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ABSTRACT OF THE THESIS 
 

An Atlas-Based Approach to Improve Differentiation Between Adolescent Athletes and 
Adolescent Hypertrophic Cardiomyopathy Patients  

 

by  

 

Sandhya Cecilia Kaur Sihra 

Master of Science in Bioengineering 

University of California San Diego, 2021 

Professor Jeffrey Omens, Chair 

 

Differentiation between primary and secondary myocardial hypertrophy is often 

problematic but is most notably difficult for athletes and patients with hypertrophic 

cardiomyopathy (HCM). Primary hypertrophy is caused by HCM, the most common 

genetic disease of the heart. Secondary hypertrophy in athletes is caused by cardiac 

remodeling to accommodate intense exercise regimens that raise the required amount of 

oxygen needed by tissues. In many cases, this remodeling causes changes that appear 

similar to the pathologic hypertrophy in HCM. Although HCM is usually first expressed in 



 x 

adolescence, HCM and athlete’s heart have only been studied extensively in adult 

populations. As a result, neither the standard morphology for the adolescent athlete’s 

heart nor the standard morphology for the adolescent HCM patient has been determined, 

causing some cases of HCM amongst young people to go undiagnosed. The objective of 

this research was to use an atlas-based approach to quantify differences between 

pathologic and physiologic hypertrophy in adolescents in order to mitigate the risks 

associated with both a false positive and a false negative diagnosis of HCM. This study 

found that the atlas-based method is more effective at differentiating between adolescent 

athletes and adolescent HCM patients than the currently used parameters. The addition of 

atlas-based parameters improved predictive ability for left ventricular (LV), right 

ventricular (RV), and biventricular (Bi-V) parameters. Additionally, Bi-V parameters were 

more effective than LV parameters alone, which is noteworthy because current methods 

exclude RV parameters in the differential diagnosis of these two groups.
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Introduction  
Myocardial hypertrophy is divided into two categories; primary hypertrophy is 

caused by hypertrophic cardiomyopathy (HCM), the most common genetic disease of the 

heart (Noureldin et al.). Secondary hypertrophy is any hypertrophy that is not caused by 

HCM (Marian and Braunwald). There are disorders that are known to cause secondary 

hypertrophy, such as hypertension, but not all myocardial hypertrophy is considered to be 

pathologic. High-level athletes for example, such as professionals, Olympians, collegiate-

level athletes, or even serious high school athletes, often exhibit hypertrophy. The 

demand for oxygen increases in the tissues during physical activity, so the cardiac output 

must increase in order to meet the demand. For athletes, the increase in cardiac output is 

sustained and repeated. Their intense exercise regimens cause cardiac remodeling that 

enables them to provide a consistently elevated level of oxygen to their tissues. In many 

cases, this remodeling causes changes that appear similar to the pathologic hypertrophy 

in HCM. 

 

Hypertrophic Cardiomyopathy 
Over 1,000 different genetic mutations have been linked to HCM, the majority of 

which encode sarcomeric proteins, and some HCM patients have more than one mutation 

(Noureldin et al.). The mutation has the largest effect on phenotype, but the number of 

possible mutations combined with external patient-specific factors has led to a great 

variety of HCM phenotypes (Marian and Braunwald). Amongst all phenotypes, the main 

characteristic of HCM is left ventricular hypertrophy (LVH). The most common phenotype 

is asymmetric “sigmoidal” hypertrophy that can obstruct the left ventricular outflow tract 

(LVOT), leading to altered hemodynamics and mitral valve regurgitation (Noureldin et 



 2 

al.). Asymmetric hypertrophy can also occur at the middle of the ventricle, the apical wall 

(apical HCM), or in any specific and localized area of the ventricle (focal HCM) (Noureldin 

et al.). Up to 42% of HCM patients have symmetric hypertrophy, also known as concentric 

HCM, and experience equal amounts of hypertrophy along all sides of the LV wall 

(Noureldin et al.). About 18% of HCM patients experience hypertrophy in the right 

ventricle (RV), normally toward the apex (Noureldin et al.).    

In HCM, the hypertrophied LV chamber is much stiffer than normal, which 

increases difficulty in filling. The resulting effects on diastolic function include reduced 

cardiac output and reduced end diastolic volume, both of which are used in part to 

diagnose HCM (Noureldin et al.). An end diastolic left ventricular (LV) wall thickness ≥	15 

mm is considered to be the threshold for diagnosing HCM, along with a septal to lateral 

wall thickness ratio > 1.3 under normal conditions (Noureldin et al.). These 

measurements are generally taken non-invasively using imaging techniques; historically, 

echocardiography was favored in analysis of hypertrophy, but cardiac magnetic resonance 

(CMR) is now considered to be the best imaging method for diagnosing HCM (Noureldin 

et al.). CMR provides additional information and is generally considered to be more 

accurate than echocardiography, especially in determining the morphology of the 

hypertrophy and the size of the LV (Noureldin et al.). Specific variations of CMR provide 

more details for certain information. For example, phase-contrast CMR can be used to 

estimate flow velocities in the LVOT, the pulmonary vein, and the mitral valve, which 

allows physicians to observe diastolic function in the LV (Noureldin et al.). Tagged CMR 

provides mechanical information at specific points along the myocardium, which can 

differentiate between healthy and hypertrophied tissue (Noureldin et al.). Stress 

perfusion CMR provides information about wall thickness that can indicate regions of 
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hypertrophy (Noureldin et al.). Diffusion CMR provides information about diffusion 

anisotropy and fiber orientation, which is vital because myocardial disarray is another 

defining characteristic of HCM (Noureldin et al.). Finally, CMR spectroscopy can be used 

to observe the metabolism in different regions of the myocardial tissue to find any areas 

of reduced metabolic activity, which is common in hypertrophied tissue (Noureldin et 

al.).  

Patients suspected to have HCM undergo many other tests before a conclusive 

diagnosis is made. Patients are asked for detailed personal and family history of heart 

failure, cardiac disease, and/or sudden cardiac death (Marian and Braunwald). The 12-

lead electrocardiogram (ECG) is typically one of the first tests conducted because patients 

with HCM can exhibit abnormalities including marked left-axis deviation, patterns 

indicative of left atrial enlargement, deep Q waves, depressed ST-segments, and diffuse T-

wave inversion (Pelliccia, Maron, et al.). Stress tests are often done to determine if a 

patient has a limited tolerance for physical activity (Marian and Braunwald). Genetic 

testing is now considered standard for HCM although it presents important limitations. 

The degree of causality for each gene associated with HCM has yet to be established 

(Marian and Braunwald). Together with the high quantity of mutations associated with 

HCM, this limitation lowers the negative predictive ability of the genetic testing method.  

