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Title: Spatial Complexity and Ventricular Arrhythmias 
Fellow: David R. Okada, M.D. 
Mentors: Jonathan Chrispin, M.D., Katherine C. Wu, M.D., Steven P. Jones, M.D.,  
Natalia Trayanova, Ph.D., Mauro Maggioni, Ph.D. 
 
Ventricular arrhythmias (VA) are a common cause of death in the United States.1 The 
most widely accepted approach to risk stratification for VA is based on assessment of 
left ventricular (LV) systolic function.2  However, most patients with impaired LV systolic 
dysfunction do not suffer from VA3, and most VA events occur in patients without 
impaired LV systolic dysfunction.4  Therefore, in order to determine which patients are 
most likely to benefit from prophylactic therapy like primary-prevention implantable 
cardioverter defibrillators (ICD), and in order to mitigate the risks associated with ICD 
placement in patients who are not likely to benefit from them, more accurate risk 
stratification techniques are needed.  
 
Several electrophysiologic mechanisms underlie VA in the structurally abnormal heart, 
the most well-characterized of which is macro re-entry.  Re-entry requires specific 
substrate properties, including an area of anatomic or functional block, one pathway 
with unidirectional block, and a second pathway with slow conduction (Figure 1).5  
Regions of transition from healthy myocardium to scar may satisfy these requirements 
and provide an appropriate substrate for the sustainment of re-entry.6  Non-invasive 
detection, characterization, and quantitation of these regions may help to predict 
propensity for VA.   
 
Several non-invasive imaging modalities are capable of differentiating healthy 
myocardium from scar, including cardiac magnetic resonance imaging (CMR).  Late 
gadolinium enhancement (LGE) with CMR accurately demarcates fibrosis in a canine 
model of chronic myocardial infarction (MI), correlates well with invasive 
electroanatomical mapping in both canine and ovine models of chronic MI, and 
demarcates areas of irreversible injury following MI in humans.7-10  The presence of 
LGE is a strong predictor of VA in humans with both ischemic and non-ischemic 
cardiomyopathies. 11-13.  However, most patients with fibrosis by LGE do not suffer from 
VA.    

The signal intensity of LGE discriminates dense scar from ‘gray’ zones of transition from 
healthy myocardium to scar, and the extent of gray zone predicts mortality following 
myocardial infarction.14  However, not all gray-zone tissue will a priori satisfy the 
requirements for sustainment of re-entrant VA (Figure 2).  There is therefore a 
potentially important role for techniques that describe heterogeneity within gray-zone 
tissue.  One such technique using Shannon entropy has shown promise in identifying 
substrate for re-entrant drivers of atrial fibrillation.15 However, Shannon entropy does 
not preserve or account for spatial relationships that may be important to the underlying 
electrophysiologic properties of a substrate (Figure 2). 

 



Therefore, novel mathematical approaches to characterizing and quantifying spatial 
relationships in cardiac imaging may be useful in identifying substrate for VA.  A family 
of such approaches, sometimes referred to as ‘textural analysis’, has shown promise in 
quantifying tumor heterogeneity in imaging of various types of malignancies.16 

Our Hypothesis is that: Image- based characterization and quantitation of spatial 
complexity predicts a substrate’s ability to sustain VA and a patient’s risk of suffering 
from VA events. 
 
Our Specific Aims are: 
 
Aim 1: Develop a mathematical approach to characterizing and quantifying spatial 
relationships in cardiac imaging. 
 
Hypothesis 1a: Mathematical definitions of spatial complexity are feasibly applied to 
LGE-CMR. 
 
Methods 1a: We will utilize a multi-scale approach that, at progressively smaller scales 
of focus, will compare ‘offspring’ regions to ‘parent’ regions, and ‘offspring’ regions to 
one another within an image (Figure 3).  In order to apply such a technique to a 3-
dimensional array of signal intensities, we will define manual regions of interest (ROIs) 
between the endocardium and epicardium for a given stack of LGE-CMR images 
(Figure 4).  These images will be obtained from a pre-existing cohort of patients with 
ischemic cardiomyopathy (iCM).  We will then allow sine-like functions at progressive 
frequencies to oscillate through the 3-dimensional structure defined by the ROI for a 
given heart-image (Figure 5).  Each frequency will encode a ‘template,’ and each 
template will be compared with the 3-dimensional array of signal intensity values (‘scar 
pattern’) for that heart-image (Figure 6).  The family of comparisons between each 
template and the scar pattern will generate a ‘match signature’ for each heart-image.   
 
Hypothesis 1b: The match signature of a given LGE-CMR heart-image is preserved 
across a range of spatial resolutions, including clinical resolution.   
 
Methods 1b: We will utilize a series of 8 high-resolution LGE-CMR of ex-vivo hearts 
from a porcine model of chronic MI.  Using each heart-image, we will generate a series 
of additional image stacks of progressively lower spatial resolution, with the final image 
stack representing clinical resolution (~1.5 x ~1.5 x 3 mm).  We refer to this as 
‘downsampling’ (Figure 7). We will then perform the multi-scale analysis described 
above, generating a match signature for each image stack.  We will compare these 
match signatures across the different spatial resolutions.        
 
