart disease, including cardiomyopathy and heart failure (9). 

The Pediatric cardiomyopathy cluster contains patients with a median age of 11.7 (4.39, 17.7 interquartile range). Based on the significant concepts associated with this group, this cluster seems to contain a mix of the youngest heart failure patients (excluding neonates with congenital heart disease). First, 69.6% of patients within this group had mentions of myocarditis mentioned in their notes (with endocarditis and pericarditis also significantly associated), which is known to cause cardiomyopathy (10) and lead to heart failure in children (11). Although very likely originating from a different etiology, this cluster also appears to contain patients with peripartum cardiomyopathy, as evidenced by significant concepts such as pregnancy, childbirth, primigravida, premature birth, breast feeding, preeclampsia, fetal movement, and duration of gestation, where previous studies have outlined the close relationship between pregnancy, myocarditis, and cardiomyopathy (12).

Finally, it should be noted that out of all the cardiomyopathy clusters, the DCM cluster was the only one that was not grouped with the rest of cardiomyopathy clusters in the phenotype dendrogram but was instead grouped closer to Decompensated CHF and Atrial fibrillation. As discussed above, this is likely due to the fact that the DCM cluster exhibits several clinical characteristics shared with to Decompensated CHF and Atrial fibrillation, including a predominantly male cohort and high rates of mentions of decompensation and atrial fibrillation.
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Supplementary Tables

	TUI
	Semantic type description

	
	

	T020
	Acquired Abnormality

	T190
	Anatomical Abnormality

	T049
	Cell or Molecular Dysfunction

	T019
	Congenital Abnormality

	T047
	Disease or Syndrome

	T050
	Experimental Model of Disease

	T033
	Finding

	T037
	Injury or Poisoning

	T048
	Mental or Behavioral Dysfunction

	T191
	Neoplastic Process

	T046
	Pathologic Function

	T184
	Sign or Symptom


Supplementary Table S1: List of UMLS type unique identifiers (TUIs) used to denote complaints.


See file Supplementary table S2.xlsx

[bookmark: Textbox]Supplementary Table S2: Top 50 most significant complaints for each phenotype, ranked by p-value (smallest to largest). Significance was determined using a one-sided (greater) t-test with Bonferroni correction testing the null hypothesis that the distribution of values of TF-IDF features for a medical entity in cluster i are drawn from the same distribution as the same entity in all other clusters. Also shown are the percentage of patients in the cluster with the concept mentioned, as well as the percentage of patients in the overall cohort with mentions of the concept. If a cluster has less than 50 significant complaints, all are shown.


Supplementary Figures

[image: ]
Supplementary Figure S1: Quantifying cluster stability. (A) Violin plot depicting the distributions of Jaccard index (left violin, cyan) and semantic similarity values (right violin, khaki) between original K-means clustering and clustering on a bootstrapped dataset subsampling 50% of the dataset (number of iterations = 1000). Diamonds mark the median of the distribution, while dotted lines denote the 25th/75th quartiles. Local maxima for the Jaccard index/semantic similarity are marked with cyan/khaki stars. Green corridors show values of K for which the Jaccard index and semantic similarity are both local maxima, K ≤15. (B) Median values of the Jaccard index (top) and semantic similarity (bottom) between original K-means clustering and clustering on a bootstrapped dataset subsampling for fractions of data in [0.5, 0.25, …, 0.0078125].



[image: ]
Supplementary Figure S2: Quantifying associations between HF complaints. (A) Cumulative distribution of association scores for concept pairs in the top 10 most significant (smallest p-value) concepts within each cluster (orange) and between each cluster (blue) within the HF cohort. Dotted lines show mean value. (B) Same as (A) for PubMed queries. 
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Description automatically generated]
Supplementary Figure S3: (A) Normalized age distribution of all patients within the metropolitan center (n = 613,277) and the heart failure cohort (n = 25,952). The median age for the patient population within the entire metropolitan center is 44, while the heart failure cohort is older, with a median age of 60. The mode of the heart failure age distribution of patients is 63. (B) Comparison of age distributions of females vs. males in the heart failure cohort. The median and mode of each distribution are also shown. We observe that males within the heart failure cohort (median age = 58) are younger than females (median age = 63). (C) Sex distribution of the distribution of all patients within the metropolitan center (n = 613,277). (D) Distribution of episode types in the baseline dataset. 
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Cumulative distribution: HF cohort
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Patient age histogram
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