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Abstract 

The pathophysiological complexity and heterogeneity of the heart failure with preserved 

ejection fraction (HFpEF) syndrome is not fully captured by clinical guidelines, which 

oversimplify the condition to standardize diagnosis, thus leading to suboptimal diagnosis. 

Machine learning (ML) tools have proven useful at the time to find therapeutically 

homogeneous patient subclasses, which can potentially improve the prognosis of HFpEF.   

The aim of this project is to find archetypal patients and obtain information about different 

mechanistic processes underlying the worsening of the HFpEF syndrome. This goal is in 

line with the personalized medicine paradigm, allowing for patient-specific treatments 

instead of the one-size-fits-all approach used in the current clinical guidelines. 

More precisely, this paper presents the analysis of a cohort of patients with HFpEF from 

the Treatment of Preserved Cardiac Function Heart Failure with an Aldosterone 

Antagonist (TOPCAT) clinical trial. Clinical and demographic descriptors are used as 

well as complex echocardiographic descriptors of cardiac function such as the trans-

mitral inflow Doppler trace, the aortic outflow Doppler trace and full cycle traces of 

regional left ventricular strain assessed by 2D speckle tracking on the apical 4-chamber 

view. 

The analysis is based on the reduction of data dimensionality through manifold learning 

and subsequent regression and clustering. Firstly, the use of unsupervised Multiple Kernel 

Learning for dimensionality reduction (MKL-DR) makes it possible to combine the 

information from the different descriptors to generate a space of reduced dimensions.  

Regression to the input descriptors as a function of the newly computed dimensions 

makes it easy to interpret how the variance is embedded in the new representation.  Lastly, 

clustering in the resulting space resulted in three homogenous patient groups, which help 

resolve heterogeneity in the overall population.  

 

Keywords: Heart Failure with preserved Ejection Fraction; Ejection fraction; Machine 

Learning; Unsupervised Multiple Kernel Learning; Kernel Regression; Clustering.  

 

  



1. Introduction 

1.1. Heart Failure with preserved Ejection Fraction  

Physiological insight 

The syndrome of heart failure (HF) arises when the heart is not able to supply the body 

with the perfusion needed. To overcome this situation, the heart muscle undergoes 

remodeling at expenses of abnormalities. Remodeling is not a sudden process but rather 

runs over the years in a gradual manner. A worsening of the syndrome can lead to a 

decrease in pumping action, valve malfunction and in an enlargement, dilation and 

stiffening of the heart1. 

HF is originated by a combination of systolic dysfunction, often caused by a myocardial 

infarction and diastolic dysfunction, often induced by long-term hypertension. Most of 

the cardinal symptoms (dyspnea and fatigue) and signs (peripheral edema) of heart failure 

are non-specific, especially in elderly patients, and could be due to other problems. Hence, 

the clinical cut points are difficult to define. In addition, over 80% of HF patients present 

one or more comorbidities, and since HF is a syndrome and not a disease per se, it is 

frequent that many causes lead to it2. 

Classification of HF 

Heart failure can be categorized depending on the given parameter. For instance, which 

heart side is affected (right or left), instauration time (acute or chronic), and left ventricle 

ejection fraction (preserved, mid-range, or reduced). This work focuses on a subset of the 

latter, Heart Failure with preserved Ejection Fraction (HFpEF), for this reason we explain 

the types of HF regarding ejection fraction (EF).  

Ejection fraction is defined as the denominator between the amount of blood that 

ventricles pump in each systole by the total amount of blood they can store at end-diastole. 

In a healthy subject or in a patient with HFpEF, the LVEF will range between 50 and 

70%, whereas in patients with mid-range it is between 40 and 50%, and lastly reduced 

ejection fraction occurs below 35-40% 3,4. 

 

 



In HF with reduced ejection fraction (HFrEF), previously known as systolic HF, the heart 

muscle is not able to contract adequately and, therefore, EF and cardiac output decrease. 

Given that the change in EF in HFrEF is sensible and specific, its diagnosis and treatment 

has resulted in a consensus by the clinical community, which slightly improves in 

comparison to HFpEF, but it is still a challenging condition.  

HF with mid-range EF (HFmEF) constitutes around 10 to 20% of the HF population. 

Previous work has shown HFmEF patients to have a unique clinical, echocardiographic, 

hemodynamic, and biomarker profile compared to the other two types of HF. It is 

considered the neglected middle sibling of the three HF types as it has a poor scientific 

background 5,6. 

Lastly, the pathophysiological basis of HFpEF is not fully understood, thus leading to 

cumbersome diagnosis. Many or most of these patients probably have diastolic 

dysfunction, though it is not specific as it is also present in HFrEF. 

We shall point out that the categorization of HF based on EF is controversial and a matter 

of debate. The argument revolves around EF being the wrong parameter to look at for 

patient classification. For this reason we expose the need for a comprehensive analysis of 

more complex patterns to characterize the HF syndrome by means of ML techniques. 

Incidence, prevalence, and cost 

The epidemiology of symptomatic heart failure in developed countries ranges between 

1% and 2% of the adult population. HF is the leading cause of hospitalization in elderly 

people, those over the age of 65. It presents an incidence of 6–10%, being the elder the 

most prevalent group. 

Approximately 26 million people worldwide are living with heart failure. The prognosis 

for HFpEF patients is poor, with survival rates worse than those for bowel, breast or 

prostate cancer7.  

Healthcare expenditure on HF is expected to increase greatly over the next decade. The 

factors that drive this trend are ageing populations and longer life spans, an increase in 

the risk factors (hypertension, diabetes, dyslipidemia, and obesity), and increased survival 

rates from other cardiovascular conditions like arrythmia, myocardial infarction or 

valvular disease.  



HFpEF accounts for almost one-half of the total heart failure burden. It presents a steady 

rise of its prevalence, and it appears certain that HFpEF will be the most prevalent HF 

type soon. Heart Failure supposes a cost around the 1-2% of the healthcare expenditure 

in developed countries. In the USA, HF is expected to cost 70 billion dollars in 2030. 

Biomarkers in HFpEF 

Regarding the improvement in diagnosis of HFpEF, the biggest problem has been the 

etiological and pathophysiological heterogeneity of the syndrome, which favors a subset- 

specific rather than a uniform therapeutic approach. For this reason, in this project we 

exploit the evidence in the literature demonstrating that the symptomatic phase of HFpEF 

is characterized by abnormalities of several cardiac imaging and clinical markers, from 

longitudinal strain traces to creatinine and potassium concentration. 

According to the European Society of Cardiology (ESC)7, its diagnosis should rely on: 

1- Symptoms and signs: examples are breathlessness, fatigue, and peripheral edema. 

These may not be present in the early stages of HF or patients taking diuretic 

medication. 

2- LVEF ≥ 50%. 

3- Elevated natriuretic peptides: BNP > 35 pg/ml and/or NT-proBNP > 125 pg/mL. 

4- A least one of the following: 

a. Relevant structural heart disease: LV hypertrophy or LA enlargement. 

b. Diastolic dysfunction. 

Regarding echocardiographic descriptors, the grade of diastolic dysfunction is commonly 

assessed considering the E/e’ parameter, which combines the early diastolic peak velocity 

of transmitral inflow (E) and the early relaxation peak velocity of the mitral ring (e’). 

Changes in the mitral inflow pattern will be reflected in the E peak shape and amplitude. 

Tricuspid annular plane systolic excursion (TAPSE) is a classical marker of RV function, 

which can be abnormal8. 

On the other hand, systolic function in HFpEF patients can be assessed analyzing the 

pulsed-wave aortic outflow shape, the continuous-wave aortic peak velocity and local 

strain traces. 

Several lab biomarkers are known to reflect cardiac damage and remodeling. Natriuretic 

peptides, B-type natriuretic peptides (BNP) and N-terminal pro-BNP (NT-proBNP), 



correlate with high filling pressures and myocardial damage. For this reason, their 

concentration levels are a specific test for HF8. 