Aim 2: Assess the predictive value of image- based spatial complexity analysis for VA in 
cohorts of ischemic cardiomyopathy (iCM), non- ischemic cardiomyopathy (niCM), and 
cardiac sarcoidosis (CS). 
 



Hypothesis 2a: Image- based spatial complexity analysis predicts arrhythmic events in 
iCM, niCM, and CS. 
 
Hypothesis 2b: There are ‘sweet spots’ of spatial complexity that will be maximally 
predictive of arrhythmic events in iCM, niCM, and CS (Figure 8). 
 
Methods 2: We will utilize 3 retrospective cohorts: 1) iCM- 41 patients with iCM, LVEF < 
35%, ICDs and LGE-CMR with a total of 21 VA events17; 2) niCM- 65 patients with 
niCM, LVEF < 35% and LGE-CMR with a total of 12 VA events12; and 3) CS- 87 
patients with probable or definite CS and LGE-CMR with a total of 9 VA events.18. For 
each cohort, we will generate ROIs as described above. We will perform spatial 
complexity analysis as described above to generate a match signature for each heart.  
We will then utilize a machine learning approach to define a hyperplane between match 
signatures that do and do not belong to hearts that develop VA (Figure 9). 
 
Future applications of this technique could include: 
 
Future application 1: Assess the predictive capacity of image- based spatial complexity 
analysis in prospective cohort of cardiac sarcoidosis (CS).   
 
Future application 2: Expand spatial complexity analysis to other imaging modalities, 
including FDG-PET, contrast cardiac CT, and strain echocardiography, in patients with 
iCM, niCM, and CS 
 
Future application 3: Utilize spatial complexity analysis in a prospective trial of primary- 
prevention ICD in patients with CS. 
 
Future application 4: Utilize spatial complexity analysis to predict success of 
radiofrequency ablation procedures in patients with VA. 
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Figure 1. Cartoon depicting 
necessary conditions for re-entrant 
ventricular arrhythmias in an scar-
based substrate.  
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Theoretical image segments 
demonstrating the proposed concept of 
spatial complexity.  Panels A and B 
contain the same ratio of black and 
blue.  They therefore possess the 
same ‘grayness’ and the same 
Shannon entropy.  The difference 
between the 2 panels is what we will 
refer to as ‘spatial complexity’.   
 
 
 
 
 
 
 
 
 
 
 
 



 
Figure 3. Panel A. Theoretical image 
segment demonstrating the multi-scale 
approach to spatial complexity 
analysis.  The red box delineates a 16-
pixel segment; the orange box a 9-
pixel segment; and the blue and green 
boxes 2 distinct 4-pixel segments.  
Larger segments are referred to as 
‘parents’ with respect to smaller 
segments that they contain, which are 
referred to as ‘offspring.’  The multi-
scale approach compares parents to 
offspring, and offspring to offspring. 
Panel B. Sine- like waves may be 
used for spatial encoding. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Schematic 
of workflow.  We will 
define manual 
regions of interest 
(ROIs) between 
endocardium and 
epicardium for a 
given stack of LGE-
CMR images. These 
will comprise 3-
dimensional arrays 
of signal intensities 
on which the mutli-
scale analyses will 
be performed. 



 
 
 
 
 
 
Figure 5. Sine-like 
functions at various 
frequencies oscillating 
through the 3-
dimensional structure 
defined by the ROIs of a 
given heart-image.  Each 
frequency defines a 
‘template’ that will be 
compared with the 3-
dimensional array of 
signal intensities   
 
 
 
 
 
 
 
 
 
Figure 6. Each template 
will be compared with the 
scar pattern using a 
Fourier-like approach. The 
family of comparisons 
between each template 
and the scar pattern will 
generate a ‘match 
signature’ for each heart-
image.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 
 
 
 
Figure 7. Schematic of the 
downsampling protocol.  
Using each CMR heart-
image, we will generate a 
series of additional image 
stacks of progressively 
lower spatial resolution, with 
the final image stack 
representing clinical 
resolution 
 
 
 
 
 
 
 
 
 
Figure 8. Theoretical image 
segments demonstrating 3 
different states of spatial 
complexity.  We hypothesize 
that sustainment of re-entry 
requires sufficiency 
complexity but would be 
precluded by excessive 
complexity. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 
 
 
 
 
 
 
 
Figure 9. Cartoon depicting 
the machine learning 
approach using match 
signatures to predict VA 
events. 
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Title: Molecular underpinnings of Right Ventricular Dysfunction in Systemic Sclerosis-associated 
Pulmonary Arterial Hypertension  