While it is common for HCM patients to be asymptomatic, there are some physical 

symptoms associated with the disease such as chest pain and arrhythmia. Between 20% 

and 30% of patients exhibit nonsustained ventricular tachycardia and 25% exhibit atrial 

fibrillation (Marian and Braunwald). These arrhythmias can lead to SCD if left untreated, 

but implantable cardioverter/defibrillator (ICD) devices provide a solution for managing 

them (Marian and Braunwald). 
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Athlete’s Heart 
In general, athletes have been shown to have increased cardiac mass, increased 

chamber size, increased ventricular volumes, LVH, increased stroke volume, and 

increased diastolic filling (Gati and Sharma). However, the specific remodeling in any 

given athlete depends on multiple factors including type of activity in which they 

participate, sex, age, body size, and ethnicity (Gati and Sharma). Athletic activity is 

divided into two groups: endurance and resistance. Endurance athletes, such as cross-

country runners, often develop increased LV wall thickness and larger cavity sizes in the 

LV, right ventricle, and left atrium (LA) while maintaining normal function at both systole 

and diastole (Lovic et al.). Resistance athletes, such as weightlifters, also develop 

increased LV wall thickness but usually do not experience increases in cavity size (Lovic et 

al.). Additionally, activities that involve both endurance and resistance training can cause 

elements of both types of remodeling to occur (Lovic et al.). The pattern of the increased 

LV wall thickness, or hypertrophy, is considered to be symmetric, although it most often 

appears along the interventricular septum (Lovic et al.). In some cases, the hypertrophy 

can result in LV wall thickness ≥	15 mm (Pelliccia, Maron, et al.). These remodeling 

characteristics apply to athletes of both sexes, but on average, men have larger cavity 

sizes and wall thicknesses than women (Pelliccia, Maron, et al.). Part of this difference 

can be attributed to the fact that men typically have larger body sizes (body surface area) 

than women, which is another factor that affects remodeling (Pelliccia, Maron, et al.). 

Body size may also explain the effects of the age factor; adolescents, who typically have 

smaller body sizes, consistently have smaller cavity sizes and wall thicknesses than adults 

(Gati and Sharma). The effects of ethnicity have not yet been extensively studied, but 
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black athletes have been shown to be more likely than white athletes to experience a 

degree of LVH that overlaps the threshold for diagnosis of HCM (Gati and Sharma). Many 

athletes also develop a resting bradycardia, which manifests on an EKG.   

 

Comparing HCM and Athlete’s Heart 
  Differentiation between primary and secondary hypertrophy is often problematic 

but is most notably difficult for athletes and HCM patients. The main difference between 

the hypertrophy in an athlete’s heart versus that of an HCM patient is the effect of the 

hypertrophy on the overall function of the heart. Pathologic hypertrophy in HCM is known 

to cause dysfunction, but athletes experience little to no difference in cardiac function as 

a result of their hypertrophy. Some athletes even experience increased cardiac output as a 

result of their hypertrophy (Gati and Sharma). Part of this difference is explained by the 

mechanism of the hypertrophy in each case. In HCM, the cardiac extracellular volume 

increases as fibrosis occurs. Fibrosis causes tissue to become stiffer, making it more 

difficult for the muscle to contract and in some cases leading to reentrant blood flow 

(O’hanlon et al.). In athletes, extracellular volume decreases as cardiac mass increases, 

indicating that their hypertrophy is a result of myocyte enlargement rather than fibrosis 

or genetic sarcomeric mutation (Gati and Sharma). Research has acknowledged the area 

of overlap between HCM and athlete’s heart, but primarily relies on positive diagnosis of 

HCM as the method for differentiation between the two conditions. A combination of LV 

analysis based on imaging parameters, genetic testing, and differences in EKG are used to 

confirm a positive HCM diagnosis, but physicians still often hesitate to make the call due 

to problems related to each of these methods. For example, ECG screening programs to 

detect LV hypertrophy have notoriously poor sensitivity and specificity for disease versus 
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normal (Bratincsak et al.). When possible, athletes are told to practice “deconditioning” as 

a method of differentiation. Since their hypertrophy is caused by athletic conditioning, a 

cessation of conditioning results in the lessening and ultimately disappearance of 

hypertrophied tissue. On the contrary, HCM patients have no control over the 

development of hypertrophy in the tissue, which makes this method the most reliable 

(Pelliccia, Maron, et al.).    

It is possible that the overlap between HCM and athlete’s heart extends further 

than previously thought. For example, although HCM is usually first expressed in 

adolescence, HCM and athlete’s heart have primarily been studied in adult populations, 

resulting in a lack of information on adolescent patients (Noureldin et al.). Patients can 

develop the recognizable phenotype associated with adult HCM as late as 25-30 years old, 

which means that many adolescents with HCM are in early stages of the disease that have 

yet to be adequately studied or documented (Marian and Braunwald). Additionally, the 

shape of an athlete’s heart can change greatly over time and is affected by many 

parameters, which means that changes in shape attributed to age are difficult to isolate. If 

an adolescent athlete has just begun to develop the HCM phenotype, it is possible that the 

initial stages of disease development would be overlooked due to the expected 

physiological remodeling associated with the athletic training program. An undiagnosed 

case of HCM such as in this example can lead to sudden cardiac death (SCD); in fact, HCM 

is the most common cause of SCD in young adults and athletes (Adabag et al.). Neither the 

standard morphology for the adolescent athlete’s heart nor the standard morphology for 

the adolescent HCM patient has been determined, causing some cases of HCM amongst 

young people to go undiagnosed. For these reasons, there exists a need to study and 

categorize the specific geometry associated with cardiac remodeling in young athletes and 
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young HCM patients to improve early detection of HCM in adolescents. The objective of 

this research is to use an atlas-based approach to quantify differences between pathologic 

and physiologic hypertrophy in adolescents in order to mitigate the risks associated with 

both a false positive and a false negative diagnosis of HCM. Other studies have applied an 

atlas-based analysis method to quantitatively describe the characteristics of patients with 

heart disease or abnormalities, confirming its validity (Farrar et al.). This study tests the 

hypothesis that the atlas-based method is more effective at differentiating between 

adolescent athletes and adolescent HCM patients than the currently used parameters.  

 

Methods 
Study Population  

This cross-sectional study was conducted using CMR images from Rady Children’s 

Hospital in San Diego, CA with approval from the associated Institutional Review Board. 

Patients were chosen for this study based on the presence of LVH found on CMR. The 

overall patient population size was N = 42, which was subdivided into two cohorts and a 

test set. The two cohorts were athletes (N = 14) and HCM patients (N = 20). Patients were 

considered to be athletes if reliable documentation of their sports activity (type and level) 

was available to confirm the cause of LVH and if HCM has been ruled out in the diagnosis 

by a physician. Patients were considered to be HCM patients only if they had a confirmed 

HCM diagnosis from a physician. The test set (N = 8) consisted of patients that presented 

with LVH but were not able to be placed with certainty in either of the two cohorts being 

studied. The patients in the test set are included in the overall patient population 

statistics but are not included in the specific statistics for either of the two cohorts. 

Patients were excluded from the study based on insufficient CMR image quality or pre-
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existing cardiac conditions that would act as confounding variables, such as tetralogy of 

Fallot or ventricular septal defect. This study made use of a reference atlas compiled by 

the UK BioBank as part of the Cardiac Atlas Project. It is composed of CMR images from 

630 asymptomatic individuals.      