Heart failure and renal function are known to be related, although the precise mechanistic 

processes of this interaction are still under research. They both share risk factors like 

diabetes, hypertension, coronary artery disease, and age; being age the lead for both. 

Creatinine, sodium and potassium levels are indicators of renal as well as cardiac 

function9,10. 

Creatinine is a product of creatinine phosphate breakdown in the muscle. A rise in serum 

creatinine indicates reduced renal function, which is a risk factor for cardiovascular 

disease. A more robust biomarker also considered in this project is the glomerular 

filtration rate (GFR), which can be estimated from creatinine and other parameters. 

Sodium and potassium are also common biomarkers, especially in clinical trials, since 

they are responsible for a correct myocardial contraction. Their concentrations are usually 

abnormal in patients of HF, due to either neurohumoral activation or because of diuretic 

drugs. The deficiency of potassium can be a risk factor for cardiac arrythmias. 

Hyponatremia is frequent in patients with HF due to the decrease in cardiac output and in 

effective circulating volume. This leads to an overstimulation of the SNS, the RAAS, and 

the release of arginine vasopressin, resulting in water and sodium retention. 

Clinical guidelines 

Current clinical guidelines rely on scalar indexes and qualitative evaluation of the cardiac 

function. In the specific scenario of HF, stress protocols are frequently used since they 

have proven to exacerbate the symptoms as the cardiac output needs are pushed even 

further and, consequently, cardiac dysfunction can be better observed7.  

The most used classification of HF patients is the New York Heart Association’s score. 

It places the patients into four classes ranging from 1, being the absence of symptoms, up 

to class 4, where there is an inability to carry any physical activity and having symptoms 

at rest.  

The results from clinical trials hitherto are negative and do not conclude an optimal 

treatment modality. This may be due to the usage of scalar indexes to assess cardiac 

function, while the use of patterns and complex descriptors can be of more relevance11,12.  



For the reasons mentioned above, there is a need to use analysis techniques that allow 

patient cohorts to be studied from a holistic perspective.  

 

1.2. Machine Learning  

Machine learning (ML) is based on complex statistical methods to learn a specific task T, 

with a certain performance measure P, through training experience E. For example, in a 

supervised implementation, the task T could be the recognition of a face in a picture, the 

performance P would be the accuracy of the learner at the time of detecting the face and 

lastly the experience E would be composed by the dataset of labeled images used for 

training the algorithm. ML tools are used to predict, classify or infer the true nature of 

data13.  

ML algorithms require using the information contained in big enough datasets, from 

which they can recognize patterns and subsequently improve at performing the task at 

hand. The performance of a trained model on unseen data, referred to as test set, is known 

as the model’s generalizability. Models that perform considerably better on the training 

set and poorly on the test set are overfitted, which means the model has a big adherence 

to the training data and new samples are not correctly handled. To overcome this, 

regularization terms can be included in the loss function or the size of the training data 

increased.  

There are two main ML approaches, supervised and unsupervised learning. Supervised 

learning requires a labeled dataset from which the algorithm can optimize the prediction 

or classification of the instances according to their labels. Considering the existence of a 

ground truth, supervised algorithms are easily evaluated by comparing their output to the 

expected ground truth using a metric, like the mean squared error. 

Unsupervised learning on the other hand exclusively receives unlabeled training data. The 

main unsupervised algorithms aim at clustering instances and reducing the dimensionality 

of the data. Since no labeled examples are available in that setting, it can be difficult to 

quantitatively evaluate the performance of a learner. Nevertheless, techniques have been 

developed to overcome this intrinsic flaw. For instance, the silhouette method is used to 

evaluate the quality of a clustering configuration by computing the internal cohesion of 

the clusters in comparison to their separation to the rest of clusters. Other possible 



approaches are using a supervised classifier trained on the learnt representation to 

evaluate its usefulness, or lastly using regression methods to analyze how the input space 

is embedded in the output space. 

When dealing with unlabeled high dimensional datasets, as it is the case in this project, it 

may be useful to create a more understandable representation that can preserve most of 

the information on the original space using unsupervised dimensionality reduction 

algorithms. We will illustrate an example of the utility of dimensionality reduction with 

figure 1 – extracted from the thesis of Scholz M, Approaches to analyze and interpret 

biological profile data. -, where small Euclidean distances in the input space become large 

distances in the output space14.  

 

Figure 1 Dimensionality reduction example. 

These techniques range from simple linear re-representations of the input space like 

principal component analysis (PCA) to more complex non-linear algorithm formulations 

like isomaps, kernel methods or even autoencoders, feature extractors based on artificial 

neural networks.  

In our specific setting, neither PCA nor its kernelized extension may suffice to find an 

optimal low dimensional embedding due to the allowance of a single descriptor instead 

of a joint analysis of multiple features. To the contrary, autoencoders, neural networks 

with a unique low dimensional hidden layer that aim at reconstructing the input in the 

output, require a big number of instances to successfully create a useful embedding and 

additionally, as most DL approaches, it is not easy to interpret thus being considered a 

“black box”. Considering the tradeoff between complexity and data-demand, we 

considered unsupervised Multiple Kernel Learning for Dimensionality Reduction (MKL-

DR)15 to be the algorithm that allows for data integration, has a relatively low data-

demand, and its results are easily interpretable. 

 



Once the low dimensional representation has been obtained, posterior clustering allows 

the creation of homogeneous patient subgroups. Consequently, we expect to observe 

phenotypic differences between these groups, which ultimately relate to the response to 

a given therapy or the risk of outcome.  

All in all, the proposed use of unsupervised machine learning algorithms applied to more 

complex patterns rather than scalar indexes, may allow for an improved characterization 

of heterogeneous clinical syndromes, as it has been proven in previous works16,17. 

 

 

 

  



2. Methods 

The methodologies used in this project can be divided into consecutive steps, illustrated 

in Figure 2.  

1. Extraction and processing of flow and strain patterns.  

2. Creation of descriptor-wise kernels to quantify similarity between patients.  

3. Reduction of dimensionality.  

4. Posterior clustering to obtain groups of patients. 

5. Multiscale kernel regression to study the differences in the dimensions of the low-

dimensional space and in the modes of the clusters obtained.  

 

 

Figure 2 Methodological steps followed in this work. 

 

  



2.1. Study cohort: TOPCAT 

The TOPCAT trial was a multicenter, international, randomized, double-blind trial, which 

enrolled 3445 patients with symptomatic heart failure and a left ventricular ejection 

fraction of 45% or more to receive either spironolactone (15 to 45 mg daily) or placebo18.  

There were no statistically significant differences between those patients who received 

treatment and those who received placebo when considering the whole cohort. 

Nonetheless, if the enrollment region (Americas vs. Russia and Georgia) is considered, 

the conclusions change. As explained in Dr. McMurray’s publication: “Most patients 

from Russia and Georgia were enrolled in the hospitalization stratum and thus were 

at lower risk, whereas those from the Americas were more evenly balanced between 

the two strata and were at higher overall risk. In a post hoc analysis, spironolactone 

seemed to benefit patients in the Americas but not those in Russia or Georgia”19,20. 

From the total TOPCAT cohort, 251 patients were selected for having the necessary 

echocardiographic as well as clinical and demographic data at baseline. The data was 

provided by the Cardiovascular Imaging Core Lab (CICL) at the Brigham and Women’s 

Hospital in Boston, Massachusetts, USA. 

 

  



2.2. Echocardiographic descriptors 

To assess cardiac function, echocardiographic descriptors were extracted. On the one 

hand, the strain traces consisted on 49 traces for each subject and were obtained from 2D 

speckle tracking in the apical 4-chamber view. These traces were then averaged in groups 

of 6. The 25th trace, corresponding to the apex was removed prior to the averaging. This 

resulted in the six regions shown in the heart atlas in Figure 3. They comprise from the 

basal septal to the basal lateral zones.  