Background: Pulmonary arterial hypertension (PAH) results from excessive proliferation of the 
pulmonary vasculature, leading to obstruction, inflammation, and vasoconstriction. This ultimately 
results in increased hemodynamic load on the right ventricle (RV). Current treatments target pulmonary 
vasodilation directly, with reasonable success. Unfortunately, PAH remains a highly mortal condition, in 
large part because treatments begin to fail when RV adaptation itself begins to diminish. WHO Group I 
PAH is a disease with variable etiologies, including connective tissue disorder-associated causes such as 
systemic sclerosis (SSc)-associated PAH (SSc-PAH) as well as idiopathic PAH (IPAH). PAH is a leading 
cause of mortality and morbidity in patients with systemic sclerosis (SSc). Those with SSc-PAH 
unfortunately have worse outcomes, functional status and poor response to treatment when compared 
to patients with IPAH. Early hypotheses argued this is due to disproportionate vascular pathology in SSc-
PAH, but this has not been proven. Instead, SSc-PAH patients demonstrate increased RV wall strain, 
insufficient RV hypertrophy, and diminished RV contractile function, as measured by RV pressure-
volume loops (P-VL), at both rest and stress. At the sarcomere level, isolated skinned cardiac sarcomeres 
from SSc-PAH RV endomyocardial biopsies demonstrate a marked decrease in maximum calcium-
activated force (Fmax) versus normals, while IPAH patients had increased Fmax versus control. These 
findings demonstrated for the first time sarcomere-level dysfunction distinguishing SSc-PAH from IPAH. 
Understanding these molecular insults would help uncover underlying mechanism of RV dysfunction in 
SSc-PAH, and may pave the way towards novel therapies directed against the failing RV. Thus, clarifying 
these would fulfill a major unmet clinical need in the field of PAH. Interestingly, ischemic and 
cardiomyopathic disease states have uncovered myofilament functional derangements that may shed 
light on the SSc-PAH phenotype. In these other disease states, derangements in key sarcomere proteins 
Troponin I (TnI) and Myosin-binding protein C (MyBP-C) – namely their cleavage and abnormal 
truncated protein interactions—have been shown to lead directly to abnormalities in Fmax.  

Central Hypothesis: RV myofilament sarcomere proteins Troponin I (TnI) and/or Myosin binding protein-
C (MyBP-C) are cleaved or otherwise altered, depressing force-calcium Fmax in SSc-PAH, and that RV 
sarcomere Fmax may be rescued by direct treatment with sarcomere sensitizing agents (e.g.  EMD-
57033 and nitroxyl) that augment actin-myosin mechanics.  

Methods and Aims: 
Aim 1:  
Identify if altered myocyte regulatory thin filament proteins affect Fmax in SSc-PAH:  
As models of hypertrophic cardiomyopathy/heart failure and myocardial stunning from 
ischemia/reperfusion injury have demonstrated, altered regulatory filaments by peptide cleavage can 
affect tension generation in response to varying calcium concentrations.  
Using standard immunoblotting techniques and mass spectrometry, we plan to assess cleavage products 
of TnI and MyBP-C in SSc-PAH biopsy samples. If truncated protein fragments are identified, we will 
purify protein preparations via standard cDNA cloning and bacterial expression system. These proteins 
can then be incubated with normal myofilaments to test their effects on force-calcium relationships. 
Regarding post translational modifications such as phosphorylation by protein kinases (e.g. PKA, PKC), 



immunoblotting to compare phosphorylation sites between controls and SSc-PAH will be assessed and 
normal myofilaments can be incubated with activated subunits of PKA or PKC to assess if putative 
phosphorylation sites of TnI or MyBP-C can impact RV m yofilament force.  
As we have existing P-VL data in normal and SSc-PAH patients, correlating protein expression, cleavage, 
and phosphorylation to individual hemodynamic profiles of the RV provides a unique advantage in 
understanding these molecular processes with clinical relevance. There exists a working IRB protocol to 
continue to obtain P-VL data and biopsies from SSc-PAH patients; by the end of the calendar year, we 
hope to add approximately 6 additional patients to our existing data. 
If time allows, we can utilize multiple reaction monitoring (MRM)-mass spectrometry as a modality to 
identify site-specific quantification of each phosphorylatable residue of TnI and/or MyBP-C; this would 
reveal other modified sites of these proteins that may play a role in RV abnormalities. 
 
Aim 2:  
Identification of non-canonical pathways which affect contractile function in SSc-PAH: 
Tissue obtained via RV endomyocardial biopsies from IPAH and SSc-PAH will be submitted for 
transcriptome analysis (RNA-sequencing). Coding RNA signatures with distinct expression patterns 
across these disease states will be validated by qPCR and interrogation of the molecular signaling 
pathway will be pursued.  
 
Aim 3:  
Test if sarcomere sensitizers EMD-57033 and nitroxyl can restore physiologic sarcomere function in SSc-
PAH myocytes ex vivo: 
The small molecules EMD-57033 and nitroxyl have shown to be capable of improving systolic function in 
a murine model of truncated TnI-mediated myocardial contractile dysfunction and mediate increasing 
myofilament calcium responsiveness, respectively. We plan to make pre and post treatment sarcomere 
measurements of passive tension, Fmax and calcium sensitivity in normal and SSc-PAH myocytes. These 
experiments will test the hypothesis that sarcomere sensitizers can restore sarcomere contractility. 

Expected outcome and relevance to human disease: 
We expect to identify disruption of myofilament integrity in SSc-PAH which lead to the initial 
observation of depressed RV contractility at rest and reserve in patients and exploit this knowledge to 
utilize commercially available small molecules to restore physiologic function at the sarcomere level. 
Expanding treatments directed to the failing RV in SSc-PAH for clinical benefit is the ultimate goal of this 
proposal. 



Bethel Woldu, MD MPH  
Mentor: Wendy Post, MD MS 
 
Diastolic Dysfunction in HIV-infection 
 
Purpose:  
The advent of antiretroviral therapy (ART) has dramatically changed the course of human 
immunodeficiency virus (HIV) infection. As a result, HIV infection has become a chronic disease 
with increased susceptibility of cardiovascular disease.  
 