 

CMR Image Acquisition and Model Creation 
All CMR images used in this study were taken using either a 1.5 T GE system or a 

1.5 T Phillips system and included gated steady state free precession cine imaging.  

 These images were uploaded into Cardiac Image Modeler (CIM) for analysis. Long and 

short axis images were chosen to holistically represent the heart. The long axis slices 

included a four-chamber image, an image of the left ventricular outflow tract, and an 

image of the right ventricular outflow tract. Short axis slices were chosen such that basal, 

middle, and apical regions were represented. After specific images were chosen, guide 

points were placed manually on the images by the user as prompted by the software (LV 

apical centroid, LV basal centroid, RV centroid, RV septal inserts, mitral valve inserts, 

aortic valve inserts, tricuspid valve inserts, pulmonary valve inserts, and LV epicardial 

apex). From these guide points, CIM created preliminary models that were then manually 

adjusted by the user for more accurate placement of the endocardial and epicardial 

surfaces. This process was repeated for each individual, resulting in patient-specific bi-

ventricular (Bi-V) models described by coordinate meshes of 388 points, each with 

coordinates in the x, y, and z directions (dimensions 388 x 3). For each model, CIM 

calculated the LV end diastolic volume (EDV), LV end systolic volume (ESV), LV ejection 

fraction (EF), LV mass, RV EDV, RV ESV, RV EF, RV mass, and LV and RV stroke volumes.  
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Figure 1. A screen capture showing the creation of a patient model in CIM including a mid-basal 
short axis view and a 4-chamber long axis view, both with user-placed guide points, and image 
slice intersections  
 

Creation and Use of Atlas-Based Bi-Ventricular Shape Modes 
In order to compare the two cohorts in this study, an atlas-based analysis was 

conducted in Matlab using the following procedure, which has been previously used and 

validated by members of the Cardiac Mechanics Research Group. First, coordinate point-

clouds and associated information were extracted from the CIM model files for all 

patients. The patient models were constructed using both ED and ES coordinates. The 

atlas model used in this study was constructed using the mean ED coordinates taken from 

the atlas population. The coordinate meshes were subdivided from the original 388 points 

into meshes of 5810 points to increase the accuracy of the models. As each point consisted 

of an x-, y-, and z-coordinate, the subdivided meshes contained 34,860 total coordinates 

per model (17,430 in ED and 17,430 in ES). A Procrustes alignment was performed 

between each patient coordinate mesh and the atlas model mesh to superimpose the 
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patient models onto the atlas space, allowing for geometric comparison. Aligning the 

patient ED coordinates to the atlas model coordinates allows for accurate size and shape 

comparison between the patient and the atlas. Aligning patient ES coordinates to the atlas 

model allows for observation of the maximum displacement of each point in the 

model. Once the patient model coordinates had been extracted, scaled, and aligned, the 

atlas model coordinates were subtracted from the patient coordinates (both ED and ES). 

The resulting values (contained in a vector of dimensions 1 x 34,860 for each patient) are 

the positional differences for each coordinate between the patient in ED and the atlas 

model, and between the patient in ES and the atlas model.  

In a previous study, principal component analysis (PCA) was performed on the UK 

BioBank reference atlas. This dimensionality reduction technique was used to combine the 

shape differences in the atlas into 629 statistically independent features, or principal 

components, referred to as shape modes for this study. Each of the shape modes is derived 

from a collection of factors associated with a highly variable aspect of cardiac shape. The 

shape modes are presented numerically. The first shape mode explains the largest amount 

of variation in the atlas, the second shape mode explains the second-largest amount of 

variation, etc. Each of the shape modes is given by an eigenvector and an eigenvalue. The 

location of each of the 34,860 coordinates in the atlas model is described by the 

eigenvector equations from the PCA. The result is a matrix of 34,860 rows and 629 

columns called the atlas coefficient matrix, where each row represents a coordinate and 

each column n is the eigenvector coefficients for the corresponding shape mode n (for 

example, column 1 contains the coefficients of the eigenvector for shape mode 1). The 

shape mode eigenvector coefficients describe the contribution of that shape mode to the 
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atlas model coordinates. In other words, the coefficients give the “weight” of the shape 

mode on the location of a given coordinate in the atlas model. 

 The vector containing the positional differences between the patient model and 

the atlas model obtained in the subtraction step was then multiplied by the atlas 

coefficient matrix. The individual steps in this matrix multiplication are analyzed 

separately to explain their importance. In step one, for any given shape mode, each of the 

34,860 coordinate differences is multiplied by the associated coefficient for that 

coordinate. These intermediate values between steps one and two describe the extent to 

which each shape mode contributes to the coordinate differences between the patient 

model and the atlas model. In step two, the intermediate values are summed to give one 

PCA-score per patient per mode. The end result of the matrix multiplication is a set of 629 

PCA-scores per patient that describe the extent to which each shape mode contributes to 

the differences in overall cardiac geometry between the patient and the atlas. In the last 

step of the atlas-based analysis, the PCA-scores were normalized to Z-scores using the 

eigenvalues from the PCA. As previously mentioned, the amount of variation in the atlas 

geometry explained by the shape mode decreases with increasing shape mode; similarly, 

the eigenvalues, which represent the “weight” of the shape modes in the atlas model, 

decrease with decreasing shape mode.      

From the analysis described above, each patient has a Z-score for each shape mode 

that specifies the number of standard deviations by which the individual differs from the 

atlas mean. For example, a Z-score of ± 3 on shape mode 6 would indicate that an 

individual is three standard deviations away from the atlas mean in for the cardiac shape 

characteristics that are described by shape mode 6. The Z-scores were used to quantify 

and describe the shape differences between the athlete cohort and the HCM cohort. 
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Choice and Justification of Shape Mode Subset for Analysis 
 A subset of the 629 shape modes from the original PCA were chosen for analysis in 

this study. The original PCA was conducted on the entire atlas population of 630 patients, 

and 629 shape modes were needed to explain 100% of the variation in that population. In 

a much smaller patient population such as that used for this study, fewer modes would be 

required to explain 100% of the variance. Furthermore, while the aims of this study 

require explanation of the majority of the variance in the population, explaining 100% of 

the variance in the population is not necessary. The amount of variance explained 

decreases with increasing mode until the final modes explain negligible amounts of 

variation in the atlas, and therefore would not contain important features of geometry 

due to the nature of PCA. Instead, all of the features of interest would be included in the 

modes that explain the highest amounts of variance in the atlas. Simply using those modes 

as a subset for analysis is acceptable for this study. However, since the atlas modes were 

applied to patients external from the atlas, the variance explained in the patient 

population by each mode is unknown. Consequently, it was decided that choosing modes 

for analysis in this study based on variance explained in the atlas would be erroneous.  

An alternative parameter called the implied variance was created and used to 

determine the subset of modes for analysis. The variance in the patient population was 

calculated for each shape mode. To calculate implied variance, the patient population 

variance for each mode was multiplied by the percentage of variance explained in the 

atlas for each mode. In this way, both patient population variance and variance explained 

by each mode were taken into account to determine the subset. The implied variances and 

corresponding modes were sorted from greatest to least. Limiting implied variance to 

values greater than or equal to one, only the modes corresponding to the top 31 implied 
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variances were considered. Assuming that the shape modes for which the two cohorts are 

significantly different would be best suited to classify patients as either athletes or HCM, 

independent-sample Student’s t-tests were run to compare the cohorts for each of the 31 

modes. After all modes with p > 0.05 were removed, the finalized subset consisted of 13 

modes.  