 

Figure 3 Segmentation of LV regions. From 1 to 6, basal septal, mid-septal, apical septal, 

apical lateral, mid lateral, and basal lateral. Image reproduced and edited from 

https://commons.wikimedia.org/wiki/File:Heart_myocardial_segments_for_echo.svg 

On the other hand, flows were extracted from DICOM images which contained pulsed-

wave Doppler ultrasound images. The delineation of the flow patterns was performed in 

Rocket, a web-based platform developed by the BCNMedTech group, Universitat 

Pompeu Fabra, Barcelona, Spain (https://github.com/bcnmedtech/rocket_viewer). The 

code used in step 3 was developed within the context of this work. Moreover, a rule-based 

automatic segmentation pipeline was also developed but the results are suboptimal, hence 

it is still in development. 
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The processing of the DICOM files containing the flow images consists of four steps: 

1- Loading of images and classification according to view or content.  

The images can be imported either locally or by means of a secure cloud-based storage, 

like Dropbox. Classification is done through drag and drop of the image to the 

corresponding label. Figure 5 illustrates this step. 

 

 

Figure 4 Rocket app. Upload and classification of images. 

 

  



2- Determination of the beginning and end of the cardiac cycle by selecting the 

QRS in the ECG of the image. 

The ECG in the image is used to select the most representative cycle. In case of atrial 

fibrillation, the index beat -defined as the beat preceded by two equal cycles- is selected. 

This step is illustrated in Figure 5. 

 

Figure 5 Rocket app. Delimitation of the cycle using the QRS complexes. 

 

3- Delineation of the flow by inserting fiducial points on the contour. 

As seen in the upper left corner of the DICOM image, several flow presets have been 

defined to help the segmentation of the mitral inflow. The tool requires a set of points for 

each preset, these include the E and A peaks, the diastasis beginning and end (in the case 

the peaks are not fused) and the opening and closure of the mitral valve. Regarding the 

aortic outflow, the valve opening and closure timepoints as well as the peak are needed. 

 

Figure 6 Rocket app. Delineation of the flow pattern using fiducial points. 



4- Export of the resulting flow in a JSON file. 

When the delineation is finished, the website downloads a caption of the image with the 

fiducials, a comma separated value file and a JSON file. The latter will be the one 

imported in MATLAB for further processing and usage in the learning algorithm. 

Combining the information from both flows and temporal events, a variable of 300 

samples is constructed for each subject. Subsequently, an alignment to a common 

reference is made in order to compute the corresponding kernels. Therefore, it is 

necessary to create new features that preserve the information of the heart rate and the 

location of the cardiac events for each patient.  

The heart rate is computed based on the duration of the cardiac cycles. Patients whose 

heart rate changed more than 15 beats per minute between the acquisitions of strain and 

flow are not considered for analysis. 

In addition, the temporal position of the cardiac events corresponding to the opening and 

closure of the mitral and aortic valves is also extracted from their respective location to 

the QRS complexes. 

As a common reference we use a pattern of 300 samples whose cardiac events result from 

taking the mean of the set of patterns (except in the case of mitral valve closure, which is 

calculated with the median given that the values range between 90% and 6% of the cycle).  

Once the reference events are defined, each subject undergoes a piece-wise warping of 

the segment comprised between each pair of events, thus making all the subjects 

comparable sincethey have the same number of samples for each cardiac phase. 

  



2.3. Multiple Kernel Learning 

Given the specific scenario of HFpEF, where diagnostic labels may be affected by 

guidelines oversimplification, supervised learning results might not be reliable. 

Unsupervised learning provides a way of retaining the information about the true nature 

of the patients regardless of clinical labeling. For this reason, in this project we use the 

unsupervised formulation of multiple kernel learning (MKL) for dimensionality 

reduction, a graph-based algorithm to explore a low dimensional representation of the 

data.  

In the machine learning context, a kernel is defined as a positive semi-definite matrix 

which results of computing a distance function that satisfies Mercer’s condition. Mercer’s 

condition ensures convergence of the algorithm at hand by providing a positive measure 

of similarity among the entries. It has been empirically proven to not be strictly necessary 

since some datasets might yield a positive kernel even using a function that does not fulfill 

of Mercer’s condition13. 

Kernels are used to work with a high dimensional representation of the data without 

computing the costly explicit mapping. This is possible since in these spaces, known as 

reproducible kernel Hilbert spaces (RKHS), the pairwise distance equals the inner product 

between two points. In the equations below and figure 7, we illustrate how the high 

dimensional mapping, defined as φ, can be reproduced using the kernel function 𝑘, 

defined as: 

φ (a, b) = (a, b, a2 + b2) 

𝑘 (x, y) = x·y + x2 y2 

Recall that the high dimensional mapping is not explicitly computed but rather the kernel 

entries, which are the pair-wise distances in it. 



 

Figure 7 Input space (left) and high dimensional mapping (right). Image from 

https://commons.wikimedia.org/wiki/File:Kernel_trick_idea.svg#filelinks 

 

Flow velocity patterns and strain traces can be regarded as features of each patient -i.e. 

each patient could be described depending on the shape and amplitude of them- from 

which we can then compute a kernel. Thus, the number of kernels equals the number of 

features.  

We proceed to overview how unsupervised MKL exploits the kernel combinatorial 

possibility and computes a space of reduced dimensions. The concatenated 

transformations applied to the data from a high-dimensional input to a lower dimensional 

output space is illustrated in Figure 8. 

 

Figure 8 The four spaces in the MKL approach. 

First, a kernelization step is applied to the input data. For each data type (categorical, 

continuous, or binary) we use a different type of kernel. For instance, radial basis function 

(RBF) kernels are used for continuous variables; probabilistic kernels are used for 

categorical variables; frequency-based kernels are used for binary variables. The type of 

kernel assumes a certain non-linearity in the input data, it is for this reason that the kernel 

function used can affect the result obtained21. 



 The kernelized transformation of the input raw data encodes similarities among all 

patients normalized between 0 and 1, independently of the nature of the input data 

(biomarker concentrations, imaging features, or strain traces). This ultimately allows for 

kernel combination, which can be regarded as the fusion of data from different sources. 

Moreover, the use of multiple kernels to create a unified feature representation has proven 

useful at making ML algorithms more accurate and interpretable15.  

A global affinity matrix (W) can be obtained by the summation of variance-normalized 

feature kernels. This normalization is done by exponentiating the entries in the kernels by 

the inverse of the feature’s variance. Next, �̂� can be derived by making W sparse 

considering a fixed neighborhood, defined in our application as the square root of the 

number of patients.  

Once the kernels and the global affinity matrix are computed, the MKL problem is defined 

as: 

min
𝛽∈ℝ𝑀𝑥1

𝐴∈ℝ𝑁𝑥𝑁−1

∑ ‖𝑨𝑇𝕂(𝑖)𝜷 − 𝑨𝑇𝕂(𝑗)𝜷‖
2

�̂�𝑖,𝑗

𝑁

𝑖,𝑗=1

 

s.t. 

∑‖𝑨𝑇𝕂(𝑖)𝜷‖
2

𝑫𝑖,𝑗

𝑁

𝑖=1

= 1 

𝜷𝑚 ≥ 0, ∑ 𝜷𝑚

𝑀

𝑚=1

= 1 

In these equations, A denotes the rotation matrix which maps the kernelized features to 

the output space. M and N correspond to the number of features and instances 

respectively. 𝜷 stands for the vector containing the weights for each feature. D is a 

diagonal weight matrix. It results from a row-wise summation of �̂�. 