Our main aim for this study is to assess and compare the prevalence of diastolic dysfunction 
between HIV-infected and uninfected individuals and to evaluate the association of diastolic 
dysfunction to serological inflammatory markers.   
 
We hypothesize diastolic dysfunction to be an early marker of myocardial dysfunction and to be 
more prevalent in HIV-infected compared to HIV- uninfected individuals. 
 
Methods:  
We will use data from the Multicenter AIDS Cohort Study (MACS), an ongoing prospective 
observational cohort study. The MACS cohort, established in 1984, has enrolled over 7000 men 
who have sex with men during three enrollment periods from 1984 to 2003 to include subjects 
with and without HIV infection.  
 
Study participants undergo detailed clinical and laboratory assessment every six months and will 
be completing two-dimensional transthoracic echocardiography with tissue Doppler imaging as 
part of the MACS Cardiovascular Ancillary Study.  
 
Specific Study Aims:  

1. Determine the prevalence of diastolic dysfunction in men with and without HIV  
2. Determine the association of different cardiovascular risk factors such as hypertension, 

diabetes, obesity, etc.. with the presence of diastolic dysfunction in both groups of men 
with and without HIV 

3. Determine differences of prevalence of diastolic function between seropositive HIV men 
who are on ART and those who are not  

4. Determine relationship of inflammation and their association with diastolic dysfunction 
between the HIV seropositive and HIV seronegative group 

 
Data Analysis:  
The relationship between the prevalence of cardiovascular risk factors/serological markers and 
diastolic dysfunction (i.e., outcome variable; present vs. absent) will be examined in the HIV 
positive and negative group, separately.  The association between cardiovascular risk 
factors/serological markers and diastolic dysfunction will be evaluated by the two-sample t-test 
(or Wilcoxon rank-sum test) for continuous variables and the chi-square test (or Fisher’s exact 
test) for categorical variables.  The relationship between demographic variables and diastolic 



dysfunction will also be evaluated using the same techniques as described above (separately in 
the HIV positive and negative groups).  Variables identified at P<0.20 on univariate analysis will 
subsequently be used in a multivariable logistic regression model to identify parameters 
independently associated diastolic dysfunction.  Collinearity between predictors in the models 
will be evaluated prior to the formulation of the final multivariable models.  Adjusted odds ratios 
and 95% confidence intervals for all predictor variables will be estimated from the multivariable 
models.  The multivariable model in the HIV-positive group will be informally compared to the 
multivariable model in the HIV-negative group, to describe differences in the identified predictors 
of diastolic dysfunction in the two groups. All p-values will be two-sided with statistical 
significance evaluated at the 0.05 alpha level.  Ninety-five percent confidence intervals (95% CI) 
will be calculated to assess the precision of the obtained estimates.  All analyses will be 
performed in STATA Version 14.4 ( (StataCorp, College Station, TX). 
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Real-Time Prediction of Cardiogenic Shock in Acute Decompensated Heart 
Failure Using Machine Learning 

Fellow: Faisal Rahman  

Mentors: Suchi Saria, Steven Schulman, Nisha Gilotra, Jeff Trost  

 

Background 

Over the last few decades the prevalence of heart failure and cardiogenic shock has 
increased, resulting in increased hospitalizations and specifically cardiac intensive care 
unit (CICU) admissions.3,4 Despite the introduction of the CICU and advent of new 
technologies such as early percutaneous coronary intervention and mechanical support 
devices, 30-day mortality has failed to improve significantly and remains greater than 
40% for patients with cardiogenic shock.5-11 The clinical and economic cost of 
cardiogenic shock remains high and continues to increase.6,12,13 The continued poor 
outcomes likely reflect: 1) identification of patients too late to reverse the downward 
clinical spiral, 2) a generic approach to patients with acute heart failure, ignoring specific 
individual factors, and 3) limited capacity for clinicians to integrate large amounts of data 
to undertake an individual, aggressive approach to identification and management of 
patients at highest risk of adverse outcomes. 

The availability of electronic health records (EHR) offers a large amount of real-time 
data that are impossible for clinicians to monitor closely and integrate in their hour-to-
hour management of patients with acute decompensated heart failure. In healthcare, we 
have fallen behind other industries which have demonstrated the effectiveness of using 
large-scale data to for example reduce industrial hazards and accidents, improve 
outcomes of teams by intelligent project management, and individualized targeting of 
advertisements. The advancements in machine learning provides an opportunity to 
develop real-time risk prediction models that can integrate 50+ variables and be 
performed repeatedly during the course of a patient’s admission. This may help 
clinicians identify patients early for an individualized, aggressive approach to 
management. Timely intervention is key to improving outcomes for patients with ADHF, 
as patients can deteriorate rapidly. A novel approach using real-time data may prevent 
the vicious downward trajectory. Such an approach based on real-time monitoring 
changes our current practice of reactive medicine to a proactive state taking advantage 
of newer tools to create innovative approaches in early intervention. This approach may 
also overcome the limited predictability of current models that use data from a single 
time point for risk prediction models.14  