A root mean square error (RMSE) analysis was used to justify the choice of specific 

modes for the subset as opposed to a subset of modes chosen by amount of variance 

explained in the atlas. First, the patient population average PCA score was calculated for 

each shape mode and stored in a vector (the mean patient PCA vector). The calculation 

used to obtain the individual PCA scores was reversed and applied to the average patient 

population PCA scores, resulting in a model whose coordinate point-cloud represented the 

average cardiac geometry for the patient population (the mean patient model). Next, the 

mean patient model was altered to determine how well the shape modes captured the 

individual patient geometry. Patient 1 will be used as an example to describe the steps in 

altering the mean patient model, beginning with shape mode 1. In the mean patient PCA 

vector, the mean patient PCA score for shape mode 1 was replaced with the patient 1 PCA 

score for shape mode 1. The mean patient PCA vector was used again in the subsequent 

step, but the patient 1 PCA score for shape mode 1 was preserved and the patient 1 PCA 

score for shape mode 2 was added, replacing the mean patient PCA score for shape mode 

2. This process was repeated up to shape mode 13, resulting in a set of coordinates for 

patient 1 derived from the first 13 shape modes. The RMSE for each coordinate was 

calculated between that set of coordinates and the coordinates for patient 1 that were 

extracted from CIM. The error between these two sets of coordinates represents the 

extent to which the first 13 shape modes are able to capture the geometry of patient 1. 
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Next, the mean patient PCA scores in the mean patient PCA vector were replaced with the 

patient 1 PCA scores for each of the specific shape modes chosen for the analysis subset. 

The resulting vector was used to create a set of coordinates, and the RMSE was calculated 

between that set of coordinates and the coordinates for patient 1 that were extracted from 

CIM. The error between these two sets of coordinates represents the extent to which the 

subset modes are able to capture the geometry of patient 1. The RMSE for the coordinates 

derived from the subset modes was significantly lower (p < 0.01) than the RMSE for the 

coordinates derived from modes 1-13, justifying the use of the chosen subset in the 

analysis.       

 

Statistical Analysis 
Percent difference was calculated between CMR values and CIM values for 

conventional MRI parameters. Models with a percent difference less than 30% for all 

parameters were considered to be valid based on a previous study using the CIM 

methodology (van Hal et al.). 

Descriptive statistics were used to summarize the atlas population and the patient 

population. Means and standard deviations were given for the atlas population for 

relevant continuous demographic data. Independent-sample Student’s t-tests of unequal 

variances were used to compare the athlete cohort to the HCM cohort for all continuous 

demographic data. A combination of tests was used for the categorical demographic data; 

Fisher’s exact test was used to compare sex between the two cohorts because sex only has 

two variable levels (male and female) and expected values in the contingency table were 

less than 5. The Chi-squared test was used to compare ethnicity between the cohorts 

because the variable has more than 2 levels, so Fisher’s exact test was not recommended.  
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Regression models were used to compare the two cohorts in the patient population. 

Significant differences were found between the two cohorts for age and sex, so 

multivariable linear regression was used to adjust the comparisons between the two 

cohorts for each relevant MRI parameter and for each of the shape modes in the analysis 

subset when necessary. Two linear regression models were created for each parameter 

and shape mode: one including age and sex as additional variables, and one without age 

and sex. The likelihood ratio test (LRT) was conducted using the log likelihood values for 

each pair of regression models to determine whether adjustment was necessary for that 

parameter or shape mode. An LRT statistic value of 1 meant that the null hypothesis, 

which stated that the effects of age and sex were not significant, must be rejected. When 

the null hypothesis was rejected, p-values were taken from the adjusted linear regression 

model. When the null hypothesis was not rejected, p-values were taken from independent-

sample Student’s t-tests of unequal variances.  

Logistic regression models were used to classify patients as either athletes or HCM 

based on conventional MRI parameters, shape modes, or a combination. A total of seven 

logistic regression models were created: shape modes only, LV only, RV only, Bi-V, LV + 

shape modes, RV + shape modes, and Bi-V + shape modes. The area (AUC) under the 

receiver-operator curve (ROC) was calculated for each logistic regression model to 

evaluate and compare the predictive ability of the models. The overall efficacy of each 

model was determined using a combination of predictive ability and sensitivity to HCM. 

All statistical analyses were performed in Google Sheets and Matlab.  
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Results 
Study Population 
 The individuals in this study population were, on average, much younger than the 

individuals in the reference atlas (Table 1). The majority of the patients in this study were 

male, while the majority of the patients in the atlas were female. The three most 

represented ethnicities in the study population were Other/Hispanic/Latino, White, and 

Other.  

Looking at the two cohorts within the study population, HCM patients were 

significantly younger than athletes (p = 0.01). There were no female athletes in the study, 

rendering the cohorts significantly different for sex (p = 0.03). On average, athletes had a 

larger body surface area (BSA) than HCM patients.   

Table 1. Population Demographics 
 Patient-Atlas Comparison Cohort Comparison  
Characteristic Atlas  

Population  
(N = 630)a 

Patient  
Population  
(N = 42)a 

Athletes  
(N = 14)a 

HCM  
(N = 20)a 

p b 

Age at Imaging (years) 59.1 (6.3)  15.2 (3.1) 16.3 (1.3) 14.0 (3.4) 0.01 
Sex      

Male 290 (46%) 33 (78.6%) 14 (100%) 13 (65%) 0.03* 
Female 340 (54%) 9 (21.4%) 0 (0%) 7 (35%)  

Ethnicity     0.58+ 

White  9 (21.4%) 4 (28.6%) 5 (25.0%)  
White/Hispanic/Latino  6 (14.3%) 1 (7.14%) 5 (25.0%)  
Other  7 (16.7%) 2 (14.3%) 2 (10.0%)  
Other/Hispanic/Latino  10 (23.8%) 2 (14.3%) 4 (20.0%)  
Black/African  4 (9.5%) 3 (21.4%) 1 (5.0%)  
Black/African/Hispanic/Latino  1 (2.4%) 1 (7.14%) 0 (0.0%)  
Asian  4 (9.5%) 1 (7.14%) 2 (10.0%)  
American Indian/Alaska Native  1 (2.4%) 0 (0.0%) 1 (5.0%)  

BSA (m2)  1.74 (0.37) 1.84 (0.17) 1.62 (0.46) 0.10 
aThe table displays quantity (%) for categorical variables and mean (standard deviation) for 
continuous variables 
bAll p-values were calculating using independent sample Student’s t-tests for unequal variances 
unless stated otherwise 
*P-value calculated using Fisher’s exact test 
+P-value calculated using Chi-squared test  
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Bi-Ventricular Shape Model Validity  
Models were considered valid for a percent difference less than 30% for all 

parameters with the exception of RV mass, which could not be evaluated because the 

majority of the patients in the study did not have a value for RV mass reported from MRI. 

All of the models created for this study were accepted as valid (Figure 2, Figure 3).  

 

Figure 2. Percent difference for model LV parameters 
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Figure 3. Percent difference for model RV parameters 
 

Size and Shape Differences Between Athletes and HCM Patients  
The athlete and HCM cohorts were compared for conventional MRI parameters (in 

both the LV and RV) and for the shape modes in the subset (Table 2).  
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Table 2. Comparison of Size and Shape Between Athlete and HCM Cohorts 

aThe table displays mean (standard deviation) for all parameters 
bAll p-values were calculating using independent sample Student’s t-tests for unequal variances 
unless stated otherwise 
*p-value from linear regression  

 

In comparison to the HCM patients, athletes had significantly higher indexed LVEDV (p = 

0.01), indexed RVEDV (p < 0.01), indexed RVESV (p < 0.01), and indexed LVESV (p < 

0.01), but significantly lower LVEF (p = 0.05) and RVEF (p = 0.04). In comparison to the 

HCM patients, athletes had significantly lower scores for shape mode 1 (p < 0.01), shape 

mode 11 (p = 0.02), and shape mode 14 (p < 0.01). Athletes had significantly higher scores 

for shape mode 22 (p < 0.01).  