𝕂(𝑖) represents the i-th matrix, defined as: 

𝕂(𝑖) =  [
𝑲𝟏(1, 𝑖) ⋯ 𝑲𝑴(1, 𝑖)

⋮ ⋱ ⋮
𝑲𝟏(𝑁, 𝑖) ⋯ 𝑲𝑴(𝑁, 𝑖)

] 

The unknown variables are A and 𝜷. To find their values a two-step optimization strategy 

is used. First, the values for 𝜷 are fixed to 1/M ∀𝑚 ∈  [1, 𝑀], while optimizing A. This 



first step can be solved by a generalized eigenvalue problem, which yields an explicit 

solution. Secondly, the optimization of the 𝜷 fixing the previously obtained value for A 

takes place. This problem is solved using quadratically constrained quadratic 

programming (QCQP) but can be relaxed to a convex formulation, making it more 

computationally efficient. We used the CVX package to solve this convex optimization 

problem. 

When both unknowns are computed, the input samples are mapped to the output space 

by: 

𝒀 =  𝑨𝑇 ∑ 𝐾𝑚𝛽𝑚

𝑀

𝑚=1

 

Where Y ∈ ℝ𝑁−1 𝑥 𝑁contains on each column the output space coordinates for each 

sample point xi. The reason for the resulting space having N-1 dimensions, where N is 

the number of independent observations, is due to the smallest eigenvalue being 0 and not 

considering it. Cutting down the Y matrix to a d x N version, the dimensionality of the 

output space gets reduced to d dimensions by just considering the eigenvectors associated 

to the d smallest eigenvalues.   

The kernels inputted to the MKL algorithm were obtained for 16 features, shown in table 

1. Recall that the nature of the features differs but they can be combined thanks to the 

kernelization step. 

 

 



Table 1 Features extracted from the TOPCAT cohort. 

Feature type Name Description Data type 

Echocardiographic 

Flow pattern 
The mitral and aortic flows are matched to a reference. Obtained using US pulsed wave doppler images. 

Unit is cm/s. 
Vector of 300 samples. 

Heart rate 
Obtained from the length of the cycles in the flow US images. Expressed in bpm. 

 
Scalar value. 

Temporal events 

Difference in the placing of cardiac events between each patient and the reference. In order, these events 

are: mitral valve closure (MVC), aortic valve opening (AVO), aortic valve closure (AVC) and mitral valve 

opening (MVO). 

 

Vector of 4 entries. 

Regional strain 
This feature results from concatenating the 6 regional strain traces, of 85 samples each. The traces were 

obtained through speckle tracking in the apical 4-chamber view. Strain is unitless. 
Vector of 510 samples 

Volume Left ventricular volume during the cardiac cycle. Unit is mL. Vector of 85 samples. 

Temporal deformation Deformation of the individual volume trace when matching to the reference. Vector of 85 samples. 

Demographic Race Black encoded as 1, white as 0. Binary variable. 

Clinical 

Creatinine Concentration expressed in mg/dL Scalar value. 

Sodium Concentration expressed in mequiv/L Scalar value. 

Potassium Concentration expressed in mequiv /L  Scalar value. 

Stroke Event encoded as 1, 0 otherwise. Binary variable. 

Myocardial infarction Event encoded as 1, 0 otherwise. Binary variable. 

Atrial fibrillation Event encoded as 1, 0 otherwise. Binary variable. 

Diabetes Event encoded as 1, 0 otherwise. Binary variable. 

Hypertension Event encoded as 1, 0 otherwise. Binary variable. 



2.4. Multiscale Kernel Regression 

Once the space of reduced dimensions has been computed, out-of-sample extension of 

input descriptors can be approximated through regression methods. Out-of-sample 

extension intends to estimate, as accurately as possible, the value of the input descriptors 

in any position of the output space, where no explicit datapoint is necessary to be located.  

Multiscale kernel regression (MKR) uses Gaussian kernels in a hierarchical coarse-to-

fine strategy to solve this problem22. Kernels of wider bandwidths capture low 

frequencies, while narrower capture details. This could be understood as a continuous 

analogue to distance weighted k-NN regression, where points near the new sample have 

a stronger contribution than those who are further away. 

In the context of this problem, we are interested in the functions 𝑓𝑚 solutions of the 

equation: 
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In the equation above, M stands for the number of features, N is the number of entries, 

𝑚 ∈  [1, 𝑀] stands for the feature index, and 𝛾𝑚 is the tradeoff term between the 

regularization term (first term) and the second term, responsible for the adhesion to the 

data. ‖. ‖𝐹𝑚

2  is the norm equipping the RKHS 𝐹𝑚 of functions mapping the output space 

to the input space, namely 𝑦 → 𝜒𝑚.  The terms used in the previous equation are defined 

as: 

𝑓𝑚(𝒚𝑖) =  ∑ 𝑘(𝒚, 𝒚𝒊) · 𝒃𝑚,𝑖

𝑁

𝑖=1

 

𝑩𝑚 = (𝑲 +
1

𝛾𝑚
𝑰)−1𝑿𝑚 

𝑲 = 𝑘(𝒚𝑖, 𝒚𝑗) 

The analytical solution to the problem, 𝑓𝑚, results from the product of the output space 

kernel with the i-th row of matrix B. Recall that the kernel function used in this problem 

is the RBF or Gaussian kernel.  



 

This process is repeated iteratively, each time decreasing the value of the Gaussian kernel 

bandwidth by a factor of 2 and operating on the difference between the ground truth and 

the value of the computed descriptor at each iteration. This allows for the implementation 

of the coarse-to-fine approach. 

Moreover, the 𝛾𝑚 parameter is optimized using leave-one-out cross validation. To that 

end, we set the value of 𝛾𝑚 to the output of the function f(x) = x2 evaluated from x = 0.01 

to 400. Next, we compute the mean squared error between the reconstructed and the 

original feature for the flow pattern and the six strain traces among all patients. The mean 

error is then computed as the average of the error across all patients for a given feature. 

Lastly, we select the value that minimizes the reconstruction error for each feature. 

Regression can be done either in the output space dimensions or in cluster modes. In the 

first case, we establish as coordinates to evaluate the range of -2 to 2 standard deviations, 

in steps of a standard deviation, in each dimension. In the latter, the same approach is 

used but, instead of space dimensions, cluster modes are computed with PCA.  

2.5. Output space analysis  

Keep in mind the resulting space of the MKL algorithm has N-1 dimensions, where N is 

the number of independent observations. Nevertheless, we shall emphasize that the first 

dimensions are the ones that encode the highest variability and the information content of 

the subsequent dimensions decay.  

To assess how many dimensions should be considered for analysis and clustering, we 

computed the RBF kernel using an increasing number of dimensions. The correlation 

between the kernels can then be interpreted as how much the addition of a new dimension 

affects the distance between points. As an example, if the correlation between the kernels 

obtained considering 99 and 100 is 1, there is no additional information provided by the 

100-th dimension. We set as cutoff a correlation of 0.95 between kernels. Once it had 

been reached, no more dimensions will be considered. 

When the number of dimensions to consider is set, we use k-means clustering to group 

patients in the output space in k clusters.  

K-means is a two-step iterative algorithm. In our work, the “seeds” or initial centroids are 

set using k-means++. This algorithm uses a probabilistic assignment of initial cluster 



centroids in order to place them as further apart from each other as possible. Thus, 

allowing for a faster and more robust k-means solution. 

Once the centroids are initialized, the first step is to assign observations to a cluster based 

on a distance metric to the centroids. For instance, in our implementation we use the 

squared Euclidean distance. Next, the centroid position is updated based on the previous 

assignments. This iterative process stops either when the algorithm converges to a 

solution -i.e. there are no changes in cluster assignments- or when an arbitrary number of 

iterations is reached. 

In order to obtain a solution that is robust and independent to initial centroids, we launch 

k-means 10.000 times and select the most frequent cluster configuration.  