Our team is highly multi-disciplinary, with members who have expertise in critical care, 
advanced heart failure, interventional cardiology, general cardiology, database systems 
and machine learning. Our lab has developed novel statistical learning methodology 
that analyzes clinical streams stored within Epic, our electronic health records system, 
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to uncover outcome-specific patterns that are indicative of downstream deterioration. 
Our approach uses state-of-the-art cloud computing principles in high-throughput 
processing of high-volume, real-time data to give providers the ability to track patient-
specific risk in real-time, develop risk-based triggers that notifies and enables providers 
to order recommended therapy, and monitor status of which therapeutic interventions 
were given and track whether the risk trajectory is changing. We have previously proven 
the feasibility and success of this approach when developing a real-time early warning 
system for patients with sepsis.15 

 

Specific Aims: 

AIM 1: Develop guidelines that will allow an algorithm to identify patients with 
acute decompensated heart failure (ADHF) and cardiogenic shock from electronic 
medical records. In our experience existing guidelines are insufficient for machine 
usage for two reasons. First, they tend to be overly sensitive because they can rely on 
human expertise to rule out heart failure in cases that meet nonspecific criteria which 
may overlap with characteristics of alternate disease processes. Second, they include a 
limited number of clinical measurements because they are designed for use by 
clinicians with limited time. However, machines can evaluate the entire patient record 
nearly instantaneously, and therefore guidelines for an identification algorithm should 
not be bound by such constraints.  

AIM 2: Develop a model that can continuously forecast the risk of developing 
cardiogenic shock in real-time in individual patients with ADHF. We will use 
machine learning methods to train a model on data from the Johns Hopkins Hospital. 
Medical data is notoriously difficult to work with for many reasons, including irregular 
measurements, unobserved data and free text fields. Our lab has developed methods to 
address many of these challenges, including the joint longitudinal and time to event 
model, which achieves state of the art results on event prediction tasks in the medical 
setting.1 This model handles the uncertainty introduced by missing data in a principled 
manner, and takes advantage of the correlation between measurement types to infer 
unobserved lab and vital values. The current model posits mathematically convenient 
but inflexible relationships between types of medical observations. We are exploring 
ways to relax these constraints without sacrificing our ability to learn model parameters. 
We will also extract information from free-text notes and ongoing work is continuing to 
increase the accuracy of information extracted from notes in order to look at them 
alongside structured data.2 

AIM 3: Test the model from AIM 2 prospectively in clinical practice to identify 
patients with ADHF at risk for cardiogenic shock. Once the model has been 
carefully validated on held-out data, considering the principles of Human Computer 
Interaction we will generate an interface that physicians find intuitive and useful. We will 
integrate it into the Johns Hopkins Hospital electronic medical record system. This 
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integration will allow continuous risk assessment of patients and early intervention in 
high-risk patients with ADHF. The ultimate goal is to improve the outcomes of ADHF by 
reducing cardiogenic shock, length of stay, requirement of mechanical support and 
complications associated with acute severe illness. 

 

Methods: 

The key challenges in exploiting electronic health record are that informative cues may 
be stored in structured and unstructured forms (e.g., notes); lab test results are measured 
irregularly and therefore, often data are missing; and, accurate risk assessment requires 
processing hundreds of streams.  

We have extracted data from Epic for the time period of June 2016 to June 2017 
including demographics, vital signs, laboratory data, unit of admission, admission and 
discharge timing, imaging reports including echocardiograms, and provider notes. Our 
approach employs two key innovations. We will use both structured and unstructured 
streams for labelling of inputs and outputs for our neural network. We are currently 
developing tools for accurate natural language processing to evaluate the potential 
utility of data from notes. Using inputs we will train outcome-specific deterioration scores 
using machine learning methods.15-18 We will surveil patients who are admitted with 
acute decompensated heart failure to identify patients at high-risk for deteriorating to 
cardiogenic shock. Possible predictive cues may include for example changes in vital 
signs, decrease in urine output, laboratory values, and left ventricular ejection fraction. 
Our model will evaluate trends of variables, and interactions between variables unlike 
current simpler models developed using Cox proportional hazard models.  

Evaluation of the model will be performed using data from Epic from July 2017 to 
June 2018. This data is currently being extracted. Further supervised training may be 
required to improve prediction.  

Finally, we plan to validate prospectively by integrating the model into Epic at 
Johns Hopkins Hospital as part of a pilot working closely with our Epic development 
team.  

This framework provides the opportunity to develop a model that can be 
continuously updated at any given time to estimate a risk for cardiopulmonary 
deterioration that can be efficiently achieved by an IT approach but is not efficient or 
feasible for a practicing clinician by him/herself. The goal is to identify patients prior to 
requirement of inotropes and/or mechanical support devices such as the intra-aortic 
balloon pump, Impella, or ventricular assist devices at which point the morbidity, 
mortality and cost of care increase substantially as discussed above (Figure 1).  

Tools to be used in the workspace: We primarily conduct research using the python 
programming language. For modeling and statistics, we make extensive use of the 
following libraries: NumPy, SciPy, TensorFlow, and Scikit-learn. We have also taken 
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novel approaches with customized modeling code developed by Dr. Suchi Saria and her 
lab. For visualization we will use the matplotlib library. For data wrangling we use the 
pandas library. To create reproducible analyses, I will use jupyter notebooks.  

 

Expected Outcomes and Deliverables 

• Labels that accurately identify ADHF and cardiogenic shock and can be used in 
future research using large-scale modeling.  