Logistic regression models were used to evaluate the ability of conventional MRI 

parameters and shape modes to classify individuals as either athletes or HCM patients 

 Athletes (N = 14)a HCM (N = 20)a p b 
Conventional Parameters     
Indexed LVEDV 97.9 (9.5) 78.9 (14.5) 0.01* 
Indexed LVESV 40.1 (11.7) 26.7 (6.4) < 0.01* 
Indexed LV Mass 82.1 (8.3) 85.4 (31.5) 0.89* 
LVEF 59.2 (9.6) 66.0 (5.8) 0.05* 
Indexed RVEDV 91.2 (13.2) 67.0 (10.6) < 0.01 
Indexed RVESV 44.6 (9.3) 27.2 (7.2) < 0.01 
Indexed RV Mass 39.8 (6.4) 39.9 (9.6) 0.83 
RVEF 51.3 (5.2) 59.6 (7.5) 0.04 
    
Atlas-Derived Parameters    
Shape Mode 1 -1.55 (0.9) 0.295 (1.5) < 0.01 
Shape Mode 2 -2.33 (0.5) -1.66 (1.2) 0.32* 
Shape Mode 8 0.703 (1.2) 2.45 (2.0) 0.35* 
Shape Mode 10 -0.134 (1.2) -1.55 (1.7) 0.27* 
Shape Mode 11 0.227 (1.2) 1.36 (1.4) 0.02* 
Shape Mode 12 1.04 (1.0) 2.09 (1.4) 0.11* 
Shape Mode 14 2.55 (1.1) 4.63 (1.7) < 0.01 
Shape Mode 16 1.41 (2.2) -0.797 (2.0) 0.14* 
Shape Mode 17 -0.564 (1.0) -1.39 (1.2) 0.39* 
Shape Mode 18 0.564 (2.1) -2.00 (2.3) 0.07* 
Shape Mode 22 1.64 (1.0) -0.395 (1.5) < 0.01* 
Shape Mode 31 0.272 (1.6) -1.30 (2.0) 0.21* 
Shape Mode 37 0.891 (2.2) 2.42 (1.5) 0.12* 
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(Figures 4-17). The models were said to discriminate between the two groups to an 

acceptable degree for 0.8 > AUC > 0.7 and to discriminate well between the two groups 

for an AUC > 0.8. The first model used modes from the shape mode subset and 

discriminated well between the two groups. The second model used conventional MRI 

parameters from the LV and discriminated between the two groups to an acceptable 

degree but had the lowest predictive ability of all 7 models. The third model used 

conventional MRI parameters from the RV and discriminated well between the two 

groups. The fourth model used a combination of conventional parameters from both 

ventricles and discriminated well between the two groups. The fifth model combined 

shape modes with conventional LV parameters and discriminated well between the two 

groups. The sixth model combined shape modes with conventional RV parameters and 

discriminated equally as well between the two groups. Finally, the seventh model 

combined shape modes with conventional parameters from both ventricles and 

discriminated equally as well between the two groups.  

 

Figure 4. Prediction-accuracy table (confusion matrix) for classification using the shape mode 
logistic regression model  



 21 

 

 

Figure 5. Prediction-accuracy table (confusion matrix) for classification using the LV parameter 
logistic regression model 
 

 

Figure 6. Prediction-accuracy table (confusion matrix) for classification using the RV parameter 
logistic regression model 
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Figure 7. Prediction-accuracy table (confusion matrix) for classification using the Bi-V parameter 
logistic regression model 
 

 

Figure 8. Prediction-accuracy table (confusion matrix) for classification using the LV parameters + 
shape modes logistic regression model 
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Figure 9. Prediction-accuracy table (confusion matrix) for classification using the RV parameters + 
shape modes logistic regression model 
 

 

Figure 10. Prediction-accuracy table (confusion matrix) for classification using the Bi-V parameters 
+ shape modes logistic regression model 
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Figure 11. ROC for classification using the shape modes logistic regression model 

 

Figure 12. ROC for classification using the LV parameters logistic regression model 
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Figure 13. ROC for classification using the RV parameters logistic regression model 

 

Figure 14. ROC for classification using the Bi-V parameters logistic regression model 
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Figure 15. ROC for classification using the LV parameters + shape modes logistic regression model 

 

Figure 16. ROC for classification using the RV parameters + shape modes logistic regression model 
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Figure 17. ROC for classification using the Bi-V parameters + shape modes logistic regression 
model 
 

Discussion 
Methods  

The Procrustes calculation used in this study aligned the patient ED and ES 

coordinates to the atlas mean ED coordinates so that the extent of the systolic contraction 

could be qualitatively observed for each patient. For quantitative observations, future 

research could use the post-Procrustes coordinates from this study to calculate the length 

of the displacement vector from diastole to systole for each coordinate. Similar kinematic 

modeling studies have been conducted to evaluate changes in wall thickness and are 

particularly relevant to this study population considering the diastolic dysfunction often 

associated with HCM (van Hal et al.; Noureldin et al.). This type of wall motion atlas 

evaluation could enhance the atlas-based method and provide another way to improve 

differential diagnosis of HCM and athlete’s heart.  
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It is common practice to adjust all comparisons in a study to account for confounding 

variables when significant differences are found. Significant differences were found 

between the two cohorts of this study for age and sex. However, one of the major 

contributions of this study is the information it provides about an age group for which 

information is lacking. A unique opportunity was identified in this research to explore a 

possible relationship between age, sex, and the relevance of certain geometric parameters 

in the differential diagnosis of HCM and athlete’s heart. Rather than use the adjusted 

models to evaluate differences between the cohorts for all parameters, the addition of the 

LRT allowed for the exploration of this possibility. The majority of the parameters 

studied, both conventional and atlas-based, were significantly affected by age and sex. 

This finding suggests that, rather than the standard set of parameters currently used, an 

optimal set of geometric parameters exists for the differentiation between HCM and 

athlete’s heart for specific age groups. Additionally, and based on the fact that some 

parameters in this study were not significantly affected by age and sex, it is possible that 

there is a standard set of geometric parameters that differentiate effectively between the 

two cohorts at any age. There may be potential to improve differential diagnosis between 

HCM and athlete’s heart using a standard set of geometric parameters in combination 

with a set of parameters specific to the age of the patient in question. Further research is 

required to examine this theory, including the study of age in a separate set of 

multivariable linear regression models that does not include sex.  

A future study could also determine whether a similar relationship exists between sex 

and geometric parameters, which could not be effectively considered in this study due to 

the complete lack of female athletes. Previous work has shown that there are significant 
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differences between the hearts of male and female athletes. On average, female athletes 

have smaller overall cardiac chamber dimensions and masses than male athletes (Gati and 

Sharma). Differences have also been noted between the extent and characteristics of 

cardiac remodeling in male and female athletes. Female athletes are most likely to exhibit 

eccentric hypertrophy, whereas male athletes have been shown to experience various 

patterns of hypertrophy, including concentric (Gati and Sharma). For these reasons, it is 

absolutely necessary to check for significant differences in sex between cohorts in 

geometry-centered studies such as this one.  