The value of k and the evaluation of an unsupervised algorithm, such as unlabeled 

clustering, cannot be assessed directly. We instead use the silhouette method increasing 

the number of clusters from 1 to 10. This method is based on computing the internal 

cohesion of a cluster and comparing it to the separation to other clusters.   

2.6. Statistical analyses 

The clustering solution gives rise to patient subgroups. The next step is to use statistical 

tests to check for significant differences in these populations. Binary variables were tested 

using the Chi-square test. Continuous variables were first tested for normality using the 

One-sample Kolmogorov-Smirnov test. If the data is normally distributed, the test used 

is ANOVA. Non-normal data is tested with the nonparametric Kruskal-Wallis test.  



3. Results and Discussion 

Data exploration 

Figure 9 shows three interquartile ranges for each of the sets of patterns, before and after 

alignment. 

 

Figure 9 Interquartile ranges for the flow patterns 

We also illustrate equally each of the six strain regions, shown in Figure 4. 

 

Figure 10 Interquartile ranges of the strain regions. 

 

 

 

 

 

 



Clinical parameters for the patients included are shown in Table 2.  

Table 2 Clinical and demographic characteristics of the TOPCAT group included in this study. 

Characteristic Whole cohort (n = 251) Americas (n=189) Russia (n=62) 

Age, y 70.6 (62 to 78) 71.04 (63 to 79) 69.98 (60 to 76) 

Sex, female 136 (54.18%) 101 (53.44%) 35 (56.45%) 

Race, white 197 (78.49%) 135 (71.43%) 62 (100%) 

Diabetes 94 (37.45%) 83 (43.92%) 11 (17.74%) 

Myocardial Infarction 69 (27.49%) 40 (21.16%) 29 (46.77%) 

Body Mass Index, kg/m2 31.98 (28 to 36) 32.81 (29 to 37) 29.53 (27 to 32) 

Obesity 153 (60.96%) 124 (65.61%) 29 (46.77%) 

Atrial Fibrillation 94 (37.45%) 73 (38.62%) 21 (33.87%) 

Region, Russia 62 (24.7%) By design By design 

Hypertensive 230 (91.63%) 172 (91.01%) 58 (93.55%) 

Systolic Blood Pressure, 

mmHg 
126.5 (118 to 138) 124.5 (115 to 138) 130 (120 to 132) 

Diastolic Blood Pressure, 

mmHg 
71.58 ± 11.17 69.6 ± 11.33 77.58 ± 8.16 

Creatinine, mg/dL 1.13 ± 0.34 1.18 ± 0.36 0.97 ± 0.2 

Stroke 21 (8.37%) 16 (8.47%) 5 (8.06%) 

Sodium, mequiv/L 140.52 ± 4.45 139.24 ± 2.95 144.42 ± 5.82 

Chronic Kidney Disease 103 (41.04%) 89 (47.09%) 14 (22.58%) 

Hemoglobin, g/dL 12.9 (12 to 14) 12.6 (12 to 14) 14.1 (13 to 15) 

Potassium, mequiv/L 4.19 ± 0.43 56.28 ± 14.59 50.21 ± 9.69 

Glomerular Filtration Rate, 

ml/min/1.73m2 
64.2 (50 to 80) 61.61 (46 to 77) 75.9 (61 to 83) 

Received Treatment 128 (51%) 97 (51.32%) 31 (50%) 

Time to HF Hospitalization, 

mo 
35.38 (23 to 48) 35.12 (23 to 48) 36.32 (25 to 47) 

Time to Primary Outcome, 

mo 
33.02 (19 to 47) 30.62 (17 to 47) 35.78 (24 to 47) 

Time to Cardiovascular 

Death, mo 
35.42 (23 to 48) 35.19 (23 to 48) 36.32 (25 to 47) 

Time to All-Cause Mortality, 

mo 
35.75 (24 to 48) 35.52 (23 to 50) 36.9 (29 to 47) 

Primary outcome 58 (23.11%) 51 (26.98%) 7 (11.29%) 

Cardiovascular Death 28 (11.16%) 22 (11.64%) 6 (9.68%) 

All-Cause Mortality 46 (18.33%) 37(19.58%) 9(14.52%) 

Categorical variables are presented as counts and percentages; continuous variables are presented as mean 

± SD if normal, median and IQR otherwise. The threshold for obesity is considered as a BMI>30. 

 

 



Output space 

The first three dimensions of the resulting MKL space are shown in figure 11. At first 

glance, there is no clear grouping of points but a rather homogeneous cloud of points.   

 

Figure 11 First three dimensions of the obtained output space 

The correlation between RBF kernels when using an increasing number of dimensions is 

shown in figure12. As observed, the first dimensions are lowly correlated, which implies 

an increase in the information. The correlation between dimensions 6 and 7 was above 

the pre-established threshold of 0.95. Thus, we considered the first 6 dimensions of the 

space for clustering and analysis. A drop in the correlation can be observed in the very 

last dimensions. This is related to noise being encoded in the last dimensions, which has 

been exploited in other MKL applications23. 

 

Figure 12 Correlation between kernels obtained increasing the number of dimensions. 

  



Analysis space dimensions  

Figures 13 to 16 illustrate the result of MKR in the first 10 dimensions. The regression 

was computed for the flow feature, the heart rate, and the strain traces. Recalling the 

methods’ section, the regression was computed in the range from -2 to 2 standard 

deviations in steps of one standard deviation.  

 

Figure 13 Multiscale regression results for the flow feature and the heart rate. From left to right, 

dimensions 1 to 5. 

 

Figure 14 Multiscale regression results for the regional strain traces. From left to right, 

dimensions 1 to 5. 



 

Figure 15 Multiscale regression results for the flow feature and the heart rate. From left to right, 

dimensions 6 to 10. 

 

Figure 16 Multiscale regression results for the strains. From left to right, dimensions 6 to 10. 

  



The use of MKR allows for several interpretations of the results that we will highlight 

hereunder. Starting by dimension 1 the mean corresponds to a pseudo normal filling 

pattern of a second-degree diastolic dysfunction, which is in line with that of an elder 

population as the one we analyzed in this study.  

Advancing towards +2 std, the diastolic function worsens, and we are able to observe an 

irreversible restrictive pattern. On the other hand, advancing towards -2 std, we observe 

a mild fusion of the E and A peaks which would be related to a delayed relaxation pattern. 

The variability in the mitral inflow patterns of dimension 1 are illustrated in Figure 17 

where the worsening of diastolic dysfunction is depicted. 

 

 

Figure 17 Degrees of diastolic dysfunction. Reproduced from the Annals of Cardiac 

Anaesthesia24. 

Moreover, dimension 1 captures the variability regarding those patients who suffered an 

infarct in the basal lateral zone, since the strain of the myocardium in that zone appears 

to be impaired and abnormal. 

Regarding the strain variability in dimension 2, we can observe infarction in the apical 

zone of the heart.  In this case, patients falling in high values within that dimension appear 

to have low contractility of the cardiac tissue. Moreover, lower values of dimension 6 

correspond to infarcted tissue in the apical zone. 

Next, dimension 3 encodes the heart rate of the subjects. At -2 std patients have a higher 

heart rate and, as expected, a fusion of the E and A peaks. On the other hand, moving 

towards +2 std patients have longer diastasis and lower heart rates. 

Systolic dysfunction is captured in dimensions 7 and 8 where the patterns range from 

narrow and with a higher amplitude, which would relate to a healthy systole, to rounder, 

delayed and smaller patterns-related to hypertension and impaired blood ejection.  



Differences in overall strain amplitude were not observed to be captured in any 

dimension, thus the variability within this population is more focused on regional changes 

of the myocardial strain.  