• Present a real-time risk prediction model that utilizes structured and unstructured 
data from the EHR of patients with ADHF.  

• Demonstrate effective integration of our tool into our EHR to provide continuous risk-
prediction in real-time as new data becomes available as part of a pilot project at 
Johns Hopkins Hospital. 

• In the future, we plan to develop and test targeted approaches to management using 
our prediction tool.   
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Figure 1  

 

 

Real-time monitoring of a patient with acute heart failure who goes onto develop 
cardiogenic shock. The goal is to identify a patient early who has a high likelihood of 
deteriorating, providing clinicians time to change management strategy to prevent 
shock. 



Page 6 of 7 
 

References 
 

1. Soleimani H, Hensman J, Saria S. Scalable joint models for reliable uncertainty-
aware event prediction. IEEE transactions on pattern analysis and machine 
intelligence. 2017. 

2. Saria S, McElvain G, Rajani AK, Penn AA, Koller DL. Combining structured and 
free-text data for automatic coding of patient outcomes. Paper presented at: 
AMIA Annual Symposium Proceedings2010. 

3. Puymirat E, Fagon JY, Aegerter P, et al. Cardiogenic shock in intensive care 
units: evolution of prevalence, patient profile, management and outcomes, 1997-
2012. Eur J Heart Fail. 2017;19(2):192-200. 

4. Munir MB, Sharbaugh MS, Thoma FW, et al. Trends in hospitalization for 
congestive heart failure, 1996-2009. Clin Cardiol. 2017;40(2):109-119. 

5. de Waha S, Fuernau G, Desch S, et al. Long-term prognosis after extracorporeal 
life support in refractory cardiogenic shock: results from a real-world cohort. 
EuroIntervention. 2016;11(12):1363-1371. 

6. Kunadian V, Qiu W, Ludman P, et al. Outcomes in patients with cardiogenic 
shock following percutaneous coronary intervention in the contemporary era: an 
analysis from the BCIS database (British Cardiovascular Intervention Society). 
JACC Cardiovasc Interv. 2014;7(12):1374-1385. 

7. Li X, Sousa-Casasnovas I, Devesa C, Juarez M, Fernandez-Aviles F, Martinez-
Selles M. Predictors of in-hospital mortality among cardiogenic shock patients. 
Prognostic and therapeutic implications. Int J Cardiol. 2016;224:114-118. 

8. Schiller P, Vikholm P, Hellgren L. The Impella(R) Recover mechanical assist 
device in acute cardiogenic shock: a single-centre experience of 66 patients. 
Interact Cardiovasc Thorac Surg. 2016;22(4):452-458. 

9. Thiele H, Zeymer U, Neumann FJ, et al. Intraaortic balloon support for 
myocardial infarction with cardiogenic shock. N Engl J Med. 2012;367(14):1287-
1296. 

10. Hochman JS, Sleeper LA, Webb JG, et al. Early revascularization in acute 
myocardial infarction complicated by cardiogenic shock. SHOCK Investigators. 
Should We Emergently Revascularize Occluded Coronaries for Cardiogenic 
Shock. N Engl J Med. 1999;341(9):625-634. 

11. Thiele H, Akin I, Sandri M, et al. PCI Strategies in Patients with Acute Myocardial 
Infarction and Cardiogenic Shock. N Engl J Med. 2017;377(25):2419-2432. 

12. Kolte D, Khera S, Aronow WS, et al. Trends in incidence, management, and 
outcomes of cardiogenic shock complicating ST-elevation myocardial infarction in 
the United States. J Am Heart Assoc. 2014;3(1):e000590. 

13. Ontario HQ. Percutaneous Ventricular Assist Devices: A Health Technology 
Assessment. Ontario Health Technology Assessment Series. 2017;17(2):1. 

14. Fonarow GC, Adams KF, Jr., Abraham WT, et al. Risk stratification for in-hospital 
mortality in acutely decompensated heart failure: classification and regression 
tree analysis. JAMA. 2005;293(5):572-580. 

15. Henry KE, Hager DN, Pronovost PJ, Saria S. A targeted real-time early warning 
score (TREWScore) for septic shock. Science Translational Medicine. 
2015;7(299):299ra122-299ra122. 



Page 7 of 7 
 

16. Dyagilev K, Saria S. Learning a severity score for sepsis: A novel approach 
based on clinical comparisons. Paper presented at: AMIA Annual Symposium 
Proceedings2015. 

17. Dyagilev K, Saria S. Learning (predictive) risk scores in the presence of 
censoring due to interventions. Machine Learning. 2016;102(3):323-348. 

18. Saria S, McElvain G, Rajani AK, Penn AA, Koller DL. Combining Structured and 
Free-text Data for Automatic Coding of Patient Outcomes. AMIA Annu Symp 
Proc. 2010;2010:712-716. 

 

 

 



Fellow: Janna Merte, M.D., Ph.D.  