All indexed conventional parameters were indexed to body size, which generally has a 

strong influence on the cardiac parameters that are relevant to distinction between HCM 

and athlete’s heart (Pelliccia, Caselli, et al.). This study uses BSA for body size indexing in 

accordance with standard practice at Rady Children’s Hospital. Conventional LV 

parameters in this study were limited to those most used by clinicians in the evaluation of 

athlete’s heart and diagnosis of HCM. The higher LVEDV and LVESV in the athletes as 

compared to the HCM patients could be indicative of the difference in functional capacity 

between these two groups. While HCM patients have been known to experience 

dysfunction (particularly diastolic) as a result of their hypertrophy, athletes either have 

no change in function or have improved function (Noureldin et al.; Gati and Sharma; Lovic 

et al.). As expected, the mass for both ventricles was greater in the HCM patients than the 

athletes. Mass and extent of hypertrophy are often correlated, and the extent of 

hypertrophy is expected to be greater in HCM patients than in athletes since the two 

groups overlap at the athlete upper limit (Pelliccia, Caselli, et al.). Consistent with the 
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equation for EF (Equation 1) and as compared to the HCM patients, athletes had 

significantly lower EF for both ventricles.  

EF = 	
EDV − ESV

EDV
× 100 

Equation 1. The equation for cardiac ejection fraction 

There are many reasons why the clinical standard of practice for diagnosis of HCM 

currently relies so heavily on LV parameters. After many years of refinement, there is a 

generally accepted method for quantifying a typically bullet-shaped LV structure and 

function using geometric measurements taken from imaging. As imaging modalities have 

evolved, these measurements have become more reliable and accurate. However, the 

geometry of the RV makes imaging difficult. The most important anatomical structures in 

the RV are wrapped around the LV, which means that they can only be observed from 

certain views (Jones et al.). As a result, the measurements that have been accepted by 

physicians for use in the LV are not always available or reproducible for the RV. 

Additionally, the geometric measurements that describe the LV may not be directly 

applicable to the RV. Properties of biomechanics differ greatly between the two ventricles. 

For example, although both ventricles contract with radial and longitudinal components, 

the longitudinal component is larger in the RV than in the LV (Carlsson et al.). This 

reliance on longitudinal contraction is largely due to the muscle fiber orientation in the 

RV (Carlsson et al.). Under normal conditions, the primary contractile fibers in the RV are 

arranged longitudinally, making the vertical axis the primary axis for contraction 

(Carlsson et al.). For this reason, some measurements that are used to assess LV function, 
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such as wall thickness, are not necessarily indicative of RV function because they do not 

entirely reflect the extent of RV contraction.  

These aspects of the RV have made physicians reluctant to use RV imaging data in 

diagnoses, but recent work has shown that certain RV parameters may be related to 

outcomes of HCM patients. These studies generally concur that there is a direct 

relationship between the involvement of the RV in some HCM patients and the severity of 

the HCM in that patient (Seo et al.). It follows that while conventional LV parameters can 

be used to assess cardiac function in HCM patients, conventional RV parameters can be 

used to track disease progression in HCM patients. The implication that a Bi-V evaluation 

is more useful than an LV evaluation for HCM patients was one motivating factor for this 

study’s hypothesis that a Bi-V analysis is more effective than an LV analysis at 

discriminating between adolescent athletes and adolescent HCM patients. Another 

motivation for this hypothesis was the recent finding that athletic training leads to 

increased RV dimensions in children, confirming the relevance of RV parameters to both 

cohorts of this study (D’Ascenzi et al.).  

Results 
The findings from the logistic regression models support this hypothesis; the Bi-V 

model, unlike the LV model, was able to discriminate well between the two cohorts. 

Interestingly, the RV model discriminated between the cohorts better than both the LV 

model and the Bi-V model. One possible cause for the difference in discrimination ability 

between the LV model and the RV model is the limitation on the number of predictors 

used in the LV model, which only contained the parameters that are currently used by 

physicians to decide whether an individual is an athlete or an HCM patient (indexed LV 
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EDV, indexed LV mass, and LVEF). The RV model, on the other hand, was not subject to 

this type of limitation because RV parameters are not currently used to evaluate 

individuals from these two cohorts. In addition to the three parameters used in the LV 

model, the RV model used ESV for a total of four predictors. Another possible cause for 

the surprising efficacy of the RV model is the specific athletic activity of the athlete 

cohort. It is known that type of sport, intensity of training, and frequency of training all 

have an important impact on cardiac remodeling. The specific training regimens for the 

patients included in this study were not provided, but a range of athletic activities were 

represented (Table 3). These sports may express more RV adaptation than others and 

therefore rely more heavily on RV parameters to explain geometry.  
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Table 3. Athletic activity information for the athlete cohort 

Patient Sport 

2 Competitive basketball, year-round  

5 Point guard on varsity basketball team and plays travel ball (year-
round)  

8 Competitive football  

10 Cross country, soccer, track  

11 Varsity football and lacrosse 

14 Soccer, practice 4x per week  

18 Competitive water polo  

19 Competitive basketball 

22 Cross country  

24 Track, specializes in sprints 

34 Cross country and track 

35 Long distance runner 

39 Soccer and track  

41 Competitive basketball  

 

This study is the first to use statistical atlas-based geometric parameters to 

differentiate between adolescent athletes and adolescent HCM patients. Significant 

differences were found between the cohorts for a subset of 13 modes before adjusting for 

age and sex. Due to the size of the study population, the subset had to be further reduced 

before logistic regression analysis to avoid overfitting the models. After adjusting for age 

and sex, the 4 modes in the subset that remained significantly different between the 

cohorts were chosen for regression analysis. These modes suggest that the most 
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important differences between the cohorts included overall size (mode 1), RV rotation 

(mode 11), LV stiffness (mode 11), RV basal stretch (mode 14), LV apical shrink (mode 14), 

tricuspid valve angle (mode 22), and LV longitudinal shrink (mode 22).  

The findings from the logistic regression models support the hypothesis that shape 

modes discriminate between the cohorts more effectively than currently used parameters 

(AUC = 0.8679 for shape modes, AUC = 0.7929 for LV). They also suggest that the atlas-

based analysis can improve current methods of differentiation. The regression model 

containing both currently used parameters and atlas-based parameters was one of the 

models that had the highest predictive ability in the study with an AUC = 0.9036, which 

supports the hypothesis that the atlas-based analysis is more sensitive than current 

parameters to the subtle geometric differences between athletes and HCM patients in this 

age group.  

These results in predictive ability are encouraging, but AUC alone does not always 

give a comprehensive evaluation of model efficacy. Other characteristics are often 

considered more important in studies such as this one with potential for clinical impact. 

The motivation for this study, for example, was the need to mitigate misdiagnosis of HCM 

in adolescents. Taking that motivation into consideration, the overall predictive ability of 

the model becomes less important than the error of the model. The consequences are most 

severe for type II error in HCM (type I error in athletes), making it the highest priority. 

Specifically, the ideal model would maximize predictive ability while minimizing the 

number of false negative pathologic hypertrophy cases (type II error in HCM) and false 

positive physiologic hypertrophy cases (type I error in athletes). There are four measures 

generally used to make this type of evaluation: sensitivity, specificity, positive predictive 
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value (PPV), and negative predictive value (NPV). In this study, models were evaluated 

based on their ability to maximize HCM sensitivity, the probability of HCM patients being 

classified as HCM patients, at the cost of HCM specificity. The 4 models using shape 

modes were equally sensitive to HCM and were more sensitive than the 3 models that 

used conventional parameters alone, which supports the hypothesis of this study.  