Clustering 

The best clustering solution was obtained using k=3 clusters. Observing figure 18, the 

dimensions that dominate the cluster configuration are 1 and 3. This is due to the higher 

spread of the data in them in comparison to dimension 2. The three groups have relatively 

balanced populations with 111, 72 and 68 patients respectively. 

 

 

Figure 18 Clustering solution. The first two figures illustrate the clusters distribution, the third 

figure illustrates the population of each cluster. 

 

To assess the differences in the characteristics among the three found clusters, we show 

the results of the statistical tests, mentioned in the methods section, in table 3. First, we 

show in table 3 the differences in the features that were used to create the space. Next, in 

table 4 we show the differences in markers that the MKL algorithm has not used.   

 

Table 3 Characteristics for the phenogroups found. Descriptors were inputs to MKL. 

Characteristic Cluster 1 (n=111) Cluster 2 (n=72) Cluster 3 (n=68) p-value 

Race, white 81 (72.97%) 52 (72.22%) 64 (94.12%) 0.0012 

Diabetes 45 (40.54%) 35 (48.61%) 14 (20.59%) 0.0019 

Myocardial Infarction 35 (31.53%) 9 (12.5%) 25 (36.76%) 0.0025 

Atrial Fibrillation 35 (31.53%) 33 (45.83%) 26 (38.24%) 0.1468 

Hypertensive 105 (94.59%) 62 (86.11%) 63 (92.65%) 0.1210 

HR from flows, beats/min 59.69 ± 6.73 80.66 ± 13.29 67.42 ± 9.63 <0.001 

Creatinine, mequiv/L 1.2 ± 0.32 1.24 ± 0.39 0.91 ± 0.18 <0.001 

Stroke 11 (9.91%) 6 (8.33%) 4 (5.88%) 0.6401 



Sodium, mequiv/L 139.45 ± 4.14 139.28 ± 2.63 143.59 ± 5.04 <0.001 

Potassium, mequiv/L 4.09 ± 0.36 4.08 ± 0.49 4.47 ± 0.32 <0.001 

Categorical variables are presented as counts and percentages; continuous variables are presented as mean 

± SD if normal, median and IQR otherwise.  

 

Table 4 Characteristics for the phenogroups found. Descriptors were not inputs to MKL. 

Characteristic Cluster 1 (n=111) Cluster 2 (n=72) Cluster 3 (n=68) p-value 

Age, y 69.08 (62 to 77) 70.71 (63 to 79) 72.05 (63 to 77) 0.6302 

Sex, female 44 (39.64%) 46 (63.89%) 46 (67.65%) <0.001 

BNP (n=158) 350.22 ± 297.17 294.53 ± 250.04 213.21 ± 197.94 0.0423 

BMI, kg/m2 32.41 (29 to 37) 33.46 (29 to 37) 29.69 (27 to 32) <0.001 

Obesity 72 (64.86%) 51 (70.83%) 30 (44.12%) 0.004 

Region, Russia 13 (11.71%) 2 (2.78%) 47 (69.12%) <0.001 

HR from master, 

beats/min 
62 (57 to 67) 74 (67 to 81) 66 (60 to 71) <0.001 

Systolic BP, mmHg 124 (111 to 138) 125 (118 to 138) 130 (120 to 138) 0.4121 

Diastolic BP, mmHg 70.12 ± 10.81 69.9 ± 11.66 75.79 ± 10.24 0.0013 

Chronic Kidney Disease 48 (43.24%) 41 (56.94%) 14 (20.59%) <0.001 

Hemoglobin, g/dL 12.7 (12 to 14) 12.55 (12 to 14) 13.9 (13 to 15) 0.0013 

Pulse 55.09 ± 14.76 '56.28 ± 14.57 52.63 ± 10.83 0.3917 

White blood cell count, 

K/μl 
7.16 ± 2.36 7.53 ± 1.85 6.87 ± 1.56 0.1210 

QRS duration, msec 99.95 ± 23.44 99.94 ± 28.65 100.55 ± 25.54 0.8817 

PHQ score 1.92 ± 1.07 2.03 ± 1.09 2.1 ± 1.25 0.7601 

GFR, ml/min/1.73m2 62.4 (51 to 75) 51.31 (41 to 72) 76.43 (62 to 86) <0.001 

Received Treatment 53 (47.75%) 41 (56.94%) 34 (50%) 0.4688 

Time to HF Hosp., mo 35.65 (23 to 49) 35.56 (22 to 52) 35.09 (24 to 42) 0.4093 

Time to Primary, mo 33.02 (18 to 48) 33.66 (16 to 46) 33.36 (24 to 42) 0.6040 

Time to CVD, mo 35.65 (23 to 49) 35.56 (22 to 52) 35.14 (24 to 43) 0.5296 

Time to ACM, , mo 36.34 (24 to 50) 36.14 (23 to 53) 35.22 (24 to 46) 0.4717 



Primary outcome 28 (25.23%) 21 (29.17%) 9 (13.24%) 0.0640 

CVD 15 (13.51%) 6 (8.33%) 7 (10.29%) 0.5347 

ACM 20 (18.02%) 13 (18.06%) 13 (19.12%) 0.9807 

EA Ratio (n=160) 1.29 ± 0.65 1.28 ± 0.59 1.04 ± 0.55 0.0259 

LVEF (n=205), % 63.74 (58 to 68) 61.65 (58 to 66) 60.14 (56 to 67) 0.1689 

LV Mass (n=209), mg/m2 210.83 (172 to 269) 
197.12 (163 to 

253) 

222.01 (167 to 

261) 
0.4914 

Deceleration time (n=200) 210 (181 to 256) 
183.33 (155 to 

224) 

211.67 (193 to 

230) 
<0.001 

Relative Wall Thickness 

(n=209) 
0.48 ± 0.1 0.5 ± 0.11 0.5 ± 0.1 0.1334 

E/e'' Septal (n=169) 16.68 ± 7.26 17.19 ± 7.16 13.93 ± 4.47 0.1111 

MR jet (n=178) 1.39 ± 1.83 1.75 ± 2.66 1.52 ± 2.11 0.7534 

Categorical variables are presented as counts and percentages; continuous variables are presented as mean 

± SD if normal, median and IQR otherwise. The threshold for obesity is considered as a BMI>30. 

From the results obtained, clusters 1 and 2 appear to have a low number of patients 

enrolled in Russia whereas cluster 3 is mainly composed of patients coming from 

TOPCAT Russia (Cluster 1, 12%; Cluster 2, 3%; Cluster 3, 69%). As aforementioned, 

the difference in enrollment region was associated with distinct phenotypic profiles in the 

literature. 

In line with the previous statement, cluster 3 has a lower prevalence of diabetes and 

chronic kidney disease; it has the highest GFR values. The concentration of pro-BNP and 

creatinine are the lowest among the three groups. The glomerular filtration rate and 

hemoglobin concentration were both the highest among the three groups. Obesity has the 

lowest prevalence in cluster 3, with a 44% of patients with BMI>30. History of 

myocardial infarction was the highest in cluster 3, which agrees with previously reported 

publications19.  

When comparing cluster 1 vs. cluster 2, the main factors for disagreement are sex (40% 

female vs. 60%), obesity (40% vs. 50%), and heart rate (60 bpm mean vs 80). Cluster 2 

presents a lower concentration of pro-BNP, which can be due to the higher prevalence of 

obese patients in it. 

Primary outcome, considered as the composite of HF hospitalization, aborted cardiac 

arrest or cardiovascular related death, was not significantly different among groups. Even 



though, cluster 3 has a 13% of incidence of primary outcome in comparison to clusters 1 

and 2 who happen to have a 25% and 29% percent respectively. 

We want to highlight how the MKL algorithm was able to separate homogeneous 

subgroups without considering the enrollment region explicitly. The resulting output 

space exhibits the transition from patients who suffer from small myocardial infarctions, 

which relate to those subjects enrolled in Russia and Georgia, to those who suffer from 

mild and severe HFpEF, which were enrolled in the Americas. 