Mentors: Thomas Metkus, Steven Schulman 

Management of renal failure in acute cardiac illness 
 

Cardiogenic shock remains a major complication for acute myocardial infarction (AMI) despite advances in the 
medical and percutaneous therapies. With an incidence of 5-9% in the setting of AMI it remains the leading cause 
of death in this population carrying an in-hospital mortality that is approximately 10 -fold higher than AMI alone at 
45-60%. Acute renal failure, as indicated by an abrupt change in renal function from baseline, is associated with 
approximately 50% of AMI-related cardiogenic shock. This complication is associated with increased in-hospital 
mortality, need for long-term hemodialysis, and long-term mortality. A recent prospective, single center study 
enrolled 97 consecutive patients with ST-segment elevation myocardial infarction (STEMI) and measured baseline 
creatinine on presentation and then for the three subsequent days. In this series, 55% of patients developed an 
acute change in their renal function with 12% having renal injury significant enough to require renal replacement 
therapy (RRT). Age (greater than 75 years) and the need for mechanical ventilation were independent predictors of 
acute kidney injury (AKI). Most notably, those patients with AKI had a 50% in-hospital mortality whereas STEMI 
patients without renal injury had a 2.2% in-hospital mortality (Marenzi et al. Critical Care, 2010). Similarly, high 90- 
day mortality rates (73% of 67 patients) were seen in a mixed cardiac and septic shock cohort receiving continuous 
veno-venous hemodialysis (Oh et al Kidney Research Clinical 2012). This 90-day mortality was found to extend over 
a 5-year interval in a Danish registry study of 5076 patients with AMI complicated by cardiogenic shock. Notably 
13% of patients with cardiogenic shock had AMI. Those requiring RRT had a 62% in-hospital mortality, 11% 5-year 
risk of long-term dialysis, and 43% 5-year survival while patients who remained free of need for RRT had 36% in- 
hospital mortality, 1% 5-year risk of long-term dialysis, and 29% 5-year survival (Lauriden et al Critical Care 2015). 
The burden of acute kidney injury leading to RRT in US cardiogenic shock patients remains unknown. Moreover, 
large scale national databases have not been used to define associated risk factors for RRT. 

 
While there are clear emergent indication for the initiation of hemodialysis, certain indications – in particular, 
hypervolemia—are often more subjective and the particular practice patterns for the initiation and time of dialysis 
initiation are ill defined. Several ongoing and recent trials have attempted to define appropriate timing of 
hemodialysis with mixed results. The AKIKI trial was a multicenter study in France that enrolled 620 patients with 
KDIGO stage 3 acute renal injury requiring pressor or mechanical ventilation that were randomized to early or 
delayed RRT (early defined as within 6 hours of detection of KDIGO stage 3 AKI). Patients enrolled had 
predominantly septic shock. The primary outcome was 60-day survival with no difference between these 
management strategies (Gaudry et al NEJM 2015). The early dialysis strategy did, however, result in significantly 
more dialysis initiation. In the smaller ELAIN trial within a single center in Germany, 231 patients with KDIGO stage 
2 AKI were enrolled to start CVVHD within 8 hours of detection of this less severe AKI or within 12 hours of the 
KDIGO stage 3 AKI. There was a significant difference in the primary end point of 90-day mortality (39% vs 54%). 
Notably, this study included ~ 50% cardiac patients, albeit the majority were not medical patients but shock post 
pericardiotomy. The early CVVHD cohort also was noted to have shorter duration of CCVHD and hospital stay 
(Zarbrock et al JAMA 2016). Two additional trials IDEAL-ICU and STARRT-AKI are ongoing to address this issue, 
however, notably none of these are within a pure cardiac population. However, the utility of these trials of 
primarily septic patients in patients with cardiogenic shock remains unclear. Moreover, volume overload and 
decreased urine output may have a larger impact than that observed in a primarily distributive shock setting. 
Lastly, there is limited data for the use of invasive hemodynamics to tailor the initiation of CVVHD and to assess 
renal perfusion. 

 
SPECIFIC AIMs: 

 
1: Assess the burden of and risk factors for initiation of RRT with the Johns Hopkins Hospital and nationally in 
patients with cardiogenic shock. We will use large national registries (eICU, NIS, and CCCTN) to determine the 
incidence of acute renal injury leading to RRT in AMI and perform multivariate analysis of patient and hospital 
factors associated with this risk. We perform a similar analysis of patient admitted to Johns Hopkins Hospital CCU 
requiring CVVHD. 



2: Define current practice patterns for the initiation of RRT within the Johns Hopkins Hospital System and within 
the CCCTN database with propensity matched analysis for patient with AMI and acute kidney injury requiring 
CVVHD based on early < 12 hour) vs late (> 12 hours) timing of dialysis initiation. 

 
3: Define the optimal hemodynamics for renal perfusion using hemodynamic monitoring data from patients 
hospitalized with cardiogenic shock secondary to AMI requiring RRT. Renal perfusion to be assessed with contrast 
enhanced renal ultrasound. 
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Background 

Understanding the cellular and molecular processes that underlie human disease is essential 

for the development of new diagnostic approaches and targets for novel therapies. Analysis 

of genomic data from disease carriers and normal controls has historically been an 

attractive approach to identify pathogenic variants1. Methodological developments over 

the past decade along with the rise of new high-throughput genome sequencing 

technologies have greatly increased our ability to identify such variants. Indeed, the 

number and statistical power of genome-wide association studies (GWAS) has been rising 

consistently over the past several years and we are increasingly able to account for an ever-

greater proportion of disease heritability2. However, the mechanisms by which risk 

variants, especially those in non-coding regions of the genome, affect human disease 

largely remain elusive3. 