Future work should explore the following two hypotheses related to the 

conventional MRI parameters in these cohorts, which may explain why the RV model had 

a higher predictive ability and HCM sensitivity than the Bi-V model. First, it is possible 

that the addition of RV parameters has an effect on the choice of LV parameters used in 

the differential diagnosis. Although the currently used parameters from the LV have been 

repeatedly shown to be the most relevant parameters for diagnosis of HCM, there may be 

other LV parameters that, when taken together with RV parameters, provide a more 

accurate representation of cardiac geometry. Additionally, research in the use of RV 

parameters in the differential diagnosis of athlete’s heart and HCM is relatively new, so 

there is not yet a consensus on which RV parameters are most relevant to both groups. In 

order for the methods of this study to be expanded to the point of clinical utility, it is first 

necessary to optimize the choice of LV and RV parameters for a Bi-V analysis. In this 

study, the Bi-V model with conventional parameters included 3 parameters currently used 

in differential diagnosis (indexed LVEDV, LVEF, and indexed LV mass) in addition to the 

indexed RVEDV and indexed RVESV, which were significantly different between the 

cohorts. Conventional and atlas-based parameters had to be limited in the combination Bi-

V model to avoid overfitting; the top 3 most significantly different shape modes were used 

along with the indexed LVEDV and indexed RVEDV, both of which were also significantly 
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different between the cohorts. Future experiments to optimize the choice of Bi-V 

parameters should also include parameters that were not used for this study, such as 

ratios (RVEDV/LVEDV, LVEDV/LV mass, etc.). Once the optimized models have been 

created, they can be compared to determine the best possible combination of parameters 

for diagnosis.  

Second, it is likely that expansion of this study for clinical application will have an 

effect on the overall ranking of the models. In this study, the PPV was higher for HCM 

than for athlete’s heart in all seven models. In other words, it was more likely that 

individuals classified by the models as HCM patients were actually HCM patients than that 

individuals classified as athletes were actually athletes. Recalling once again the 

consequences of type II error in HCM, the higher PPV for HCM and higher NPV for 

athlete’s heart in these models is preferable to the alternative. However, it is important to 

note that PPV is highly influenced by study population. For example, if a majority of the 

individuals in a study have HCM, the number of false positive results for HCM decreases, 

which increases the PPV. If the majority of the individuals in a study are athletes, the 

number of false positive results for HCM increases, which decreases the PPV. 

Consequently, in order to accurately assess the efficacy of a model using PPV, the study 

population must be divided relatively evenly with similar numbers in each of the two 

cohorts. Since the clinical application for this work is in differentiation between the 

cohorts and the question of differentiation can arise in multiple clinical contexts, there is 

no guarantee that a balanced division between cohorts will be maintained, so it is not 

recommended to use PPV as a measure of model efficacy.  
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The differential diagnosis between these cohorts is extremely nuanced, and the 

values chosen to evaluate the models may depend on the context of the differentiation. On 

one hand, the atlas-based analysis method could be used in individuals for which 

diagnosis of HCM versus athlete’s heart is unclear. On the other hand, the method could 

be integrated into the cardiomyopathy screenings that are required before adolescents can 

begin athletic training, which have become increasingly common since the discovery of 

physiologic hypertrophy in athletes. These two scenarios demonstrate the precarious 

balance between sensitivity and specificity in this particular differential diagnosis. 

Although the consequences of a false positive athlete diagnosis are clearly severe, some 

may argue that the consequences of a false positive HCM diagnosis can be equally severe 

for this age group. For example, there are adolescents that receive athletic scholarships 

and would otherwise not be able to afford a college education. If one of those such 

athletes were to receive a false positive HCM diagnosis, it could drastically alter the 

course of their adult life. For this reason, although the models in this study were 

evaluated using HCM sensitivity, it is worth noting that sensitivity may not always be the 

most important characteristic in differentiating HCM and athlete’s heart amongst 

adolescents.  

Based on the above discussion, the models in this study were evaluated for efficacy 

in differentiation using HCM sensitivity as the primary characteristic and AUC as the 

secondary characteristic (Table 4). It is clear that the addition of shape modes could 

improve detection of HCM.  
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Table 4. Final Ranking of Logistic Regression Models 

Rank Model AUC HCM Sensitivity 
1 LV Parameters + Shape Modes 0.9036 90.5% 

RV Parameters + Shape Modes 0.9036 90.5% 
Bi-V Parameters + Shape Modes 0.9036 90.5% 

2 RV Parameters 0.8679 86.4% 
Shape Modes 0.8679 86.4% 

3 Bi-V Parameters 0.8429 85.7% 
4 LV Parameters 0.7929 84.2% 

 

The top 3 models had the same ranking for both characteristics, so they were chosen for 

use with the test set data of 8 patients (Appendix: Table 5). Each of these specific patient 

cases provides an explanation as to why there is no one gold standard for differentiating 

between athlete’s heart and HCM. Patient #1 is an athlete and tested negative for any 

known genetic mutations associated with HCM but did not show hypertrophy regression 

after deconditioning. This is the only patient in the test set for which classification was 

not unanimous among the models, supports the hypothesis that biventricular analysis 

differentiates between HCM and athlete’s heart in adolescents more effectively than LV 

analysis. Patient #9 had normal biventricular parameters and normal LV mass, but had a 

family history of HCM, increased LV wall thickness, and an LVH pattern associated with 

HCM. All 3 models classified this patient as having HCM. Patient #17 did not have global 

LVH but had a family history of sudden cardiac death and showed what may be the early 

stages of an LVH pattern associated with HCM. All 3 models classified this patient as 

having HCM. Patient #21 had normal biventricular parameters and only “borderline” LVH 

with “slight” asymmetry but had lowered LV function. All 3 models classified this patient 

as having HCM.  
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Limitations 
As is often the case in pediatric research, the sample size of this study was an 

unavoidable limitation. Sample size is particularly important in this relatively new field of 

statistical atlas-based analysis. With a sample size of N = 42, there were not enough 

datasets to create an atlas for adolescent athletes and an atlas for adolescent HCM 

patients. The methods used in this study prove that the atlas-based analysis warrants 

further research for its potential to improve diagnostic ability. Ongoing work must 

continue gathering CMR data in adolescents so that an atlas can be made for each of these 

two cohorts. Once these atlases have been made, the amount of variance explained in each 

cohort by the shape modes can be directly evaluated rather than being estimated by use of 

implied variance, which is a calculated value. Concurrently, the methods in this study 

should be applied using an atlas that is age-matched to the study population to obtain 

more directly translatable results. 

 In addition to affecting the ability to create atlases for the two cohorts, study size 

affected the ability to evaluate possible relationships between ethnicity and cohort 

membership. Eight total ethnicities were represented between two cohorts of 20 patients 

or less with a maximum occurrence of only 5 patients. If future studies are able to expand 

each ethnicity group, it may be possible to conduct analyses on the subgroups with 

statistical significance. Ethnicity has been shown to be an important factor to consider in 

any study of physiologic cardiac hypertrophy (Pelliccia, Caselli, et al.). New research 

suggests that black, Asian, and Arabic athletes may not be accurately presented by the 

commonly accepted upper and lower limits of hypertrophy in athlete’s heart (Pelliccia, 

Caselli, et al.). Moving forward, it is important that these ethnic groups are included in 

larger quantities.   
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 Another limitation of this study was the inconsistency of CMR availability. 