 

Cluster 1 

 

Figure 19 Flow pattern and heart rate from MKR. First two modes of cluster 1. 

All patients in cluster 1 show a low heart rate, since the value does not change in any of 

the two main modes. Regarding the flow pattern, we observe how the main mode goes 

from healthy patients in +2 std to patients with a reduced aortic outflow and an impaired 

atrial contraction, in -2 std. No changes are observed in the second mode. 



 

Figure 20 Regional strain from MKR. First two modes of cluster 1. 

Regarding the strain patterns of cluster 1, we observe traces corresponding to apical 

infarction at -2 and -1 std since the overall value is almost nonexistent, which is a 

consequence of injured myocardial tissue. In this cluster there are 35 patients who 

suffered a MI, where 13 of them were enrolled in TOPCAT Russia.  

 

 

 

 



 

Cluster 2 

 

Figure 21 Flow pattern and heart rate from MKR. First two modes of cluster 2. 

Regarding the regression on the main modes of cluster 2, we can observe an increased 

heart rate in all patients. Therefore, we also observe a fusion of the E and A peaks in all 

patterns. The first mode captures the reduction of the atrial contraction while maintaining 

both the aortic outflow and the early diastolic peak. On the other hand, the second mode 

captures the progression of the fusion of the mitral inflow peaks. 

 



 

Figure 22 Regional strain from MKR. First two modes of cluster 2. 

Cluster 2 does not exhibit any abnormality other than the ones expected in an elder, 

hypertensive, and obese population which suffers from mild HFpEF. This is observed in 

patterns with an amplitude mildly lower than the one expected in healthy controls. 

  



Cluster 3 

 

Figure 23 Flow pattern and heart rate from MKR. First two modes of cluster 3. 

Lastly, the main modes of cluster 3 show a heart rate around 70bpm, which is in between 

clusters 1 and 2. The first mode exhibits the progression from a high E peak and low A 

peak to the reverse situation. We can consider the variability in the first mode as the 

progression from a second degree diastolic dysfunction at -2 std to a third degree diastolic 

dysfunction at +2 std. 

On the second mode, we can observe the evolution from an early E peak with a high 

amplitude A peak to a delayed E peak fused with a low amplitude A peak. Lastly, in both 

modes changes in amplitude and delay in the atrial contraction is captured. 



 

Figure 24 Regional strain from MKR. First two modes of cluster 3. 

 

The strain traces of this cluster correspond to those observed in lower values of the first 

dimension in the general output space. Here, we can observe traces that correspond to 

infarcted cardiac tissue in both the mid and apical areas of the ventricle. 

 

  



4. Conclusions 

On closing, the proposed pipeline allows for the integration of complex cardiac 

descriptors with routinely used clinical parameters to analyze heterogeneous patient 

groups. The analysis performed in this work unravels the heterogeneity found in this 

cohort. MKL was able to create a low dimensional space which allows to understand the 

different etiologies of the patients.  

All in all, we observe a mix between two main groups of patients. On the one hand, those 

enrolled in Georgia and Russia, were included in the study after a small infarction that 

did not impair their EF at first These patients were not expected to respond to 

spironolactone since their etiology is a small myocardial infarction, which nowadays have 

a good prognosis, thus making them healthier than the American subjects. 

On the other hand, patients enrolled in the Americas suffer from HFpEF and present 

systolic and diastolic dysfunction, diabetes, and chronic kidney disease. We argue that 

this subgroup of patients is expected to respond to spironolactone since it can help 

alleviate the symptoms of congestive HF.  

Lastly, we would like to emphasize the usefulness of more complex analytical methods 

when trying to outperform current clinical guidelines. These methods can be useful at the 

time of both, creating new clinical knowledge, as well as aiding the creation of 

homogeneous groups which will be consistent for prognosis prediction and treatment 

effect.  

5. Limitations and future work  

This analysis has certain limitations and possible extensions which we will highlight 

hereunder. 

Sample size 

First, the main flaw of our analysis is the sample size. Learning a manifold with such a 

rich combination of features would require a higher sampling size. Therefore, even 

though our analysis was able to find meaningful subgroups within the cohort, bigger 

datasets would allow to find specific patient phenotypes as well as the possibility to create 

primary outcome density maps. 

 



Robustness of echocardiographic descriptors  

The variability in heart rate when acquiring the different echocardiographic images does 

influence their reliability. This is due to the changes in both shape and amplitude of the 

valvular flows when varying the heart rate. Recall that diastolic dysfunction is assessed 

analyzing the mitral inflow.  

Moreover, the cohort from TOPCAT had a prevalence of atrial fibrillation slightly above 

one third. These patients presented challenging echocardiographic images and we 

conducted no intra/inter-rater variability to assess the error at the time of pattern 

segmentation.    

Clustering algorithms 

In this work we only use a squared-error partitional clustering algorithm, k-means. We 

shall also explore the use of other algorithms. Possible alternatives include density-based 

partitioning (Gaussian Mixture Models, DBSCAN), graph theory algorithms (Spectral, 

MST) or agglomerative hierarchical algorithms. 

Output space validation 

In order to validate the space learnt, a new cohort of HFpEF patients should be mapped 

to the output space. The dimensions or modes found in TOPCAT should hold useful for 

characterizing the new cohort too. 

There are lines of research which emerge from the results obtained in this project. To 

begin with, patients suffering from MI should be discarded to create a new output space 

that encodes the variability in the HFpEF population, rather than the difference between 

infarction and HF.  

Also, the changes in the output spaces considering which features are input to the MKL 

algorithm -clinical, echocardiographic, or a combination- should be analyzed. This would 

allow the interpretation of the correlations and interactions among the different 

descriptors. 

 

 



6. List of figures 

Figure 1 Dimensionality reduction example. ................................................................. 15 

Figure 2 Methodological steps followed in this work. ................................................... 17 

Figure 3 Segmentation of LV regions. From 1 to 6, basal septal, mid-septal, apical septal, 

apical lateral, mid lateral, and basal lateral. ................................................................... 19 

Figure 4 Rocket app. Upload and classification of images. ........................................... 20 

Figure 5 Rocket app. Delimitation of the cycle using the QRS complexes. .................. 21 

Figure 6 Rocket app. Delineation of the flow pattern using fiducial points. .................. 21 

Figure 7 Input space (left) and high dimensional mapping (right). Image from 

https://commons.wikimedia.org/wiki/File:Kernel_trick_idea.svg#filelinks .................. 24 

Figure 8 The four spaces in the MKL approach. ............................................................ 24 

Figure 9 Interquartile ranges for the flow patterns ....................................................... 31 

Figure 10 Interquartile ranges of the strain regions. ....................................................... 31 

Figure 11 First three dimensions of the obtained output space ...................................... 33 

Figure 12 Correlation between kernels obtained increasing the number of dimensions. 33 

Figure 13 Multiscale regression results for the flow feature and the heart rate. From left 

to right, dimensions 1 to 5. ............................................................................................. 34 

Figure 14 Multiscale regression results for the regional strain traces. From left to right, 

dimensions 1 to 5. ........................................................................................................... 34 

Figure 15 Multiscale regression results for the flow feature and the heart rate. From left 

to right, dimensions 6 to 10. ........................................................................................... 35 

Figure 16 Multiscale regression results for the strains. From left to right, dimensions 6 to 

10. ................................................................................................................................... 35 

Figure 17 Degrees of diastolic dysfunction. Reproduced from the Annals of Cardiac 

Anaesthesia22. ................................................................................................................. 36 

Figure 18 Clustering solution. The first two figures illustrate the clusters distribution, the 

third figure illustrates the population of each cluster. .................................................... 38 

Figure 18 Flow pattern and heart rate from MKR. First two modes of cluster 1. .......... 41 

Figure 19 Regional strain from MKR. First two modes of cluster 1. ............................. 42 

Figure 20 Flow pattern and heart rate from MKR. First two modes of cluster 2. .......... 43 

Figure 21 Regional strain from MKR. First two modes of cluster 2. ............................. 44 

Figure 22 Flow pattern and heart rate from MKR. First two modes of cluster 3. .......... 45 

Figure 23 Regional strain from MKR. First two modes of cluster 3. ............................. 46 



 

  



7. List of tables 

Table 1 Features extracted from the TOPCAT cohort. .................................................. 27 

Table 2 Clinical and demographic characteristics of the TOPCAT group included in this 

study. .............................................................................................................................. 32 

Table 3 Characteristics for the phenogroups found. Descriptors were inputs to MKL. . 38 

Table 4 Characteristics for the phenogroups found. Descriptors were not inputs to MKL.