Heart failure is a unique disease in that its causes are vastly multifactorial. Indeed, multiple 

different etiologies of heart failure have been identified to-date with genetic and 

environmental factors playing varying roles in each4. Although the environment 

undoubtedly contributes to its pathogenesis, it is increasingly accepted that genetic 

predisposition is of crucial importance to the incidence of clinical heart failure. 

Specifically, heritability of the disease has been estimated to be substantial5, whereas to-

date over 100 unique genetic variants have been linked to the development of human 

cardiomyopathies6. Despite the highly genetic nature of heart failure, GWAS have been 

largely unsuccessful at uncovering a significant proportion of its expected heritability with 

the largest GWAS on incident heart failure to-date identifying only two genome-wide 

significant variants7. The causes of this seeming paradox are thought to lie in the relatively 

small sample size of GWAS for heart failure compared to other complex traits in addition 



to the pronounced variability of heart failure pathogenesis which inevitably decreases the 

power of studies evaluating all-comers with heart failure6. To overcome these limitations, 

largest studies with better phenotyping of individuals with heart failure are needed. 

We propose to use genotype and phenotype data from individuals participating in large 

cardiovascular disease cohorts in order to develop a computational framework that would 

systematically identify common genetic variants that affect the development of heart 

failure. In our endeavor, we will incorporate epigenomic annotation maps to identify target 

tissues and cell types and fine-map causal variants among SNPs in linkage disequilibrium. 

We will also use transcriptome information to highlight gene regulatory networks that are 

crucial to the incidence of the clinical heart failure phenotype. 

 

Study plan 

We will use a stepwise systems biology approach to identify cellular mechanisms by which 

genetic variation influences the incidence of heart failure. 

1. As a first step, we will obtain genotype and phenotype data from the studies of the 

CHARGE consortium8, which include the Framingham Heart Study, the 

Atherosclerosis Risk in Communities Cohort, the Rotterdam Study and the 

Cardiovascular Health Study, along with related studies, including the Jackson 

Heart Study, the CARDIA cohort, the Hispanic Community Health Study/Study of 

Latinos, the Women’s Health Initiative and the Multi-Ethnic Study of 

Atherosclerosis. We will use available phenotypic and echocardiographic 

information to sub-classify patients with heart failure depending on the presence or 

absence of ischemic cardiomyopathy, valvular heart disease or another common 

cardiomyopathy subtype (dilated, hypertrophic). Using multivariate GWAS, we 

will identify genomic loci associated with specific heart failure phenotypes.  

2. After identifying pathogenic common variants, we will proceed with identifying 

target tissues where these variants act. Naturally, we expect most of these variants 

to affect gene regulation in myocardial tissue. However, since previously 

underappreciated mechanisms in other human tissues may play a causal role in 



heart failure pathogenesis, we will follow a blind approach based on epigenomic 

annotations from large databases, such as the Roadmap9 and ENCODE10 projects 

to prioritize relevant tissues of interest by highlighting tissues where the genome-

wide significant variants are predicted to be in active chromatin form. Additional 

approaches including the use of transcriptomic information or integrative strategies 

with multi-omic data will be explored as needed to reach the goal of identifying the 

target tissues and prioritizing functional variants. 

3. After identifying tissues of interest, we will further proceed with fine-mapping 

causal variants among variants in linkage disequilibrium with our identified 

significant single nucleotide polymorphisms (SNP). For this step, we will use the 

cell-type annotation enrichment data collected on the prior step as a bayesian prior 

which in combination with our GWAS results and the linkage disequilibrium map 

of our population will allow us to identify SNPs that have an important functional 

role in tissues of interest and therefore are more likely to be driving the GWAS 

association with phenotype. 

4. We will use the GTEx database11 that contains genotyping and RNA-seq data on 

635 individuals from 53 unique human tissues, in addition to other available large-

scale gene expression studies, to identify genes whose expression or splicing is 

affected by the variants identified in step 3. 

5. After identifying target genes and tissues, we will proceed to elucidate cellular 

processes affected by these genes. This will arguably be the hardest step in our 

process. To do that, we will employ a tissue-specific hierarchical gene regulatory 

network analysis12 incorporating information from gene co-expression analysis, 

signaling pathways, and protein-protein interaction databases13 and other datasets. 

We expect this process to identify genes that have a high degree of connectivity 

and thus are central to the target cellular processes and link them to genes and 

pathways whose cellular function is known. 

We posit that this carefully designed stepwise approach will not only identify new 

variants and genes linked to the pathogenesis of heart failure but also generate 

hypotheses on how these target genes act and what specific cellular processes are 



affected, thereby providing a closer look into how genotype variation affects the 

phenotypic expression of heart failure. As a subsequent step, we will experimentally 

validate our predictions using a pluripotent stem cell model. Specifically, we will use 

genome editing via CRISPR-Cas9 to introduce the predicted mutations in pluripotent 

stem cells which will then be stimulated to differentiate into the predicted cell types of 

interest. After the differentiation process is complete we will analyze the transcriptome 

of the developed cell line to confirm our predicted changes in gene expression and 

cellular pathways induced by the target mutation. Organismal phenotypic 

consequences will need to be validated in living animal models in a subsequent step. 
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