Although the CIM software is capable of creating a model regardless of missing CMR 

slices, the resulting models provide a somewhat incomplete description of cardiac 

geometry. Each shape mode combines multiple geometric features into a new variable, so 

it is possible that omitting an image slice in creating the models would omit critical 

features of certain shape modes, thereby altering the Z-scores for those modes in all 

patients. Patients were still included in this study if only one image slice was missing, but 

ideally and in future work the slices used to create the models should be the same for all 

patients to reduce variability. Future studies in this area should also include an analysis of 

interobserver and intraobserver reproducibility for the models for both athlete’s heart 

and HCM. As the CIM software becomes accepted for clinical use, it must continue to be 

validated for each specific medical condition to which it is applied.   

The other noteworthy limitation of this study was the incomplete access to the 

reference atlas. Comparison, quantitative or otherwise, of represented ethnicities 

between the atlas and the study population was not possible because ethnicity 

information for the atlas was not available. Ideally, any atlas used to study HCM and 

athlete’s heart would have a distribution of ethnicities similar to that of the patient 

population being studied in order to address the geometric differences between these two 

groups that have been shown to correlate strongly with ethnicity.     

 

Conclusions   
Since HCM can be asymptomatic, early detection remains difficult. Sometimes 

patients only realize they have HCM when they undergo testing for an unrelated issue, 

and many patients are not imaged until they are adults. As a result, the earliest stages of 
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the disease have not historically been well documented. It was not until the discovery of 

the correlation between undiagnosed early-stage HCM in adolescents and SCD that 

imaging became a routine procedure for athletes. For this reason, adolescent athletes 

have also not historically been well documented. This cross-sectional imaging study 

addresses the need for imaging data in adolescent athletes and adolescents with early-

stage HCM while offering two potential solutions to improve the current methods of 

differential diagnosis between them.   

First, the results of this study suggest that the traditional use of LV-only 

parameters excludes differences between these two cohorts in the RV that were 

previously thought to be less relevant. It may be possible to improve differentiation 

between these two groups even without any major changes to the current standard 

method simply by including the RV parameters from the MRI for a biventricular analysis. 

Second, as compared to the current LV-only method, this study found that statistical atlas-

based geometric parameters had higher predictive ability in differentiating between the 

two cohorts and had higher sensitivity for HCM, which is critical in reducing the 

occurrence of exercise-induced SCD. Further, the addition of the atlas-based parameters 

improved differentiation for all of the conventional parameter models, supporting the 

hypothesis that the atlas-based analysis is more sensitive to the subtle differences in 

cardiac geometry that occur in adolescence, when the earliest stages of HCM are just 

beginning to manifest.    
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Appendix 
 

Table 5. Patients in the test set, their associated and relevant clinical notes, and cohort 
classification as determined using the top three linear regression models. Note: SM = 

shape modes.  
Patient Notes Model Classification 

1 LVH with systolic hypertension, cannot fully rule out 
HCM. Athlete, soccer player of club team; no LVH 
regression after 4 months de-conditioning. Genetic test 
negative.  

LV + SM Athlete 
RV + SM HCM 
Bi-V + 

SM 
Athlete 

9 LVH; family history of hypertrophic cardiomyopathy. 
Sigmoidal appearance to the interventricular septum 
with maximal thickness of 18mm. Normal LV mass. 
Normal LV and RV size with normal biventricular 
systolic function. No myocardial delayed enhancement 
noted. 

LV + SM HCM 

RV + SM HCM 

Bi-V + 
SM 

HCM 

17 1. Sigmoid hypertrophy of the ventricular septum 2. 
Overweight. Family history of sudden cardiac death, 
sigmoid ventricular septum on echocardiogram c/w 
possible hypertrophic cardiomyopathy. Mildly 
prominent subaortic ventricular septum (sigmoid 
septum), maximal wall thickness 9 mm, and basal LV 
free wall (8 mm), without global LVH. Otherwise 
structurally and functionally normal heart. No evidence 
of myocardial hyperenhancement on post-contrast 
imaging. 

LV + SM HCM 

RV + SM HCM 

Bi-V + 
SM 

HCM 

21 1. Left ventricular hypertrophy with asymmetric 
hypertrophy of the basal interventricular septum, 
possible early hypertrophic cardiomyopathy 2. Low 
normal left ventricular function. Borderline left 
ventricular hypertrophy with slight asymmetry. Normal 
LV and RV size with normal biventricular systolic 
function. No myocardial hyperenhancement noted. 
Normal origins and proximal courses of the left main 
and right coronary arteries. 

LV + SM HCM 

RV + SM HCM 

Bi-V + 
SM 

HCM 

26 hypertensive LVH. Reason for Study: LVH noted on 
echo, r/o hypertrophic cardiomyopathy; Moderate 
symmetric hypertrophy of the left ventricle. Borderline 
dilation of the left and right ventricles (likely 
physiological adaptation to exercise) 
 with normal systolic function. No regional wall motion 
abnormalities noted. No evidence of hyperenhancement 
within the myocardium.  

LV + SM Athlete 

RV + SM Athlete 

Bi-V + 
SM 

Athlete 

27 1. Likely hypertrophic cardiomyopathy with a sigmoid 
septum 2. Overweight. Family history of sudden cardiac 
death, sigmoid ventricular septum on echocardiogram 

LV + SM HCM 
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c/w possible hypertrophic cardiomyopathy. Also note 
that due to inconsistent breath-holding, LV/RV 
volumetric assessment may be mildly inaccurate. Mildly 
prominent subaortic ventricular septum (sigmoid 
septum) and basal LV free wall, without global LVH. 
Otherwise structurally and functionally normal heart. 
No evidence of myocardial hyperenhancement on post-
contrast imaging. 

RV + SM HCM 

Bi-V + 
SM 

HCM 

31 1. Mild-moderate concentric LVH without LVOTO 2. 
Hypertension 3. Other congenital anomalies: clubfoot, 
urethral duplication, learning disabilities, and 
sensorineural deafness – normal microarray. Possible 
hypertrophic cardiomyopathy, h/o hypertension; 
Sigmoid appearance of the interventricular septum 
with maximal diameter of 16mm and no significant 
LVOT obstruction. Mild eccentric LVH noted. Normal LV 
size and systolic function. Normal RV size and systolic 
function. No myocardial delayed enhancement noted of 
the myocardium.  

LV + SM HCM 

RV + SM HCM 

Bi-V + 
SM 

HCM 

38 1. Hypertension, on amlodipine 10 mg daily 2. Eccentric 
LV hypertrophy with mild midcavitary LV flow 
acceleration – c/w hypertrophic cardiomyopathy (LV 
diastolic sub-aortic ventricular septal thickness 
measures up to 25 mm) 3. Obesity 4. Anxiety – 
particularly around medical procedures, needles, blood 
draws. Concentric left ventricular hypertrophy, 
hypertension, obesity. Assess degree of LVH, aortic 
arch, assess for evidence of hypertrophic 
cardiomyopathy. Moderate eccentric left ventricular 
hypertrophy with moderate ventricular septal 
hypertrophy: LV diastolic sub-aortic ventricular septal 
thickness measures up to 25 mm compared with LV 
posterior wall thickness of 11-12 mm (normal). Minimal 
flow acceleration across the hypertrophied LVOT region 
while under general anesthesia. Normal biventricular 
systolic function. No evidence of aortic arch 
obstruction. No defects on first-pass perfusion imaging, 
but there is mild patchy hyper-enhancement within the 
hypertrophied basal ventricular septum post-Gd. Note 
that pt was hypertensive at induction of anesthesia but 
normotensive under anesthesia.  

LV + SM HCM 

RV + SM HCM 

Bi-V + 
SM 

HCM 

 

 