 ........................................................................................................................................ 39 

 

  



7. Bibliography 

1.         Betts, J. G. et al. Anatomy and Physiology. Anatomy and Physiology (2016). 

2.         Shah, A. M. et al. Cardiac Structure and Function and Prognosis in Heart Failure 

With Preserved Ejection Fraction. Circulation: Heart Failure 7, (2014). 

3.         Cikes, M. & Solomon, S. D. Beyond ejection fraction: An integrative approach 

for assessment of cardiac structure and function in heart failure. European Heart 

Journal (2016). doi:10.1093/eurheartj/ehv510 

4.         Lekavich, C. L., Barksdale, D. J., Neelon, V. & Wu, J.-R. Heart failure preserved 

ejection fraction (HFpEF): an integrated and strategic review. Heart Failure 

Reviews 20, (2015). 

5.         Lam, C. S. P. & Teng, T.-H. K. Understanding Heart Failure With Mid-Range 

Ejection Fraction. JACC: Heart Failure 4, (2016). 

6.         Lam, C. S. P. & Solomon, S. D. The middle child in heart failure: heart failure 

with mid-range ejection fraction (40–50%). European Journal of Heart Failure 

16, (2014). 

7.         Ponikowski, P. et al. 2016 ESC Guidelines for the diagnosis and treatment of 

acute and chronic heart failure. European Journal of Heart Failure 18, (2016). 

8.         Zile, M. R. & Baicu, C. F. Biomarkers of diastolic dysfunction and myocardial 

fibrosis: application to heart failure with a preserved ejection fraction. Journal of 

cardiovascular translational research 6, (2013). 

9.         Urso, C., Brucculeri, S. & Caimi, G. Acid – base and electrolyte abnormalities in 

heart failure : pathophysiology and implications. Heart Failure Reviews (2015). 

doi:10.1007/s10741-015-9482-y 

10.        Ahmed, A. & Campbell, R. C. Epidemiology of Chronic Kidney Disease in Heart 

Failure. Heart Failure Clinics 4, (2008). 

11.        Alonso-Betanzos, A., Bolón-Canedo, V., Heyndrickx, G. R. & Kerkhof, P. L. M. 

Exploring Guidelines for Classification of Major Heart Failure Subtypes by Using 

Machine Learning. Clinical Medicine Insights: Cardiology 9s1, (2015). 



12.        Tripoliti, E. E., Papadopoulos, T. G., Karanasiou, G. S., Naka, K. K. & Fotiadis, 

D. I. Heart Failure: Diagnosis, Severity Estimation and Prediction of Adverse 

Events Through Machine Learning Techniques. Computational and Structural 

Biotechnology Journal 15, (2017). 

13.        Mitchell, T. et al. Machine Learning. Annual Review of Computer Science 4, 

(1990). 

14.        van der Maaten, L., Postma, E. & den Herik, J. Dimensionality Reduction: A 

Comparative Review. J Mach Learn Res 10, (2009). 

15.        Lin, Y., Liu, T. & Fuh, C. Multiple Kernel Learning for Dimensionality 

Reduction. IEEE Transactions on Pattern Analysis and Machine Intelligence 33, 

(2011). 

16.        Sanchez-Martinez, S. et al. Characterization of myocardial motion patterns by 

unsupervised multiple kernel learning. Medical Image Analysis 35, (2017). 

17.        Sanchez-Martinez, S. et al. Machine Learning Analysis of Left Ventricular 

Function to Characterize Heart Failure With Preserved Ejection Fraction. 

Circulation: Cardiovascular Imaging 11, (2018). 

18.        Desai, A. S. et al. Rationale and design of the Treatment of Preserved Cardiac 

Function Heart Failure with an Aldosterone Antagonist Trial: A randomized, 

controlled study of spironolactone in patients with symptomatic heart failure and 

preserved ejection fraction. American Heart Journal 162, (2011). 

19.        Pfeffer, M. A. et al. Regional Variation in Patients and Outcomes in the 

Treatment of Preserved Cardiac Function Heart Failure With an Aldosterone 

Antagonist (TOPCAT) Trial. Circulation 131, (2015). 

20.        McMurray, J. J. V. & O’Connor, C. Lessons from the TOPCAT Trial. New 

England Journal of Medicine (2014). doi:10.1056/NEJMe1401231 

21.        Zimmer, V., Lekadir, K., Hoogendoorn, C., Frangi, A. & Piella, G. A Framework 

for Optimal Kernel-Based Manifold Embedding of Medical Image Data. 

Computerized Medical Imaging and Graphics 41, (2014). 

22.        Duchateau, N., de Craene, M., Sitges, M. & Caselles, V. Adaptation of Multiscale 

Function Extension to Inexact Matching: Application to the Mapping of 



Individuals to a Learnt Manifold. in Geometric Science of Information (eds. 

Nielsen, F. & Barbaresco, F.) (Springer Berlin Heidelberg, 2013). 

23.        Yan, F., Kittler, J. & Mikolajczyk, K. Multiple kernel learning and feature space 

denoising. in 4, (2010). 

24.        Morrissey, C. Echo for diastology. Annals of Cardiac Anaesthesia 19, 12 (2016). 

  

  



Supplementary material 

In this addendum, we will expose analyses that were conducted within the context of this 

project but were not relevant enough to be included in the main body of the work. Rather 

than the explicit results themselves we want to highlight the usefulness of the 

methodologies applied. 

Separability of the region of enrollment 

One of the clusters obtained was mainly populated by patients enrolled in Russia and 

Georgia. For this reason, we wanted to assess the separability of the enrollment region in 

the output space. Recall that the enrollment region was not input to the MKL, thus the 

separability emerges from the patients’ characteristics.   

 

Figure 25 Supplementary material. Enrollment region in the output space. 

As observed in Figure 25, the enrollment region can be easily separated using dimensions 

1 and 3. We argue that this separation results from the potential of the MKL algorithm to 

separate the mix of patients with mild MI and clinical HFpEF.  

  



Cluster survival analysis 

Once the subgroups were obtained, we analyzed whether they would encode differences 

in treatment effect. For this reason, we computed the Kaplan-Meier curves for each cluster 

considering the treated and untreated subjects within each group. 

 

Figure 26 Supplementary material. Survival analysis of each cluster. 

We would expect to observe a more notorious difference in cluster 2, since this group 

presents a higher prevalence of HFpEF.  On the contrary, we do not observe any 

significant difference in survival of the subgroups. 

  



Primary outcome density maps 

 

Lastly, we created density maps which consider the coordinates were primary outcome 

was more spatially concentrated. Consequently, regions of hazard and treatment response 

can be obtained and color coded. 

Regarding the maps obtained, we can observe a trend which is in line with what was 

observed in the output space analysis. More specifically, we observe a correlation 

between the enrollment region and the zones where outcome is more frequent. If only 

patients without MI were considered and the sample size were to be bigger, these maps 

would allow for the detection of zones were treatment responds better or worse in the 

specific context of the HFpEF syndrome. 

 

 


